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Abstract

This thesis investigates the impacts of perinatal conditions on children's health and
development, focusing on two exposures in utero: ambient heat exposure and a temporary
reduction in means-tested benefits. Existing research demonstrates that perinatal
conditions can influence health at birth, as well as health, education, and employment in
adulthood. However, less is known about how these processes manifest, if at all, in

childhood.

My thesis analyses the impacts of prenatal exposures on outcomes at birth and in
childhood, through four empirical chapters. I use linked administrative data from the

Northern Territory of Australia, which allows for longitudinal analysis.

Chapter 2 investigates what drives seasonality in birth outcomes, identifying heat
exposure as the primary driver. Chapter 3 examines which specific aspects of heat
exposure matter most for health at birth. I find that prenatal exposure to both moderate
and extreme heat affects newborns’ health. In Chapter 4, I find that prenatal exposure to
extreme heat increases the risk of hospital admissions in early childhood and lowers test
scores at ages 8, 10 and 12. In contrast to my findings in Chapter 3 on birth outcomes, |

see little impact in childhood of moderate heat exposure.

Chapter 5 analyses the impact of a reduction in means-tested benefits in pregnancy,
finding that this led to increased hospital admissions in childhood. In contrast to the more
general increase in admissions from heat exposure, the impact of the reduction in family

income was driven by admissions for infections.

Together, my analysis reveals that while the effects of various prenatal exposures may
look similar at birth, their impacts in childhood are different. Furthermore, the effects I

measure on health at birth do very little to explain or predict effects in childhood.
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Chapter 1: Introduction

The perinatal period — that is, the time from the beginning of pregnancy to soon after birth
—is a key period in human development. As Almond et al. (2018) outline in their review,
a large body of empirical research has shown that the conditions that children are exposed
to in this period can have long-lasting impacts, leading to changes decades later in those
individuals’ health status, education attainment, and earnings. This evidence has an
important practical implication: it suggests that policies and programs that shield parents
and babies from harmful conditions during this contained period can have outsized returns

in terms of population health, wellbeing and productivity.

Many different types of conditions and experiences in pregnancy and early childhood
affect both health at birth, and long-term outcomes. For instance, we know that social
programs and policies such as cash transfers (Garfinkel et al. 2022; Bailey et al. 2020),
external influences on maternal stress (Black, Devereux, and Salvanes 2016; Aizer,
Stroud, and Buka 2016), transmission of disease (Almond 2006; Schwandt 2019), and
environmental conditions like heat and pollution (Brink et al. 2024; Martin-Bassols et al.
2024) have been shown to impact children’s health at birth, as well as their health and

economic outcomes decades later.

In addition to the range of early life conditions that have been studied, the outcomes are
also wide-ranging. They include height and stunting (Hu and Li 2019), education
attainment (Pacheco and Wagner 2023), earnings (Bailey et al. 2020), and health in
adulthood (Martin-Bassols et al. 2024).

Despite these wide-ranging exposures and outcomes studied, this field of research is
united in its reliance on the so-called ‘fetal origins hypothesis’ — that is, the idea that
prenatal conditions and experiences affect fetal development in a way that can have long-
term impacts. Almond and Currie (2011) set this out in their comprehensive review. As
Almond et al. (2018) highlight in their updated review, this body of research has also
expanded to consider the postnatal period — and particularly early childhood (ages 0-5) —
in addition to pregnancy, as potentially key periods within which both major and subtle
changes to a child’s environment can have outsized impacts. Hence, we may more

accurately refer to this field of research as the ‘early origins hypothesis’. Indeed, in public

8



health research, this field is referred to as ‘developmental origins of health and disease’.
As Gluckman et al. (2010) explain in their review and conceptual framework, there is no

reason why such developmental origins must be limited to the prenatal period.

In their review of previous research, Almond et al. (2018) highlight the ‘missing middle’
in early origins research. They point out that we now have a large body of research
demonstrating the impacts of many types of prenatal conditions or exposures on birth
outcomes (e.g. birthweight and preterm birth). We also have a growing body of research
demonstrating impacts of prenatal and early life conditions on adult outcomes. But we
know little about what happens in between. Only a handful of studies have demonstrated
the impacts of specific perinatal exposures on outcomes in childhood, and even fewer are
able to analyse outcomes in infancy, early childhood and middle childhood together.
Almond et al. (2018) also note that the effects of some prenatal conditions appear to ‘fade
out’ over time. But, equally, in some cases even when researchers detect no impact of a
given exposure on health at birth, effects can become evident in adulthood (Schwandt

2019).

If we are to make use of our knowledge of the link between perinatal conditions and long-
term health and wellbeing, we need to know more about the developmental trajectories
that link the two. Is it that early conditions set off a chain of events and, if we could break
the chain, we can limit the longer-term effects? Or do some exposures lead to permanent
changes in a child’s gene expression which cannot be reversed, but whose effects could
be mitigated by targeted intervention? Understanding this would help us identify how to
help affected children to catch up. Separately, we also want to know which exposures
pose the greatest and most persistent risks, and whether we can reliably detect early
effects of those exposures in childhood. Knowing this would make it possible to target

remedial care to those who would benefit most from it.

There are a few potential causal pathways that could, in theory, link perinatal conditions
to adult outcomes. One possibility is that a given perinatal condition affects adult
outcomes because it affects health at birth, and health at birth affects health in early
childhood, which limits a child’s opportunities to engage in developmentally optimal
activities, and so on. Masten and Cinccetti (2010) refer to this dynamic as ‘developmental

cascades’, and explain that this overall model of development sits behind much of the



child development and child psychology literature. If developmental cascades are a causal
pathway linking perinatal and adult outcomes, it may be possible to identify early
indicators of such effects at work and provide targeted interventions to break the links in

this chain.

Another possibility is that a given perinatal condition has biological effects on the child.
It could cause congenital conditions or other health conditions, which themselves affect

the child’s development.

A third possibility is that the effects may come through ‘developmental programming’:
that is, a given exposure ‘switches on’ certain genes that lead to poorer health or impaired
cognitive development. This is the mechanism first suggested by Barker (1998), who
proposed that poor nutrition in utero may ‘switch on’ genes that cause chronic diseases
to develop later in life. If this is the case, it may not be possible to reverse long-term
impacts after the exposure has occurred. But, as Billing and Schnepel (2018) found in the
case of lead poisoning, remedial care could help affected children to catch up to their

peers in other ways.

Distinguishing between these developmental pathways has important implications for
how we think about the large body of research analysing health at birth as an outcome. Is
health at birth a mediator in the chain of events linking a given prenatal exposure to
longer-term outcomes? Is it an early symptom of effects to come? Or is it incidental to

the long-term effects of a given exposure?

It is likely that both developmental cascades and developmental programming operate
simultaneously, for all children — there is strong empirical evidence for both pathways.
But different types of conditions and experiences may affect children more through one
pathway than the other. Early origins research considers a wide range of causes. While
most have been shown to affect the same outcomes at birth (birthweight and preterm
birth), it is likely that their effects on children’s health and development are not the same.
Therefore, while there is value in considering the early origins literature as a whole, to
make progress, we must also study whether and how specific exposures affect child
development differently from other exposures, and the developmental pathways through

which these effects occur.
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In this thesis, I analyse two distinct prenatal conditions and their impacts on both health
at birth and longer-term outcomes: heat exposure during pregnancy, and a temporary
reduction in means-tested benefit income. These are seemingly unrelated — what ties them
together is that both exposures have been shown in earlier research to have long-term
impacts on a person’s health, education and employment outcomes: broadly speaking,
their human capital (see Brink et al. (2024) for a review on the impacts of prenatal heat
exposure, and Garfinkel et al. (2022) on the effects of income). Both also have effects on
children’s health at birth (Gonzalez and Trommlerova 2022; Reader 2023; Chersich et al.
2020). Analysing both conditions in this thesis allows me to study whether and how

different prenatal exposures affect children’s development differently.

My analysis uses data from the Northern Territory of Australia. My motivation to analyse
the impacts of these two exposures in the Northern Territory stems from an observation:
the income reduction I study (in Chapter 5) was a landmark policy change which, due to
poor implementation (Yu, Duncan, and Gray 2008), led to a sharp but temporary fall in
means-tested benefits (Australian Institute of Health and Welfare 2010). Previous
research found its impact on health at birth was large, reducing average birthweight by
85 grams (M.-A. Doyle, Schurer, and Silburn 2022). This is a large effect relative to other
research on policy changes impacting birthweight. But this was a one-off policy change,
with effects aggravated by poor implementation: it is unlikely that later birth cohorts
experienced such large effects, even though their parents were subject to the same policy
(I discuss this further in Chapter 5). While a single cohort of children were impacted by
this policy change, another set of risks occur each year, affecting all children. As I show
in Chapter 2, the season a baby is born can have large effects on their health at birth in
the context I study: average birthweight is 55 grams lower for a baby born in January than
for a baby born in October. This is two-thirds of the magnitude of the previously estimated

impact of the policy change.

My investigation into the causes of these seasonal risks was originally motivated by the
need to account for them, to facilitate the analysis in Chapter 5. But I began to question:
if both an income shock and the season of birth appear to have impacts on birthweight of
comparable magnitudes, does this mean that their impacts on children’s health and

development are also similar?
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This is an interesting question academically, filling the ‘missing middle’ gap I have
outlined above in the early origins research. It is also of practical importance. As I show
in Chapter 2, a major driver of seasonality in birth outcomes is heat exposure. Exposure
to extreme heat at some point during the 9 months of pregnancy is unavoidable in many
parts of the world. With the projected impacts of climate change, this is very likely to
increase. Regions that are already hot will experience more extreme heat, and currently-
mild climates will experience more frequent extreme heat conditions as well (Calvin et
al. 2023). In addition, heat exposure will accentuate other seasonal risks, like disease
transmission (Mora et al. 2022). Hence, my research is relevant now to the Northern
Territory and the many other locations with similar climates. It is also relevant for future
cohorts in locations where extreme heat is currently rare but will become more frequent
in coming decades. If we are to prevent the adverse effects of climate change on

population level health and human capital, we must understand its impacts better.

In Chapter 2, I investigate what drives seasonality in health at birth. Much research on
seasonality in health outcomes implicitly attributes it to the weather, or examines other
seasonal risks in isolation. But there could be several explanations: weather conditions,
seasonal disease, seasonal economic conditions, and seasonality in conception timing —
which may differ across socioeconomic and demographic groups. I analyse these factors
together, to assess which risks contribute most to the seasonal patterns we observe. I find
that by far the most important driver of seasonality in birth outcomes in the Northern
Territory is heat exposure, though seasonal disease and economic conditions also

contribute.

In Chapter 2, I take a simple approach to measurement of heat exposure, in line with prior
literature: I analyse average temperatures in pregnancy, complemented with indicators of
extreme conditions. However, it is important to go beyond the conventions of past
research in measurement of heat exposure. Although the topic of measurement may seem
esoteric, defining measures carefully is an important practical question: it can help us to
understand what types of heat exposure pose the greatest risk. It is also an important step

to ensuring measures we use capture the full effects of heat exposure.

In Chapter 3, I investigate what it is about heat exposure that affects fetal development,

and hence how to measure heat exposure to capture its full effects. Despite the large body
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of research showing that heat exposure leads to poorer health at birth, the literature lacks
consistent measurement. We do not know, for instance, whether it is exposure to extreme
temperatures, to moderate heat, or the confluence of heat and humidity that drives these
effects. This means we cannot extract practical recommendations around which heat
conditions pose the greatest risks, and hence should be avoided during pregnancy. It also
means we cannot predict the implications of climate change on neonatal health and
healthcare needs at a population level. Using data from the Northern Territory, I compare
the explanatory power of heat exposure metrics that are commonly used in research,
alongside additional metrics supported by theory. I find that my conclusions around
whether and how much heat exposure affects health at birth would vary dramatically
depending on the metric used. Metrics based on ‘bands’ of exposure and incorporating
daily minimum as well as maximum measures provide the best fit; this is consistent with
the theoretical understanding that the risks of heat exposure do not increase linearly with
higher temperatures, and instead, both moderate and extreme heat affect fetal
development in different ways. I find that some measures commonly used in previous
research do not have theoretical or empirical basis. In the Northern Territory, using my
preferred heat metric, I estimate the impact of prenatal exposure is orders of magnitude
larger than would be implied by some metrics commonly used in research. This informs

my modelling approach in Chapter 4.

In Chapter 4, I analyse the impacts of prenatal heat exposure on health and education
outcomes, from birth to age 12. I find that exposure to unusually hot temperatures in
pregnancy reduces school test scores and increases hospital admissions in early
childhood. The impacts on hospital admissions fade after age 2, but the impacts on test
scores are persistent, evident at ages 8, 10 and 12. Importantly, although heat exposure
also affects health at birth, the effects on admissions and test scores cannot be predicted

by the initial impacts on health at birth.

In Chapter 5, I return to analysis of the policy-induced reduction in means-tested benefits,
against which I compare the impacts of prenatal heat exposure. I analyse the gradual
rollout of a policy called ‘income management’ in the Northern Territory in 2007 and
2008, which represented a change in the way that recipients of government benefits could
access their money. Due to implementation challenges, the policy change led to a sharp

but temporary reduction in income for some households. We know from past research
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that this reduced birthweight for babies in utero during this period (M.-A. Doyle, Schurer,
and Silburn 2022); in Chapter 5 I find that these negative effects persist into childhood.
The cohort of children who were in utero or newborns at the time of the policy change
had more hospital admissions than their peers, spending an average of 4.7 additional days
in hospital through to age 8. Most of this impact is manifested in hospitalisations for
infections. As with the impacts of heat exposure in Chapter 4, these effects cannot be

predicted by initial impacts on health at birth.

In Chapters 4 and 5, I find that the effects of the two prenatal shocks I study are not
mediated through birth outcomes. Hence, a prediction of the impacts of either condition
on health in childhood, based on the impacts of health at birth, would severely under-
estimate the scale of the effect. But, importantly, the effects of these two different
exposures on health differ: the income shock led to increases in hospital admissions
specifically for infections, and in asthma diagnoses — both of which indicate weaker
immunity. This is consistent with the ‘immune programming hypothesis’ — i.e. the idea
that perinatal stress and poor nutrition can lead to permanent changes in the way a child’s
immune system develops. In contrast, prenatal heat exposure led to an increase in hospital
admissions but not in any specific health condition or diagnosis. I interpret this to mean
heat exposure affects health in a way that does not generally manifest in acute conditions
requiring hospitalisation. Instead, it may increase the risks of complications for conditions

that could otherwise be treated at home, making hospitalisation more likely.

There is much to learn from my analysis that is specific to the exposures and outcomes
studied, and these are discussed within the relevant chapters. I return to these findings in
the Conclusions (Chapter 6) and reflect on what they mean for our understanding of how
prenatal exposures affect children. I also draw out some general policy recommendations
around administration and implementation of means-tested benefits, and around
anticipation and adaptation to the likely effects of climate change. While my research
makes an initial comparison of two outcomes, there is still much more we do not know,
both about the specific prenatal exposures I study and their mechanisms, and about how
these and other prenatal conditions compare with each other. I propose steps for further

research.

14



In the remainder of this chapter, I set out some concepts that inform my analysis.
Specifically, I explain in more detail the concepts and literature behind the
‘developmental cascades’, and ‘developmental programming’ theories as potential causal
pathways linking perinatal exposures with health at birth and children’s development. I
then turn to the specifics of my research. I give some background information on the
Northern Territory of Australia and its population, which is the setting for all four
empirical chapters, and I describe the linked administrative data I use. While each
empirical chapter explains its methods in detail, there are commonalities which I set out
in the introduction. Based on this, I outline the contributions this thesis makes to our

knowledge base.

1.1 From perinatal exposures to childhood: potential pathways

to long-term impact

The causal mechanisms linking perinatal exposures to longer-term human capital
outcomes are complex and interrelated. As a result, theoretical explanations span multiple
dimensions. Here I give a high-level summary of theories around the persistence or fade-
out of early life health inequalities and relatedly, explanations for why the perinatal period
is so important. I then set out three broad theoretical pathways linking perinatal risk

factors with a child’s development.

1.1.1 Fade-out vs self-reinforcing health stocks

In the field of economics, Grossman (1972) pioneered the consideration of health as a
form of human capital. Although his model does not consider health in childhood, if we
were to apply it to prenatal conditions, we may consider health at birth as a ‘stock’ of
health with which individuals are endowed. Individuals (or, more likely in this case, their
parents) can make investments to maintain good health, though their health stock
depreciates over time. A range of factors, including education, can make investments

more productive.

As Almond and Currie (2011) show, viewing health simply as a depreciating ‘stock’
would imply that the impacts of health at birth should fade over time, and would be
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negligible by mid-adulthood. This fade-out hypothesis appears true in some cases. For
instance, Cozzani et al. (2021) find that British children with low birthweight have
statistically significantly lower cognitive scores than other children at ages 3, 5 and 7, but
these differences are almost entirely attenuated by age 14 after accounting for family

characteristics; Boardman et al. (2002) find the same pattern in the USA.

However, there are also many empirical studies that find persistent effects of perinatal
conditions on adult outcomes. Heckman’s (2007) alternative theoretical framework may
better explain these findings, as his concept of ‘self-productivity’ allows for early life
health setbacks to be self-reinforcing. Applied to analysis of the prenatal environment,
the idea of ‘self-productivity’ implies that a higher stock of health at birth can mean future
investments are more productive. In such a framework, the effects of prenatal and
perinatal exposures do not necessarily fade out — they may lead to greater inequalities

between those exposed and unexposed over time.

1.1.2 Sensitive and critical periods

Closely related to the question of whether early life health is self-reinforcing or fades out
is the idea of sensitive and critical periods. A sensitive period is one within which
investments may have particularly high returns, but low investment can be compensated
for later. In contrast, a critical period is a specific period during development, within
which if a child experiences some harmful shock or does not receive all that is needed
(e.g. adequate nutrition), there may be irreversible effects. The possibility that there are
critical periods in child development fits with the idea of ‘developmental programming’,
which I explain in more detail below. While the prenatal period is generally considered
to be critical, it is not the only such period. For instance, in their review of the impacts of
prenatal and early life nutrition, Marques et al. (2013) present evidence that conditions
and exposures in the newborn stage can have similar ‘programming’ effects to prenatal

exposures.

Whether a given shock is persistent or fades over time, or even the degree to which it
contributes to ‘self-productivity’, may depend on the nature of the shock. But it may also
depend on the timing: if it occurs during a critical period, its effects are more likely to be
permanent than if it occurs at another point in time — this is the source of variation that I

use to identify the effects of an income shock in Chapter 5.
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1.1.3 Prenatal and perinatal environments

Throughout this thesis I use the terms ‘prenatal” and ‘perinatal’. By perinatal, I mean the
three trimesters of pregnancy and the period shortly after birth — sometimes referred to as

the ‘fourth trimester’. By prenatal, I mean the three trimesters of pregnancy.

My main focus is on the prenatal environment. This is by necessity in Chapters 2 and 3,
as | analyse the impact of the prenatal environment on birth outcomes, and hence

exposures after birth are irrelevant.

However, in Chapter 5, I analyse the impact of a perinatal shock — that is, one occurring
in pregnancy or as a newborn. I discuss the reasons for this in more detail in that chapter,
and present analysis that shows impacts of prenatal and newborn exposure separately. In
short, the inclusion of the ‘fourth trimester’ in that analysis relates to the discussion of
critical and sensitive periods. For the nutrition and maternal stress mechanisms that I
expect to be at play in explaining the impact of an income shock on children’s health,
these exposures, while qualitatively different after birth, can continue to affect a baby’s
development. There is good reason to expect that the critical period during which these

specific risks can affect a child’s development extends into the newborn period.

The concepts of self-productivity and critical periods are instructive but are somewhat
abstract. At a more granular level, it is helpful to understand how a given prenatal shock
may affect children’s early health and hence their longer-term development. I now turn
towards a consideration of possible causal pathways, which draw on these theories,

alongside others.

1.2 Causal mechanisms

In this thesis I analyse three sets of outcomes: measures of health at birth (e.g. birthweight,
preterm birth, and others explained in the relevant chapters), health in childhood
(measured as hospital admissions and primary care use), and cognitive development

(measured as school test scores).
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There could be several potential mechanisms linking prenatal and perinatal conditions to
these outcomes. Here I set out these potential mechanisms, drawing on concepts from the

fields of economics, public health, and developmental psychology.

A first point to make is an obvious one on composition: when we are observing
population-level exposures and changes in average outcomes, we can think of two ends
of the spectrum, in terms of how effects are distributed. Let us consider an exposure that
is shown to reduce average test scores by 1 percent in a population of 100 children. It may
be that all children are affected similarly by the exposure, and it leads to a 1 percent
reduction for each child. Conversely, it may be that the exposure has no effect on most
children but reduces one child’s test scores by 100%. Both would lead to the same average
change in test scores, but they have very different implications for our understanding of
how that exposure affects children, and what could be done about it. The impacts of most
prenatal exposures likely sit somewhere in the middle of these two extremes. But it is
worth considering whether average impacts we observe are the result of acute impacts
felt by a minority. In my research, such extreme effects would likely be the result of
severe health conditions or developmental delays. This is a particular focus in public
health research, where researchers investigate links between in utero exposures and the
risk of specific congenital conditions. For instance, several studies draw a link between
prenatal heat exposure and congenital conditions such as heart defects (Auger et al. 2017)

or neural tube defects (Bruckner et al. 2024).

A second point, as alluded to above, is whether the effects of a given exposure are
incremental, with a chain of events mediating the links between the original exposure and
the final outcomes in adulthood. The concept of ‘developmental cascades’ (as set out by
Masten and Cincchetti (2010)), is a helpful framework in considering such a chain of
events. It may be the case, for instance, that a specific exposure in utero leads to a higher
risk of preterm birth, preterm birth leads to higher risk of recurrent infections in infancy,
more time spent recovering from infections as an infant leads to less exposure to
developmentally beneficial interactions and experiences, and so on, with ultimate impacts

on a child’s cognitive skills.

In this framework, it could well be that two different prenatal conditions, if they both

affect health at birth in the same way, have similar effects on longer-term outcomes.
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While not always explicitly stated, much policy discussion implicitly adopts this
framework. For example, the UK House of Lords’ Preterm Birth Committee (2024, 17)
considers that preterm birth itself is a “leading cause” of child mortality, disability and

cognitive impairments.

An alternative possibility is more deterministic: that the prenatal environment has direct
effects on later outcomes, for which certain earlier developmental measures may be
symptoms, but do not mediate the effect. This is the idea of ‘developmental programming
(also referred to as ‘fetal programming’ in economics) or, as it is referred to in the public

health literature, ‘developmental origins of health and disease’.

In Figure 1, I illustrate these possible causal pathways and their implications for the links
between prenatal conditions and the childhood outcomes I analyse, in relation to heat
exposure. Figure 1 is not intended as a set of directed acyclic graphs (‘DAGs’) or nested
hypotheses for which it would be possible to empirically estimate a full model and ‘test
down’ to settle on a single pathway. Rather, these are schematic diagrams to illustrate
potential links (or lack thereof) between the three sets of outcomes that I analyse in this

thesis.

Pathway 1: congenital or specific health conditions

As described above, prenatal conditions may lead to certain congenital or other specific
health conditions. Children with these conditions are more likely to be born with poor
health at birth, though this is a symptom of the underlying condition, and not itself a cause
of any impacts on health and cognitive development. These same conditions can also lead
to poorer health, and hence increased interactions with the healthcare system, in
childhood. Certain congenital conditions may themselves affect cognitive development
directly (Bonthrone et al. 2021), though as shown in Figure 1(a), there may be some
element of ‘self-productivity’, with poorer health limiting children’s ability to engage in

their education.
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Figure 1: illustration of three potential pathways explaining the link between heat

exposure (as an example of a prenatal condition) and outcomes in childhood
Source: Authors’ analysis
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Pathway 2: developmental cascades

There is much research on the impacts of a wide range of prenatal conditions and
exposures on health at birth. Many conditions have been shown to cause children to be
born smaller or earlier than they otherwise would be. It could be that the birth outcome
itself (e.g. preterm birth) causes poorer health. It could also be caused by some latent
underlying health status at birth, for which preterm birth is a symptom. Compared with
pathway 1 above, pathway 2 brings forward the point at which ‘self productivity’ might
begin to have effects. In this scenario, better health at birth means that other ‘investments’
are more productive. It may be, for instance, that children are more receptive to

experiences that enhance their cognitive development if they are in good health.

We may also think about this in terms of ‘developmental cascades’, which could explain
interrelations between different domains of child development.! For instance, children
developing otitis media (a middle ear infection) at a young age — which is particularly
common in the Northern Territory — are at greater risk of speech and language problems.
As Williams and Jacobs (2009) outline, impaired hearing and the resulting delays in
speech and language can lead to poorer cognitive and education outcomes. This is
because, as Peng et al. (2024) describe, delayed language development in early childhood
causes conduct problems, and when children start school, conduct problems impede their
ability to learn. Therefore, as shown Figure 1(b), while the in-utero environment may
have no direct impact on health in childhood and cognitive abilities, it may indirectly
affect these outcomes through its impact on resilience or health stock at birth. Though
self-productivity and developmental cascades represent different theories with their own
nuances, they fit within the broad prediction of path-dependence, with long-term effects

mediated by early life health.

Pathway 3: developmental programming

Finally, it may be that prenatal conditions affect health at birth, health in childhood and
cognitive development, but that these are not directly related to one another, and do not
necessarily occur in the same children. It may be that for some children, a given prenatal

condition affects their health in early life, and for other children it may have epigenetic

I'As a theory, Masten and Cincchetti (2010) argue that developmental cascades may incorporate
developmental programming as an additional level of effect which itself may set of a chain reactions with
behavioural consequences. Here I make the distinction between ‘cascade’ effects and epigenetic effects.
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effects inhibiting their cognitive development. These differences may reflect different
mechanisms underlying the effect itself. As an example of this, I explain in Chapter 3
how the impacts of heat exposure on the fetus may be different depending on whether the
exposure leads to heat strain, heat stress, or changes in maternal behaviour. As shown in
Figure 1(c), these effects need not be self-reinforcing: unlike for the other pathways,

health does not necessarily mediate the impact on cognitive outcomes.

1.2.1 Why does identifying the causal mechanism matter?

Distinguishing which of these three pathways best reflects the impacts of a given prenatal
condition or exposure is important because the appropriate response differs. If impacts
come through specific health conditions, attention could be focused on prevention and
early treatment of those conditions. If the impacts are due to cascade effects set off by
poor health at birth, intensive early healthcare interventions could help. If the effects come
through developmental programming, this may mean both that they are irreversible, and
that the effect of the exposure on one outcome (e.g. cognitive development) cannot be
predicted by early indicators on another (e.g. health). However, this does not mean that
nothing can be done: interventions could help children to work around these
‘programmed’ effects — in a similar way, for instance, to successful treatments for

children with neurological damage due to lead exposure (Billings and Schnepel 2018).

Of course, these three pathways are not necessarily independent of each other. They could
be ‘stacked’ together and interact: it may be that specific health conditions lead to
developmental cascades. Perhaps these are accentuated by developmental programming.
And as Almond, Curie and Duque (2018) point out, there may be heterogeneous effects
of the same exposure, as parents may respond differently to the same conditions, based

on their knowledge, their budget constraints, and their own ‘parenting technology’.

That said, which of these pathways is activated by a given prenatal exposure may vary
based on the nature of the exposure. If this is the case, it would be very useful to know
whether, for instance, a specific shock leads to a condition that can be observed and
treated early in life to prevent cascade effects, or whether, through its impact on gene
expression, it leads to disadvantages — like impaired immunity — with potential lifelong

effects.
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1.3 Context and data

1.3.1 The Northern Territory

All four empirical chapters in this thesis analyse data from the Northern Territory of
Australia. The Northern Territory is one of Australia’s eight states and territories. It is
located in the central part of northern Australia (see Figure 2). The Northern Territory is
sparsely populated, with around 233,000 residents, approximately 60 percent of whom

live in or around the capital city, Darwin.

Aboriginal people comprise approximately one-third of the territory's population. Eighty
percent of Aboriginal residents live outside Darwin, primarily in communities based on
established kinship networks. Many of these communities are very remote, and residents
have limited access to healthcare, quality housing, and economic opportunities. Median
income for Aboriginal people in the Northern Territory is one-quarter of that of the non-
Aboriginal population, with approximately 45 percent of Aboriginal households below
the national poverty line (Altman 2017). It is because of these stark differences that in
Chapters 2, 3 and 4, I conduct heterogeneity analysis to investigate whether the
relationships I identify differ between Aboriginal and non-Aboriginal children. Chapter

5 focuses solely on children in Aboriginal communities.

Figure 2: Map of Australia with Northern Territory highlighted, and indicating
Darwin (the capital city of the Northern Territory)

Source: simplemaps.com
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I study the Northern Territory because this is where income management, the policy
which is the focus of Chapter 5, was first introduced. Income management has since been
introduced in specific localities in other states of Australia, but most people affected by

this policy are Aboriginal people in the Northern Territory.

While this research focuses on a specific sub-population, it is an instructive example more
generally. Income management is similar to major programs in other countries, such as
the Supplemental Nutritional Assistance Program (SNAP, formerly ‘food stamps’) in the
United States. The challenges surrounding the rollout of income management — which is
the focus of my analysis — reflect more general implementation challenges in payment
administration, relevant to any agency administering means-tested income support. As |
explain in Chapter 5, my analysis from the Northern Territory provides a case study in

how such implementation challenges can affect the most disadvantaged communities.

The Northern Territory is also a particularly interesting setting in which to study the
impacts of seasonal risks and heat exposure on health outcomes. This is because it spans
both tropical and arid climates zones. The climate is not in itself unique: half of the
world’s population lives in tropical or arid climates (United Nations Environment
Management Group 2011; State of the Tropics 2020). What is unique is the opportunity
to analyse the impacts of seasonal risks and heat exposure in these climates using high

quality, longitudinal data covering the full population.

Most research on heat exposure is about countries with milder climates. As I explain in
Chapter 2, some of the seasonal risks that residents in tropical and arid climates face differ
from milder, temperate climates: monsoonal rain and flooding, frequent exposure to
extreme heat, and certain seasonal diseases. Furthermore, as I show in Chapter 3, the
relationships between alternative measures of heat exposure differ in tropical climates,

making it all the more important to carefully consider which measures we use.

While my findings are most likely to translate to contexts with similar climates, the fact
that I can study the impacts of extreme heat conditions is also instructive more broadly.
The extreme heat conditions currently experienced in arid and tropical climates are likely
to become more common even in currently mild climates due to climate change. It will
be important to be able to predict their effects on population levels of health, healthcare
demand, and education.
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1.3.2 The data

In all four empirical chapters, I use linked administrative data, covering every child born
in the Northern Territory and their interactions with the public health and education

systems.

Most of my research focuses on health outcomes, proxied by hospital records. Australia
has a public healthcare system. Care is provided free of charge at the point of service,
funded through taxes. In this thesis I analyse hospital admissions, as well as community
clinic use in Aboriginal communities. These cover the majority of healthcare encounters

in the populations I study. 2

A limitation of this dataset is that because it comes from the Territory government, it does
not include information on benefit receipt or income (in Australia, taxes and benefits are
administered by the federal government). This means I have limited socio-demographic
information, and cannot, for instance, analyse outcomes separately by socioeconomic
status, benefit receipt or income. I also cannot track interstate migration: this is most

relevant to Chapter 4, and I discuss potential attrition in detail there.

1.3.3 Methods

My analytical methods and specifications vary, but across all empirical chapters, I analyse
data using fixed-effects regression estimators — that is, regressions that control for small
area location and time. This approach adjusts for time-invariant and location-invariant
unobserved characteristics. Using location fixed effects means that I analyse changes
within towns or communities, holding characteristics like climate, demographic
characteristics, and public infrastructure fixed. Most of my research uses data spanning a
decade or more — using time fixed effects means I can abstract from trends over time,
which may be caused by changes in the policy environment or in healthcare practices, for

example.

2 Australia also has a parallel private healthcare system. But there is just one private hospital in the Northern
Territory which does not provide comprehensive care, and is co-located with a public hospital. The number
of children admitted to this hospital is very small. The remote communities for which I use clinic data do
not have private clinics.
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The fixed effects regression approach is particularly helpful when studying a
heterogeneous region like the Northern Territory, where standard regression techniques
that do not control for small area location and year fixed effects might conflate underlying
differences and changes related to climate zone, Indigenous status, and public

infrastructure with the effects of specific interventions or exposures.

1.4 Contributions of this thesis

Each empirical chapter in this thesis speaks to a slightly different literature, with specific
contributions discussed in each chapter. But as detailed above, there is a common thread
across all four chapters: I am interested in what types of exposures affect fetal
development, how this manifests in health at birth, and whether and how these effects

persist in childhood.

My thesis also speaks to two other broad themes: the implications of climate change on
population health and human capital, and benefits policy and implementation, seen
through an ‘early childhood lens’. I set out these themes here, which I will return to in my

conclusions (Chapter 6).

1.4.1 Early origins of human capital

Across my four empirical chapters, there are three specific questions within the literature

on the early origins of human capital to which I aim to contribute.

First, as described above, I aim to test whether two different changes to the prenatal
environment (heat exposure and an income shock) — which have similar effects on health

at birth — have different effects in childhood.

Second, a recurring theme is on whether and to what extent ‘birth outcomes’, such as
birthweight and preterm birth, should be considered outcomes at all. As Romero et al.
(2014) put it, preterm birth represents ‘one syndrome, many causes’. Conti et al. (2020)
make a similar point in relation to birthweight: health in utero and at birth is
multidimensional, and no single measure can proxy all of these dimensions. One solution

is to consider multiple measures. As I argue in Chapter 2, some additional measures like
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an Apgar score (itself based on multiple dimensions), can help to provide a more

comprehensive picture of newborn health.

We know from prior research that many different types of risks cause poorer health at
birth. As I discuss in Chapter 3, even the same risk (‘heat exposure’) can affect fetal
development through many mechanisms. We also know that poorer health at birth is
linked to poorer health and human capital outcomes in adulthood. But it does not
necessarily follow that every risk that affects health at birth has long-term effects.
Relatedly, it may be that certain prenatal conditions do not consistently lead to lower
birthweight or to preterm birth, but can still have long-term consequences. We see this,
for instance, in Schwandt’s (2019) analysis of prenatal exposure to influenza — he finds
that babies exposed in the second trimester of pregnancy had no observable differences
in health at birth, but had lower average earnings and were more likely to claim means-
tested benefits in adulthood. This suggests that influenza exposure affected fetal

development in a way that did not affect birth outcomes.

In Chapters 4 and 5, I provide new evidence on these dynamics. I test whether controlling
for both standard measures of health at birth (preterm birth, birthweight) and a broader

set of measures attenuates the impact of the two risks I study on outcomes in childhood.

Third, as described in detail above, I discuss evidence for the three pathways through
which the perinatal environment may have impacts in childhood. Of course, all three — as
well as other processes — are likely at play simultaneously. In Chapters 4 and 5, I discuss
how my findings fit with theories of developmental programming, compared with

alternative causal pathways.

1.4.2 Climate change

In Chapters 3 and 4, I focus on the impacts that prenatal heat exposure had on the cohort
of children born from 2000 onwards, who are now young adults. The Northern Territory
has always had a hot climate but, since this cohort were in utero, average temperatures in
the Northern Territory have risen and are projected to rise further (NESP Earth Systems
and Climate Change Hub 2020). Even if global efforts to limit the increase in
temperatures to 1.5 degrees are successful, this average will not be spread evenly. We are

likely to see more extreme temperatures and weather events globally, but locations with

27



hot climates, like northern Australia, are likely to see average temperatures rise by more

than 1.5 degrees (CSIRO and Bureau of Meteorology 2022).

We already know that heat exposure adversely affects human health, and the impact of
heat exposure during pregnancy on newborns’ health is particularly well-studied. But
what we do not know is what it is about heat exposure that affects fetal development.
Every review on this topic, including Chersisch et al. (2020), Brink et al. (2024) and
Baharav et al. (2023), has lamented the inconsistency in the ways researchers measure
heat exposure — making it very difficult to draw firm conclusions and estimate the precise

effects of different aspects heat exposure.

Given the projected increase in prevalence of extreme weather conditions, it will be
important to understand what it is about heat exposure that affects fetal development. Is
it prolonged exposure to moderate heat, or extreme temperatures, or something else?
Knowing this could help healthcare professionals provide more targeted advice to
pregnant people. If the effects of moderate and extreme temperatures are different, then

prior research based on average temperatures may be less informative.

This is why it is important that we know what it is about heat exposure that affects fetal
development most. Chapter 3 addresses this. While I cannot provide a definitive answer
from the single context I study, I present an approach that can be applied in other contexts

in future research, and some general recommendations.

In Chapter 4, I analyse the impacts of heat exposure in utero on health in childhood and
school test scores. This helps to fill in the ‘missing middle’ (Almond, Currie, and Duque
2018) in evidence, between impacts on health at birth and adult measures of human
capital. As I outline in that paper, the ‘missing middle’ is particularly acute in research of
the impacts of prenatal heat exposure. My analysis of comprehensive linked data, which
allows for longitudinal analysis, in a location with a hot climate where the effects of

extreme heat can be measured, is a unique contribution.

1.4.3 Benefits policy and early childhood lens

Many commentators conflate policies to boost early childhood development with early

childhood education. This is for good reason — there is strong evidence, for instance, that
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quality early education and care can have lifelong effects on children (Heckman 2007).
But there is growing appreciation that a much broader set of factors, including
environmental policy, economic conditions, the tax and transfer system, and the built

environment have important impacts on children’s early development.

The USA’s National Scientific Council for the Developing Child (2023) argues that all
policy should be considered through an ‘early childhood lens’. That is, the likely effects
of a policy change on children’s development should be specifically considered, even if
the policy is not ‘about’ children. We know, for instance, that tax and transfer policies
affecting parents’ incomes have the potential to improve children’s human capital — with
studies showing that over the long-term, this type of public spending may pay for itself.
This is because such programs can improve children’s health, boost their education

attainment and earnings potential, and even reduce the risk of criminal activity (Garfinkel

et al. 2022; Bailey et al. 2020).

Research on these effects focuses on the impacts of landmark policies affecting families’
financial resources, such as the introduction of public health insurance, earned income
tax credits, and new benefit entitlements. But it is important to also consider more subtle
policy changes. In particular, we have seen an increase in conditionality of means-tested
benefits across OECD countries in recent decades (Knotz 2018). Such conditionality
seeks to impose rules either on how recipients spend their money, and how they spend

their time. We know little about how such policies affect the children of benefit recipients.

I study one such policy change in Australia — the introduction of income management.
Challenges in policy implementation meant that recipients had difficulties adapting to the
new way that their benefits were paid. They were also affected by delays in receiving
payments, and experienced stress caused by poor official communication. This evaluation
is, of course, specific to an Australian policy, and furthermore, specific to the way it was
rolled out. We can only speculate on the longer-term impacts of the policy once
implemented. But such implementation challenges are far from unique to the policy I
study. Conditionality is inherently more expensive and complex to administer than
unconditional cash transfers (Margolies and Hoddinott 2015). When the US SNAP
program moved from physical food stamps to its current electronic benefits card, this led

to a temporary spike in recipients’ food insecurity (Lovett and Xue 2017). And when the
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UK transitioned its Healthy Start food voucher scheme from paper vouchers to a debit
card, many recipients were temporarily unable to access this support (Defeyter et al.
2022). We therefore already know that these types of ‘conditional welfare’ policy changes
can be disruptive due to implementation challenges. What we do not know is how this
type of disruption affects children’s development — in Chapter 5 I address this question.
When we see these disruptions through an early childhood lens, even if implementation

challenges are resolved, their impacts are not necessarily temporary.

1.5 Outline of thesis

This thesis consists of four empirical chapters. In Chapters 2 and 3, I focus on
understanding the link between season of birth and health at birth. In Chapter 2 I
investigate the drivers of seasonal variations in birth outcomes, examining weather
conditions, seasonal diseases, and economic factors. In Chapter 3, I seek to understand
what it is about prenatal heat exposure that affects health at birth, and hence how
researchers should measure it. In Chapter 4, I extend this analysis by examining the
longer-term health and education impacts of prenatal heat exposure from birth to age 12.
In Chapter 5, I shift focus to analyse the effects of a policy-induced perinatal income
shock, investigating its implications for child health through age 8. Each chapter is
followed by a set of appendices that provide additional methodological details, robustness
checks, and supplementary analyses. Chapter 6 contains my conclusions, in which I
revisit the contributions outlined above in light of my findings, and suggest productive

avenues for future research.
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Chapter 2: Seasonal patterns in newborns’ health:
quantifying the roles of climate, communicable

disease, economic and social factors

Abstract

Poor health at birth can have long-term consequences for children’s development. This
chapter analyses an important factor associated with health at birth: the time of year that
the baby is born, and hence seasonal risks they were exposed to in utero. There are
multiple potential explanations for seasonality in newborns’ health. Most previous
research has examined these in isolation. We therefore do not know which explanations
are most important — and hence which policy interventions would most effectively reduce
the resulting early-life inequalities. In this chapter, I use administrative data to estimate
and compare the magnitudes of several seasonal risks, seeking to identify the most
important drivers of seasonality in the Northern Territory of Australia, a large territory
spanning tropical and arid climates and where newborn health varies dramatically with
the seasons. I find that the most important explanations are heat exposure and disease
prevalence. Seasonality in food prices, employment conditions, and road accessibility
have smaller effects on some outcomes. Seasonal fertility patterns, rainfall and humidity
do not have statistically significant effects. I conclude that interventions that protect
pregnant women from seasonal disease and heat exposure would likely improve newborn
health in the Northern Territory, with potential long-term benefits for child development.
It is likely that similar impacts would apply in other locations with tropical and arid

climates, and that, without action, climate change will accentuate these risks.
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2.1 Introduction

There is much evidence showing the long-term consequences of poor health at birth.
Children with poor health at birth are less likely to do well at school (Bharadwaj,
Eberhard, and Neilson 2018), less successful in the workforce (Currie and Rossin-Slater
2015), and more likely to face chronic disease in adulthood (Risnes et al. 2011). These
findings stem from the broader ‘fetal origins hypothesis’ literature, which finds that
conditions in utero — often proxied by health at birth — can determine childhood and adult

outcomes (see Almond et al. (2018) for a review).

But what determines a newborn baby’s health? The answer can help policymakers and
health care workers to anticipate which pregnancies are at risk of adverse outcomes and
provide appropriate preventative care. In this chapter, I focus on one important factor
associated with newborns’ health: the time of year that the baby is born, and hence the

seasonal influences they are exposed to in utero.

A large body of research shows that birth outcomes are seasonal. However, the precise
patterns vary across locations, suggesting that the reasons for seasonality depend on both

the climate and on other contextual factors (Strand, Barnett, and Tong 2011b).

In this chapter I analyse seasonality in a region with both tropical and arid climates.
Studies from these climates tend to focus on agricultural explanations for seasonality,
highlighting the effect of rainfall on the agricultural production cycle, and hence on
maternal labour, income and food consumption (Chodick et al. 2009; Maccini and Yang
2009). While agricultural cycles are an important explanation for seasonality, research
from other climates finds other explanations, and these are also likely to be present in
tropical and arid climates. For example, we may expect seasonality in the characteristics
of parents who conceive at different times of year, in disease prevalence, and in biological
responses to very hot or cold weather during pregnancy (Currie and Schwandt 2013;
Strand, Barnett, and Tong 2012). Also, seasonal weather events such as flooding may
cause maternal stress and limit access to healthcare and fresh food, impacting newborn

health independently of any impact on agricultural production.

This study analyses seasonal patterns in birth outcomes in the Northern Territory (NT) of

Australia. Birth outcomes in the NT exhibit very substantial seasonal variations, with the
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average difference in birthweight between the highest and lowest month in the NT being
twice as large as the difference that Currie and Schwandt (2013) find in the USA, more
than five times as large as what Torche and Corvalan (2010) find in Chile, and between
six and 30 times larger than what McGrath et al. (2005) find in other parts of Australia.
It is important to understand the reasons behind these very substantial seasonal patterns

so that these early life health inequalities can be prevented in future.

This chapter makes three contributions to our understanding of seasonal patterns in

newborns’ health.

First, it compares the magnitudes of effects of different seasonal risks. Many researchers
have considered the effects of individual seasonal risk factors on birth outcomes —
predominantly rainfall, disease or heat (Maccini and Yang 2009; Andalon et al. 2016;
Doré¢lien 2019). Those studies provide valuable, detailed analysis on the nature of, and
mechanisms behind, specific seasonal risks. This chapter brings together evidence from
this large body of work to answer a higher-level question: which seasonal risks are the
most important determinants of newborns’ health in the NT? The answer can help

policymakers to identify the most effective means of addressing early life inequalities.

Second, it contributes evidence on the seasonal risks in tropical and arid climates, which
are home to around half of the world’s population.> While the relative importance of
seasonal risk factors is likely to vary from country to country, some of the risks I analyse
are climate-specific, such as very hot weather in arid climates and annual flooding in
tropical climates. My estimates may therefore be indicative of the impacts of risks
experienced by much of the world’s population. The NT is a valuable context to study to
for this purpose: rich administrative data allow me to analyse relationships that likely
exist in many parts of the world, but for which data are not available. Importantly, my
estimates may be a lower bound on the magnitudes of these effects, given that Australia
is a high-income country with free public healthcare, meaning the population have greater
access to climate adaptations, treatment and preventative care than most residents in

lower-income countries located within tropical and arid climate zones.

3 Approximately 43% of the world population lived in tropical areas (State of the Tropics 2020), and 35%
live in deserts and drylands (including hyper-arid, arid, semi-arid and subhumid climates) (United Nations
Environment Management Group 2011, 27). However, there is some overlap between these definitions.
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Third, the rich administrative dataset that I use allows me to make several contributions
in measurement and methodology, which can inform future research. I analyse birth
outcomes for all children born within the NT over a 10-year period. The data contain
gestational age, birthweight and Apgar scores* for all children, which I use to analyse
how seasonality differs across these outcomes, and throughout the distribution of these
outcomes. In contrast, most other studies focus only on average birthweight or a binary
indicator of preterm birth (see 2.3.2). Additional administrative datasets from the NT
allow me to analyse potential explanations of seasonality that are predicted by theory (see
2.2), but thus far have not been documented empirically. I am also able to link together
siblings to estimate sibling fixed-effects models, which allow me to disentangle

environmental effects from the effects of time-invariant maternal characteristics.

2.2 Background and conceptual framework

Much of the literature on seasonal and environmental determinants of health at birth
considers individual seasonal risk factors. However, seasonal risks are often correlated.
For instance, some diseases are most prevalent during the hottest months of the year, and
both disease and heat can contribute to poorer newborn health. Therefore, in an analysis
of the effect of heat exposure which does not consider concurrent disease prevalence, we
may mistakenly conclude that it is a physiological response to heat, and not disease, which
drives patterns in newborn health. Furthermore, there is the challenge that pregnancy
spans multiple seasons. Without careful analysis, this means it is difficult to know, for
example, whether it may be cold weather during the first trimester, hot weather during
the third trimester, or something else entirely, that is driving worse outcome for babies

born in the summer/wet season.

When our goal is to predict patterns in newborn health, this potential misattribution may

not be a problem. However, attribution becomes important when our goal is to identify

4 Apgar scores were developed by Virginia Apgar, and represent an index combining the birth attendant’s
observations of: skin colour, heart rate, reflex, muscle tone and respiratory effort. A birth attendance scores
each on a scale of 0 to 2, 5 minutes after the baby is born.
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effective policy responses. The potential policy responses to disease prevalence are quite

different from responses to heat exposure.

I aim to disentangle competing explanations for seasonality in birth outcomes and
estimate their relative contributions to newborns’ health in the Northern Territory of
Australia. These explanations can be classified into four broad categories: weather-
related, disease-related, economic conditions, and differential fertility patterns across
socioeconomic groups. In the remainder of this section, I first outline some context around
the Northern Territory and the seasonal risks present in this region, I then describe the
existing evidence for each category of seasonal risk (see Appendix A for a graphical

summary).

2.2.1 The Northern Territory

The Northern Territory (NT) is one of Australia’s eight states and territories. It is a large
and sparsely populated region, covering the central part of northern Australia. The NT
had a population of around 210,000 people as at the 2011 Census, of whom just over half
live in Darwin, the capital city in the tropical north of the NT. Residents have access to
Medicare, Australia’s universal public healthcare system which allows them to access

primary care, perinatal care and public hospital services at no cost.

The NT has two distinct climate zones: tropical and arid. The north — which is more
densely populated — has a tropical climate, with a wet season (November-April) and a dry
season (May-October). During the wet season there are monsoonal rains, causing
flooding and limiting road access to certain towns and communities. It is also particularly

humid early on in the wet season, before heavy rain begins (sometimes called the ‘build

up’).

The central and southern parts of the Northern Territory are made up of desert and
grasslands; an arid climate, with very hot summers and mild or cold winters. While
average temperatures are similar across the tropical and arid zones, the range varies, with
temperatures reaching 40 degrees Celsius in the height of summer in the tropical zones,
compared with up to 45 degrees in the arid zones. These climate zones contrast with the
rest of the country, with all other major Australian cities falling into temperate or

subtropical climates (Figure 1).
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Figure 1: Map showing seasonal zones of Australia, based on major Képpen

seasonal climate zones.

Source: Australian Bureau of Meteorology (http://www.bom.gov.au) product code: IDCICMO0000. Lines
on map delineate Australian states and territories. The Northern Territory is in the upper middle with
Darwin as its capital.

Around one-quarter of the NT population is Indigenous, the vast majority of whom
identify as Aboriginal. There are significant differences between the Aboriginal and non-
Aboriginal populations in the NT, in terms of geography, exposure to circulating disease
and economic resources. 80% of Aboriginal residents in the NT live outside of Darwin,
many in remote Aboriginal communities which experience more extreme weather
conditions. In addition, just under half of Aboriginal people in the NT live in housing
classified as ‘overcrowded’ (Australian Bureau of Statistics 2022a), which is associated
with greater exposure to infectious disease (Memmott et al. 2022). Median income for
Aboriginal people is one-quarter of the median for non-Aboriginal NT residents, and
around 45% of Aboriginal households fall below the Australian poverty line, compared
with 10% of non-Aboriginal NT households (Altman 2017). This means that Aboriginal

people both have fewer financial resources that might allow them to adapt and avoid

36



seasonal risks (such as purchasing air conditioning), and that fluctuations in food prices
and employment conditions are more likely to impact their consumption

contemporaneously.

2.2.2 Weather

Exposure to hot weather in the late stages of pregnancy can bring forward labour. For
example, in the USA, Barreca and Schaller (2019) find temperatures above 32 degrees
Celsius can reduce gestation by up to two weeks. They suggest this occurs because heat
increases pregnant women’s oxytocin levels and cardiovascular stress, both of which can

induce labour.

There is also evidence that heat exposure earlier in pregnancy can worsen newborns’
health, though the mechanisms are less well understood. For example, Andalon et al.
(2016) find that exposure to high heat any time during pregnancy lowers Apgar scores
and gestational age in Colombia; for the USA, Sun et al. (2019) find that higher average
temperatures throughout pregnancy increase the risk of babies being small for gestational
age (SGA). Grace et al. (2015) find a similar pattern in 19 African countries, with
exposure to additional days during pregnancy above 38 degrees Celsius corresponding to

lower birthweight, particularly if that exposure was during the second trimester.

Some studies also consider the role of cold weather. They paint a mixed picture. Mathew
et al. (2017) find that exposure to temperatures below freezing is associated with higher
risk of preterm birth in central Australia. However, in Colombia, Andalon et al. (2016)

find a coldwave during pregnancy has a small positive effect on Apgar scores.

Rainfall is often associated with healthier birth outcomes. This relationship is generally
found in locations where a large share of the population is reliant on agriculture, since
rainfall can contribute to stronger crop growth. For instance, higher rainfall during
pregnancy is associated with higher birthweight in Mali and Kenya (Bakhtsiyarava,
Grace, and Nawrotzki 2018), and with higher birthweight and longer gestation in Brazil
(Rocha and Soares 2015).
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However, this impact is likely context specific. In the NT, agriculture makes up a very
small share of the economy (2.4% of employment in 2020 (ABS 2020)), meaning that

most households are unlikely to be directly affected by agricultural cycles.

Besides contributing to agricultural cycles, rainfall can cause flooding. In the tropical
north of the NT, flooding cuts off road access to some communities, limiting access to
healthcare and fresh food during the wet season, sometimes for months at a time.> There
is no analysis of the effect of flooding and seasonal migration on health outcomes in the
NT. A small literature, summarised by Mallett and Etzel (2018), suggests flooding
worsens birth outcomes and points to maternal stress to explain this finding. Chang et al.
(2020) find long-term effects from such exposure in Southern India, with children
exposed to heavy rainfall shocks in utero having poorer cognitive and non-cognitive skills

at ages 5 and 15.

In this study, I include humidity as an additional seasonal risk. In most cases, humidity
may not be expected to have any impact independent from rainfall. But in the tropical
part of the NT, humidity is not directly linked to rainfall. It increases in the ‘build up’ to
the wet season (September-December), which is a prolonged period with high humidity
and temperatures but little or no rainfall. There could be two reasons for humidity to
impact outcomes independently of heat and rainfall. First, the body’s usual
thermoregulation response is less effective in humid conditions (Oppermann et al. 2017),
meaning that humidity may accentuate the physiological impacts of heat. Second, the
humid ‘build up’ period is often anecdotally linked with domestic violence (e.g. see
Australian Attorney General’s Department (2004)). Though there is no quantitative
evidence on this relationship, it is consistent, for instance, with Brunson et al.’s (2009)
finding that in the UK, higher humidity is associated with a higher number of police calls
for antisocial behaviour. If humidity does induce higher rates of domestic violence, this

is likely to worsen newborn health (e.g. as found by Aizer (2011) in the USA).

3 E.g. see https://securent.nt.gov.au/prepare-for-an-emergency/flooding. Anecdotally, residents avoid
exposure to these risks by moving to larger population centres during the wet season. However, I cannot
measure this response with my data.
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2.2.3 Disease prevalence

Many infectious diseases circulate seasonally (Grassly and Fraser 2006), and pregnant
women and their babies are at higher risk of complications if they become infected
(Kourtis, Read, and Jamieson 2014). It is therefore likely that seasonality in disease

transmission contributes to seasonality in newborns’ health.

Influenza has received more attention than other diseases in explaining seasonality in
birth outcomes. For instance, Dorélien (2019) and Schwandt (2019) find that maternal
influenza exposure during pregnancy worsens birth outcomes in the USA and Denmark,
respectively. Nunes et al.’s (2016) systematic review concludes that providing influenza

vaccines to pregnant women lowers rates of preterm birth and low birthweight.

However, influenza is not the only seasonal disease. Using reportable disease data
(described below), I identify three additional groups of diseases that are transmitted
seasonally in the NT (see Appendix B). They are diarrheal and gastro-intestinal illnesses,
mosquito-borne diseases, and sexually transmitted infections (STIs). I group together
diseases transmitted in the same way, as they have similar seasonal patterns (i.e.

mosquito-borne diseases spreading during the wet season).

These diseases have been associated with worse newborn health. Newman et al. (2019)
find that diarrheal illness during pregnancy is associated with higher rates of SGA in
Nepal. Mullick et al. (2005) summarise evidence from developing countries on the
negative effects of STIs on birth outcomes. Moore et al. (2017) find that mosquito-borne
diseases (notably malaria) reduce gestational age and intrauterine growth. Seasonal
transmission of these diseases may therefore be expected to contribute to seasonality in

birth outcomes.

2.2.4 Economic conditions

Parents’ economic circumstances have important effects on birth outcomes. There is
strong evidence that providing parents with additional economic resources during
pregnancy can improve newborns’ health (e.g. Chorniy et al. (2020) and Amarante et al.
(2016)), likely because they are able to afford more or more nutritious food, and

healthcare (in cases where care is not publicly provided). Given these findings, it is
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possible that seasonal patterns in parents’ incomes and purchasing power may also affect

birth outcomes.

In Australia, average food prices fluctuate by between 2-3% with the seasons, and are
highest in the June quarter. This means that the purchasing power of a constant income is
lowest at that time of year.® For some households, this could affect the affordability of a
sufficient caloric intake. For others, the effects may come through substitution between
different foods. For instance Prasad et al. (2010) find that in Finland, pregnant women’s
vegetable consumption is highest in summer, and lowest in winter. They attribute these
patterns to seasonality in prices and availability of fresh food. Watson and McDonald

(2007) find similar patterns for pregnant women in New Zealand.

Seasonality in incomes may also affect affordability of nutritious food and healthcare.
While there is no research on the effects of seasonal variation in household income on
birth outcomes, Kyriopoulos et al. (2019) find evidence of a macroeconomic business
cycle effect. They show that in Greece, business cycle fluctuations affect birthweight and
gestational age, with effects largest for parents from low socio-economic backgrounds.
In the NT, employment levels are highest in the final months of the year (September —
December) and lowest in January and February.” The magnitude of seasonal fluctuations

is modest, but large in comparison with the rest of Australia.

2.2.5 Fertility and parental characteristics

Parental characteristics are strongly related to birth outcomes, and in some contexts, the
socioeconomic characteristics of new parents differ throughout the year. That is, even
without seasonal variation in individual parents’ characteristics and economic
circumstances, we may observe a seasonal pattern in aggregate because of differential

fertility patterns between socioeconomic groups. The nature and magnitude of these

6 Over the 40 year period from 1980 to 2020, the average level of the Consumer Price Index in Darwin (the
capital city of the NT) was 1.1% higher in the June quarter than the year-average, roughly in line with
patterns in other capital cities in Australia (Sydney: 1.3%, Melbourne, 1.3%, Perth: 1.0%).

7 Over the 20-year period from 2000 to 2020, the average employment-to-population ratio in the NT was
70.4 from September to December, and 68.5 from January to February. On average, there are 3,000 fewer
jobs in the February than in November, out of an average workforce of 117,000. Total hours worked
increase by around 5% within a year from trough to peak in the NT, while the equivalent number for
Australia overall is 1%.
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seasonal patterns varies across countries (Dorélien 2016), and even within countries such

as Australia (Wilson, McDonald, and Temple 2020).

Seasonal patterns in parents’ characteristics may result from preferences to give birth at
a particular time of year, and/or from some socioeconomic groups being better able to
realise such preferences. For example, Clarke et al. (2019) find that women in the USA
have a preference for giving birth in spring. These preferences are consistent with Currie
and Schwandt’s (2013) findings of a seasonal pattern in conceptions in the USA.
Furthermore, Currie and Schwandt find that white, college-educated and married women
—whose babies are generally less likely to be preterm or low birthweight — are more likely
to give birth in spring. Their evidence suggests that a large part of the seasonality in birth
outcomes in the USA is because of these differences in fertility patterns between

socioeconomic groups.

However, this finding is not universal. Torche and Corvalan (2010) find parental
characteristics play a more muted role in driving aggregate seasonality in Chile, and
Doré¢lien (2016) finds that while some countries in Sub-Saharan Africa show strong
seasonal patterns in conception, others exhibit very limited seasonality. In the NT, there
is a seasonal pattern in the characteristics of mothers who conceive at different times of
year, but no existing evidence on whether this drives seasonality in birth outcomes; I

address this question in the Results section.

2.3 Methods

2.3.1 Data

I use de-identified administrative birth records for all children born in the NT from 2005-
2014, which are available through the Child and Youth Development Research
Partnership (CYDRP). For this analysis, I link in:

e Observations of rainfall, humidity, maximum temperature and minimum

temperature, from NASA’s Power Data Access Viewer. I use daily observations
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measured at intervals of 2 x 72 degrees of latitude and longitude (roughly
50x55km), giving a total of just over 500 locations throughout the NT.

e Records of the date and location of flooding-related road closures or roads
deemed impassable due to flooding.® These data were provided by the Northern
Territory Department of Infrastructure, Planning and Logistics and are available
from 2005 onwards. I construct a variable with the number of road closures in
each month, by region.’

e Region-specific disease prevalence, extracted from the Northern Territory
Government’s quarterly Disease Control Bulletins. These Bulletins report the
number of confirmed cases of a range of reportable diseases, including
influenza, mosquito-borne diseases, gastrointestinal-related diseases, and STIs. I
converted case numbers to rates per 1,000 residents, using population estimates
from the Australian Bureau of Statistics.

e Quarterly consumer price indices for Darwin (the capital city of the NT), and
monthly employment-to-population ratio data for the NT, both from the

Australian Bureau of Statistics.

My analysis sample is limited to babies born in the NT from 2005 to 2014, to mothers
whose usual place of residence was in the NT, and whose place of residence could be

geo-coded.'® This gives a sample of 35,199 observations, out of a total population of

8 The NT Department of Infrastructure, Planning and Logistics lists a road as impassable if it frequently
floods in the wet season, but staff are unable to reach the location to verify whether it is flooded. I refer to
both flooded and impassable roads as ‘road closures’ in the remainder of this chapter. Roads closed for
reasons unrelated to flooding are not included in my measure.

? Regions are: Darwin and surrounds, East Arnhem, Barkly, Katherine, and Alice Springs and surrounds.
These are the same regions for which the disease prevalence data are available.

19 There are a small number of births for which the mother’s place of residence as entered in the perinatal
data could not be found, either using a fuzzy match with the R package ‘geonames’, or through manual
search on Google, the NT Place Names Register (https://www.ntlis.nt.gov.au/placenames/) and BushTel
(https://bushtel.nt.gov.au/).
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38,866 babies born in the NT over this period. I include stillbirths (making up under 1%
of births) and plural births (under 2.5% of births) in the analysis sample.

2.3.2 Measures

Table 1 shows the mean, standard deviation, minimum and maximum values of all

variables that [ use in analysis.

Minimu Maximu

Mean SD
m m
Outcomes
. . . 3,28
Birthweight (g)* 9 534 2,160 4,180
. o 0.3
Preterm birth (probability) 0.10 1 0 1
. 0.3
SGA (probability) 0.13 4 0 1
Apgar 5 score 8.9 1.2 0 10
Other characteristics of births
Born in hospital (probability) 0.99  0.09 0 1
Aboriginal or Torres Strait Islander mother (probability) 036 048 0 1
Number of antenatal visits 9 4 0 38
Urban area (probability) 0.65 048 0 1
Arid (vs tropical) climate (probability) 0.20  0.40 0 1
Weather in 39 weeks to birth
Average maximum temperature (C) 31 2 24 37
Avg days with max>35 C 38 44 0 190
Average minimum temperature (C) 22 4 11 28
Avg days with min<0 C 0 1 0 5
Average daily rainfall (ml) 4 2 0 11
Avg days with>50ml 2 2 0 8
Avg relative humidity (%) 61 14 21 80
Avg days with relative humidity>85% 25 24 0 140
Avg road closures in pregnancy, per month 6.7 3.9 0.0 24 .4
Disease lab cases per 1,000 residents
Influenza 0.6 0.9 0.0 5.0
Sexually transmitted infections (STIs)® 7.4 5.2 2.4 19.9
Mosquito-borne diseases® 0.5 0.3 0.0 1.7
Gastro-intestinal related diseases? 14 0.6 0.6 3.2
Economic conditions
Food price growth in year to birth (%) 2.2 2.2 -2.9 7.1
( (?;/erage employment-to-population ratio during pregnancy 698 2.0 64.3 75
0

Table 1: Summary statistics — births in the NT, 2005-2014

a Variable is top- and bottom-coded at the 2.5" an 97.5" percentile to reduce the influence of extreme outliers.

b Includes: Chlamydia, gonococcal, trichomoniasis and syphilis.

¢ Includes: Malaria, Dengue, Kunjin virus, Chikungunya, Zika, Murray Valley encephalitis, Barmah Forest virus, Ross River Virus,
Chikungunya and arbovirus — not elsewhere specified.

d Includes: Rotavirus, Salmonella, Shigellosis, Campylobacteriosis and Cryptosporidiosis.

Sources: Author’s calculations based on Australian Bureau of Statistics; NASA; NT Centre For Disease Control Bulletins; NT
Department of Infrastructure, Planning and Logistics; CYDRP.
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The advantage of these outcomes is that they are routinely collected and are therefore
widely available for research. However, recent research has criticised the focus on
birthweight, gestational age, and derived variables as primary measures of health at birth.
Conti et al. (2020) show that birthweight provides only a limited picture of infant health.
They show that other measures, including Apgar scores, perform better in predicting
postnatal outcomes. Recent evidence confirms that seasonal risks can affect fetal
development in ways that are not evident from the baby’s weight and gestational age. For
example, Schwandt (2019) finds that babies exposed to influenza in the second trimester
did not have significantly higher rates of preterm birth or low birthweight, but they had

significantly lower education attainment and adult wages.

I use 5 minute Apgar scores (Apgar 5) in addition to the measures more commonly used
in previous research: birthweight (in grams), preterm birth and SGA.!! In Appendix C, I
show that findings are similar for other commonly-used transformations of these variables

(probability of low birthweight, gestational age in weeks, and low Apgar scores).

Apgar 5 is an index with values from 0 to 10, based on the birth attendant’s judgement of
the newborn’s skin colour, heart rate, reflex, muscle tone and respiratory effort, 5 minutes
after birth. Only one of the papers cited above (Andalén et al. (2016)) uses Apgar scores
as an outcome measure. However, they are commonly used in the medical literature, and
lower scores are strongly associated with poor neonatal outcomes (Thavarajah, Flatley,
and Kumar 2018), even among full-term pregnancies that are otherwise judged to be low-

risk (H.-Y. Chen, Blackwell, and Chauhan 2020).'?

Seasonal risk factors

I draw on the evidence discussed in Section 2.2 to construct measures of exposure to
seasonal risks in utero. They are minimum and maximum temperature, rainfall, humidity,
disease prevalence, road closures due to flooding, food price growth and the employment-

to-population ratio. I standardise these variables to have a mean of zero and standard

! As defined by Dobbins et al. (2012)’s national birthweight percentile tables for Australia.

12 A common distinction is between Apgar scores of 7-10 which are considered in the ‘healthy’ range, and
scores of 6 or below. But a large population-linkage study from Sweden suggests that even newborns at the
lower end of the ‘healthy’ range face higher health risks (Razaz, Cnattingius, and Joseph 2019). Therefore,
I analyse Apgar scores in levels. Appendix M shows estimates for a binary measure of Apgar score.
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deviation of one when used in regression analysis, in order to compare the relative

strengths of these competing explanations for seasonality in birth outcomes.

I focus primarily on exposure to seasonal risks throughout the full pregnancy. Therefore,
I construct measures of average conditions that each mother was exposed to in the 39
weeks to birth (for weather variables), nine months to birth (for road closures and
employment variables), or in the three calendar quarters after conception (for regional
disease prevalence). Food price growth is measured as year-ended growth in the quarter
of birth. Some effects, and in particular temperature exposure, may be non-linear and may
depend on the timing of exposure. Therefore, I also construct measures of exposure to
very hot and very cold temperatures by trimester, and for road closures and employment
rates by trimester. While timing of exposure can be important for disease prevalence as
well (Schwandt 2019), analysis is not possible with my data, as disease prevalence is

available only at a quarterly frequency.

This chapter seeks to explain seasonality based on the baby’s date of birth. Some
researchers instead analyse seasonality by date of conception (Currie and Schwandt
2013). I define the start and end date of the sample based on date of conception, to avoid
methodological issues with definitions based on date of birth (Strand, Barnett, and Tong
2011a), but in my regression analysis I use month of birth. Before undertaking this
analysis, | compared seasonal patterns when measured based on month of conception and
month of birth. I found that seasonality is slightly larger when measured based on month
of birth (see Appendix D). Therefore, my analysis seeks to explain these patterns, and all
descriptive statistics below are shown based on month of birth. As date of birth is directly
observed and date of conception is estimated, this approach also reduces the scope for
measurement error. In my regression analysis the distinction makes little difference,

because I measure total exposure to seasonal risks throughout the pregnancy.

2.3.3 Analytical methods

The goal of this chapter is to analyse the relationships between seasonal risk factors and
newborns’ health. To do this, [ use ordinary least squares to estimate the following model,
which is based on the associations I described in Section 2.2, adapted for data availability

and specificity.
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In this model, I estimate birth outcomes for baby 7, born on date ¢ (year y, month m, quarter
q), and in town/city/community j, within the broader region r. I distinguish between
small-area location j and region » because some explanatory variables are only measured
at the region level. Birth outcomes are estimated as a function of weather variables 17,
road closures R, disease prevalence D, food price growth P and the employment-to-
population ratio E. I calculate confidence intervals using standard errors clustered at the

level of the fixed effects (i.e. either location-level, or sibling-level).!3

The model includes fixed effects by location j, and the month m and year y of birth.
Location fixed-effects are based on geographic clusters, which have a maximum distance
of 50 miles between any two points. There are 96 clusters in the sample; these are not
necessarily nested within the larger regions at which the disease prevalence and road
closure measures vary. I derive clusters using the mother’s community, town or suburb
of residence at the time of birth. In the NT, there are many communities with multiple
names or ‘aliases’, and larger towns surrounded by suburbs and town camps. I first
geocode each location to find the latitude and longitude coordinates for the centre of the
community, town or suburb. I then use cluster analysis to convert these coordinates into
geographic groupings based on distance between points, so that I group together all
suburbs within the same city or town, and all ‘aliases’ for the same community.'* Given
the dispersed population of the NT, these clusters are small, with on average 360 births

per cluster over the 10-year period.

13 The reason for this is that location is not constant within all sibling groups (a small number of mothers
move between cities/towns/communities), and therefore I cannot cluster standard errors in the sibling fixed
effects model by location.

14 The data I have on location is a text string with the suburb or community name, provide by the mother
to the hospital at the time of birth. This may be the name of the community, town or city (e.g. Darwin) or
the name of a suburb (e.g. within greater Darwin). By using geographic clusters, I group together points
that are geographically close, to define a single fixed effect for each city, town or community. I chose a 50
mile distance as this would allow one cluster to cover all of greater Darwin (the capital city). However, my
estimates are little changed if I instead define fixed effects using shorter distances such as 10 miles or 25
miles — see Appendix E.
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Time fixed effects control for month and year of birth. I choose to include month and year
separately in my main model estimates because my measures of economic conditions do
not vary within a given month-year pair, and therefore could not be estimated using
month-year fixed effects. However, my findings for the remaining seasonal risks are

robust to inclusion of month-year fixed effects (see Appendix F).

The location and time fixed effects reflect my conceptualisation of seasonal risks relative
to the average values across individuals within a specific location, year and month. This
allows for the fact that residents adapt to typical conditions in their location and anticipate
and adapt to regular seasonal variation. Importantly, this means that the seasonal effects
in my analysis are identified by idiosyncratic variation, not from typical seasonal patterns.
That is, for example, that my estimated impact of higher temperatures is identified from
cases where temperatures were warmer than usual, given the location and time of year.
This is the most common approach in the literature, with many studies using location and
time fixed effects to identify the causal impact of in utero exposure to weather conditions
or disease prevalence (Andalon et al. 2016; Bakhtsiyarava, Grace, and Nawrotzki 2018;
Barreca and Schaller 2019; X. Chen et al. 2020; Dorélien 2019; Grace et al. 2015; Hu and
Li 2019; J. Kim, Lee, and Rossin-Slater 2021; Li et al. 2018; Maccini and Yang 2009;
Mrejen, Perelman, and Machado 2020; Rocha and Soares 2015; Schifano et al. 2016;
Wilde, Apouey, and Jung 2017). In Section 6, I discuss the implications of this modelling
approach, and the assumptions required to interpret my estimates as evidence of the

impacts of seasonal risks.

The model allows me to estimate the effects of a broad range of environmental factors on
birth outcomes, holding other factors constant, using data on all babies born in the NT
from 2005 to 2014. However, as described above, parental characteristics may contribute
both to the timing of conception (and therefore seasonal risk factors that the fetus is
exposed to) and birth outcomes. I do not observe parental characteristics in the data, but
I can link siblings together. This allows me to hold constant any time-invariant shared
family background, so that I can analyse how important these unobserved characteristics
are in explaining seasonality. Analysis of siblings is based on smaller sample size, with
approximately 50% of the children in the sample having a sibling born during the 2005-

2014 period. Therefore I present results with two versions of the model: one using the
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full sample without sibling fixed effects, and one with the addition of sibling fixed effects

for this subsample.

2.4 Descriptive statistics

In the NT, babies born during the winter/dry season are healthier on average. They have
higher average birthweight, higher Apgar 5 scores, and are less likely to be preterm
(Figure 2). In contrast, babies born in the wet season/summer — particularly in the middle
of the wet season (January and February) — have lower average birthweight and Apgar 5
scores, and are more likely to be SGA or preterm. While birthweight and Apgar 5 are
shown here as averages, their seasonal patterns are accentuated at the lower end of the

distribution (see Appendix G).

We can compare the magnitudes with other studies based on birthweight, as this is the
most commonly used outcome. Compared with other contexts, seasonality in the NT is
large. In the NT, there is a standard deviation of 14 grams in birthweight across the month
averages. This is large relative to other influences on birthweight: for instance, the
variation in birthweight based on month of birth in the NT is slightly larger than the
impact that Reader (2023) finds of a modest cash transfer during pregnancy in the UK (of
8-12 grams). The difference between birthweight in its lowest average month (January)
and its highest average month (October) is around 55 grams. This is twice as large as the
difference that Currie and Schwandt (2013) find in the north-eastern USA (25 grams),
and more than 5 times as large as what Torche and Corvalan (2010) find in Chile (9
grams). These seasonal patterns are also much larger than those in other parts of Australia.
McGrath, Barnett and Eyles (2005) analyse seasonality in birthweight in the eastern states
of Australia, finding small seasonal differences, ranging from 1.4 grams (in Tasmania)

and 7.7 grams (in Queensland).'

Interestingly, seasonal patterns vary across the four birth outcomes. Seasonal variation is

larger in magnitude for birthweight and preterm birth than for the other outcomes. The

15 Some of these studies consider only term births, with gestational age of 37 weeks and above. In the NT
data, the 50 gram difference from highest average to lowest-average month remains, even if we also limit
analysis to babies born from the 37" week onwards (see Appendix G).

48



.06
!

.03
L

-.03
L

.06
I

03
!

-03
L

-.06
L

timing also differs across outcomes. Birthweight and preterm birth show more favourable
outcomes first in April and again in October. In contrast, April is the month with the least
favourable outcomes for SGA, while Apgar scores are highest in June and November.
The different timing of these patterns suggests that not all birth outcomes are influenced

by the same seasonal risks.
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Figure 2: seasonal variations in birth outcomes, by month of birth, 2005-2014
Horizontal line represents the year-average for each outcome (standardised to zero). Vertical axis shows
the number of standard deviations from the variable’s average, to allow comparison in magnitudes across
the four outcomes. Appendix D shows these same graphs in levels of the variable, and Appendix G shows
these patterns with 95% confidence bands.

The pattern across the NT also obscures variation across climate zones and between urban
and rural locations. There is more seasonal variation in arid (‘desert’) regions in the
central and southern part of the NT, and in rural areas, than in tropical and urban areas.

The timing is also different, with gestational age and birthweight peaking in May in
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tropical areas, and in October in arid regions, generating the two in peaks seen in Figures

2A and 2D (see Appendix H). I discuss these differences further in Section 2.5.3.

2.5 Results

2.5.1 Which seasonal risks are associated with birth outcomes?

Almost all seasonal risks are associated with birth outcomes to a meaningful degree
before adjusting for time and location fixed effects (Appendix I). It is unlikely that these
associations represent causal effects. Instead, they may reflect variation between locations
in exposure to seasonal risks, and the fact that many seasonal risks are correlated with
each other in time — highlighting the importance of an analytical approach that
disentangles these effects. The remainder of this section does so by jointly analysing all

seasonal risk factors and controlling for time and location-specific effects.

2.5.2 Regression analysis

Figure 3 summarises the primary estimates with 95% confidence intervals (see Appendix
J for regression tables). The higher points indicate the coefficients on each seasonal risk,
in a regression that includes fixed effects but does not control for other seasonal risk
factors. The middle points show the coefficient when all seasonal risk factors are included
in a single regression model (as specified in equation (1)). The lower points show the
sibling fixed effects model. With some exceptions (discussed below), the estimates are
similar in all three models, though confidence intervals are wider in the sibling fixed
effects model, possibly reflecting the smaller sample size. Given the large number of
effects estimated, in Appendix K I show a table of the benchmark model estimates,
adjusted for multiple hypothesis testing using Anderson’s (2008) Sharpened Q values.
This adjustment does not affect my conclusions, but I note below where estimated effects

are no longer statistically significant after this adjustment.
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Figure 3: Main regression coefficients with 95% confidence intervals.

All explanatory variables are standardised to have a mean of zero and standard deviation of 1. The higher points
(circles) represent estimates from a regression with fixed effects but without controlling for other seasonal factors
(so that each point is an estimate from a different regression). The middle points (triangles) represent the coefficients
from the full model, controlling for all other seasonal factors. The lower (squares) points represent coefficients from
the full model with sibling fixed effects. Sample size 35,199 for full model, and 18,359 for sibling fixed effects
model.

51



Relative humidity

We see no clear relationship between average humidity and birth outcomes in Figure 3.
One channel through which I proposed that humidity would affect birth outcomes in the
NT was domestic violence — with the potential for high humidity to increase interpersonal
violence. To analyse this mechanism, I examined whether there is a seasonal pattern in
domestic violence using child protection notifications.'® However, I do not find evidence

of seasonality in the number of incidences (see Appendix L).

Rainfall and road closure

There is no apparent relationship between average rainfall and birth outcomes. All
coefficients are close to zero and not statistically significant. This is unsurprising given
that the studies that have found a relationship between rainfall and birth outcomes have
been from locations where a large share of households rely on agriculture, and this is not

the case in the NT.

There is, however, some evidence that extreme values of rainfall — and resultant road
flooding — can worsen birth outcomes. For the estimates shown in Figure 3, the
coefficients on road closures are small and not statistically significant. However, my
measure of road closures is a simple count of the number of road closures within the
region. It does not identify individuals who were affected by each closure, the length of
the closure, or the importance of the road. When I restrict analysis to Aboriginal mothers,
who are more likely to live in the remote communities that are most inconvenienced by
road closures, the coefficient on birthweight is negative and statistically significant at the
5% level (see Section 2.5.3). In addition, in the benchmark model with the full sample,
when I run the model splitting exposure into the first two trimesters and the third
trimester, more road closures in the first two trimesters are associated with statistically
significantly lower birthweight and lower Apgar scores (see Appendix M).!” Therefore,
interpret the small negative coefficients as suggestive evidence of an effect on the subset

of pregnancies for which road closures affect access to healthcare and fresh food.

16 1n the NT, it is mandatory for certain professionals to report suspected child abuse and neglect, and this
includes physical violence and exposure to family violence.

71t may be that women expecting to give birth in a community prone to flooding during the wet season
leave the community before floods begin, leading to little effect in the third trimester. In addition, almost
all pregnant women in remote communities are transferred to their closest hospital at 37 weeks.
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However, my measure of closures is at the region level. In a month with a high number
of closures, some communities will be severely affected, while most mothers within the
region will be unaffected. Further research using a community-level measure of road
closures would be needed both to verify this finding, and if it is verified, to quantify its

magnitude more precisely.

Temperature

There are different effects of temperature across the four birth outcomes. Higher average
minimum temperatures are associated with higher Apgar scores, but also with higher risk
of SGA, preterm birth, and lower birthweight (Figure 3). Higher average maximum
temperatures are also associated with higher risk of SGA but have no statistically
significant effect on the other outcomes. These effects remain statistically significant at

the 5% or 10% level, after adjusting for multiple hypothesis testing (see Appendix K).

These somewhat conflicting findings may reflect the shortcomings of a linear analysis of
temperatures based on averages over a 39-week period. Higher minimum temperatures in
the dry season/winter means absence of very cold weather in some parts of the NT, while
high minimum temperatures in the wet season/summer can reflect a heatwave. We may
therefore expect non-linear effects. In addition, it is possible that exposure at different
times during pregnancy, or exposure to extreme cold or heat may be more important than

average exposure throughout the whole pregnancy.

I therefore construct measures of exposure to very high and very low temperatures. These
are indicators of the number of days during pregnancy with maximum temperatures above
35 degrees Celsius, and with minimum temperatures below freezing (see Table 1 for

summary statistics of these measures). I disaggregate these by trimester.

Figure 4 reports estimates from regressions including those measures. It shows that
additional days above 35 degrees during pregnancy — in any trimester — reduce
birthweight and Apgar scores and increases risk of preterm birth. Exposure to additional
days below freezing, in contrast, has relatively small effects, but helps to clarify the
independent effect of average minimum temperature. After controlling for exposure to
very warm and very cold days, higher average minimum temperature is associated with

poorer birth outcomes, consistent with this variable indicating heatwaves. In addition,
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higher average maximum temperature is more consistently associated with healthier birth
outcomes. This suggests that in the absence of heatwaves, warmer weather may improve

birth outcomes.
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Figure 4: Regression estimates controlling for extreme weather conditions, by
trimester.

These reflect coefficients from a single regression using the full sample, with all variables included —
including other variables from the full model specified in equation (1) (circles), and from the sibling fixed
effects model, using the smaller sample (squares). Sample size 35,199 for full model, and 18,359 for sibling
fixed effects model.

Disease prevalence

Figure 3 reveals a large and statistically significant relationship between prevalence of
STIs during pregnancy and birth outcomes. One standard deviation increase in STI
prevalence is associated with a 0.08 point decrease in Apgar 5 scores and a 2.4 percentage
point increase in preterm births, statistically significant 10% and 5% levels respectively,
after adjusting for multiple hypotheses. The confidence intervals around these estimates
are wider in the sibling fixed effects model and are therefore not statistically significant
at the 5% level, but the estimates themselves are similar for birthweight and preterm birth

(though smaller for Apgar scores).
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To analyse this relationship in more detail, I rerun the model separately for mothers who
did not regularly attend antenatal care visits during pregnancy, because antenatal care
appointments provide opportunities for testing and treatment of STIs.!® T find a
substantially larger association in this sub-sample (Appendix N). This relationship is
suggestive of the role of antenatal testing and treatment of STIs in attenuating seasonality.
However, it could also be that fewer antenatal visits reflects access to care more generally
or the mother’s socio-economic status (Australian Institute of Health and Welfare 2020),
both of which could be associated with greater exposure to STIs relative to the region-

level case rate that is captured by the prevalence measure I use.

Influenza prevalence significantly increases the risk of preterm birth and lowers
birthweight, consistent with findings from other contexts. After adjusting for multiple
hypotheses, the relationship with birthweight is statistically significant at the 5% level,
though the relationship with preterm birth is not statistically significant.

The coefficients on prevalence of mosquito-borne diseases are small and not statistically

significant.

Surprisingly, Figure 3 shows that prevalence of gastrointestinal-related diseases is
associated with significantly higher Apgar scores after controlling for other factors. One
potential reason for this could be that disease exposure may lead to fetal loss, such that
only the fetuses that were already healthier survive (and appear in the birth records). There
are no data on miscarriages, but birth records contain information on stillbirths — defined
in the NT as fetal losses after 20 weeks of gestation. I find no statistically significant
association between prevalence of gastrointestinal disease and live birth status (Appendix
O), but it remains possible that fetal loss before 20 weeks may explain the positive

relationship between gastrointestinal disease and Apgar scores.

Economic conditions

As may be expected, I find some evidence that higher price inflation is associated with
worse birth outcomes and higher employment rates associated with better birth outcomes.

In the sibling fixed effects model, the effects are large, with a standard deviation increase

18 Pregnant women in the NT are recommended to have 10 antenatal visits, and on average have 9 visits
(see Table 1). In this analysis, I limit the sample to those who had 5 or fewer visits.
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in food price growth associated with a 13 gram decrease in birthweight and a 1 percentage
point increase in preterm births. The fact that the effect is larger in this model may indicate
that it is certain families (e.g. those with lower incomes) whose birth outcomes are most
affected by seasonality in food affordability. For those household, seasonality in food

affordability may impact intrauterine growth and general infant health.

However, while the coefficients move in the expected direction, they are small and not
statistically significant within most models. Therefore, while other research tells us that
income and food affordability are important for infant health (see Section 2.4 above),
variation in aggregate economic conditions does not appear to be a major explanation for

the seasonality we observe in population-average birth outcomes.

2.5.3 Heterogeneity of effects
By Aboriginal status

During the sample period, just over one-third of births in the NT were to Aboriginal
mothers. On average, Aboriginal women face different environments from non-
Aboriginal women during pregnancy — 72 percent of Aboriginal mothers lived outside of
the two main cities (Darwin and Alice Springs), compared with just 14 percent of non-
Aboriginal mothers. Many live in remote Aboriginal communities, where residents are
likely to face challenges in accessing healthcare and fresh food, particularly during the
wet season, as described above. In addition, Aboriginal people are disproportionately
affected by other disadvantages that may influence maternal and infant health, including
substantially lower-than-average economic resources, more crowded living conditions,
and poorer health (Australian Bureau of Statistics 2017). To test how these differences
impact my estimates, I run the model for Aboriginal and non-Aboriginal mothers

separately (Figure 5).
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Figure 5: Model estimates by Aboriginal status of mother.

Estimates for mothers identified as Aboriginal or Torres Strait Islander are the higher, circular points (35%
of all births) and estimates for all other mothers are the lower, square points (65% of all births). These
models do not include sibling fixed effects. All explanatory variables are standardised to have a mean of
zero and standard deviation of 1. Note that 99% of people in the NT who identify as Aboriginal or Torres
Strait Islander identify as solely Aboriginal or as both Aboriginal and Torres Strait Islander, hence the
discussion centres around Aboriginal status. Sample size: 12,523 (Aboriginal) and 22,607 (non-
Aboriginal).
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Some findings stand out — for instance, there is a negative effect of road closures on
birthweight for Aboriginal mothers, but not for the rest of the sample. This makes sense
given that Aboriginal people are more likely to live in remote communities with just one
major road in and out of the community, and therefore are more severely affected when
roads are inaccessible. The point estimates on STI prevalence are also larger for
Aboriginal mothers, potentially reflecting higher STI prevalence in Aboriginal
communities (Gooley 2021). However, in most cases, these estimates are consistent with
the results from the aggregated sample — that is, showing that exposure to STIs and flu,
and less favourable economic conditions worsen birth outcomes for Aboriginal and non-

Aboriginal mothers alike.

The confidence intervals around the estimates in the Aboriginal subsample are larger.
This is likely to reflect both the smaller sample, and diversity among Aboriginal peoples;
Aboriginal communities are located throughout the NT, meaning there is greater diversity
among Aboriginal mothers in their exposure to climactic and environmental conditions,
and in access to healthcare. In contrast, most non-Aboriginal mothers live in Darwin, the

capital city of the Northern Territory.

By health status

Figure 6 shows quantile regression estimates for birthweight. They are based on the same
specification as equation (1) but instead of estimating the effect on mean birthweight,
they are estimated for babies at the 10™, 25% 50" 75% and 90" percentiles of the
birthweight distribution.

These estimates suggest that seasonal risk factors may have small or no effects on babies
that are otherwise healthy, but may interact with other health complications, for babies
who may have had low birthweight even in the absence of seasonal risks. The effects of
STI prevalence are especially large for babies at the 10" percentile of birthweight and are
smaller or not statistically significant for heavier babies. While heat and influenza
prevalence have effects throughout most of the distribution, the effects are largest for

babies at lower percentiles.
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Figure 6: Quantile regressions of birthweight.

These figures show the full model as in Figures 3 and 4, with all variables included, but without sibling
fixed effects. These are estimated using quantile regressions for the 10th, 25th, 50th, 75th and 90th

percentile of the birthweight distribution, with robust standard errors. Sample size 35,199.
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By urban/rural location

Birth outcomes are more seasonal in rural areas than urban areas (Appendix H). There
could be two potential explanations for this. One is different exposure to seasonal risks —
e.g., that it is hotter in rural areas than urban areas. A second explanation is that people
living in urban locations are better able to adapt to the same level of risk — for instance,
by spending less time outdoors during the hottest part of the day or having more access

to air conditioning.

To investigate these explanations, I fit the model separately on the urban and rural
subsamples (Figure 7). The estimates suggest that the second explanation — that urban
location moderates seasonal effects — better explains the data for most seasonal risk
factors. The effects of the same unit of change in average weather conditions are
substantially larger — and in some cases, work in different directions — in rural than in
urban locations. A higher average maximum temperature, for instance, appears to have a

large negative effect on birthweight in rural areas, but no effect in urban areas.

As an additional test, I compare the share of variance explained by the benchmark model
with and without including seasonal risks (Appendix P). I find that within the rural
subsample, the full set of seasonal risks explains a higher share of variance than in the
urban sample for birthweight, Apgar 5 scores and SGA. I interpret this as additional
suggestive evidence that the impacts of the same seasonal risks are slightly greater in rural
than urban areas. The exception is for preterm birth, for which the explanatory power of
the seasonal risks is greater in the urban sample. Based on the estimates shown in Figure
7, this appears to be driven by the large coefficient on STI prevalence, perhaps reflecting
the first explanation, that exposure to this particular seasonal risk (which is measured at
the region level, and therefore measured prevalence rates are the same for urban and rural
locations within a region, while actual prevalence may vary) is greater in urban area, and

in particular in Alice Springs — see Section 2.6.
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Figure 7: Model estimates by urban/rural location.

All explanatory variables are standardised to have a mean of zero and standard deviation of 1. Sample size:
23,053 (urban) and 12,146 (rural).
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2.5.4 Parental characteristics

In the NT, there is some variation in maternal characteristics over the year (see Appendix
Q)." To analyse whether this variation explains seasonality in birth outcomes, I revisit
the sibling fixed-effects model. I focus on the subset of the sample living in rural areas,

as the analysis presented above shows there is much less seasonality in the urban sample.

I present models with and without sibling fixed effects, to analyse whether and how the
month coefficients (i.e. the unexplained seasonality) change after including sibling fixed
effects. If maternal characteristics are driving seasonality, I would expect the magnitude

of the month coefficients to move closer to zero after adding sibling fixed effects.

Figure 8 shows the estimates graphically, while Appendix R presents a table with the
share of variance explained by the month coefficients. The full model (equation (1),
without sibling fixed effects) brings the month coefficients closer to zero. But this is not
consistently the case after adding sibling fixed effects. The addition of sibling fixed
effects produces larger month coefficients for Apgar scores and SGA, though it reduces
the month coefficients slightly for preterm birth. Appendix R shows that the variance
explained by the month coefficients increases with the addition of sibling fixed effects
for birthweight, Apgar 5 and preterm birth. This is also the case in the full sibling

population, and the urban subpopulation.

Based on these estimates, I conclude that it is unlikely that time-invariant parental

characteristics drive overall seasonal patterns in birth outcomes in the NT.

19 Appendix Q shows variation over the year in the share of mothers who smoke or drink at their first
antenatal visit, the number of antenatal visits, complications in the mother’s medical history, age and
Aboriginal status of mother. Some of these factors are time-varying. I do not have data on other maternal
characteristics (e.g. socioeconomic status, education, employment or income).
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Figure 8: The role of fixed parental characteristics.

Estimated month coefficients and 95% confidence intervals from an OLS regression with only month
dummies as covariates (solid line); the full model as in equation (1) (dotted line); the full model with sibling
fixed effects (dashed line). Models are estimated on the subset of the sample with siblings, and therefore
the coefficients in the OLS model and the full model are different from other estimates, and confidence
intervals are wider. Because most mothers do not move between location clusters, the sibling fixed effects
model includes controls for region instead of location cluster fixed effects. Sample size: 7,016.

2.6 Implications — what is the effect of typical seasonal risks on

newborns’ health?

I have estimated the effects on newborns’ health of in utero exposure to seasonal variation
in weather, disease prevalence, economic conditions, and of seasonal patterns in fertility.
I find that heat exposure and disease prevalence are associated with particularly large
effects on birth outcomes in the NT (reductions in average birthweight of 23, 21 and 14
grams per standard deviation change in exposure to very hot days in any trimester, STI
prevalence, and influenza prevalence, respectively). I also find smaller, but economically

and statistically significant effects of food price growth, employment conditions and road
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flooding for some outcomes and subpopulations. Seasonal fertility, rainfall and humidity

do not appear to explain seasonality in birth outcomes in the NT.

While a thorough analysis of the causal mechanisms behind each of these findings is
beyond the scope of this chapter, my results are suggestive of causal effects, because these
relationships are found after controlling for small-area location, month and year fixed
effects, and after controlling for other seasonal risks. They are also little changed even
after controlling for sibling fixed effects. My use of fixed effects allows for the fact that
people adapt to usual conditions within their location, and abstracts from any additional
unobserved monthly patterns unrelated to those I study here, which may influence month-

average birth outcomes.

My use of month fixed effects does, however, mean that while I seek to explain regular
seasonal patterns in birth outcomes across months, my coefficients are identified using

variation within months.

In this section, I extrapolate from these coefficients, to estimate the effects of the seasonal
risks that a baby is typically exposed to in utero, given their month of birth. I focus on the
three main seasonal risks I have identified: heat exposure, influenza and STI prevalence.
Such extrapolation assumes that within-month variation has the same effect as between-
month variation. This means, for instance, that because August is typically slightly
warmer than July, my estimates of the effect of heat exposure, identified using
unseasonably warm days in July (and other months), are informative about the effects of

typical heat exposure for a baby born in August.

Table 2 shows these extrapolated estimates. I show the effects for babies born in the
month with peak exposure to each risk, compared with average exposure for babies born
in any other month of the year.?’ The magnitude of these estimates depends on two
factors: the strength of the association in my regression estimates, and the magnitude of

typical seasonal variation of the risk factor.

20 That s, for example, I show the effect of being born in May, and hence in utero during the hottest months
of the year, compared with average exposure for babies born in any other month of the year.
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Estimated Estimated Estimated Estimated

Seasonal risk impact on impact on impact on impact on

birthweight  preterm birth  Apgar scores ~ SGA rates
rate

Pregnancy spans

hottest months of the ">/ ;;)n;lsl 4 8883 t(; _8 82 t(:s_ No effect

year (born in Apr) & VU7P VP

Pregnancy spanning

peak period of -1.9t0-2.3 0.001 to

Influenza prevalence grams 0.001 pr No effect No effect

(born in Dec)

Pregnancy spanning

peak period of STI -1.1to-1.2 0.001 to 0 to -0.004
prevalence (born in grams 0.001 pr pts
Aug)

Pregnancy spanning

ovancercgion 401045 000410 00100

with highest STI rates grams 0.005 pr -0.015 pts
(born in Aug)
Table 2: Estimated effects of major seasonal risks on birth outcomes in the NT,

derived from regression estimates

Note: estimated impacts are calculated as the estimated impact in the full model with and without sibling
FE (giving the range), divided by one standard deviation, multiplied by the peak month minus the year-
average excluding that peak. Estimates are shown for the three seasonal influences for which I find
statistically significant effects across multiple birth outcomes, but are not shown for the SGA outcome or
impact of influenza on Apgar scores, as these estimates were not statistically significant in either model.
The estimates for heat exposure represent the sum of the effects of typical exposure in each trimester.

No effect

No effect

Across all outcomes, the effects are largest for exposure to warm weather. Lending a
causal interpretation, this would suggest that a baby for whom the pregnancy does not
span the cooler winter/dry season months would be, on average, 8-11 grams lighter, have
a 1 percentage point higher probability of preterm birth, and Apgar scores between 0.03
to 0.04 points lower than the year-average because of exposure to very warm weather.
For a baby in utero during the peak influenza period, the effect is smaller but still
substantial: reducing birthweight by 2 grams, and increasing the chance of preterm birth

by 0.1 percentage point.

In contrast, while the impact of one standard deviation in STI rates as shown in Figure 2
is large, much of the variance in STI rates is not seasonal. Therefore the impact of typical

seasonal exposure is small, reducing birthweight by only 1 gram on average for babies in
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utero with the highest seasonal exposure. However, STI rates vary substantially by region.
If T instead scale my regression estimates by STI rates in the region with greatest
seasonality (Alice Springs) these are much larger. They suggest that a baby in utero in
Alice Springs during the June quarter would be, on average, 4 grams smaller because of
the higher risk of exposure to STIs, have a 0.5 ppt higher chance of preterm birth, and

have Apgar scores 0.01 points lower.

This chapter seeks to explain the reasons behind worse birth outcomes for babies born in
the summer/wet season, compared with those born in the winter/dry season. A baby born
in the summer/wet season is exposed to all three of the risks set out in Table 2 — they are
in utero during the hottest months of the year, and during peak periods of flu and STI
prevalence. While the seasonal pattern implied by these three risk factors do not perfectly
match up with the seasonal patterns we observe, they come close, and move in the

expected direction.

The magnitudes of these estimates are large, within the context of other influences on
birth outcomes. For instance, they are comparable in magnitude to the impact that
Almond, Hoynes and Schanzenbach (2011) find from the introduction of the US food
stamps program during pregnancy, which increased average birthweight by 1-8 grams,
depending on the subpopulation studied. Reader (2023) finds that the UK’s Health in
Pregnancy grant increased birthweight by 8-12 grams. I find effects from annual seasonal
variation in heat and disease prevalence that are about the same as the impact from these
substantial increases in income, but moving in the opposite direction. In contrast, my
estimates are smaller than those of Bakhtsiyarava et al. (2018), who find that an additional
month of temperatures above 35 degrees in food cropping communities in Kenya and
Mali reduces average birthweight by 71 grams (more than double the 33 grams reduction
from an additional 44 days (1 SD) of hot weather in the NT). This may be because
relatively high average incomes and access to public healthcare may help to shield

newborns in the NT from larger effects.

If readers do not accept the assumptions that produce the estimates in Table 2, my results
remain informative. Idiosyncratic, a-seasonal weather events are increasingly common,
and disease outbreaks are possible outside of their typical seasonal patterns. I find that

these common events experienced in utero can have large impacts on birth outcomes.
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2.6.1 Limitations

I identify three limitations to this study which could be addressed with further research.

First, my findings raise the possibility of interaction effects between seasonal risks,
parents’ characteristics and economic conditions. However, I am unable to explore this
relationship because I do not have data on parents’ socio-economic status. This may be

an avenue for future research.

Second, while I analyse a wide range of explanatory variables, many are not measured
precisely; exposure to disease, road closures and economic conditions are measured at a
broad regional level or higher. The fact that we still observe effects of these imprecisely
measured seasonal risks suggests that their effects may be particularly large for some sub-
groups. More detailed individual- or community-level data on these factors would help

us to better understand these relationships.

Finally, I have estimated the effect of a standard deviation change in each seasonal risk,
and my findings suggest that some seasonal risks — in particular, heat exposure and
disease prevalence — are more important determinants of infant health than others.
However, an equally important consideration is the cost-effectiveness of any intervention
to alleviate the effects of these seasonal risks. Future analysis may consider potential

policy responses in more detail, alongside the cost and likely impacts of those responses.

2.7 Conclusion and policy applications

I draw three important conclusions from my analysis.

First, analysing multiple risk factors together is important for policy, but not necessarily
for research. In this chapter I have demonstrated the importance of considering many

pieces of the puzzle together.

On one hand, my analysis indicates that it is possible to obtain reliable estimates of the
effects of one seasonal risk without measuring other risks: within my fixed effects models,

the estimated effects of each seasonal risk factor generally do not change after including
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other seasonal risks in the model. This suggests that any future research seeking to explore
a specific seasonal risk in detail can do so without requiring data on all other seasonal

risks.

On the other hand, my analysis provides more actionable policy implications than
analysis of a single seasonal risk. Without analysing these factors together, we would not
know, for instance, that policymakers seeking to reduce inequalities at birth may gain
more traction at the population-level by finding ways to shield mothers from heat

exposure than from influenza.

Second, we need more analysis on how STIs impact newborn health. Parts of Northern
Australia have experienced an epidemic of STIs (Gooley 2021), but such an epidemic is
not unique to Australia (L. Newman et al. 2013). The association between STI prevalence
and birth outcomes is large, even if the average impact of STI seasonality shown in Table
2 is small. A one standard deviation increase in regional prevalence of STIs reduces
birthweight by 21 grams, reduces Apgar scores by 0.08 points, and increases the risk of

preterm birth by 2 percentage points. It is not clear whether this relationship is causal.

Linkage of individual-level data on STI diagnosis with birth records would help greatly
in disentangling the impacts of STIs themselves from other co-varying risks. Another
option for further research in helping to address this challenge is to analyse the reasons
for non-attendance at antenatal care. Antenatal care is a key opportunity for testing and
treatment of STIs, and I find a stronger link between STI prevalence and poorer birth
outcomes for women with low rates of attendance. But we do not know whether these
worse outcomes are the result of non-attendance, or the result of other factors correlated

with both STI prevalence and non-attendance.

Third, seasonal effects may be greater in poorer parts of the world with tropical and arid
climates. It is remarkable that there is such large seasonal variation in birth outcomes in
the NT, especially in contrast with the smaller variation that McGrath et al. (2005) find

in the sub-tropical and temperate climates of Australia’s eastern states.

Climate can explain some of these differences. My estimates show large effects of
exposure to very hot days and high minimum temperatures, indicative of heatwaves.

These high temperatures are more common in tropical and arid climates.
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It is likely that these climate effects interact with social and economic factors. While I do
not have data on parents’ socio-economic status, we know that there are more families
with low income in the NT than in the rest of the country,?! many of whom live in remote
Aboriginal communities. Previous research shows that mothers with lower
socioeconomic-status tend to have more underlying health conditions, higher exposure to
circulating diseases, and less access to nutritious food (Aizer and Currie 2014) — all of
which would make them more vulnerable to seasonal risks (Cil and Kim 2022; Nyadanu

et al. 2022).

Together, these findings suggest that climate-related seasonal risks may be even more
important contributors to poor birth outcomes in lower-income parts of the world. The
fact that the effect of heat is smaller in urban areas suggest that adaptations (such as air
conditioning, more common in urban areas) may moderate this relationship. In light of
the changing climate, improving access to such adaptations will be of increasing

importance in reducing inequalities at birth.

21 Around 9% of the NT population receives an unemployment benefit, compared with 6% of the total
Australian population, and a higher share of people in the NT receive a tax benefit targeted at low-income
parents. These are based on the Department of Social Services payment demographics data from June 2020,
compared against ABS population estimates by state from June 2020.
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Appendix A — Diagram of conceptual framework
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and disease exposure at the individual level. In this chapter I analyse circulating

diseases

and economic conditions at the aggregate level, and I do not expect individual families to

influence these aggregate variables. In a more complex model, however,

parental

characteristics may affect the way that children respond to these aggregate variables (e.g.
a social gradient, whereby children in more privileged families may experience a smaller

impact).
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Appendix B — Seasonal pattern in disease prevalence in the NT
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Note: case rates are based on cases within the region per resident of any age — a
breakdown by sex and age is not available at the regional level. Seasonal patterns vary by
region — for instance, while there is little seasonality in aggregate STI rates overall in the
NT, this is because case rates are low and vary little in the capital city Darwin, where the
population is largest. Seasonality is greater in other regions, and the seasonal patterns
vary across regions (for instance, with a peak in STIs in June in Alice, in September in
Barkly, and in March in Arnhem. Quarters are based on the calendar year, where Q1 is

January-March.
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Appendix C — Model estimates using alternative outcome
measures

The below figures show model estimates are similar using definitions of the outcome
variable, based on averages (birthweight, Apgar score, gestational age), as well as
measures focusing on the lower end of the distribution (low birthweight, preterm birth,

low Apgar scores).
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Appendix D- Seasonal patterns in birth outcomes by month of

conception vs month of birth

By month of birth
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Appendix E — Alternative cluster size for location FE
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Appendix F — Regression results with month-year (interacted)

fixed effects
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Regression coefficients with 95% confidence intervals. All explanatory variables are standardised to
have a mean of zero and standard deviation of 1. The higher points represent estimates from the benchmark
model, but with month-year interacted instead of entering into the regression separately. The lower points
represent the same model, with the inclusion of sibling fixed effects, for the subpopulation with siblings
within the dataset. Standard errors clustered at the level of the fixed effects.
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Appendix G — Alternative measures of seasonal patterns in

outcomes

Seasonal patterns at mean values vs tails of distribution

The below graphs show the distribution of seasonal patterns in birthweight. They show
that seasonality is most accentuated at the lower end of the distribution, with the 10®
percentile showing more seasonal variation than the higher percentiles. The following
graphs show that the seasonal pattern in the share of births that are low birthweight
(<2500g) and very low birthweight (<1500g) is similar (but inverse) to the pattern in
average birthweight. We see the same for average Apgar 5 scores compared with binary
variables based on the score being below 7 (the standard cut-off for ‘normal’ scores
(Razaz, Cnattingius, and Joseph 2019) — about 3.5% of births in the NT) or below 8 (about
5.5% of births in the NT), and for gestational age in weeks compared with probability of

preterm birth.
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Seasonal patterns in analysis sample, with confidence intervals

The graphs below show the seasonal patterns in birth outcomes for the analysis sample
(births from 2005 to 2014). They show coefficients from a simple regression of each
outcome on month of birth, with no other variables included in the regression. The bands
represent 95% confidence intervals, and the base category is January. The outcomes

variables are not standardised in these estimates.
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Seasonal patterns in outcomes for full-term births

Seasonal patterns in birth outcomes, with sample restricted to babies born at or after week

37 of pregnancy (for comparison with McGrath et al. (2005)).
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Appendix H — Further descriptive statistics

3400
L
9.05
1

3300 3350
) A
apgar5
89 895 9
: h !

8.85
L

3250
L

8.8

Arid == Tropical
Year average

Arid === Tropical
Year average

A. Birthweight in arid vs tropical

regions of the NT B. Apgar 5 in arid vs tropical regions of
the NT
1 ELIPN
° 1‘ 2 3 n't ‘ 6 % é é 10 1 fz E', ; - . T T : - : : - -
Month 1 2 3 4 5 6 7 8 9 10 11 12
Urban ~  ————- Rural Month
Year average Uban  ————- Rural
Year average
C. Birthweight in urban vs rural . o
locations in the NT D. Apgar 5 in urban vs rural locations in

the NT

84



Average daily rainfall (ml) exposure

Average minimum temperature (c) exposure

25
L

2
L

15
|

1

Appendix I — Seasonal risk factors

The figure below shows average levels of humidity, rainfall, minimum and maximum
temperatures that babies born in each month would be exposed to during pregnancy. For
example, panel A shows average relative humidity in the 39 weeks to each date, averaged
across all years from 1995-2020, and across all locations in the NT. As may be expected,
these measures are highly correlated with one another. All measures peak in the middle
of the year (i.e. for babies that were born in the dry season, but were in utero throughout

the whole wet season), and are lowest towards the end of the year.
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Babies born in late summer and early autumn are also exposed to stronger average growth
in food prices during pregnancy (Panel A below), meaning that women who give birth at

this time of year may be least able to afford nutritious food during pregnancy. But at the
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same time, flu exposure is lowest (Panel B below), suggesting two potentially
counteracting forces. Babies born around this time are also more likely to be affected by
road closures — with those born in June experiencing the highest average number of road

closures in the 9 months to birth (Panel C below).
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The below graph presents the coefficients and 95% confidence intervals from a regression
of each seasonal risk factor on birth outcomes, with no fixed effects or other controls in
the regression. All seasonal risk factors summarise exposure throughout the entire
pregnancy and are standardised with mean zero and standard deviation of one, such that
the point estimates show the effect associated with a one standard deviation change in

each risk factor.
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Appendix J — Tables of regression results from main model

Outcome:
Birthweight Q)] ) (3) ) (5) (6) (7 ®) © (10) an (12) 13)
(grams)
Relative humidity 9.382 -3.293 12.88
(14.22) (17.03) (23.80)
Rainfall 12.88** 8.756 12.73
(6.331) (7.398) (11.02)
Minimum -40.1%* -39k -32.37
temperature
(10.20) (11.12) (20.31)
Maximum -3.014 -1.828 4.992
temperature
(8.287) (6.297) (11.08)
Influenza S1 R -4k -17E
prevalence
(3.361) (4.456) (5.15)
STI prevalence -14.23 -21.44%* -23.47
(9.163) (12.30) (15.71)
Gastro-related 3.265 3.079 -0.709
disease prevalence
(3.936) (4.885) (7.86)
Mosquito-borne -3.165 -3.073 11.84
disease prevalence
(3.443) (3.966) (7.43)
Road closures 1.901 -4.865 -10.09
(1.953) (4.390) (6.55)
Food price growth 1.812 -2.967 130
(3.947) (3.857) (6.35)
Employment  to 2.726 14.79* 22.96
population ratio
(7.169) (8.253) (17.03)
3 3,336%* 3,345%* 3,240%* 3,314%* 3,311%* 3,331%* 3,311%* 3,307** 3,316%* 3,315%* 3,322%% 3,303%* 3,260%*
Constant * * * * * * * * * * * * *
(31.67) (21.40) (27.22) (15.04) (15.03) (22.10) (13.32) (15.39) (15.14) (15.36) (24.49) (61.74) (61.39)
Observations 35,199 35,199 35,199 35,199 35,199 35,199 35,199 35,199 35,199 35,199 35,199 35,199 18,359
R-squared (within 0.058 0.058 0.059 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.059 0.037
clusters)
Test of  stat. 0.435 4.142 15.49 0.132 10.39 2413 0.688 0.845 0.947 0.211 0.145 4.425 1.921
significance of
seasonal risks (F
or T stat)
Time fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Location  cluster
fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Sibling ~fixed g N N N N N N N N N N N Y
effects
Control for baby's v v v v v v v v v v v v v

SEX

Clustered standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Outcome: Apgar 5

score (0] ) (3) 4) (5) (6) ) (G)] ©) (10) (n (12) (3)
Relative humidity -0.024 0.017 0.017
(0.0282
) (0.0583) (0.079)
Rainfall -0.011 0.00904 0.034
(0.0169) (0.0172) (0.037)
Minimum
temperature 0.049%** 0.05%** -0.011
(0.0202) (0.0170) (0.062)
Maximum
temperature 0.0084 0.0064 0.036
(0.0116) (0.0125) (0.035)
Influenza
prevalence 0.0032 0.0019 0.007
(0.0116
) (0.0126) (0.018)
STI prevalence -0.06** -0.08%** -0.050
(0.0263) (0.0260) (0.054)
Gastro-related
disease prevalence 0.0202* 0.03%** -0.009
(0.0104) (0.0113) (0.027)
Mosquito-borne
disease prevalence -0.0107 -0.0172 0.007
(0.0104) (0.013) (0.028)
Road closures -0.011 -0.006 0.0007
(0.0079
) (0.01) (0.023)
Food price growth 0.02%** -0.02%** -0.034
(0.007) (0.0067) (0.022)
Employment  to
population ratio -0.020 -0.025 -0.034
(0.03) (0.0276) (0.059)
8_8**
Constant 8.83%#* 8.85%** 8.97#** 8.88%** 8.88#* 8.96%** 8.86%** 8.86%** 8.87%#* 8.87%%** * 8.97#%* 8.38%**
(0.0630 (0.0304 (0.0314
) (0.0565) (0.0560) (0.0303) ) (0.0404) (0.0278) (0.0392) ) (0.0300) (0.09) (0.186) (0.212)
35,15
Observations 35,154 35,154 35,154 35,154 35,154 35,154 35,154 35,154 35,154 35,154 4 35,154 18,330
R-squared (within
clusters) 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.020 0.016
Test of  stat.
significance of
seasonal risks (F
or T stat) 0.715 0.420 5.990 0.523 0.0774 5.861 3.762 1.060 2.074 11.03 0.458 5.155 0.627
Time fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Location  cluster
fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Sibling fixed
effects N N N N N N N N N N N N Y
Control for baby's
sex. Y Y Y Y Y Y Y Y Y Y Y Y Y

Clustered standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Outcome: Pr SGA [0} ?2) 3) “ %) (6) ) ®) O] (10) (11 (12) (13)
Relative humidity -0.0023 0.0220* 0.0176
(0.007) (0.0115) (0.019)
Rainfall -0.0009 0.00310 0.0056
(0.0047) (0.004) (0.009)
Minimum
temperature 0.01%** 0.0130* 0.0218
(0.004) (0.0071) (0.015)
Maximum
temperature 0.00349 0.01** 0.0117
(0.0035) (0.004) (0.0086)
Influenza
prevalence 0.00125 0.0024 -0.0011
(0.0024
) (0.003) (0.0042)
STI prevalence -0.007 -0.007 -0.0051
(0.006) (0.006) (0.013)
Gastro-related
disease prevalence -0.0019 -0.0006 0.0013
(0.0029) (0.004) (0.0064)
Mosquito-borne
disease prevalence -0.001 -0.0028 -0.0052
(0.0036) (0.004) (0.0063)
Road closures -0.0008 -0.002 0.0034
(0.0025
) (0.003) (0.0052)
Food price growth 0.0013 0.0023 -0.0007
(0.002) (0.002) (0.005)
Employment  to
population ratio -0.001 -0.003 0.00108
(0.006) (0.008) (0.0135)
Constant 0.13%#% 0.147%%* 0.16%** 0.147%%* 0.147%%* 0.15%#* 0.147%%* 0.147%%* 0.147%%% 0.147%%* 0.13%#* 0.21%** 0.15%#*
(0.0091
(0.019) (0.015) (0.013) (0.0094) (0.01) (0.013) (0.01) (0.0120) ) (0.0093) (0.021) (0.036) (0.046)
Observations 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 18,365
R-squared (within
clusters) 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.013
Test of  stat.
significance of
seasonal risks (F
or T stat) 0.107 0.0327 7.167 1.015 0.280 1.711 0.451 0.106 0.111 0.529 0.0295 1.745 0.739
Time fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Location  cluster
fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Sibling fixed
effects N N N N N N N N N N N N Y
Control for baby's
sex. Y Y Y Y Y Y Y Y Y Y Y Y Y

Clustered standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

90



Outcome: Preterm

birth (0] ) (3) 4) (5) (6) ) (G)] ©) (10) an (12) (3)
Relative humidity -0.009 0.0004 -0.011
(0.006) (0.016) (0.017)
Rainfall -0.001 0.004 -0.0002
(0.004 (0.004) (0.008)
Minimum
temperature 0.01** 0.01** 0.012
(0.004) (0.005) (0.014)
Maximum
temperature 0.004* 0.0049 -0.004
(0.002) (0.005) (0.008)
Influenza
prevalence 0.005%** 0.007** 0.010%**
(0.002) (0.003) (0.004)
STI prevalence 0.027%%* 0.027%#* 0.027%*
(0.007) (0.009) (0.012)
Gastro-related
disease prevalence -0.003 -0.005 -0.002
(0.003) (0.004) (0.006)
Mosquito-borne
disease prevalence -0.002 -0.001 -0.001
(0.002) (0.003) (0.005)
Road closures -0.003 0.0006 0.005
(0.002) (0.003) (0.005)
Food price growth 0.0003 0.002 0.01%**
(0.002) (0.002) (0.005)
Employment  to
population ratio -0.0005 -0.004 -0.007
(0.006) (0.007) (0.012)
Constant 0.147%%% 0.16%** 0.18%** 0.16%** 0.16%** 0.147%%* 0.17%%* 0.16%** 0.16%** 0.16%** 0.16%** 0.16%** 0.21%**
(0.0205 (0.0129 (0.0132
) (0.0190) (0.0117) (0.0127) ) (0.0172) (0.0121) (0.0126) ) (0.0132) (0.0173) (0.0470) (0.004)
Observations 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 35,205 18,365
R-squared (within
clusters) 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.007
Test of  stat.
significance of
seasonal risks (F
or T stat) 2.323 0.0391 5.790 3.001 5.668 6.885 0.974 0.626 1.742 0.0126 0.00707 2.366 1.593
Time fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Location  cluster
fixed effects Y Y Y Y Y Y Y Y Y Y Y Y Y
Sibling fixed
effects N N N N N N N N N N N N Y
Control for baby's
sex. Y Y Y Y Y Y Y Y Y Y Y Y Y

Clustered standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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Appendix K — Correction for multiple hypothesis testing

Birthweight Preterm SGA Apgar 5
Relative humidity
Coefficient -3.293 0.000364 0.0220* 0.0169
P-value 0.85 0.98 0.06 0.77
Sharpened Q 1.00 1.00 0.22 1.00
Rainfall
Coefficient 8.756 0.00413 0.00310 0.00904
P-value 0.24 0.35 0.49 0.60
Sharpened Q 0.67 0.91 1.00 1.00
Minimum temperature
Coefficient -39.43*** 0.0111** 0.0130%* 0.0466***
P-value 0.00 0.02 0.07 0.01
Sharpened Q 0.02 0.09 0.24 0.05
Maximum temperature
Coefficient -1.828 0.00492 0.00994** 0.00644
P-value 0.77 0.29 0.01 0.61
Sharpened Q 1.00 0.76 0.07 1.00
Influenza prevalence
Coefficient -14.09*** 0.00653** 0.00241 0.00194
P-value 0.00 0.03 0.39 0.88
Sharpened Q 0.03 0.13 0.91 1.00
STI prevalence
Coefficient -21.44%* 0.0236*** -0.00662 -0.0809%***
P-value 0.08 0.01 0.30 0.00
Sharpened Q 0.26 0.06 0.76 0.03
Gastro-related disease prevalence
Coefficient 3.079 -0.00479 -0.000583  0.0327***
P-value 0.53 0.23 0.88 0.00
Sharpened Q 1.00 0.67 1.00 0.04
Mosquito-borne disease prevalence
Coefficient -3.073 -0.00119 -0.00281 -0.0172
P-value 0.44 0.66 0.43 0.20
Sharpened Q 091 1.00 0.91 0.67
Road closures
Coefficient -4.865 0.000556 -0.00162 -0.00643
P-value 0.27 0.85 0.61 0.62
Sharpened Q 0.75 1.00 1.00 1.00
Food price growth
Coefficient -2.967 0.00189 0.00230 -0.0230%**
P-value 0.44 0.44 0.24 0.00
Sharpened Q 091 0.91 0.67 0.02
Employment to population ratio
Coefficient 14.79* -0.00447 -0.00295 -0.0246
P-value 0.08 0.55 0.70 0.38
Sharpened Q 0.25 1.00 1.00 0.91
Constant 3,303 %** 0.158*** 0.213%** 8.974***
Observations 35,199 35,205 35,205 35,154
R-squared (within clusters) 0.059 0.021 0.014 0.020
Time fixed effects Yes Yes Yes Yes
Location cluster fixed effects  Yes Yes Yes Yes
Sibling fixed effects No No No No
Control for baby's sex Yes Yes Yes Yes

Clustered standard errors in parentheses.
skokk p<0-01, ok p<0.05, * p<0.1
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Appendix L — Seasonality in child protection notifications

There is a pattern in child protection notifications and substantiations, with report
numbers stepping up in March, and again in the months around the time of the build up
to the wet season. However, this increase in notifications around the time of the build-up
to the wet season (i.e. when humidity is highest) is driven almost entirely by reports from
school staff. Therefore, it is likely that this pattern reflects seasonality in reporting (to
coincide with school term dates), and not seasonality in incidences. This is not necessarily
evidence that there is not seasonality in domestic violence, but evidence that there is no

clear seasonal pattern in notifications and substantiated incidences.
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Appendix M — Effects of road closures and employment by

timing during pregnancy
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Appendix N — Impact of STI prevalence by frequency of

antenatal visits

Birthweight Apgar 5 SGA Preterm birth

STI prevalence -16.18 -0.251*%*  -0.0172  0.0444**

(29.45) (0.0981)  (0.0173) (0.0215)
0.176**

Constant 2,933%** 8.164***  * 0.385%**
(55.58) (0.167) (0.0363) (0.0296)

Number of observations 5,381 5,356 5,383 5,383

R-squared (within clusters) 0.011 0.032 0.007 0.008

Number of clusters 87 87 87 87

Time fixed effects Y Y Y Y

Location fixed effects Y Y Y Y

Control for sex of baby Y Y Y Y

Regression results for subsample of births with <=5 antenatal visits (2005-2014)
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Appendix O — Effect of disease prevalence on live birth status

1) 2) A3) “4) ()
Flu prevalence 0.00058 0.0005
(0.0008) (0.0008)
STI prevalence -0.004**x* -0.004***
(0.001) (0.0016)
Gastro-related disease
prevalence -0.0002 0.0006
(0.0015
) (0.0016)
Mosquito-borne disease
prevalence -0.00115  -0.0014*
(0.0007)  (0.0008)
Constant 0.99***  (.988*** 0.99***  (.989***  (.987***
(0.0036
(0.0032)  (0.0030) ) (0.0033)  (0.0030)
Observations 35,205 35,205 35,205 35,205 35,205
R-squared (within clusters)  0.008 0.008 0.008 0.008 0.009
Number of clusters 96 96 96 96 96
Time fixed effects Y Y Y Y Y
Location fixed effects Y Y Y Y Y
Control for sex of baby Y Y Y Y Y

Regressions on live birth status (vs stillbirth)
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Appendix P — Share of variance explained by seasonal risks

Full population Rural Urban
Change in Change in Change in Change in
R- R-squared R- R-squared R- R-squared R-
squared after squared after squared after squared:
without including without including without  including ratio of
seasona  seasonal seasona  seasonal seasona  seasonal rural to
1 risks risks 1 risks risks 1 risks risks urban
Birthweigh
t 0.0582 0.0008 0.0709 0.0022 0.0168 0.0015 1.4314
Preterm
birth 0.0206 0.0008 0.0232 0.0006 0.0040 0.0015 0.4137
SGA 0.0139 0.0002 0.0201 0.0016 0.0018 0.0003 5.6830
Apgar 5 0.0191 0.0007 0.0015 0.0015 0.0158 0.0011 1.3097

Note: This table shows the R-squared in the benchmark mode, not including sibling fixed effects. 'R squared without
seasonal risks' is the model including only time and location fixed effects, and controls for the baby's sex. The 'Change in
R-squared from seasonal risks' is the R-squared from the full benchmark model, minus the 'R-squared without seasonal
risks'. This shows the additional explanatory power of the seasonal risks. The final column shows the ratio of additional
explanatory power from seasonal risks in the rural compared with the urban populations. A ratio above one suggests that
the seasonal risks have higher explanatory power in the rural subpopulation.
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Appendix Q — Seasonal patterns in maternal characteristics, by

month giving birth
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Appendix R — Explanatory power of month coefficients

Full

Full model +
Rural OLS model sibling FE
Birthweight  0.00231 0.0011 0.0016
Apgar 5 0.00117 0.0007 0.0016
SGA 0.00185 0.0015 0.0011
Preterm 0.00225 0.0011 0.0012
Urban
Birthweight ~ 0.00081 0.0009 0.0012
Apgar 5 0.00045 0.0003 0.0015
SGA 0.00124 0.0014 0.0024
Preterm 0.00161 0.0015 0.0019
Total
Birthweight ~ 0.00063 0.0006 0.0005
Apgar 5 0.00027 0.0002 0.0008
SGA 0.00070 0.0005 0.0006
Preterm 0.00112 0.0007 0.0007

Added explanatory power of month fixed effects

Note: Each cell shows the R-squared for the model shown,
minus the R-squared for that same model without controls for
month of birth. For the sibling fixed effects model, the within-
R-squared is shown. A higher number indicates that more of
the variation in the outcome is explained by the month fixed
effects (as opposed to the seasonal risks included in the model).
We may expect that if the model does a good job of explaining
seasonality, the added explanatory power of month
coefficients would be smaller.
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Chapter 3: The relationship between prenatal heat
exposure and birth outcomes: how much does the heat

metric matter?

Abstract

The impact of prenatal heat exposure on birth outcomes is well-established, but what is it
about heat that affects prenatal development? Is it exposure to extreme temperatures, to
moderate heat, or the confluence of heat and humidity? Despite the large body of research
on heat exposure and birth outcomes, the literature lacks consistent measurement. This
means we cannot extract practical recommendations around which heat conditions pose
the greatest risk, and hence should be avoided during pregnancy. It also means we cannot
predict the implications of climate change on neonatal health and healthcare needs at a
population level. This chapter has two goals: first, to demonstrate that our conclusions
around the existence and magnitude of the impact of heat exposure vary dramatically with
the choice of heat exposure metric, and second, to make general recommendations for
how heat exposure should be measured in future. We present analysis from Australia's
Northern Territory — a region spanning tropical and arid climates. We compare
commonly used heat exposure metrics, alongside additional metrics supported by theory.
We find that metrics based on ‘bands’ of exposure and incorporating daily minimum as
well as maximum measures provide the best fit; this is consistent with our theoretical
understanding that the consequences of heat exposure do not increase linearly with higher
temperatures, and instead, both moderate and extreme heat affect fetal development in
different ways. Our preferred heat metric estimates that the impact of prenatal heat
exposure on preterm birth is orders of magnitude larger than what would be implied by
some metrics commonly used in the literature. Our findings underscore the importance of

getting the measure of heat right, particularly in tropical climates.
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3.1 Introduction

There is a wealth of evidence that ambient heat exposure adversely affects human health
(Khosla, Jani, and Perera 2021; Ebi et al. 2021). The impact of prenatal heat exposure on
a baby’s health at birth is particularly well-studied (Nyadanu et al. 2024). Chersich et al.’s
(2020) systematic review finds strong evidence that heat exposure is associated with a
higher risk of preterm birth, lower average birthweight, and a higher risk of stillbirth.
These effects may have long-term consequences: prenatal heat exposure has been linked
to lower levels of physical health, mental health, education and earnings into adulthood
(Isen, Rossin-Slater, and Walker 2017; Hu and Li 2019; Fishman, Carrillo, and Russ
2019; Ai and Tan 2023).

But what exactly is the nature of the relationship between heat and newborns’ health? Is
fetal development damaged by short-lived exposure to extreme temperatures? Or should
we be more concerned about prolonged exposure to moderately high temperatures? Or is

it instead the interaction of heat with humidity that leads to poorer health at birth?

We are unable to answer these questions because, to date, research on this topic has lacked
consistency in the way that heat exposure is defined and measured. But answers to these
questions are important: In order to anticipate the likely impact of climate change on
healthcare needs, and mitigate the impacts of heat exposure on population health, it is
important to understand what level and duration of heat exposure leads to poorer health

at birth.

In this chapter, we analyse how much the way we measure heat exposure matters for our
conclusions. To do this, we first set out options for measuring heat exposure, including
the three measures of heat exposure that are most common in the literature, alongside two
additional measures motivated by our conceptual framework: we call these our five ‘heat
metrics’. We estimate regressions with each of the five metrics, and combinations of
multiple metrics together. We identify a preferred metric in our context, based on standard
measures of goodness-of-fit. We then demonstrate how reliance on non-preferred metrics
would affect our conclusions about the impact of prenatal heat exposure on birth

outcomes.
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In our analysis, we use data from the Northern Territory of Australia — a region spanning
tropical and arid climates. The fact that we use data from these climate zones is important,
because half of the world’s population lives in climates like these, yet most empirical
research on this topic uses data from cooler, less humid climates.?? Using data from the
Northern Territory means we can analyse exposure to very high temperatures (e.g. above
35 degrees Celsius), which are either not experienced at all in other climates, or are

experienced so rarely that their effects cannot be reliably estimated.

There is also good reason to expect that the choice of heat metric is particularly important
in tropical climates. In temperate climate zones, which cover much of the USA, Europe,
and East Asia, correlations between various measures of heat exposure are high, meaning
that one measure of heat exposure (e.g. maximum daily temperature) is a good proxy for
others (e.g. minimum daily temperature, or wet bulb temperature). Figure 1 demonstrates
this, showing the correlations between daily minimum and daily maximum temperatures

in a handful of major cities — the correlations are high in cities with temperate climates.

However, in tropical and subtropical climates — home to around 40% of the world’s
population (State of the Tropics 2020) — this is not the case. For instance, in Lagos,
Mexico City, Mumbai, Jakarta, and Darwin (the capital city of the Northern Territory),
Figure 1 shows that there are relatively low correlations between maximum and minimum
daily temperature. The same is true for the correlation between air temperature and wet
bulb temperature (see Appendix A). In tropical climates, one measure is not a good proxy
for all others, and therefore we must carefully consider which aspect of heat exposure we

want to measure.

This chapter makes two main contributions to the knowledge base on the link between

prenatal heat exposure and birth outcomes.

22 43% of the global population live in tropical and sub-tropical zones (State of the Tropics 2020) and 35%
in deserts and drylands (including hyper-arid, arid, semi-arid and subhumid climates) (United Nations
Environment Management Group 2011, 27). Summed together, this would make 78%, however there is
some overlap between these definitions, meaning the total is likely closer to 50%. In contrast, in Chersich
et al.’s (2020, la (supplementary)) systematic review, they find only 15 of 47 studies that analyse the
association between heat exposure and preterm birth come from subtropical, arid or semi-arid climates. Of
these, just one study relates to a hot arid climate — predominant in much of Africa, the Middle East and
central Asia. They find no studies from equatorial/tropical climate zones, such as those covering northern
Australia, the Indian Subcontinent, south-east Asia, central and south America, and much of central Africa
(Kottek et al. 2006).
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Figure 1: scatter plot of daily maximum and minimum temperature, 2020-2023
Source: NASA reanalysis data

First, we quantify how much the way we measure heat exposure matters. Given the large
body of research that finds an impact of heat exposure on birth outcomes, we are confident

that this causal relationship exists. But every recent review on this topic has highlighted
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a lack of consistency in choice of heat metric (Yunquan Zhang, Yu, and Wang 2017;
Wondmagegn et al. 2019; Nawaro et al. 2023; Baharav et al. 2023; Nyadanu et al. 2024;
Chersich et al. 2020). The problem with this inconsistency is that when different metrics
are applied in different populations, we do not know whether it is the population, the
metric, or something else entirely, that explains differences in findings. Our analysis
compares alternative heat metrics within a single population. We find that both the
existence and size of the relationship between heat exposure and birth outcomes can vary
dramatically depending on the metric chosen. In the Northern Territory, we find that a
metric based on average maximum daily temperatures alone — as is common in the

literature — captures less than half of the impact that our preferred metric estimates.

Second, we analyse which measurement choices matter most. Recent research has
questioned the use of air temperature as a default in this literature (Brimicombe et al.
2024; Baldwin et al. 2023; Leung 2023). Their reasoning is that metrics which measure
both air temperature and humidity together (e.g. wet bulb temperatures and heat indices),
will more accurately reflect people’s experiences of heat than air temperature alone.
However, we find that wet bulb temperatures have limited explanatory power in the
population we study, and instead, other metrics — e.g. including both maximum and
minimum daily temperatures — provider better explanatory power. Unlike wet bulb and
heat indices, these measures are also more readily available, meaning there is little barrier

to their use.

This chapter also provides new evidence on how heat exposure affects birth outcomes in
the Northern Territory of Australia. We estimate that typical seasonal variation in heat
exposure contributes to a 4.5 percentage point higher risk of preterm birth at some times
of year. This is large — for example, close in magnitude to the risks of frequent smoking

during pregnancy (Liu et al. 2020).

In our analysis we focus on preterm birth, as this is the outcome most commonly studied
in previous research. Preterm birth is associated with poorer health and developmental
outcomes later in childhood (Kelly and Griffith 2020) and leads directly to an increase in
healthcare costs by triggering admission to neonatal intensive care units (Jacob et al.
2017). However, as we will discuss in our conceptual framework, heat exposure may

affect fetal development in a range of ways, most of which do not necessarily lead to
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preterm birth. It is therefore important to note that we find impacts of heat exposure that
are consistent across five different measures of health at birth; this confirms that heat
exposure affects fetal development and health at birth in general, the effect is not isolated

to a single outcome.

The rest of this chapter proceeds as follows. The next section sets out a conceptual
framework, outlining the possible causal pathways that may explain the impacts of heat
exposure on prenatal development, and how they may be measured. The Data section
provides context on the Northern Territory and the administrative data we use. The
Methods section outlines the heat metrics estimation method we use. We then turn to our
data analysis, in which we identify our preferred heat metric and discuss conclusions we
may draw if we instead used alternative heat metrics. In the Discussion, we reflect on the
practical implications of using non-preferred heat metrics, and recommendations for

future analysis.

3.2 Conceptual framework

In order to select the most appropriate heat exposure metric, we must understand which
aspects of heat exposure matter for prenatal development. The difficulty here is that there
are multiple mechanisms through which heat exposure during pregnancy can affect the
mother and developing fetus (Brink et al. 2024), and we do not yet know which of these
mechanisms is most important (Samuels et al. 2022). In this section, we explain these
mechanisms (summarised in Figure 2) and discuss how this informs our selection of the

heat exposure metrics which we test in our analysis.

3.2.1 What is heat exposure?

Heat exposure it often discussed interchangeably with air temperature — that is, the
temperature that can be measured with a standard thermometer. However, while air
temperature is a major contributor to a person’s experience of heat, there are additional
contributors. As McGregor and Vanos (2018) explain in their primer on the physiological

impacts of heat on the human body, these include other weather conditions (humidity,

105



windspeed, radiation), individual factors (levels of exertion, pre-existing medical

conditions, and medications), and the built environment.

Many researchers argue that humidity is particularly important (Brimicombe et al. 2024;
Leung 2023; Davis, McGregor, and Enfield 2016). This is because one way that the body
cools itself is through having sweat evaporated from the skin, and sweat evaporates more
slowly when it is humid. Therefore, for a given temperature, higher humidity increases

the body’s risk of overheating.

Here we discuss the effects of heat in general on the fetus, before returning to the question

of which measures may best capture these effects.

s N Pregnancy complications and
Prolonged heat strain congenital conditions
- sweating
- redirected blood flow \
- change in behaviour
\_ ) ( \
- N ) Risk of adverse birth
Fetal programming > outcomes
Heat stress
- acute health impacts \ /
( \
. J
Early labour
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Figure 2: Summary of mechanisms through which heat stress and heat strain may

affect birth outcomes
Source: Authors’ analysis

3.2.2 How does heat exposure affect the fetus?

We set out three channels through which heat exposure may affect prenatal development:

heat stress, heat strain and maternal behaviour.
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It is important to note that while these mechanisms can increase the risk of adverse birth
outcomes like preterm birth — which is the focus of this study — they will not necessarily
do so. They may affect fetal development in ways that impact a child’s health and

development later in life, but which do not necessarily lead to preterm birth.

Heat stress

Research on the impact of heat exposure on health tends to focus on heat stress; that is,
the acute health conditions that can result from an increase in the core body temperature
(McGregor and Vanos 2018). These effects include heat stroke, cardiovascular stress,
respiratory stress, and acute kidney failure (Ebi et al. 2021; Clark et al. 2024). Heat stress
typically occurs at air temperatures around or above the average body temperature (37
degrees C). However, it can occur at lower air temperatures (Ebi et al. 2021), for instance

due to high humidity or high levels of exertion.

We know from both animal studies and epidemiological evidence that maternal heat stress
during pregnancy can cause birth defects (Auger et al. 2017; Samuels et al. 2022). This
may happen either through the fetus itself overheating, or indirectly through the heat
stress-induced condition that the mother is facing. Some suggestive evidence also
indicates that heat stress early in pregnancy may affect the development of the placenta,
increasing the likelihood of pre-eclampsia (Part et al. 2022), and neural tube formation,

leading to neural tube defects (Bruckner et al. 2024; LaPointe et al. 2024).

Heat strain

Even when conditions are not hot enough to cause heat stress, heat may still impact fetal
development because it causes ‘heat strain’ for the mother (McGregor and Vanos 2018).
Heat strain involves the normal workings of the thermoregulatory system to cool the
body, and hence avoid heat stress: that is, by sweating (as described above) and by
redirecting blood flow from the core of the body to the skin to dissipate heat (Tansey and
Johnson 2015).

If heat strain is experienced for a prolonged period, it may affect the fetus. This can
happen because of sweat-induced dehydration. It can also happen because when the
mother’s blood flow is redirected to her skin, this means reduced blood flow to the

placenta, and hence reduced flow of nutrients to the fetus (Samuels et al. 2022). Both
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channels have been evidenced in animal studies, showing long-term ‘fetal programming’
effects on offspring health (Ross and Desai 2005; Johnson et al. 2020). In addition, there
is strong epidemiological evidence that exposure to moderate heat, if experienced towards

the end of pregnancy, can bring forward labour (Barreca and Schaller 2019).

Maternal behaviour

Beyond physiological effects, prolonged heat exposure can also affect maternal
behaviour, with flow-on effects to the fetus. Heat exposure reduces metabolism and
appetite (Tansey and Johnson 2015), which may mean changed food and drink
consumption patterns (Charlot et al. 2022). Heat may also reduce quality and length of
sleep (Zhang X. et al. 2022) and lead to changes in exercise patterns (Samuels et al. 2022).

3.2.3 Implications for heat exposure measurement

Given the mechanisms outlined above, we draw three takeaways for how we might

construct heat exposure metrics.

First, that it is not obvious which underlying measure of heat we should use. Within the
literature, heat exposure is almost universally measured based on air temperature. But as
described above, a person’s experience of heat is a result of a range of factors, including
temperature, humidity, wind and radiation. Therefore, in theory, a data series
incorporating these variables may provide a more accurate picture of true heat exposure.
One option is wet bulb temperature, which can be observed directly, and reflects air
temperature and humidity.?* However, the reason that this is not an obvious choice is that,
empirically, we do not see a consistent link between high humidity and poorer health

outcomes (Baldwin et al. 2023).%*

Second, that the effects of extreme heat — that is, heat at levels around or above normal
core body temperatures — may be different from the effects of moderate heat, because

extreme heat is more likely to cause heat stress.

BA range of additional indices are also available, such as Apparent Temperature, Heat Index, Universal
Thermal Climate Index, and Wet Bulb Global Temperature (Brimicombe et al. 2024).

24 As Baldwin et al. suggest, there may be a range of explanations for this, including the fact that a build
up of humidity when it is not raining has different effects on heat than high humidity while raining.
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Third, that even moderate levels of heat, when experienced for a prolonged period, may
affect fetal development by causing heat strain or changes in maternal behaviour. If this
is the case, then it may be important to choose metrics that reflect prolonged heat exposure
— such as high daily minimums — in addition to the metrics used in the overwhelming
majority of studies which measure peak levels of heat exposure (i.e. high daily
maximums). This may be particularly important in tropical climates where daily

maximums and minimums are not highly correlated with one another (as shown in Figure

1.

In our analysis, we estimate the impact of heat exposure on preterm birth, using a range
of different heat metrics, to test which fits the data best. In line with this conceptual
framework, we test metrics that include both air temperature and wet bulb temperature,
metrics based on daily maximums and minimums, and metrics allowing for non-linear
effects of heat exposure. We compare these metrics with those most commonly used in

prior research (described below).

3.3 Study context and data

3.3.1 Study context

The Northern Territory (NT) is one of Australia’s eight states and territories. The NT has
a population of around 233,000, 60 percent of whom live in or around the capital city of
Darwin (Australian Bureau of Statistics 2022). The NT is a large region covering the
central part of northern Australia, in which residents face high levels of heat exposure.
Previous research shows that heat exposure plays a major role in explaining month-to-

month variation in average birth outcomes in the NT (Doyle 2023).

The tropical north of the NT, where Darwin is located, is hot and humid. Temperatures
vary within season but, on an average day in the wet season (November to April),
temperatures range between 25 to 33 degrees Celsius, and in the dry season (May to
October), between 20 to 30 degrees. The hottest time of year is October-December, in the

‘build up’ to the wet season — when temperatures and humidity are high, and there is little
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rainfall. Heavy rainfall usually begins in late December, though the timing can vary from

year to year — this is reflected in the weather data we use in our analysis.

The central and southern parts of the NT have an arid climate, with very hot summers and
mild or cold winters. In Alice Springs, the largest town in the region, temperatures on an
average summer day range between 20 and 35 degrees, and on an average winter day,

between 4 and 20 degrees.

Around one-third of the NT population identify as Aboriginal. There are significant
differences between the Aboriginal and non-Aboriginal populations in the NT, in terms
of geography, heat exposure and economic resources. Eighty percent of Aboriginal
residents in the NT live outside of Darwin, many in remote Aboriginal communities
which experience more extreme weather conditions. In remote communities, many

houses are poorly insulated, and many residents face energy poverty (Quilty et al. 2022).

3.3.2 Data

We combine administrative birth records with daily weather data.

Our analysis sample includes all babies who were born in the NT and conceived®
between March 2000 and September 2009, a sample of 34,258 children. We include only
births to mothers whose usual place of residence is in the NT, and could be geo-coded.?®
We include stillbirths (making up under 1% of births) and plural births (under 2.5% of
births) in the analysis sample.

We link these records to NASA’s daily weather reanalysis data, which is measured at
intervals of 0.5 x 0.625 degrees of latitude and longitude (roughly 50x55km). This gives
a total of just over 500 cells throughout the NT, 213 of which are inhabited.

25 We define our sample based on date of conception instead of date of birth because definitions based on
date of birth will systematically exclude children born preterm at the beginning of the sample, and exclude
those born late term at the end of the sample period — this could lead to bias, especially when analysing the
impact of seasonal exposures like heat (Strand, Barnett, and Tong 201 1a). We determine date of conception
by subtracting gestational age (in weeks) from birthdate.

26 There are a small number of births for which the mother’s place of residence as entered in the perinatal
data could not be found, either using a fuzzy match with the R package ‘geonames’, or through manual
search on Google, the NT Place Names Register (https://www.ntlis.nt.gov.au/placenames/) and BushTel
(https://bushtel.nt.gov.au/).
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Reanalysis data comes from NASA’s model using ground station and satellite data. Some
may be concerned about accuracy of these data compared with traditional weather station
observations. However, in our context, the NASA data lines up very closely with
observations from the Australian Bureau of Meteorology’s weather stations. We use the
reanalysis data because they are highly localised and have no missing observations —
which is not the case for weather stations across remote parts of the NT (see Appendix B

for details).?’

3.4 Methods

3.4.1 Heat exposure metrics

We construct five different heat exposure metrics. The first three are based on common
metrics used in prior research, while the next two build on the conceptual framework

outlined above. Our metrics are:

1. Benchmark

This is a count of the number of days in each trimester with maximum daily temperatures
within 5-degree ranges (e.g. under 20, 20-24.99, 25-29.99, 30-34.99, 35-39.99 and 40+).
The omitted category is 25-29.99 degrees. This metric imposes a general functional form,
and it is the approach that Dell et al. (2014) recommend in cases when researchers are
agnostic about how the heat metric should be specified. It has been widely used e.g., by
Barreca and Schaller (2019), Kim et al. (2021), Chen et al. (2020), He et al. (2018),
Deschénes, Greenstone and Guryan (2009), Isen et al. (2017), Hu and Li (2019).

We take this as our ‘benchmark’ model, because, out of the metrics that are most
commonly used in the literature, this best allows for the non-linearities that we expect to

see, based on our conceptual framework.

2. Average temperatures

27 In contrast, over this period some weather stations are decommissioned, and others have systematic
missing observations (i.e. in the wet season when they become inaccessible due to flooding and therefore
observations are systematically missing during periods of extreme weather).
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This is a simple average of maximum daily temperatures in each trimester in pregnancy.
This metric is used, for example, in Wilde et al. (2017), Strand et al. (2012), Sun et al.
(2019), Wolf and Armstrong (2012), Randell et al. (2020) and Thiede and Gray (2020).
It assumes linear effects of each additional degree, and hence does not allow for different

effects for higher temperatures most likely to cause heat stress.

3. Heatwave count

This is a count of the number of heatwaves in each trimester of pregnancy. We use the
Australian Bureau of Meteorology’s heatwave definition.?® Counts of extreme heat events
(whether defined as heatwaves or not) are common in the literature (Dadvand et al. 2011;
Andaléon et al. 2016; Bakhtsiyarava, Grace, and Nawrotzki 2018; Grace et al. 2015;
Mathew et al. 2017). Such a metric allows for nonlinearities in the effects of heat
exposure, but imposes a specific structure on that nonlinearity; it assumes a threshold
over which effects occur, and that there is no impact of exposure to more moderate heat

conditions below that threshold.

4. Max and min

This is an enhanced version of the benchmark metric, where, in addition to maximum
temperatures, we include counts of the number of days in each trimester with minimum
air temperatures within 5-degree ranges (under 5, 5-9.99, 10-14.99, 15-19.99, 20-24.99,
25+). The omitted category for minimum temperatures is 15-19.99. This metric reflects
the implication from our Conceptual framework that daily minimum temperatures —

which, if high, reflect prolonged exposure to heat — may indicate higher risk of heat strain.

5. Wet bulb

This metric is analogous to the ‘Max and min’ metric described above, but using wet bulb
temperatures as the underlying data series, instead of air temperature. We construct counts

of the number of days within each trimester with daily average wet bulb temperatures

28 We calculate this based on the Excess Heat Factor, which measures the extent to which daily air
temperatures are unusually high for a given location and time of year (Nairn and Fawcett 2015). It is
calculated by combining a) average daily temperatures in the previous 3 days, compared with the past 30
days, and b) average daily temperatures in the previous 3 days compared with the long-term location
average. Full details of how this is constructed are available in Nairn and Fawcett (2015). We use this
measure as it is the one used by the Australian Bureau of Meteorology, who define heatwaves as three or
more consecutive days with a positive Excess Heat Factor.
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with ranges of <10, 10-14.99, 15-19.99, 20-24.99, 25+, and the number of days with daily
maximum wet bulb temperatures within ranges of <10, 10-14.99, 15-19.99, 20-24.99, 25-
29.99 and 30+.2° This metric reflets the possibility highlighted in our Conceptual
framework that wet bulb temperatures may measure heat exposure more directly than air

temperatures.

Table 1 sets out the mean, standard deviation, maximum and minimum of these measures
over the full pregnancy, for babies in our sample. During an average pregnancy, there are
2.4 heatwaves and just over one week with maximum temperatures above 40 degrees —
but this varies greatly, with some pregnancies experiencing up to 9 heatwaves, and 98

days with maximum temperatures above 40 degrees.

3.4.2 Outcome measure

The birth outcome measure we focus on in our analysis is preterm birth, which is defined
as birth before 37 complete weeks of pregnancy. Around 10 percent of babies are born
preterm (Table 1). We focus on preterm birth for comparability with previous research: it
is the most commonly studied birth outcome. However, our conclusions hold across four
additional measures of health at birth: birthweight, small for gestational age, Apgar
scores,’® and admission to a special care nursery. Our main regression estimates using

these additional outcomes are presented in Appendix D.

Preterm birth is an important intermediary outcome: a large body of research tells us that
children born preterm are more likely to face worse health and educational outcomes
(Moreira, Magalhaes, and Alves 2014; Kelly and Griffith 2020; Allotey et al. 2018). In
the NT specifically, children who were born preterm are more likely to be assessed as

developmentally vulnerable at age 5 (Guthridge et al. 2016).

29 Maximum wet bulb temperature is not available within the data, but we construct this measure using
daily maximum combined with relative humidity, using Stull’s (2011) equation. We use average wet bulb
temperature instead of minimum because this measure is directly available. However, as daily average is a
linear transformation between maximum and minimum, the relationship between maximum and minimum
(for air temperature), and maximum and average (for wet bulb temperature) should be constant. Appendix
Tables D6 and D7 show models using average wet bulb and maximum wet bulb separately.

30 Birthweight is measured in grams. SGA is a binary indicator, which equals 1 if birthweight is below the
10" percentile for a given gestational age. 1 define these relative to Australian national percentiles,
separately for male and female infants (Dobbins et al. 2012). Apgar 5 is an index with values from 0 to 10,
based on the birth attendant’s judgement of the newborn’s skin colour, heart rate, reflex, muscle tone and
respiratory effort, 5 minutes after birth.
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Standard Minimu
Mean deviation m Maximum
Birth outcomes
Preterm birth (probability) 0.10 0.31 0.00 1.00
3282.2
Birth weight (grams)? 9 532.71 2160.00 4180.00
SGA (probability) 0.14 0.35 0.00 1.00
Apgar 5 score 8.89 1.22 0.00 10.00
Special care nursery (probability) 0.18 0.39 0.00 1.00
Heat exposure in 39 weeks to birth
Maximum temp (average) 31.23 1.74 24.60 37.84
Minimum temp (average) 22.43 4.21 10.33 28.03
Daily average wet bulb (average) 21.67 4.57 9.47 26.41
Maximum wet bulb (average) 2443 3.84 11.72 30.00
Number of heatwaves 2.36 1.80 0.00 9.00
Excess Heat Factor (average) -9.31 10.45 -46.29 -0.60
Daily maximum temperature bands
Days max temp <15 0.41 1.68 0.00 21.00
Days max temp 15-20 4.53 11.18 0.00 64.00
Days max temp 20-25 10.17 18.45 0.00 83.00
Days max temp 25-30 85.75 47.81 0.00 266.00
Days max temp 30-35 129.41 51.03 6.00 253.00
Days max temp 35-40 34.78 36.90 0.00 161.00
Days max temp 40+ 7.96 14.02 0.00 98.00
Daily minimum temperature bands
Days min temp <5 5.19 12.74 0.00 59.00
Days min temp 5-10 10.83 21.12 0.00 90.00
Days min temp 10-15 16.30 23.12 0.00 87.00
Days min temp 15-20 34.88 28.83 0.00 128.00
Days min temp 20-25 87.65 33.28 3.00 225.00
Days min temp 25+ 119.15 76.18 0.00 271.00
Daily average wet bulb temperature bands
Days avg wet bulb <10 21.14 40.33 0.00 168.00
Days avg wet bulb 10-15 19.42 27.37 0.00 122.00
Days avg wet bulb 15-20 36.07 23.44 0.00 121.00
Days avg wet bulb 20-25 81.62 32.12 2.00 204.00
Days avg wet bulb 25+ 114.75 70.02 0.00 247.00
Daily maximum wet bulb temperature bands
Days max wet bulb <10 0.78 2.57 0.00 17.00
Days max wet bulb 10-15 13.90 28.27 0.00 114.00
Days max wet bulb 15-20 25.86 35.25 0.00 142.00
Days max wet bulb 20-25 65.24 28.50 0.00 167.00
Days max wet bulb 25-30 163.61 73.37 0.00 272.00
Days max wet bulb 30+ 3.61 8.29 0.00 53.00

Table 1: Descriptive statistics

Source: NASA and Analysis dataset, average birth outcomes and heat exposure for all babies conceived in
the NT from March 2000 to September 2009.
a: variable is top- and bottom-coded at the 2.5" and 97.5" percentiles, to reduce the influence of extreme

outliers.
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Recent research demonstrates that this relationship is not fixed: in advanced economies,
the predictive power of preterm birth has declined over time (Goisis, Ozcan, and
Myrskyld 2017), and many children born preterm may face no detectable long-term
effects (Baranowska-Rataj et al. 2023). This makes sense, for two reasons. First, advances
in neonatal healthcare have greatly improved outcomes for preterm-born infants (Crump
2020). Second, because preterm birth has many causes (Romero, Dey, and Fisher 2014).
The aetiology of preterm birth, and hence the long-term outcomes associated with it, may

differ over time and across contexts.

However, even in the desirable situation where preterm birth does not increase the risk of
long-term developmental vulnerabilities for an individual, it remains an outcome of

interest given the high cost of providing remedial neonatal care (Jacob et al. 2017).

3.4.3 Analytical methods

Our goal in this analysis is to assess whether and how our estimates of the causal impact
of heat exposure on preterm birth change when we use different heat metrics. A challenge
in doing so is that heat exposure may be correlated with birth outcomes for reasons which

do not necessarily reflect the causal impact of heat itself.

Of primary concern is omitted variable bias. Heat exposure varies both over time, and
across locations. But most of the variation in birth outcomes over time and across
locations is not due to heat exposure. For instance, socioeconomic status is known to
affect birth outcomes, but is also likely to affect both place of residence and timing of
conception (Currie and Schwandt 2013): this link with place of residence may be
particularly important in the NT, given that most non-Aboriginal people live in the capital
city of Darwin, whereas most Aboriginal peoples live in remote communities, many of
which face higher levels of heat exposure than Darwin (Australian Bureau of Statistics
2022b). Similarly, we know that there are seasonal risks in addition to heat exposure, such
as disease prevalence and economic conditions, which contribute to month-to-month

variations in birth outcomes (Doyle 2023).

Our analytical approach is to estimate the causal effect of heat exposure by isolating
fluctuations in heat that are exogenous to these (possibly endogenous) sources of time-

and place-based variation. Exposure to such exogenous variation is beyond individuals’
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control, and cannot be anticipated more than a few days in advance. This variation in

exposure is, therefore, as good as random.

To do this, we specify a regression model with fixed effects for time and place. This
approach is discussed in detail in Dell et al.’s (2014) review, and has been widely used in

prior research.

As is common practice, we allow for the effects of heat exposure to vary by trimester;
this allows for the possibility, as discussed in the Conceptual framework, that the effects
of heat exposure may depend on its timing — for instance, exposure in the first trimester
may increase the risk of pre-eclampsia (Part et al. 2022), and exposure in the third

trimester may bring forward labour (Barreca and Schaller 2019).

We therefore estimate the following linear fixed effects model:

3
preterm;;; = by + z b{‘heatfj + by Xi + Vmy + Opmi + € (1)
K

where preterm,.; is an indicator of whether baby i, conceived on date 7 (in month m,
year y), in location j, was born preterm or not. £ is an index of the three trimesters of
pregnancy. X is a set of individual-level covariates, which includes an indicator for
whether it is the mother’s first pregnancy, the age of the mother (in 5-year age bands),
and an indicator for whether the baby is Aboriginal. Standard errors are clustered at the

location level 3!

Heat represents any one of the five heat metrics outlined above. They are based on daily
weather observations from small-area location j, which are summarised over each
trimester based on exact date of conception and date of birth ¢. Our coefficients of interest

are bk.

In specifying the fixed effects, we follow prior studies in using fixed effects for the

month-year of conception, ¥p,,,, and for the mother’s place of residence, interacted with

3 we identify location based on the mother’s suburb/community of residence, which we have geocoded,
and grouped into locations of maximum 50-mile distance between points using cluster analysis.
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the month of conception and the baby’s sex, 6j,,; (Cil and Kim 2022; Isen, Rossin-Slater,
and Walker 2017). Interacting location fixed effects with month and sex allows for the
possibility that there may be different seasonal patterns in birth outcome across locations
— this may be the case in the NT given, for example, that some communities experience
regular flooding in the wet season, and hence their experience of the wet season may be
different from other communities that do not flood. Furthermore, we know that different
types of exposures may affect male and female fetuses differently (DiPietro and Voegtline
2017). Interacting these location- and season-specific effects with sex allows for this
possibility. That said, Appendix C shows that our findings are similar regardless of the

specifics of how we define these fixed effects.

3.4.4 Our approach to selecting a preferred heat metric

Part of our goal in this analysis is descriptive: to run the same model sequentially with
each heat metric, and learn how choice of heat metric affects our conclusions around the
impacts of heat exposure on preterm birth. To do this, we present regression coefficients

for the same model, using each of our five heat metrics.

However, we also wish to select a preferred heat metric. Out of our five candidate metrics,
we want to know which one best captures the impact of heat exposure on preterm birth in
the NT. In doing so, we face a challenge: because each regression uses different heat
exposure metrics, the magnitudes and statistical significance of the resulting coefficients

cannot be directly compared with each other.

We therefore take a two-stage approach to selecting a preferred metric. First, we present
an F-test of joint significance of the regressors included in each heat exposure metric. If
the regressors are not jointly statistically significant, we exclude the metric from further

comparison. Second, we compare goodness of fit, for the remaining metrics.

We use two measures of goodness of fit. First, the R-squared. This tells us how much
variation in the outcome is explained by the regressors. A standard R-squared increases
when additional regressors are added. To account for different numbers of regressors in
each metric, we use an adjusted R-squared: this penalises additional regressors. A higher
adjusted R-squared, therefore, indicates that the model fits the data better, when

comparing among models with different numbers of regressors. Second, we present the
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Akaike Information Criterion (AIC). The AIC helps us to compare several alternative,
non-nested models, on a single measure: it is calculated as the likelihood of the model
(estimated using maximum likelihood), penalised for the number of regressors. It
therefore weighs up model fit with model complexity, allowing us to compare multiple
working hypotheses against each other (Portet 2020). In their review on variable
selection, Heinze, Wallisch and Dunkler (2018) recommend using AIC in cases such as
ours, where theory supports a relatively small set of competing models, and we want to

select between them. In comparing AIC scores, a lower score indicates better fit.

3.5 Estimation results

3.5.1 Goodness of fit comparison

Table 2 presents a comparison of how well each heat metric fits the data.

Across our five metrics, we can first exclude ‘Trimester average’ and ‘Heatwave count’
from comparison: in an F-test of joint significance at the 5% level of significance, we
would fail to reject the hypothesis that the coefficients in these metrics are jointly equal

to zero, hence that they do not help to explain variation in preterm birth rates.

P-value: F test for ~ Adj R? AIC
joint significance
of heat exposure

terms
Benchmark 0.00 0.036 13214
Trimester average 0.09 0.035 13251
Heatwave count 0.12 0.035 13267
Max and min 0.00 0.037 13174
Wet bulb 0.00 0.035 13233

Table 2: Measures of model fit for each heat metric

Note: Each row of this table represents results from a regression using the indicated heat metric. The first
column in this table shows p-values for an F-test of joint statistical significance of all terms in the heat
exposure metric. The second column, Adj R?, represents the adjusted R-squared, for which a higher value
represents better fit. Note that here adjusted R-squared is ‘within’ the community X sex x month fixed
effects (which are absorbed using ‘areg’ in Stata). The Third column, AIC, is the Akaike Information
Criteria, for which lower value indicates better fit. Sample size: 34,178.
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We then have three remaining metrics. Across all metrics, the adjusted R-squared is low
and varies little, ranging between 0.035 to 0.037. However, the metrics produce very
different AIC scores. On both R-squared and AIC measures, the ‘Max and min’ metric

performs better: it has a slightly higher adjusted R-squared and substantially lower AIC.

We separately consider whether a combination of metrics provides a better fit — for
instance, a combination of the ‘Max and min’ metric, the ‘Wet bulb’ metric and
‘Heatwave count’ metric together. However, while some of the additional coefficients are
statistically significant, they do not meaningfully improve model fit (see Appendix Table

DS), and interpretation of individual coefficients becomes very difficult.

We therefore select the ‘Max and min’ metric as our preferred heat exposure metric.

3.5.2 Coefficient estimates

Having identified the ‘Max and min’ metric as our preferred one, we now turn to a
presentation of the coefficients for the regressors in each heat metric. This tells us both
the estimates from our preferred model, and the potential consequences, in terms of

inferences we may draw, from selecting a non-preferred metric.

We present estimates graphically, showing coefficients and their 95% confidence
intervals. Tables with these coefficients and their standard errors can be found in

Appendix D.

Benchmark heat metric

Figure 4 presents estimates from our benchmark metric. They suggest that heat exposure

in all trimesters affects the risk of preterm birth, but in different ways.

We can see that exposure to high temperatures between 30 and 40 degrees in the first
trimester slightly increases the risk of preterm birth. However, in the second and third
trimesters, it is exposure to cooler temperatures (below our omitted category of 25-30
degrees) that contribute to lower risk of preterm birth; we see no additional impact of heat
exposure above 30 degrees. This suggests that it may be predominantly heat strain (i.e.
prolonged exposure to moderate heat), instead of heat stress (i.e. exposure to extreme

heat) affecting pregnancies in the second and third trimesters.
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If it is the case that maternal heat strain affects the baby through reduced flow of nutrients
to the placenta (Samuels et al. 2022), this could explain why we see positive effects of
cooler temperatures in the second and third trimesters, but not the first trimester: in the
first trimester, the fetus receives nourishment from the yolk sack and not the placenta,
and is therefore less reliant on maternal blood flow for nutrients. When the placenta takes
over around the beginning of the 2" trimester, this is when we might expect an impact of

heat strain.
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Figure 4: benchmark heat metric

This figure shows the regression coefficients and 95% confidence intervals from equation 1, where the heat
metric is a count of the number of days within each trimester that the daily maximum temperature fell into
the following ranges: <20, 20-25, 25-30, 30-35, 3540, 40+. The omitted category is 25-30 degrees.
Sample size: 34,178.

Average temperatures

Figure 5 shows estimates from the ‘average temperature’ metric. Note the difference in
scale from Figure 4 due to differences in units: a 1 degree increase in average
temperatures represents more heat exposure than a single day of extreme heat. For
example, in a trimester with average temperatures of 30 degrees, a 1 degree increase in

the average would represent over one week of temperatures of 40 or above.
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Figure 5 shows that a 1 degree increase in average temperatures in the third trimester
leads to a 0.007 percentage point increase in the probability of preterm birth. Although
we saw some statistically significant impacts of heat exposure in the first and second

trimesters of the benchmark model, these are not evident here.
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Figure 5: trimester average
This figure shows the regression coefficients and 95% confidence intervals from equation 1, where the heat
metric the trimester-average of daily maximum temperatures. Sample size: 34,178.

Heatwave count

Figure 6 shows estimates from our ‘heatwave count’ metric. We find that while the
coefficients are positive (indicating that experiencing an additional heatwave in utero
increases the risk of preterm birth), these effects are not statistically significant.’?> This
makes sense given that, in our benchmark model, much of the effect came through
improved outcomes from exposure to cooler temperatures (below 25-30 degrees), and not

from extreme heat conditions that would contribute to a heatwave.

32 However, there are significant coefficients on average birthweight with each additional heatwave in the
second trimester associated to a 5.7 gram reduction in birthweight (Appendix Table D3).
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Figure 6: heatwaves

This figure shows the regression coefficients and 95% confidence intervals from equation 1, where the heat
metric is a count of the number of heatwaves. Heatwaves are defined as 3 or more consecutive days of
unusually hot weather relative to usual conditions within a location — using on the Australian Bureau of
Meteorology’s method (Nairn and Fawcett 2015). Sample size: 34,178.

Max and min (preferred metric)

The ‘Max and min’ metric — our preferred metric, based on goodness of fit — adds
minimum temperature exposure bands to our benchmark metric. We see similar patterns
to the benchmark metric, though the addition of minimum temperatures reveals further
effects of prolonged heat exposure — i.e. on days when minimum temperatures do not fall

below 20 degrees.

In the first trimester, high minimum temperatures of 20 or above increase the risk of
preterm birth, while low minimums (below 10 degrees) reduce the risk; we no longer see

a statistically significant impact of high maximum temperatures.

In the second trimester, we continue to see a protective impact of low maximum

temperatures (below 25 degrees), and these estimates are larger in magnitude here than
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in the benchmark metric. We also find that high minimum temperatures (25 degrees or

above) increase the risk of preterm birth.

In the third trimester, we now see that high maximum temperatures (between 30-39.99
degrees) increase the risk of preterm birth, though with no statistically significant impact
of minimum temperatures. Some of these changes in estimates may be due to
multicollinearity, given that low values of maximum and minimum temperatures each

have similar coefficients in the third trimester when modelled separately (Appendix D).
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Figure 7: max + min

This figure shows the regression coefficients and 95% confidence intervals from equation 1, where the heat
metric is a count of the number of days within each trimester that the daily maximum temperature fell into
the following ranges: <20, 20-25, 25-30, 30-35, 35-40, 40+, and a count of the number of days within each
trimester that daily minimum temperatures fell into the following ranges:<5, 5-10, 10-15, 15-20, 20-25,
25+. The omitted categories are 25-30 degrees (max) and 15-20 (min). Sample size: 34,178.

As this is our preferred metric, we ran our analysis separately for Aboriginal and non-
Aboriginal babies, to assess whether the effects of heat exposure are different amongst
these different populations (see Appendix Table E1). We find estimates are similar in
both groups, though among Aboriginal children, the only statistically significant
estimates are for the third trimester: exposure to cooler maximum temperatures reduces
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the risk of preterm birth, and exposure to temperatures of 35-40 degrees increases the
risk. In contrast, the effects of higher maximum and minimum temperatures in the first
and second trimesters are statistically significant among non-Aboriginal children, but

there is little effect of third trimester exposure.

Wet bulb

Figure 8 shows coefficients for our “Wet bulb’ metric — which is analogous to the ‘Max
and min’ metric, but constructed using wet bulb temperatures instead of air temperature.
We see little statistically significant relationship between wet bulb temperatures and
preterm birth: the only statistically significant coefficient suggests that high wet bulb
temperatures in the third trimester (of 25 to 29.99 degrees) decrease the risk of preterm

birth — that is, an effect in the opposite direction to that suggested by all other metrics.
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Figure 8: wet bulb

This figure shows the regression coefficients and 95% confidence intervals from equation 1, where the heat
metric is a count of the number of days within each trimester that the daily maximum wet bulb temperature
fell into the following ranges: <10, 10-15, 15-20, 20-25, 25-30, 30+, and a count of the number of days
within each trimester that daily average wet bulb temperature fell into the following ranges: <10, 10-15,
15-20, 20-25, 25+. The omitted categories are 20-25 (max) and 15-20 (avg). Sample size: 34,178.
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Figure 8 presents both average and maximum daily wet bulb temperatures in a single
metric. But sensitivity testing shows that our conclusions would be similar if we were to
construct our metric using maximum or average values separately (see Appendix Tables

D6 and D7).3*

3.5.3 Do these findings differ by climate zone?

As described in the Introduction, the relationship between various measures of heat
exposure — and hence the extent to which selection of measures matters — varies across
climate zones. We therefore repeat our analysis, but running models separately for the

tropical climate zone in the north of the NT, and the arid climate zone in central NT.

We see some differences in coefficients between the climate zones (Appendix Table E2).
For instance, while high minimum temperatures in both the first and second trimesters
significantly increase the risk of preterm birth in the tropical climate zone, we do not find
this in the arid climate zones. In addition, while high maximum temperatures increase the
risk of preterm birth in both climate zones, the magnitudes of these coefficients are at

least twice as large in arid climate zones.

We may have expected the metric based on wet bulb measures to be a better fit in the
tropical climate zone. However, we do not find this. Across both climate zones, the ‘Max

and min’ metric provides the best fit (Appendix Tables E4 and ES5).

3.6 Discussion

At a high level, it is clear from Figures 4-8 that choice of heat metric can have a
substantial impact on our conclusions around how much heat exposure affects the risk of
preterm birth. Our preferred metric, 'max and min’, shows that exposure to both extreme
heat (defined as additional days with maximum temperatures of 35-39.99 degrees) and
prolonged exposure to more moderate heat (defined as additional days with minimum
temperatures of 20 degrees or higher) both increase the risk of preterm birth. This general

pattern is evident in both our preferred ‘max and min’ metric, and in the benchmark

3 We see small statistically significant coefficients on low values of daily maximum wet bulb temperatures
in trimesters 1 and 3, but this model has low predictive power.

125



metric, which is more commonly used in prior research. However, our preferred metric
fits the data better. This finding is consistent with other research showing daily minimum
temperatures may affect health independently of maximum temperatures (Kim et al.

2023).

However, perhaps more importantly, we find that in the NT, and likely in other contexts
as well, the choice of heat metric can determine whether we conclude that prenatal heat
exposure affects birth outcomes at all. In particular, we find no statistically significant
impact of the number of heatwaves during pregnancy on the risk of preterm birth. In
addition, while our preferred metric finds some impact of higher temperatures exposure
in all trimesters, these effects are not linear, and hence are not evident in the first and

second trimesters in our ‘Trimester average’ metric, which imposes linearity.

Somewhat surprisingly, we also find that our ‘Wet bulb’ metric, although it allows for the
nonlinearities we find in our preferred metric, does not capture any clear effect of heat

exposure. We discuss possible reasons for this below.

Having established a preferred heat metric, we now turn to a discussion of the practical
implications of using non-preferred metrics, and our recommendations for metric

selection in future research.

3.6.1 Practical implications of using non-preferred heat metrics

The analysis we have presented above demonstrates the statistical significance and model
fit of alternative metrics. But the varied scales of the coefficients make it difficult to
compare the practical significance of these different estimates. To quantify the
implications of metric choice, we use our regression estimates to generate predictions of

the impact of normal within-year differences in heat exposure on preterm birth rates.

We generate two sets of predictions: first, the hypothetical case where all babies in our
analysis data were exposed to heat typical of the hottest 9 months of the year in utero
(born in May), and second, the hypothetical case where all babies were exposed to heat
typical of the coolest 9 months of the year (born in November). We then compare the

difference between these two predictions.

126



Figure 9 shows these predictions. In our preferred ‘Max and min’ heat metric, we estimate
that if all babies were in utero during the coolest 9 months of the year, preterm birth rates
would be 9 percent, and if all babies were in utero during the hottest 9 months of the year,

preterm birth rates would be 13.5 percent. This is a 4.5 percentage point difference.

Benchmark
Trimester avg
o Coolest 9 months
Heatwave Hottest 9 months
— 95 %Cl
— 80% ClI
—— 68% Cl
Max + min
Wet bulb
0 5 10 15 20

Preterm birth (pr)

Figure 9: Model predictions with 95%, 80% and 68% confidence intervals.
Predictions shown for all heat metrics, and represent the models’ predicted rate of preterm birth for a
population exposed to typical conditions in the coolest 9 months of the year in utero, compared with a
population exposed typical conditions in the hottest 9 months of the year in utero. The confidence intervals
are shown around the estimate for the coolest 9 months for each metric.

In contrast, the alternative metrics imply effects of less than half this size: we estimate a
2 percentage point difference using the benchmark metric, and smaller differences from
the other metrics. Therefore, choosing an alternative means not only that we may mis-
understand the relationship between heat exposure and preterm birth, but also that we

may severely under-estimate heat’s implications for population health.

Of course, there is uncertainty around these predictions: the difference between these two

predictions with our preferred metric is not statistically significant at the 95% level.

127



However, based on the large body of research and our own analysis, we know that it is
more likely than not that hot weather causes a substantial worsening in health at birth,
and a 4.5 percentage point effect is our best estimate of the impact of normal seasonal
variation in the NT. To put this in context, an effect of this magnitude is equivalent to

intensive rates of smoking during pregnancy (Liu et al. 2020).

3.6.2 Recommendations for future analysis

In our analysis, we have compared five different approaches to defining and measuring
heat exposure — we call these ‘heat metrics’. We have found that a metric based on air
temperature which allows for non-linear effects of increased temperatures, and includes
both daily minimum and maximum temperatures, provides the best fit. Our findings lead

us to two general recommendations for future research.

First, it is very unlikely that the true relationship between heat exposure and birth
outcomes is the one implied by either the ‘Trimester average’ or the ‘Heatwave count’
metric. As outlined in our Conceptual framework, we have good reason to believe that
both moderate and extreme heat during pregnancy can affect birth outcomes, possibly in
different ways. Therefore, at a minimum, our models should allow for these nonlinear
effects. While some studies have found that these metrics nevertheless produce
statistically significant estimates, we have found that they will not necessarily do so.
Furthermore, as shown in Figure 9, even among alternative metrics where the regressors
are statistically significant, the implied impact of heat exposure from a more limited

metric may differ from a more flexible metric by orders of magnitude.

Second, we find that metrics based on air temperature, and not on wet bulb temperatures,
better capture the effects of heat exposure — even in a humid, tropical climate zone. While
surprising, our findings are not unique; many epidemiological studies have also found
little impact of humidity on health outcomes (Baldwin et al. 2023). In understanding this
finding, we cannot rule out issues with data quality and choice of measure. Our wet bulb
data are derived from satellite images, and not directly measured at a weather station.
This is the only metric incorporating humidity that is available within our region —
weather station data do not cover the whole of the NT, meaning we do not have the

underlying data series needed to construct alternative heat indices. It may be that, if they
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were available, alternative heat indices that combine heat and humidity could have more

explanatory power than wet bulb measures.

However, our findings may also reflect real, complex relationships between heat,
humidity and health in a tropical climate.** It may be that these relationships are not well
captured by a single data series, whether it is wet bulb or another heat index. In Darwin,
for instance, days with higher humidity and rainfall typically do not reach particularly
high maximum temperatures; in fact, humidity and air temperatures are negatively
correlated with each other (see Appendix G). But because humidity is a contributor to wet
bulb measures, wet bulb temperatures are mechanically higher on cooler, rainy days.
Therefore, it is possible that hot, humid days with higher wet bulb temperatures can, in
theory, contribute to greater heat strain. But the same wet bulb temperatures can also be
the result of very humid, cooler-than-average and rainy days, which provide some relief
from high temperatures. This may explain why our estimates suggest that higher wet bulb
temperatures in the third trimester can actually reduce preterm birth rates. It may also be
that the same level of humidity feels different on a day with intense rainfall (i.e. the wet
season) compared with days with no rainfall (i.e. the build up to the wet season). Future
research could analyse air temperature, humidity and rainfall, and the interaction between

the three as separate regressors, to test whether this yields more informative estimates.

Our takeaway is that in the NT, as well as in many other contexts where the only data
available are satellite or reanalysis data, heat exposure metrics based on air temperature
may well provide more explanatory power than metrics based on wet bulb temperatures.
However, future research could compare a range of heat indices in a location where data
are known to be of high quality and where humidity and extreme heat co-occur: this would
help to more definitively assess whether the lack of consistent effects of humidity that we
and others find is due to data quality, or to a mis-specification of the relationship between

heat, humidity and health.

34 This may explain, for instance, why a recent study from Western Australia finds clear effects from a
metric based on a heat index (Nyadanu et al. 2024). While some parts of Western Australia have a tropical
climate, the vast majority of the population lives in Perth, which has a dry, Mediterranean climate, and
hence humidity will play little role in determining variation in the index.
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3.7 Conclusions

We have found that in the Northern Territory of Australia, the way that we define and
measure heat matters a lot for our conclusions on how prenatal exposure affects health at
birth. Choice of metric can mean the difference between finding no effect, finding a large,
practically significant effect or finding a statistically significant effect, but which is

practically insignificant given normal fluctuations in heat exposure.

In our context, we find that a heat metric allowing for non-linear effects of both minimum
and maximum daily air temperature provides the best fit. Such a metric may be
particularly valuable in tropical climates, where correlations between daily maximum and

minimum temperatures are low (Figure 1).

Recent methodological discussions by Brimicombe et al. (2024) and Leung (2023) have
recommended constructing heat metrics based on both air temperature and humidity,
moving away from use of air temperature alone. In contrast, we find that such a metric
provides a worse fit, and as a result, under-estimates the impact of typical variation in
heat exposure. We do not know whether this is because of data quality or the underlying
relationship between heat, humidity and health outcomes. However, the implication is
that, at least with data that are currently widely available, researchers should be cautious
when applying such metrics. Furthermore, even in climates where these measures are
highly correlated with air temperature, meaning they can be used interchangeably,
researchers’ decisions around how to allow for non-linear and within-day temperature

variation may be more important than their choice of underlying data series.

Overall, our estimates show that both moderate heat and more extreme heat contribute to
poorer health at birth. The relative contributions of different heat levels and the relevant
timing of exposure are not stable across different heat metrics or climate zones, and
therefore we do not draw any strong conclusions on what levels and timing of heat
exposure matter most. A range of unobserved factors are likely to influence these
thresholds in any given context. For instance, medical advice, culture, work norms for
pregnant women, and adoption of air conditioning and other adaptations will affect the
size of this relationship and the relative contributions of heat stress versus heat strain-
related conditions. Consequently, while our analysis is informative, it should be replicated
in diverse contexts to test the generalisability of our findings. To understand these
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mechanisms further, it would also be helpful to learn more about how pregnant people
perceive and respond to heat exposure risks. For instance, Kc et al. (2024) conduct a
survey assessing perceived risks of heat exposure among pregnant people in Nepal — the
same survey could be carried out in other contexts to better understand behavioural

responses to heat exposure.

While uncertain, our central estimate is that normal levels of heat experienced in the
hottest months of the year could be contributing to a 4.5 percentage point higher risk of
preterm birth in the NT —rates 45% higher than we would predict in babies in utero during
the coolest 9 months of the year. The scale of these fluctuations, and their longer-term
implications for children’s development, may be even greater in lower-resource settings
with similar climates, where healthcare and remedial neonatal care are less readily
available. Furthermore, as climate change leads to additional exposure for populations
previously unexposed to extreme heat or prolonged periods of moderate heat, pregnant
people who do not have the habits and adaptations that are already present in regions such

as the NT may experience more acute effects.

We identify two important directions for further research. First, analysing the long-term
health impacts of heat exposure, looking beyond measures of health at birth — which are
themselves imperfect indicators of fetal health and development (Goldenberg et al. 2008).
As noted in our conceptual framework, outcomes like preterm birth are informative, but
not all children who are born preterm will experience poorer health later in life, and
similarly, not all children who experience poorer health later in life as a result of in utero
heat exposure will have been born preterm. Second, analysing dose-response
relationships between heat exposure and birth outcomes, and investigating whether there
may be cumulative effects of continued exposure and/or periods during pregnancy where

heat exposure poses the greatest risk.
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Appendix A: Correlations between heat measures by city
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Figure A1: Scatter plot of daily average air temperatures and daily average wet bulb

temperatures, 2020-2023

Source: NASA reanalysis data
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Appendix B: NASA satellite vs observational weather data
The weather data we use in this chapter comes from NASA satellite data, and are

estimated using NASA’s MERRA-2 model.

We also have observed weather data from the Australian Bureau of Meteorology for
some, but not all, parts of the NT. As a test of how well these two series relate to each
other, below we present graphs plotting the NASA modelled data (blue lines) and the
Bureau of Meteorology observed data (red lines) together, in Alice Springs. As is evident
here, while the estimates are not exactly the same, the two series line up well. However,
there are some periods without complete observational data (e.g. Figure B1.B), in which
the NASA data are preferrable. This issue is more acute in more remote areas, which is

why we use the NASA data in our analysis.
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Figure B1: Observational and NASA data in Alice Springs

The above figures plot NASA data (blue lines) against Australian Bureau of Meteorology
data (red lines) for the same series in Alice Springs.

Source: NASA reanalysis data and Australian Bureau of Meteorology
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Appendix C: Alternative specifications of fixed effects

€)) 2 3) 4) )
<20 0.000 0.000 0.000  -0.000  -0.000
(0.001) (0.001) (0) (0) (0)
2025 0.001 0.001 -0.000  0.000  0.000
(0) (0.001)  (0.001) (0.001)  (0.001)

Ist trimester 30-35  0.001%*  0.001***  0.000%*  0.000  0.000%**
(0.000) (0.000)  (0.000)  (0.000)  (0.000)
35-40  0.001**  0.001**  0.001**  0.000  0.001%*
(0.000) (0.000)  (0.000)  (0.000)  (0.000)
40+ 0.000 0.000 0.001*  0.000  0.000
(0.001) (0.001)  (0.000)  (0.000)  (0.000)

<20  -0.001*  -0.002**  -0.001  0.000  -0.001
(0.001) (0.001)  (0.001) (0.001)  (0.000)

2025  -0.001***  _0.001***  0.000  0.000  0.000
(0.000) (0.000)  (0.000)  (0.000)  (0.000)

2nd trimester  30-35  0.000 0.000 0.000  0.000  0.000
(0.000) (0.000)  (0.000)  (0.000)  (0.000)

3540  -0.000 -0.000 -0.000  -0.000  -0.000

(0.000) (0.000)  (0.000)  (0.000)  (0.000)

40+ -0.000 -0.000 0.000  0.000  0.000

(0.000) (0.000)  (0.000)  (0.000)  (0.000)

<20 -0.003***  .0.003***  -0.000  -0.000  -0.000
(0.001) (0.001) (0) (0) (0)

2025 -0.002**  -0.001  -0.001* -0.001  -0.001
(0.001) (0.001)  (0.001) (0.001)  (0.001)

3rd trimester 30-35 0.000* 0.000* -0.000 -0.000 -0.000
(0.000) (0.000) (0.000)  (0.000)  (0.000)
35-40 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000)  (0.000)  (0.000)
40+ 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001)  (0.001)
N 34258 34258 34258 34258 34258
R-sq 0.086 0.058 0.026 0.023 0.023
Fixed effects
Month X X
Year X
Month-year X X X
Cluster X X X
Cluster-month X
Cluster-month-sex X

Table C1: Regression estimates with alternative fixed effects specifications

Note: This table shows regression estimates using the model specified in equation (1), with our benchmark
heat metric. Each column presents estimates from a different approach to specifying the time and location
fixed effects. Cluster-robust standard errors in parentheses.
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Appendix D: Regression tables

Small for Admitted to
Preterm Birthweight Gestational Apgar 5 Special Care
birth (grams) Age score Nursery
Max -0.000 0.493 -0.001 -0.003 0.002%**
<20 (0.001) (1.217) (0.000) (0.002) (0.001)
Max 0.001 -0.507 -0.000 0.001 -0.000
I+ 20-25 (0.000) (1.098) (0.001) (0.002) (0.001)
trime  Max 0.001** -0.813%*** 0.000 0.000 0.001***
ster 30-35 (0.000) (0.212) (0.000) (0.001) (0.000)
Max 0.001** -0.341 0.001%** -0.000 0.001***
35-40 (0.000) (0.269) (0.000) (0.001) (0.000)
Max 0.000 -1.160 0.002%** 0.003 -0.000
40+ (0.001) (0.855) (0.000) (0.004) (0.001)
Max -0.001* 2911* -0.001 0.000 -0.001
<20 (0.001) (1.518) (0.001) (0.003) (0.001)
Max  -0.001%*** 0.781 0.000 0.000 -0.001
nd 20-25 (0.000) (0.975) (0.001) (0.002) (0.001)
trime Max 0.000 -0.535%** 0.000* 0.000 0.000
ster 30-35 (0.000) (0.229) (0.000) (0.001) (0.000)
Max -0.000 0.144 0.000 -0.000 0.000
35-40 (0.000) (0.207) (0.000) (0.001) (0.000)
Max -0.000 0.159 -0.001* 0.002 0.000
40+ (0.000) (0.695) (0.000) (0.002) (0.001)
Max  -0.003%** 3.477%* -0.000 0.008** 0.001
<20 (0.001) (0.906) (0.001) (0.003) (0.001)
Max -0.002** 1.176 0.000 -0.001 -0.002*
3ud 20-25 (0.001) (1.151) (0.001) (0.003) (0.001)
trime Max 0.000* -0.600** -0.000 -0.001 0.000%**
ster 30-35 (0.000) (0.247) (0.000) (0.001) (0.000)
Max 0.000 -0.669 -0.000 -0.001 0.000%**
35-40 (0.000) (0.452) (0.000) (0.001) (0.000)
Max 0.001 -1.079 -0.000 -0.005 0.001
40+ (0.001) (1.178) (0.001) (0.004) (0.001)
Constant 0.040**  3,404.696%** 0.079%** 8.972%*x* 0.036*
(0.018) (40.737) (0.018) (0.092) (0.021)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.086 0.125 0.087 0.080 0.088

Table D1: benchmark model

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the model
specified in equation (1) using the benchmark heat metric. Estimates are shown for preterm birth and four other
measures of health at birth. As specified in equation (1), the regressions also include covariates (mother’s age,
Aboriginal status, whether mother’s first pregnancy), month-year fixed effects and location-month-sex fixed
effects (these are absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients).
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Small for Special
Preterm Birthweight Gestational Care
birth (grams) Age Apgar 5 score  Nursery
Max temp — 1%
trimester avg 0.001 1.120 0.005%** 0.005 0.000
(0.001) (2.215) (0.001) (0.006) (0.002)
Max temp — 2"
trimester avg -0.001 0.726 -0.000 0.002 0.002
(0.002) (2.881) (0.001) (0.006) (0.002)
Max temp — 3%
trimester avg 0.007** -8.761%* -0.002 -0.019 0.005**
(0.003) (3.492) (0.001) (0.012) (0.002)
Constant -0.135 3,541.611%*** 0.032 9.333:#:* -0.107
(0.126) (201.286) (0.045) (0.383) (0.078)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.085 0.124 0.087 0.080 0.087

Table D2: average max temperature specification

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the trimester-average daily maximum heat metric. Estimates are
shown for preterm birth and four other measures of health at birth. As specified in equation (1), the
regressions also include covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy),
month-year fixed effects and location-month-sex fixed effects (these are absorbed using the Stata ‘areg’,
which affects the intercept but not the coefficients).
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Preterm  Birthweight Small for Apgar5  Special Care

birth (grams) Gestational Age score Nursery
Heatwave in
Ist tri 0.001 1.096 0.000 -0.003 0.002
(0.002) (3.195) (0.002) (0.011) (0.003)
Heatwave in
2nd tri 0.004* -5.665%* -0.000 0.004 0.003
(0.002) (2.525) (0.002) (0.010) (0.003)
Heatwave in
3rd tri 0.006 -6.456 -0.002 -0.003 0.005
(0.004) (4.850) (0.002) (0.014) (0.003)
0.061**  3,326.564** 8.955%*
Constant * * 0.112%** * 0.094***
(0.013) (18.451) (0.011) (0.045) (0.024)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.084 0.124 0.087 0.079 0.087

Table D3: Heatwave specification

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the heatwave count heat metric. Heatwaves are defined based on the
Australian Bureau of Meteorology’s methodology. Estimates are shown for preterm birth and four other
measures of health at birth. As specified in equation (1), the regressions also include covariates (mother’s
age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects and location-month-sex
fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients).
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Small for
Preterm Birthweig  Gestationa ~ Apgar5  Special Care

birth ht (grams) 1 Age score Nursery
Ist  WB max <10 0.001 6.253 -0.000 0.011 -0.000
trim (0.002) (4.215) (0.003) (0.008) (0.002)
ester  'WB max 10-15 -0.001 3.073 0.003 0.007 -0.001
(0.002) (2.472) (0.002) (0.006) (0.002)
WB max 15-20 -0.000 1.750 0.002 0.008 -0.001
(0.001) (1.532) (0.001) (0.005) (0.001)
WB max 25-30 -0.000 0.218 0.000 0.000 -0.000
(0.000) (0.422) (0.000) (0.001) (0.000)
WB max 30+ 0.000 0.289 0.000 0.001 0.000
(0.001) (1.126) (0.001) (0.003) (0.001)
WB avg <10 0.000 -1.802 -0.003* -0.005 -0.000
(0.001) (2.249) (0.001) (0.005) (0.001)
WB avg 10-15 0.000 -1.497 -0.001 -0.002 -0.000
(0.001) (1.045) (0.001) (0.005) (0.001)
WB avg 20-25 0.000 -0.904 -0.000 0.000 0.000
(0.001) (0.621) (0.000) (0.001) (0.001)
WB avg 25+ 0.000 -0.237 -0.001 0.002 0.001
(0.001) (0.654) (0.000) (0.002) (0.001)
2nd  WB max <10 0.000 -1.603 -0.001 -0.015** -0.004*
trim (0.002) (3.655) (0.002) (0.007) (0.002)
ester WB max 10-15 -0.000 1.829 -0.002 0.002 -0.003
(0.001) (2.574) (0.002) (0.007) (0.002)
WB max 15-20 0.000 -0.687 -0.001 -0.005 -0.001
(0.001) (1.826) (0.001) (0.004) (0.001)
WB max 25-30 0.000 -0.690 0.000 -0.001 0.000
(0.000) (0.699) (0.000) (0.001) (0.000)
WB max 30+ 0.000 -0.217 0.001** 0.001 0.002%**
(0.001) (0.884) (0.000) (0.003) (0.001)
WB avg <10 -0.000 -0.151 0.001 0.002 0.002
(0.001) (2.392) (0.002) (0.006) (0.002)
WB avg 10-15 -0.002* 0.894 -0.000 0.005 -0.000
(0.001) (1.623) (0.001) (0.003) (0.001)
WB avg 20-25 -0.001* -0.362 -0.000 0.002 -0.001
(0.000) (1.071) (0.000) (0.001) (0.001)
WB avg 25+ -0.001 -0.164 -0.000 0.004** -0.001**
(0.001) (1.100) (0.000) (0.002) (0.000)
3rd WB max <10 0.000 -1.572 0.000 -0.000 0.001
trim (0.002) (3.346) (0.002) (0.008) (0.002)
ester WB max 10-15 -0.003 2.795 0.002* 0.011* -0.001
(0.002) (3.254) (0.001) (0.006) (0.003)
WB max 15-20 0.001 0.001 0.000 -0.003 -0.001
(0.001) (2.447) (0.001) (0.005) (0.001)
WB max 25-30 -0.001** 0.455 0.000 0.003** -0.001**
(0.000) (0.4006) (0.000) (0.001) (0.000)
WB max 30+ 0.000 -0.870 -0.000 0.002 0.000
(0.001) (2.142) (0.001) (0.002) (0.001)
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WB avg <10 0.001 -0.276 -0.001 -0.006 -0.000
(0.002) (2.989) (0.001) (0.006) (0.002)

WB avg 10-15 -0.000 -1.068 0.001 0.001 0.001
(0.001) (2.916) (0.001) (0.004) (0.001)

WB avg 20-25 0.000 -0.427 0.000 -0.001 0.000
(0.000) (0.714) (0.000) (0.002) (0.001)
Wet bulb avg 25+ 0.001 -0.818 0.000 0.000 0.001%*
(0.001) (0.788) (0.000) (0.003) (0.001)

3,393.610

Constant 0.132%* Ak 0.096*  8.522%*x 0.123
0.063)  (108.642)  (0.057) (0.341) (0.096)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.085 0.125 0.087 0.081 0.088

Table D4: wet bulb metric

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the wet bulb heat metric. Estimates are shown for preterm birth and
four other measures of health at birth. As specified in equation (1), the regressions also include covariates
(mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects and location-
month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept but not the

coefficients).
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Small for

Preterm Birthweight  Gestational Apgar5  Special Care
birth (grams) Age score Nursery
Ist Max <20 0.001 -3.114* 0.000 -0.002 0.003
trime (0.001) (1.637) (0.001) (0.004) (0.001)
ster Max 20-25 0.002** 0.011 -0.000 0.005* 0.001
(0.001) (1.375) (0.001) (0.003) (0.001)
Max 30-35 0.000 -0.84 1 *** 0.000 0.001 0.000%**
(0.000) (0.317) (0.000) (0.001) (0.000)
Max 35-40 0.000 -0.375 0.0071*** 0.002 0.007] ***
(0.000) (0.403) (0.000) (0.001) (0.000)
Max 40+ -0.000 -1.307 0.002%** 0.006 -0.001
(0.001) (1.096) (0.001) (0.004) (0.001)
Min <5 -0.002 5.53 7% -0.001 0.001 -0.001
(0.001) (1.388) (0.001) (0.005) (0.001)
Min 5-10 -0.002%* -0.695 0.001 -0.006** -0.001
(0.001) (1.360) (0.001) (0.003) (0.001)
Min 10-15 0.000 -0.073 0.000 0.004* 0.000
(0.000) (0.824) (0.001) (0.002) (0.000)
Min 20-25 0.007#** -0.347 -0.000 -0.000 0.001
(0.000) (0.431) (0.000) (0.002) (0.000)
Min 25+ 0.007#** -0.111 -0.001* -0.001 0.007] ***
(0.000) (0.706) (0.000) (0.002) (0.000)
-0.003** 1.731 -0.001 0.004 -0.002
2nd Max <20 (0.001) (1.861) (0.001) (0.005) (0.002)
trime Max 20-25 -0.002%** 0.362 -0.000 0.002 -0.001
ster (0.001) (1.422) (0.001) (0.003) (0.001)
Max 30-35 0.000 -0.396* 0.000 0.001 0.000*
(0.000) (0.226) (0.000) (0.001) (0.000)
Max 35-40 0.000 0.023 -0.000 -0.001 0.001**
(0.000) (0.405) (0.000) (0.002) (0.000)
Max 40+ -0.000 0.734 -0.001* 0.003 0.001
(0.001) (0.727) (0.000) (0.002) (0.001)
Min <5 0.002 1.312 0.002 -0.006 0.001
(0.001) (1.910) (0.002) (0.005) (0.002)
Min 5-10 0.001 1.469 -0.000 -0.003 0.000
(0.001) (1.184) (0.001) (0.003) (0.001)
Min 10-15 0.001* -1.556 0.000 -0.003 0.001
(0.001) (0.970) (0.001) (0.002) (0.001)
Min 20-25 0.000 -1.697%** 0.000 -0.003* 0.000
(0.000) (0.515) (0.000) (0.002) (0.000)
Min 25+ 0.007#** -2.217%x* 0.000 -0.004** -0.000
(0.000) (0.404) (0.000) (0.002) (0.000)
-0.003 -0.385 0.003*#:* 0.007 0.001
3rd Max <20 (0.002) (2.815) (0.001) (0.008) (0.001)
trime Max 20-25 -0.002* 1.369 0.001* -0.002 -0.001
ster (0.001) (2.481) (0.001) (0.003) (0.001)
Max 30-35 0.000** -0.758%* -0.000 -0.001 0.000*
(0.000) (0.295) (0.000) (0.001) (0.000)
Max 35-40 0.001** -1.631*** -0.000 -0.004** 0.001
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(0.000) (0.416) (0.000) (0.002) (0.000)
Max 40+ 0.002* -2.243* -0.001 -0.009%** 0.000
(0.001) (1.187) (0.001) (0.004) (0.001)
Min <5 0.001 3.421 -0.003*** -0.003 -0.001
(0.002) (2.263) (0.001) (0.005) (0.001)
Min 5-10 0.001 -0.853 -0.001 0.001 -0.000
(0.001) (2.661) (0.001) (0.003) (0.001)
Min 10-15 0.002* -2.612%* 0.001** -0.008%** 0.000
(0.001) (1.049) (0.000) (0.004) (0.001)
Min 20-25 0.000 -0.563 0.000 0.001 0.000
(0.000) (0.644) (0.000) (0.002) (0.000)
Min 25+ 0.000 -0.555 0.001*** 0.002 0.000
(0.000) (0.491) (0.000) (0.002) (0.000)
Cons 3,647.727**
t. -0.112%** * 0.052 0.280%*** -0.054
(0.037) (59.625) (0.041) (0.201) (0.054)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.087 0.126 0.088 0.081 0.088

Table DS: Maximum and minimum piecewise linear specification

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the Max + min heat metric. Estimates are shown for preterm birth
and four other measures of health at birth. As specified in equation (1), the regressions also include
covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects
and location-month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept

but not the coefficients).
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Small for Special
Preterm Birthweight =~ Gestation ~ Apgar 5 Care
birth (grams) al Age score Nursery
WB max <10 0.001 4.252 -0.002 0.007 -0.000
Ist (0.002) (3.658) (0.002) (0.006) (0.001)
tri WB max 10-15 -0.001* 1.709* -0.000 0.002 -0.002*
(0.001) (0.917) (0.001) (0.003) (0.001)
WB max 15-20 -0.000 0.971 -0.000 0.005%** -0.001**
(0.001) (0.628) (0.001) (0.001) (0.000)
WB max 25-30 -0.000 0.324 -0.000 0.001 0.000
(0.000) (0.341) (0.000) (0.001) (0.000)
WB max 30+ -0.000 0.682 0.000 0.001 -0.000
(0.000) (0.829) (0.001) (0.002) (0.001)
2nd  WB max <10 -0.000 -1.020 -0.000 -0.013**  -0.003***
tri (0.001) (2.534) (0.001) (0.005) (0.001)
WB max 10-15 0.000 1.534 0.000 0.003 -0.001
(0.001) (0.930) (0.001) (0.003) (0.001)
WB max 15-20 -0.000 0.259 -0.000 -0.001 -0.000
(0.000) (0.707) (0.000) (0.002) (0.000)
WB max 25-30 -0.000 -0.661** 0.000 0.000 -0.000
(0.000) (0.333) (0.000) (0.001) (0.000)
WB max 30+ 0.000 -0.124 0.0071*** 0.000 0.001**
(0.000) (0.512) (0.000) (0.002) (0.000)
34 WBmax <10 0.002 -1.774 -0.000 -0.004 0.002*
tri (0.001) (1.598) (0.002) (0.006) (0.001)
WB max 10-15 -0.002%** 2.683%** -0.000 0.004 -0.001*
(0.001) (0.873) (0.000) (0.003) (0.001)
WB max 15-20 0.001 -0.736 0.000 -0.004 -0.000
(0.001) (0.714) (0.000) (0.003) (0.000)
WB max 25-30 -0.000 -0.092 0.000* 0.003* 0.000
(0.000) (0.359) (0.000) (0.001) (0.000)
WB max 30+ 0.001 -1.243 0.000 0.000 0.001
(0.001) (1.871) (0.000) (0.003) (0.001)
0.100***  3.331.013***  (.090***  §717***  (0.117%**
Con
stant (0.027) (44.384) (0.026) (0.132) (0.027)
N 34,258 34,258 34,258 34,258 34,258
R-sq 0.085 0.125 0.087 0.080 0.087

Table D6: maximum wet bulb (WB) piecewise specification
Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the counts of the number of days with maximum wet bulb
temperatures under 10, 10-15, 15-20, 25-30, and 30+. We estimate maximum wet bulb temperatures using
Stull’s (2011) equation based on maximum air temperature and humidity. Estimates are shown for preterm
birth and four other measures of health at birth. As specified in equation (1), the regressions also include
covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects
and location-month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept

but not the coefficients).
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Small for Special

Preterm  Birthweight  Gestationa Apgar 5 Care
birth (grams) 1 Age score  Nursery
WB avg <10 -0.000 0.745 -0.001 0.001 -0.001*
Ist tri (0.000) (0.978) (0.001) (0.002)  (0.001)
WB avg 10-15 0.000 -0.495 0.000 0.004 -0.000
(0.001) (0.909) (0.001) (0.002)  (0.001)

WB avg 20-25 0.000 -0.633 -0.000 0.000 -0.000
(0.001) (0.556) (0.000) (0.001)  (0.001)

WB avg 25+ -0.000 0.139 -0.001** 0.002 -0.000
(0.000) (0.459) (0.000) (0.001)  (0.000)

WB avg <10 0.000 0.694 0.000 0.001 -0.001
(0.000) (0.500) (0.001) (0.002)  (0.001)

2ndtri WBavg 10-15  -0.001* 0.283 -0.000 0.001 -0.001
(0.001) (1.312) (0.001) (0.003)  (0.001)

WB avg 20-25  -0.001%** -0.388 -0.000 0.001 -0.001
(0.000) (0.885) (0.000) (0.001)  (0.001)
WB avg 25+ -0.000 -0.567 -0.000 0.001 -0.001*
(0.000) (0.661) (0.000) (0.002)  (0.000)

WB avg <10 -0.001 1.519%* -0.000 0.001 -0.001
(0.001) (0.672) (0.000) (0.003)  (0.000)

WB avg 10-15 0.001 -1.161 0.001 -0.003 0.000
(0.001) (1.578) (0.001) (0.005)  (0.001)

WB avg 20-25 0.000 -0.198 0.000 0.001 0.000
3rd tri (0.000) (0.737) (0.000) (0.002)  (0.001)

WB avg 25+ 0.000 -0.409 0.000 0.003 0.000
(0.001) (0.761) (0.000) (0.003)  (0.001)

3,368.704** 8.644**

0.110%* * 0.122%%* * 0.156

Constant (0.058) (120.327) (0.043) (0.279)  (0.102)

N 34,258 34,258 34,258 34,258 34,258

R-sq 0.084 0.124 0.087 0.080 0.087

Table D7: average wet bulb piecewise linear

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using counts of the number of days with average wet bulb temperature
under 10, 10-15, 20-25, and 25+. Estimates are shown for preterm birth and four other measures of health
at birth. As specified in equation (1), the regressions also include covariates (mother’s age, Aboriginal
status, whether mother’s first pregnancy), month-year fixed effects and location-month-sex fixed effects
(these are absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients).
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(1) (2) 3) (4)

Statistical significance: F-test of joint significance p-value)

Max temp 0.000 0.000 0.000 0.000
Min temp 0.000 0.009 0.013
Wet bulb max 0.003 0.010
Heatwaves 0.736
Model fit

RMSE 0.301 0.300 0.300 0.300
Adjusted R-squared 0.036 0.037 0.037 0.037

Table D8: Model build
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Appendix E: Heterogeneity analysis — by Aboriginal status and
climate zone

Aborigina
| Non-Aboriginal
Ist tri Max <20 0.002 0.000
(0.001) (0.001)
Max 20-25 0.002%#* 0.002%**
(0.001) (0.001)
Max 30-35 0.000 0.000
(0.000) (0.000)
Max 35-40 0.000 0.0071***
(0.001) (0.000)
Max 40+ -0.000 -0.002%**
(0.001) (0.001)
Min <5 -0.001 -0.002%**
(0.002) (0.001)
Min 5-10 -0.002 -0.001*
(0.002) (0.001)
Min 10-15 -0.000 0.000
(0.001) (0.001)
Min 20-25 0.001 0.0071***
(0.001) (0.000)
Min 25+ 0.001 0.001***
(0.001) (0.000)
2nd tri Max <20 -0.003 -0.002
(0.002) (0.001)
Max 20-25 -0.002 -0.002%**
(0.001) (0.001)
Max 30-35 -0.000 0.000**
(0.000) (0.000)
Max 35-40 0.000 0.0071***
(0.001) (0.000)
Max 40+ -0.001 0.000
(0.001) (0.000)
Min <5 0.000 0.002
(0.002) (0.001)
Min 5-10 0.000 0.002%**
(0.002) (0.001)
Min 10-15 0.001 0.001*
(0.001) (0.001)
Min 20-25 0.000 0.000
(0.001) (0.001)
Min 25+ 0.001 0.001
(0.001) (0.001)
3rd tri Max <20 -0.007%** -0.000
(0.003) (0.001)
Max 20-25  -0.004** 0.002
(0.002) (0.002)
Max 30-35 0.000 0.000**
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(0.000) (0.000)

Max 35-40  0.002%** 0.000
(0.001) (0.001)
Max 40+ 0.001 0.002
(0.001) (0.001)
Min <5 0.003 -0.002%**
(0.002) (0.000)
Min 5-10 0.002 -0.001
(0.002) (0.001)
Min 10-15 0.001 0.002%**
(0.001) (0.001)
Min 20-25 -0.000 0.000
(0.001) (0.000)
Min 25+ -0.000 0.000**
(0.001) (0.000)
Constant 0.024 -0.153%**
(0.063) (0.047)
N 14,646 19,612
R-sq 0.132 0.042

Table E1: Regression estimates for probability of preterm birth, preferred metric

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using the Max + Min heat metric, with the sample split by whether the child
is Aboriginal or not. The outcome is preterm birth. As specified in equation (1), the regressions also include
covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects
and location-month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept
but not the coefficients).
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Tropical Arid Tropical Arid
1t tri Max <20 0.014 0.002 0.021 0.003**
(0.027) (0.002) (0.023) (0.002)
Max 20-25 0.001** 0.002%* 0.002%* 0.004**
(0.001) (0.001) (0.001) (0.002)
Max 30-35 0.000 0.001 0.000 0.001
(0.000) (0.001) (0.000) (0.001)
Max 35-40 0.000 0.003%*x* 0.000 0.003*
(0.000) (0.001) (0.000) (0.002)
Max 40+ -0.000 0.004**x* -0.000 0.002
(0.001) (0.001) (0.001) (0.002)
Min <5 -0.007* 0.001
(0.004) (0.002)
Min 5-10 -0.004* -0.001
(0.002) (0.002)
Min 10-15 0.000 0.001
(0.001) (0.002)
Min 20-25 0.001%** 0.001
(0.000) (0.001)
Min 25+ 0.001%** 0.003
(0.000) (0.002)
Max <20 0.015 -71.278%%* 0.013 -0.002
20 gri (0.023) (18.577) (0.030) (0.002)
Max 20-25 -0.002%** 3.097* -0.003*** -0.001
(0.001) (1.618) (0.001) (0.002)
Max 30-35 -0.000 -0.596* 0.000 0.002
(0.000) (0.325) (0.000) (0.002)
Max 35-40 -0.000 0.168 0.001 0.001
(0.000) (0.296) (0.000) (0.002)
Max 40+ -0.000 -1.283 -0.000 0.002
(0.001) (1.155) (0.001) (0.003)
Min <5 -0.090* 0.004*
(0.047) (0.003)
Min 5-10 0.000 0.003
(0.001) (0.003)
Min 10-15 0.000 0.005%*
(0.001) (0.002)
Min 20-25 0.001** 0.003
(0.000) (0.003)
Min 25+ 0.001%** 0.002
(0.000) (0.003)
31 tri Max <20 -0.008 43.241 -0.027 -0.004
(0.011) (36.817) (0.018) (0.006)
Max 20-25 -0.002 2.920 -0.003 -0.001
(0.002) (2.822) (0.002) (0.003)
Max 30-35 0.000%** -0.469 0.000%** 0.004***
(0.000) (0.316) (0.000) (0.001)
Max 35-40 0.000 -0.401 0.001%** 0.007%**
(0.000) (0.474) (0.000) (0.002)
Max 40+ 0.003%** -2.746* 0.003%** 0.008***
(0.001) (1.634) (0.001) (0.002)
Min <5 0.019 0.004
(0.020) (0.005)
Min 5-10 0.003 0.003
(0.003) (0.003)
Min 10-15 0.000 0.006%**
(0.001) (0.002)
Min 20-25 0.000 -0.002**
(0.000) (0.001)
Min 25+ 0.000 -0.003*
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(0.000) (0.002)

Constant 0.076%%* 0.070%** 0.025 -0.168%**
(0.020) (0.189) (0.051) (0.253)
N 26,521 7,379 26,521 7,379
R-sq 0.069 0.170 0.070 0.179

Table E2: estimates by climate — air temperature

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the
model specified in equation (1) using both benchmark heat metric and the Max + Min heat metric, with the
sample split by climate zone Estimates are shown for preterm birth and four other measures of health at
birth. As specified in equation (1), the regressions also include covariates (mother’s age, Aboriginal status,
whether mother’s first pregnancy), month-year fixed effects and location-month-sex fixed effects (these are
absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients).
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tropical arid tropical arid
1st trimester ‘WB max <10 0.010 0.002
(0.008) (0.003)
WB max 10-15 -0.001 -0.003
(0.003) (0.004)
WB max 15-20 0.002 -0.004
(0.001) (0.003)
WB max 25-30 -0.000 -0.002
(0.000) (0.001)
WB max 30+ -0.000 0.005
(0.001) (0.007)
WB avg <10 -0.001 0.002 -0.001 -0.001
(0.002) (0.004) (0.001) (0.001)
WB avg 10-15 0.000 0.002 0.002 -0.002%*
(0.001) (0.003) (0.001) (0.001)
WB avg 20-25 0.001 0.001 0.000 -0.001
(0.001) (0.002) (0.001) (0.002)
WB avg 25+ 0.001 0.001 0.000 -0.000
(0.001) (0.003) (0.000) (0.002)
2nd trimester WB max <10 -0.003
(0.003)
WB max 10-15 -0.002 -0.001
(0.002) (0.004)
WB max 15-20 -0.001 -0.002
(0.002) (0.003)
WB max 25-30 0.001 0.001
(0.000) (0.003)
WB max 30+ 0.001 -0.006
(0.001) (0.012)
WB avg <10 0.002 0.000 0.001 -0.001
(0.002) (0.004) (0.001) (0.001)
WB avg 10-15 -0.003*** 0.001 -0.003%** -0.001
(0.001) (0.003) (0.001) (0.001)
WB avg 20-25 -0.001 -0.002 -0.001** -0.001
(0.001) (0.002) (0.000) (0.001)
WB avg 25+ -0.001** -0.005 -0.001** -0.004**
(0.001) (0.004) (0.000) (0.002)
3rd trimester WB max <10 -0.007
(0.007)
WB max 10-15 -0.004 -0.005
(0.005) (0.006)
WB max 15-20 -0.000 -0.002
(0.002) (0.005)
WB max 25-30 -0.000 -0.000
(0.000) (0.002)
WB max 30+ 0.001 -0.017%%*
(0.001) (0.004)
WB avg <10 0.002 0.003 -0.000 -0.001
(0.004) (0.006) (0.001) (0.001)
WB avg 10-15 -0.002 0.003 -0.001 0.002
(0.002) (0.005) (0.001) (0.002)
WB avg 20-25 0.000 -0.000 -0.000 -0.001
(0.000) (0.002) (0.001) (0.001)
WB avg 25+ 0.000 -0.001 -0.000 -0.001
(0.001) (0.002) (0.001) (0.001)
Constant 0.025 0.091 0.266* 0.153
(0.110) (0.136) (0.094) (0.115)
N 26,521 7,379 26,521 7,379
R-sq 0.068 0.171 0.068 0.168

Table E3: estimates by climate -wet bulb temperature

Note: this table shows the regression coefficients and cluster-robust standard errors in parentheses from the model specified in
equation (1) using both the Wet bulb heat metric, and a simpler metric based on average wet bulb temperatures alone, with the
sample split by climate zone Estimates are shown for preterm birth and four other measures of health at birth. As specified in
equation (1), the regressions also include covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-
year fixed effects and location-month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept but

not the coefficients)
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P-val: joint Adj R? AIC
significance of heat
exposure terms

Benchmark 0.00 0.031 10240
Trimester average 0.00 0.031 10265
Heatwave count 0.00 0.031 10261
Max and min 0.00 0.032 10207
Wet bulb 0.00 0.030 10244

Table E4: Measures of model fit for each heat metric — tropical climate zone

Note: Each row of this table represents results from a regression using the indicated heat metric, for the
sample in tropical climate zones only. The first column in this table shows p-values for an F-test of joint
statistical significance of all terms in the heat exposure metric. We present adjusted R-squared as this
penalises additional coefficients, and some metrics (Max and min and Wet bulb) have many more
coefficients than the other metrics. The Akaike Information Criteria (AIC) is a measure of model fit suitable
for comparing across models with different coefficients but the same outcome measure. A lower value
indicates better fit. Sample size: 26,521.

P-val: joint Adj R? AIC
significance of heat
exposure terms

Benchmark 0.00 0.058 2477
Trimester average 0.00 0.055 2509
Heatwave count 0.00 0.051 2540
Max and min 0.00 0.065 2401
Wet bulb 0.00 0.056 2472

Table E5: Measures of model fit for each heat metric — arid climate zone

Note: Each row of this table represents results from a regression using the indicated heat metric, for the
sample in arid climate zones only. The first column in this table shows p-values for an F-test of joint
statistical significance of all terms in the heat exposure metric. We present adjusted R-squared as this
penalises additional coefficients, and some metrics (Max and min and Wet bulb) have many more
coefficients than the other metrics. The Akaike Information Criteria (AIC) is a measure of model fit suitable
for comparing across models with different coefficients but the same outcome measure. A lower value
indicates better fit. Sample size: 7,379.
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Appendix F: Prediction methodology

We use predictions to estimate the likely rate of preterm birth if all babies were in utero
during the hottest 9 months of the year, and compare this to the likely rate of preterm birth
if all babies were in utero during the coolest 9 months of the year. By generating these
predictions for each heat metric, we are able to compare the implications of each heat

metric like-for-like.

To do this, we generate predictions for all babies in our sample, with the point estimate
reported in the main text representing the average across the full sample. However, we
replace the heat conditions that each baby actually experienced with heat conditions
typical of the hottest (coolest) 9 months of the year in the mother’s place of residence.
These typical conditions are calculated based on location-specific averages for 1996-2014

in May (for the hottest 9 months) and November (for the coolest 9 months).

These predicted values are given by:

3
preterm,, = b, + z b{‘heat}‘ + b,Aboriginalstatus + b;motherage
K
+ b, firstpregnancy + Vm, + O

where we substitute the estimated regression coefficients for the ‘b’s and fixed effects,
substitute the child’s actual characteristics for the covariates, and insert location-average

values of heat exposure as ‘heat’.

As an example, consider a female baby, it is her mother’s first pregnancy, she is
Aboriginal, aged between 25-29, and lives in Darwin. She was actually conceived in
January 2001 and born in October 2001. Her predicted risk of preterm birth if she were
instead born in May with the ‘Trimester average’ heat metric would be given by the

following parameters:
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variable Coefficient Value — May birth Value — Nov birth
b 0 -0.323

Heat tril 0.000585 32.22 30.04
Heat tri2 -0.00103 30.66 29.59
Heat tri3 0.00691 30.01 32.11
Aboriginal status 0.0567392 Yes Yes
Mother’s age=25-29 -0.005715 Yes Yes
First pregnancy 0.0047182 Yes Yes

Conception ~ month-year | 0.209
(FE) =Jan 2001
Location-month-sex (FE) | 0.002
= Darwin, January, female
Predicted risk of preterm 0.138 0.153
birth

In this example, a baby born in November actually has a higher risk of preterm birth than
a baby born in May, because this heat metric estimates that it is third trimester heat
exposure which has the largest impact — and average third trimester temperatures are

higher for babies born in November than those born in May.

Note also that the intercept reported here is different from the one in our main results
table — this is because our main estimates are estimated using the ‘areg’ command in
Stata, which does not generate estimates of each fixed effect. For the purposes of this
example, we have re-estimated our model entering the fixed effects terms manually. The

main coefficients are the same in both cases, but the intercept is different.

We generate these predictions for every individual in the sample, then take an average
across all individuals to generate our aggregate predictions. The standard errors we report
are similarly the average of all individual standard prediction errors (‘predict, stdp’ in

Stata).
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Appendix G: Correlations among various weather metrics in

Darwin
Rainfall (ml) Average wet Maximum air Relative
bulb temperature  humidity (%)
temperature
Rainfall (ml) 1.0000
Average wet bulb 0.3180 1.0000
temperature
Maximum air temperature —0.3268 0.2185 1.0000
Relative humidity (%) 0.4782 0.8059 —0.3531 1.0000
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Note: Daily NASA reanalysis data from Darwin, January 2020 to December 2023

150
1

Daily rainfall (ml)
100
|

50
L

T T
20 22

Source: NASA January 2020 to December 2023

T
26

24
Daily average wet bulb temperature

T
28

153

T T T T
28 30 32 34

Daily maximum air temperature

36




Chapter 4: Womb to Classroom: the lasting effects of
prenatal heat exposure on health and cognitive

outcomes

Abstract

Much evidence finds that prenatal exposure to hot weather causes poorer health at birth,
but we know little about longer-term effects on children’s development. In this study, we
investigate the effects of prenatal heat exposure on health and education outcomes in
Australia's Northern Territory for children aged 0-12, using linked administrative data.
We find that prenatal exposure to unusually warm conditions leads to lower school test
scores at ages 8, 10, and 12, and increases the likelihood of hospital admissions in early
childhood. Importantly, we find that these impacts persist even when controlling for
health at birth, and even among children with no health concerns at birth. Our results have
important implications for understanding the consequences of climate change on human

capital formation.
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4.1 Introduction

A large body of evidence shows that exposure to hot weather in utero affects children’s
health at birth (Chersich et al. 2020). A smaller, but growing, body of research suggests
that the effects of heat exposure in utero can persist into adulthood (Brink et al. 2024).
There is evidence from China, for example, that heat exposure in utero can affect physical
growth, resulting in shorter adult height (Hu and Li 2019). There is also evidence from
China and the USA of impacts on cognitive and economic outcomes, with prenatal heat
exposure resulting in lower adult education attainment, and lower earnings (Hu and Li

2019; Isen, Rossin-Slater, and Walker 2017).

Previous research shows that anthropogenetic climate change will make hot and very hot
weather more frequent, both in locations which currently have hot climates, and in
locations with milder climates (e.g. see the latest [PCC climate change synthesis report
(Calvin et al. 2023)). If hot weather experienced in utero leads to poorer health and
cognitive development, and the cohorts of children born in the coming decades will be
more exposed to these conditions, then, without action to prevent these effects, we may

expect population-level reductions in both wellbeing and productivity.

In order to prevent such effects, we must understand more about how they come about.
Two questions are particularly important: first, are the effects of prenatal heat exposure,
beyond its impact on health at birth, evident in childhood? Second, what is the link
between the impact of heat exposure on birth outcomes and on outcomes measured later
in childhood? In this chapter we focus on the first question, and provide suggestive

evidence on the second.

To do this, we analyse the impacts of in utero heat exposure on childhood health and
education outcomes, for children growing up in the Northern Territory (NT) of Australia.
We use longitudinal linked administrative data, which includes hospital admissions and
school test scores for children from birth through to age 12. We isolate the element of
heat exposure in pregnancy that is exogenous: that is, variation within a given location
and time of year. The strengths of this approach to causal identification is discussed by
Dell, Jones and Olken (2014) in their review of research on the impacts or weather on

economic outcomes.
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The NT is an ideal context in which to answer our questions because of its unique
combination of climate and data availability. The NT spans tropical and arid climate
zones, with high average temperatures, and extreme heat in the summer/wet season. This
means that, unlike studies from other, milder climates, where the highest temperatures
analysed are of 32 degrees Celsius (Hu and Li 2019; Isen, Rossin-Slater, and Walker
2017), we can separately estimate the effects of extreme heat conditions that are most

likely to cause heat stress (e.g. temperatures of 35-40 and 40+).

Analysis of the impacts of heat conditions typical of tropical and arid climates is also
inherently important, as these climate zones are home to around half of the world’s
population (Doyle 2023). Unlike other regions with similar climates, the NT has
comprehensive linked administrative data, covering birth outcomes, hospital admissions
and standardised school test scores. This allows us to conduct detailed analysis on
multiple outcomes — and the links between them — which is not possible in most other

regions with similar climates.

We find that in utero heat exposure worsens both health and education outcomes in
childhood. We find suggestive evidence that children exposed to unusually warm
conditions in utero are more likely to be admitted to hospital in early childhood, and
strong evidence that they score lower on standardised tests at ages 8, 10 and 12. These
effects are small relative to other risks, but they are meaningful at the population level,

given that heat exposure is ubiquitous.

We do not find any impact of prenatal heat exposure on total hospital admissions to age
12, but in our exploratory analysis, we find an increase in admissions in early childhood,
which fades after age 3. Effects are largest for exposure to extreme heat — above 40
degrees — in the third trimester of pregnancy. These effects are not explained by any single
condition or diagnosis. Instead, we see an increase in the average number of diagnoses
per admission. We interpret this to mean that health conditions caused by heat exposure
are typically not acute enough to require hospital admission, but may accentuate the risks

children face from other illnesses — making hospital admission more likely.

However, while the impacts on hospital admission fade over time, the impacts on

cognitive outcomes are persistent. We see statistically significant effects on scores for
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reading, writing, grammar, spelling and numeracy, all of similar magnitude, at ages 8, 10

and 12.

Furthermore, our analysis reveals the interactions — or lack thereof — between health and
educational outcomes. We find that it is not the case that children follow a linear pathway
from prenatal heat exposure to poorer health at birth, to poorer health in childhood, to
lower school test scores. Instead, we see impacts of heat exposure on hospital admissions

and school test scores even for children with no health concerns at birth.

This chapter makes two main contributions to our understanding of how prenatal heat

exposure affects children’s development.

First, we add to the evidence base on how children are affected by prenatal heat exposure.
There is a lot of evidence on the impacts of heat exposure on health at birth, and a small
body of evidence on adult outcomes. But there is very little evidence on whether and how
effects may manifest in early and middle childhood. We find effects on health in early
childhood, and on cognitive outcomes through to age 12. Furthermore, we find these
effects in a region with a hot climate; this suggests that standard adaptations like air
conditioning — available in most households in the NT — do not fully attenuate the effects

of heat exposure.?>

Second, our analysis helps shed light on the mechanisms through which heat exposure in
utero affects child development. Importantly, we find that the effects of heat exposure in
utero on childhood health and cognitive outcomes are not explained by its impacts on
health at birth. This lends support to the theories put forward recently, suggesting that
there are many mechanisms through which heat exposure affects fetal development
(Brink et al. 2024; HIGH Horizons and World Health Organization 2024): our findings
suggest that the mechanisms that lead to poorer health at birth appear to be distinct from

those that health and cognitive outcomes later in childhood.

Furthermore, our analysis has practical policy implications for the NT. We find that

current levels of heat exposure during pregnancy are affecting health in early childhood,

35 Data on air conditioning units are based on a survey which does not cover remote Aboriginal
communities (Australian Bureau of Statistics 2014) —availability and use of air conditioning is substantially
lower in Aboriginal communities.
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and school performance. This not only affects children’s wellbeing and life chances, but
also leads to costs to the public schooling and healthcare systems. The effects are small
on average for any individual, but exposure to at least some level of extreme heat in
pregnancy is ubiquitous. Interventions that help to shield pregnant people from heat
exposure, or that provide remedial support in early childhood, could prevent effects of

heat exposure on population health and productivity in current and future birth cohorts.

The remainder of the chapter is structured as follows. In Section 2 we review prior
research on the impacts of heat exposure during pregnancy, and set out potential causal
pathways that may explain how this can affect children’s development. Section 3 provides
some context on the NT, describes the administrative data we use, and defines our
measures and outcomes. In Section 4 we outline the empirical strategy that we use to
estimate the causal effect of heat exposure. Section 5 presents the main results, while
Section 6 presents further analysis on which pathways to long-term impact are best
supported by the data. In Section 7 we discuss the implications of our findings and

conclude.

4.2 Prior evidence and conceptual framework

4.2.1 Evidence on the impacts of heat exposure in pregnancy

Impacts at birth

A large body of evidence tells us that exposure to heat in utero can affect fetal
development (Beltran, Wu, and Laurent 2014; Yunquan Zhang, Yu, and Wang 2017,
Chersich et al. 2020). This results in higher risk of stillbirth and preterm birth, and lower
average birthweight. Heat exposure has also been associated with certain pregnancy
complications like preeclampsia and high blood pressure (Algert et al. 2010; Shashar et
al. 2020; Beltran, Wu, and Laurent 2014).

From a separate body of research, we know that children with poorer health at birth have,
on average, poorer health in childhood, and they perform worse at school than their peers
— though the strength of this association has decreased over time (Goisis, Ozcan, and

Myrskyld 2017; Bharadwaj, Lundborg, and Rooth 2018).
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But does this mean that children exposed to hotter temperatures in utero will face the
same risks as children who have poor health at birth for other reasons? Not necessarily.
Standard measures of health at birth like preterm birth and low birthweight can result
from a wide range of underlying conditions (Romero, Dey, and Fisher 2014). The
mechanisms linking heat exposure to birth outcomes may be different from those linking
other risks to birth outcomes, and this may mean that the long-term consequences will be

different.

Long-term impacts

Brink et al.’s (2024) recent systematic review shows that, of the small number of studies
analysing the long-term effects of prenatal heat exposure, most point to adverse effects.
Studies have analysed impacts on physical health, mental health, and economic outcomes.
For instance, Isen et al. (2017) find that in the USA, each additional hot day in utero or
in the first year of life reduced adult earnings by 0.1%; in Ecuador, Fishman et al. (2019)
find each 1 degree increase in average prenatal temperatures leads to a 0.7%-1.1%
reduction in earnings. In China, Hu and Li (2019) find that an additional day of
temperatures above 29 degrees in pregnancy led to 0.02 fewer years of completed

schooling.

These findings suggest that prenatal heat exposure can have substantial impacts on
people’s lives and wellbeing. This is concerning because, in many parts of the world, at
least some exposure to these levels of heat during the 9 months of pregnancy is
unavoidable. Therefore, while the effects are small on average for any individual, the

implied effects on population health and labour productivity are considerable.

To better understand these risks and how to mitigate them, we need to know how these
effects come about: what are the mechanisms linking prenatal heat exposure to economic
outcomes in adulthood? To answer this, it is helpful to understand whether and how the

effects of prenatal heat exposure manifest in childhood.

The main evidence we have on outcomes measured in childhood is stunting: prenatal heat
exposure has been shown to increase the risk of stunting in China (Ai and Tan 2024; Hu
and Li 2019), Ethiopia (Randell, Gray, and Grace 2020), and across Sub-Saharan Africa
(Bratti, Frimpong, and Russo 2021). Ai and Tan (2023) also show that prenatal heat
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exposure worsens mental health in adolescence. In their review, Brink et al. (2024)
highlight the need for further research into other outcomes that may be affected by
prenatal heat exposure, and the causal pathways leading to these outcomes. In this study,
we help to fill this gap by analysing additional outcomes — childhood hospital admissions
and school test scores — and assessing the evidence for various high-level causal

pathways.

4.2.2 Heat exposure and the fetal origins hypothesis

How could heat exposure in utero affect education attainment and earnings decades later?
At a high level, this evidence fits within the broader body of research showing that the
conditions that children are exposed to before birth can have long-term impacts. This is
referred to as the ‘fetal origins hypothesis’ (as proposed by Barker (1998)), and evidence
shows that a broad range of factors experienced in utero, including pollution, parents’
economic resources, and even the seasonal flu, can have long-term impacts on children’s
development (Almond 2006; Almond, Currie, and Duque 2018; Schwandt 2019; Martin-
Bassols et al. 2024). The consensus is that these occur through epigenetic effects — that
is, certain shocks, when experienced during a critical period in development, affect gene
expression — and this ‘programs’ long-term impacts on children’s development.
Experimental animal studies confirm that prenatal heat exposure can indeed affect gene

expression (e.g. Skibiel et al. (2018) for cattle).

While the fetal origins hypothesis provides a helpful framework, alone it tells us little
about how a given shock — like heat exposure — can cause lower earnings years later. We

face two particular challenges in understanding these mechanisms.

Challenge 1: what does heat exposure do to fetal development?

A first challenge is in articulating what it is about heat exposure in pregnancy that affects
the fetus. There are likely a range of mechanisms at play (Brink et al. 2024), and their
relative importance may vary across contexts. It may be, for instance, that exposure to
extreme temperatures leads to maternal heat stress. This may cause congenital anomalies
(Auger et al. 2017), or could affect fetal development in more subtle ways. It may be that
exposure to moderate heat leads to maternal heat strain (i.e. excess sweating and

redirection of maternal blood flow away from the placenta), which, if experienced over a
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prolonged period, may reduce the flow of nutrients to the fetus (Samuels et al. 2022).
Alternatively, there may be indirect effects: heat exposure may change maternal
behaviours like eating, sleeping, and exercise patterns during pregnancy, which may lead

to epigenetic effects.

We cannot disentangle these channels in our analysis. But understanding that there may
be multiple mechanisms at play, and that they are not necessarily mutually exclusive,

helps to contextualise our analysis.

Challenge 2: what are the longer-term causal pathways?

A second challenge is in understanding the pathway from an early life shock to long-term
outcomes. We consider two distinct sets of outcomes: hospital admissions and school test
scores. The causal pathways linking heat exposure or one or both of these outcomes are
complex, because children’s outcomes are affected not only by the biological effects of
the prenatal exposure itself, but by their parents’ reactions to any early indicators of these

effects (Almond, Currie, and Duque 2018).

Much of the research on the ‘early origins’ of adult human capital focuses on epigenetic
effects, as described above (Almond, Currie, and Duque 2018). Such theories were first
advanced to explain the link between poor nutrition in utero and chronic disease observed
in adulthood (as proposed by Barker (1998)). However, more recent research has shown
that many outcomes, in addition to chronic disease, can be affected (Almond, Currie, and

Duque 2018).

An alternative explanation for how prenatal conditions could cause outcomes in
childhood and adulthood is to consider a chain of events. It may be, for instance, that
prenatal heat exposure affects health at birth, and health at birth affects health in infancy,
and health in infancy affects children’s ability to engage in activities that advance their
cognitive development, and so on. Such patterns are sometimes referred to as
‘developmental cascades’ (Masten and Cicchetti 2010). In the economics literature, we
may similarly think of a prenatal shock affecting the child’s health ‘stock’ at birth and in
early childhood, and that the impact of this initial setback may be self-reinforcing, fitting
with Cunha and Heckman’s (2007) theory of ‘self-productivity’.
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These two explanations are not necessarily mutually exclusive: it may be that both fetal
programming and developmental cascades operate together (Masten and Cicchetti 2010).
In this chapter, we cannot conclusively establish which of these pathways explains the
impacts of heat exposure, though we can provide suggestive evidence. Because we have
linked administrative data including birth records, we can analyse, for instance, whether
any longer-term effects of heat exposure on cognitive outcomes are explained by birth
outcomes, or by health in childhood (consistent with ideas of self-productivity or
developmental cascades). If instead the effects on health and education are independent
of each other, this would be more consistent with epigenetic effects as the primary causal

pathway. We present exploratory analysis on this in Section 6.

4.3 Data

4.3.1 The Northern Territory

The Northern Territory (NT) is one of Australia’s eight states and territories. It is a large
and sparsely populated area, spanning tropical and arid climate zones. Around 60% of
residents in the NT live in the capital city, Darwin, in the tropical north. A further 11%
live in Alice Springs, which is the largest city in the arid southern region of the NT.
Around one-third of NT residents identify as Aboriginal. Most Aboriginal people in the

NT live outside of Darwin, often in remote and very remote communities.

Baseline heat exposure is high in the NT. Most of the time, maximum daily temperatures
are between 25 and 35 degrees, and temperatures about 40 degrees are not the norm, but

are not uncommon (Table 1).

Because of the NT’s hot climate, use of air conditioning is high. In 1999 (just before the
first children in our study cohort were born), 84 percent of households in the NT used air
conditioning in their home (Australian Bureau of Statistics 2008), compared with 35
percent in Australia overall. By 2014, this had increased to 94 percent in the NT
(Australian Bureau of Statistics 2014).3¢

36 However, this survey covers mostly urban areas, and therefore is not representative of residents in remote
Aboriginal communities.
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4.3.2 The linked data

This study uses de-identified administrative data covering all children born in the NT
between 2000 and 2017, linked with small-area daily weather data. These birth records
come from the NT Perinatal Registry, and are linked with public hospital inpatient

admissions and schools’ standardised test scores.?’

Hospital admissions

We have data on children’s inpatient hospital admission in the NT from 2000 to mid-
2017. We use this to construct our main health outcome measure: counts of the number
times each child is admitted to hospital.>® We also count the number of days each child
spends in hospital, and construct an indicator for whether the child was ever admitted to
hospital in the NT —70% of our cohort were admitted at least once by age 12, with an
average of 2 admissions per child and 8.4 days spent in hospital (Table 1).

School test scores

In Australia, the National Assessment Program — Literacy and Numeracy (NAPLAN) test
is administered each year to all children in Years 3 (age 8), 5 (age 10) and 7 (age 12).%

NAPLAN scores are used to benchmark children’s progress against their cohort, and to
benchmark schools’ performance. NAPLAN tests skills that are considered essential to

progressing in school, across 5 domains: reading, writing, grammar, spelling and

37 There is single private hospital in the NT for which we do not hold linked admission data. However there
are few, low acuity, admissions of children to the private hospital. All admissions to the NT’s 5 public
hospitals are included. About 70% of school children attend government schools, for which we have linked
enrolment and attendance data. Test scores data are also linked for most non-government schools, including
Catholic schools — meaning they cover over 90% of children.

38 We exclude the birth admission from our count, as this is covered in a separate indicator: admission to a
special care nursery. We also exclude ‘statistical’ discharges (e.g. when an individual is discharged from
hospital and immediately re-admitted) to avoid double counting a single episode of care. In our count
variables, we top-code number of admissions and days in hospital for children above the 97.5" percentile,
to avoid the influence of extreme outliers.

39 While the test is also administered at age 14 (Year 9), we do not analyse these results as only a small
number of children in our cohort reach age 14 within our period of analysis. Within our analysis data, a
small number of children had multiple records for a single test — e.g. a child who appears in the test records
for the age 8 test in two consecutive years. In most cases, the child withdrew from the test or was absent in
one of the instances, and therefore we take the results from the year they sat the test. Of the small number
of children who sat the test on multiple occasions, we take results from the second sitting.
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numeracy. Raw scores are converted into ‘proficiency bands’, on a scale of 1 to 10.4° In
our main results, we report a simple average of the band scores across all five domains,

though our detailed results show impacts on each domain.

Weather data

We geo-link the mother’s place or residence from the administrative birth records to
NASA’s daily weather reanalysis data, measured at intervals of 0.5x0.625 degrees of
latitude and longitude (roughly 50x55km).

As our main measure of heat exposure, we construct counts of the number of days with
maximum temperatures under 20 degrees, 20 to 29.99 degrees, 30 to 34.99 degrees, and
35 degrees or above. We measure heat exposure in this way because, as Dell, Jones and
Olken (2014) explain, this approach allows for non-linear effects of increased
temperatures. This is particularly important given the possibility of multiple mechanisms
linking heat exposure to development in utero: for instance, maternal heat strain, heat
stress, and behavioural changes in response to heat, may be caused by different levels of

heat exposure (see Chapter 3.4).

We construct these categories for each trimester of pregnancy, as is standard in the
literature on prenatal exposures. We know from prior research that heat exposure’s effects
may differ based on the timing of exposure; for instance, the placenta develops in the first
trimester, and heat exposure in the first trimester may increase the risk of abnormal
development of the placenta leading to complications like pre-eclampsia (Part et al.
2022). In the third trimester, heat exposure has been shown to bring forward labour

(Barreca and Schaller 2019).

Our categories of heat exposure are coarse. We use them to summarise the impacts of
heat exposure across multiple outcome measures. In our detailed results, we analyse more
granular categories of maximum temperature exposure (under 20, 20-24.99, 25-29.99,
30-34.99, 35-39.99, 40 and above) as well as daily minimum temperatures (under 5, 5—
9.99, 10-14.99, 15-19.99, 20-24.99, 25+).

40 These same bands apply across all year levels, but the ‘cutoff” point for meeting the minimum standard
increases with age. In year 3, children scoring 3 or above on the 10 point scale are meeting the national
minimum standard. In year 5, it is 5 or above, in year 7, it is 6 or above, and in year 9, 7 or above.
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Mean SD Min Max N

Health outcomes

Birth weight 2 3272.3 525.8  2160.0 4180.0 23756
Hospital admissions ages 0—2 1.1 1.7 0.0 8.0 23756
Hospital admissions ages 3—7 0.0 0.1 0.0 2.0 23756
Hospital admissions ages 8§—12 0.0 0.3 0.0 7.0 11194
Hospital admissions ages 0—12 2.0 2.5 0.0 12.0 11194
Days in hospital ages 0-2 5.6 11.6 0.0 67.0 23756
Days in hospital ages 0—12 8.4 14.9 0.0 83.0 11194
Any admissions ages 0-2 0.5 0.5 0.0 1.0 23756
Any admissions ages 0—12 0.7 0.5 0.0 1.0 11194
Education outcomes — NAPLAN

test

Average score — year 3 (age 8) 2.8 1.4 1.0 6.0 11681
Average score — year 5 (age 10) 4.5 1.3 3.0 8.0 8013
Average score — year 7 (age 12) 5.5 1.3 4.0 9.0 4068

Heat exposure — 1st trimester

Max under 20° 1.7 6.4 0.0 58.0 23756
Max 20-25° 3.7 9.3 0.0 69.0 23756
Max 25-30° 26.2 22.9 0.0 84.0 23756
Max 30-35° 38.5 23.6 0.0 84.0 23756
Max 35-40° 11.3 17.8 0.0 81.0 23756
Max 40°+ 2.6 7.3 0.0 67.0 23756

Heat exposure — 2nd trimester

Max under 20° 1.5 6.1 0.0 55.0 23756
Max 20-25° 3.6 9.4 0.0 70.0 23756
Max 25-30° 29.2 25.0 0.0 98.0 23756
Max 30-35° 45.8 25.8 0.0 98.0 23756
Max 35-40° 14.4 20.7 0.0 92.0 23756
Max 40°+ 3.5 8.7 0.0 70.0 23756

Heat exposure — 3rd trimester

Max under 20° 1.5 59 0.0 53.0 23756
Max 20-25° 3.3 9.1 0.0 69.0 23756
Max 25-30° 28.1 23.6 0.0 91.0 23756
Max 30-35° 42.6 24.1 0.0 91.0 23756
Max 35-40° 12.4 18.9 0.0 85.0 23756
Max 40°+ 3.1 8.0 0.0 69.0 23756

Table 1: Summary statistics

Source: NASA and Analysis dataset, average outcomes and heat exposure for all babies conceived in the
NT from March 2000 to September 2009.

a: variable is top- and bottom-coded at the 2.5% and 97.5™ percentiles, to reduce the influence of extreme
outliers
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Beyond ambient temperature, the heat a person experiences is also determined by
humidity, as well as other environmental factors. However, in Chapter 3 we find that
empirically in the NT, heat exposure metrics that include humidity have lower
explanatory power. This is consistent with findings from other contexts (Baldwin et al.
2023). We therefore focus on temperature alone as our measure of heat exposure in this

research.

4.3.3 Sample selection

We limit our analysis to children conceived from March 2000 to September 2009.*! This
gives us a cohort for whom all children will be age 7, and will therefore be in school, by
mid-2017 (when our hospital admission data ends). There were 34,259 children born in

this period.

To ensure that our findings are not affected by attrition due to migration out of the NT,
we conduct our analysis only on children who appear at least once in the school records,
meaning that they were present in the NT at birth, and (at least) at school starting age. We
explain the reasons for this in more detail in Appendix A. This reduces our analysis
sample to 25,416. In our analysis on hospital admissions at older ages (ages 8-12), this
falls to 11,194, as only the older children in our cohort reach age 12 by 2017, when our

admissions data ends.

For our analysis of school test scores, our cohort is reduced further, both due to narrower
ranges of data availability and incomplete participation rates. Standardised testing began
in 2008, and therefore the earliest-born children in our cohort were too old to sit the age
8 test by 2008. Data are only available through to 2016, at which point not all children in
our birth cohort will have reached age 8, and even fewer will have reached ages 10 and
12. In total, 11,881 children in our cohort sat the test at age 8, 8,013 sat the test at age 10
and 4,068 sat the test at age 12.

41 We define our cohort based on date of conception instead of date of birth because definitions based on
date of birth will systematically exclude children born preterm at the beginning of the sample, and exclude
those born late at the end of the sample period — this could lead to bias, especially when exposures
contributing to gestational age are seasonal. We determine date of conception by subtracting gestational
age (in weeks) from birthdate.
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The implications of these various windows of data availability and rates of attrition is that
our analysis for different outcomes is based on slightly different populations. We retain
the largest possible cohort for each outcome to maximise our statistical power. An
alternative approach would be to base our analysis on a narrower birth cohort who appear
in all outcomes: we do this as a sensitivity test for the 2,862 children who appear in all
outcomes through to age 12 (Appendix Table A1), and on hospital records for the 11,194
children for whom we have hospital data to age 12 (Appendix Table A2). We find

estimates of similar magnitude to our main results, though with larger standard errors.

4.4 Methods

4.4.1 Causal identification strategy

Our goal in this analysis is to estimate the causal effect of in utero heat exposure on health
and education outcomes. We may find correlations between heat exposure and later
outcomes, but to interpret these correlations as causal effects, we must be confident that

they are not driven by reverse causality or omitted variable bias.

Within our context, we see no risk of reverse causality: it is not plausible, for example,
that school test scores at age 12 could affect a child’s heat exposure in utero. However,
there is a risk of omitted variable bias, as heat exposure may correlate with other

determinants of health and education outcomes. This could come from two sources.

First, it may be due to location. Children in communities that experience higher
temperatures may also face other risks to their health and development. If not controlled
for in our analysis, this may lead us to believe that it is heat exposure affecting children’s
outcomes, when in fact it may be some other factor, such as access to healthcare and fresh
food — or it may be socioeconomic factors leading more disadvantaged families to live in
places with warmer climates. This is particularly important to consider in the NT, with
the majority of Aboriginal families living in remote or very remote communities — many
in central NT (where extreme temperatures are more common), and most non-Aboriginal

residents living in the capital city, Darwin.
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Second, it may be due to the time of year that a child is in utero. Children conceived in
the hottest months of the year will experience the warmest weather in their first trimester,
while those conceived at the end of the summer/wet season could avoid exposure to the
hottest months of the year in utero entirely. At face value, these are precisely the types of
differences we want to measure. However, timing of conception is not entirely random.
As Currie and Schwandt (2013) find in the USA, parents from different demographic
groups may choose to conceive at different times of year. In addition, there are other
seasonal risks that affect the prenatal environment, like economic conditions and the
spread of seasonal diseases (Doyle 2023). For our purposes, if children exposed to hot
weather in utero experience poorer health and education outcomes, we want to isolate the
portion of this association that is because of the heat exposure itself, and not due to other

factors that are seasonally correlated with heat exposure.

To avoid these two sources of omitted variable bias, our causal identification strategy is
to isolate the element of heat exposure that is exogenous to location, seasonal conception
and other seasonal risks: we therefore estimate the impact of weather ‘shocks’. These are
deviations from usual conditions, within a given community and time of year. This
approach, and its strengths in causal identification, is discussed in detail by Dell et al.

(2014).

The basic idea of this identification strategy is that locations each have their own climates,
which determine the distribution of weather conditions experienced in each season. But
temperatures experienced day-to-day within a given month are effectively random draws
from that climate’s distribution. Therefore, an estimation approach that exploits these
day-to-day deviations can estimate the impact of those weather conditions, abstracting

from location and seasonal effects.

4.4.2 Regression models

Health outcomes

We operationalise our estimation strategy with the following regression model:
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3

Hijmy = a + Z(al""maxunderzo + 0¥max30to35 0
K

+ ofmax35plus) + BX; + Vmy + Omij + €itj

Here H;jn,,, represents health outcomes for child i, born to a mother living in location j,
and conceived in month m, year y. In our main analysis, the outcome we focus on is
number of hospital admissions, though our detailed analysis also presents estimates on
days spent in hospital, an indicator of whether ever admitted to hospital, and the number
of admissions for different diagnoses. We also present estimates on birthweight, as a

means of comparing between heat exposure’s impacts at birth and later in childhood.

The heat exposure variables are counts of the number of days within each of the &=3
trimesters, when maximum daily temperatures were under 20 degrees Celsius, between
30 and 34.99 degrees, or 35 degrees and over. The reference category is days with
maximum temperatures between 20 and 29.99 degrees. The coefficients on these

variables, of, oXand o¥ are our main parameters of interest.

In our main results table, we adjust for multiple hypothesis testing. We do this because
we are estimating coefficients on 3 categories of heat exposure (under 20, 30-34.99 and
35+) across three trimesters. This means we are effectively testing 9 hypotheses within
each regression. We are also analysing the same outcomes at different ages. The large
number of hypotheses we are testing makes it more likely that we may, by chance, find
estimates that appear statistically significant, but which are not true effects. To account
for this, we indicate statistical significance in our main results table (Table 2) using
Benjamini, Krieger, and Yekutieli’s (2006) sharpened Q-values, estimated using Stata
code provided by Anderson (2008). These sharpened-Q values account for the false
discovery rate, and can be interpreted as adjusted p-values. We report unadjusted p-values
in our additional analyses because these analyses test distinct hypotheses across varying
subsamples, specifications and outcome measures, making joint false discovery rate

adjustment inappropriate.
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X is a vector of individual-level controls including the mother’s age at birth, an indicator
for whether it is the mother’s first pregnancy, and whether either the child or the mother

is Aboriginal.

Our fixed effects yp,,, and 6,,,;; control for the month-year of conception, and the baby’s
month of conception, sex and location (interacted), respectively. Location is based on the
mother’s place of residence at the time of birth.*? Our use of interacted fixed effects
follows prior studies on this topic, for instance by Cil and Kim (2022), and Isen, Rossin-
Slater and Walker (2017). We interact location fixed effects with month and sex to allow
for different seasonal patterns in birth outcome across locations. This is a particular
concern in the NT because some communities experience regular flooding in the wet
season, which cuts off road access and hence access to fresh food and other supplies: their
experience of the wet season may be very different from towns or communities that do
not flood. Furthermore, as DiPietro and Voegtline (2017) show in their review of sex
differences in early development, different types of exposures may affect male and female
fetuses differently. Flexibly interacting these location- and season-specific unobserved
effects with sex allows for this possibility. We also interact month and year to allow both
for NT-wide month-to-month seasonal differences, and for time trends over the 9 2 years

of birth cohorts.
Standard errors are clustered by location.

Education outcomes

In analysing educational outcomes, we specify our model slightly differently, to allow for
the disadvantages faced by children who are the youngest in their class (e.g. see Pefa
(2017)). Our model already includes fixed effects for month of conception, which should
absorb most of the differences in performance based on relative age within the class.
However, we want to ensure that any effects we find are not driven by remaining

correlations between heat exposure and relative age.

42 We have used cluster analysis to create groups from the suburb, community or locality that the mother
reported in her hospital records. We group these together with maximum distance between each point within
a cluster of 50 miles. We know that families in the NT have relatively high rates of intrastate mobility and
therefore children may move throughout childhood (Su, Guthridge, and He 2023), but this does not impact
our measure of exposure, which is based only on location during pregnancy.
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In the NT, the cutoff for entry into the school year is 1 July; therefore, children born in
April, May and June will be the youngest in their year. They will also have been in utero

during the summer/wet season, when temperatures above 35 degrees are more common.

To address this, we create an indicator ‘Y oungest in year’, for children born in April, May
or June, and interact this with heat exposure of 35 degrees or more; the model is otherwise

the same as in Equation (1).

3

Yijmy = a + Z(a{‘maxunderzo + o¥max30to35
K

+ o¥max35plus )
+ o¥max35plus x YoungestinYear)

+ nYoungestinYear; + fX; + Vmy + Om;j + €itj

In this specification, as in Equation (1), our main coefficients of interest are o, o and
oX. We report of (the interaction terms) in Appendix Table B5, but not in our main

reporting of results.

4.5 Results

Table 2 summarises our estimates of the impact of prenatal heat exposure on birthweight,
hospital admissions in childhood, and school test scores. The table shows estimates and
standard errors, and the asterisks indicate statistical significance after adjusting for

multiple hypothesis testing (see Appendix Table B1 for the sharpened-Q values).

Our main finding is that prenatal heat exposure negatively impacts health and education,
though there are differences in the level and timing of heat exposure that is important for
each outcome. The most precisely estimated effects are for school test scores. In our main
analysis we find no impact on total hospital admissions at ages 0 to 12, though in our
additional analysis, prenatal heat exposure appears to increase admissions in early

childhood, but these effects fade over time.
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Birth N. hospital NAPLAN scores

weight admissions Year 3 Year 5 Year 7
(grams) (age 0-12) (age 8) (age 10) (age 12)
Q)) 2) 3) (4) (5)

15 trimester (reference category: 20-30 degrees)

Max <20° -0.688 -0.004 0.004 0.002 -0.002
(1.453) (0.007) (0.003) (0.002) (0.003)

Max 30°-35° -0.665** 0.002 -0.002%** -0.003*** -0.001
(0.230) (0.002) (0.001) (0.001) (0.001)

Max 35°+ -0.428 0.001 -0.003* -0.005%** -0.000
(0.280) (0.004) (0.001) (0.001) (0.002)

2™ trimester (reference category: 20-30 degrees)

Max <20° 1.608 -0.008 -0.003 0.002 0.002
(1.837) (0.014) (0.003) (0.005) (0.007)

Max 30°-35° -0.213 -0.000 -0.002 -0.001 -0.001
(0.250) (0.002) (0.001) (0.001) (0.002)

Max 35°+ 0.507 -0.001 -0.003 -0.003** -0.004***
(0.280) (0.003) (0.002) (0.001) (0.001)

3 trimester (reference category: 20-30 degrees)

Max <20° 4.800%** -0.009 -0.001 0.007** -0.003
(1.258) (0.012) (0.004) (0.003) (0.006)

Max 30°-35° -0.665 0.004 -0.001** -0.002*** -0.002**
(0.335) (0.002) (0.000) (0.001) (0.001)

Max 35°+ -0.943 0.008 -0.004*** -0.003*** -0.005%**
(0.542) (0.004) (0.001) (0.001) (0.001)

Constant 3,363.215 1.385 3.150 4.907 5.864
(48.046) (0.270) (0.110) (0.092) (0.083)

Demographic

controls Yes Yes Yes Yes Yes

Month-year

FE Yes Yes Yes Yes Yes

Month-loc-sex

FE Yes Yes Yes Yes Yes

Control for

youngest in

class No No Yes Yes Yes

Observations 23,756 11,194 11,681 8,013 4,068

R-sq 0.137 0.369 0.522 0.540 0.552

Table 2: Main regression estimates

Notes: This table shows regression estimates and cluster-robust standard errors in parentheses. *, **
and *** denote Q-statistics for statistical significance at the 1%, 5% and 10% levels, after adjusting for
false detection rate with multiple hypothesis testing. Adjustment is done separately for each set of
outcomes (birthweight, hospital admissions and school test scores). Each column represents a different
regression, with the outcome specified in the first row. Regressions with birth and hospital admission
outcomes are estimated with the model specified in equation (1) while the regressions for the NAPLAN
test scores outcomes are estimated with the model specified in equation (2). As specified in equations
(1) and (2), the regressions also include covariates (mother’s age, Aboriginal status, whether mother’s
first pregnancy), month-year fixed effects and location-month-sex fixed effects (these are absorbed
using the Stata ‘areg’, which affects the intercept but not the coefficients of interest).

172



Through a series of robustness tests, we find that our conclusions are robust to different
ways of specifying fixed effects, different ways of controlling for relative age in class,

and are not driven by a specific cohort or event. These are detailed in Appendix B.

4.5.1 Birthweight

Column 1 of Table 2 shows the impacts of prenatal heat exposure on birthweight. After
adjusting for multiple hypothesis testing, we find that exposure to temperatures of 30—
34.99 degrees in the first trimester (relative to 20-29.99 degrees) reduces birthweight by
around 0.7 grams per day of exposure, on average. In addition, third trimester exposure
to cooler temperatures (days with maximum temperatures under 20 degrees) is beneficial,
increasing birthweight by around 5 grams per day of exposure. There is no statistically

significant impact of any level of exposure in the second trimester.

4.5.2 Hospital admissions

Column 2 of Table 2 show the impact of prenatal heat exposure on total hospital
admissions from age 0 through to age 12. We estimate that children have 0.004 and 0.008
additional admissions from each additional day of hot (30-34.99 degrees) and very hot
(35+) temperatures in the third trimester, respectively. However, these estimates are not
statistically significant after adjusting for multiple hypothesis testing. The estimates of
the impact of exposure in the first and second trimesters are substantially smaller and are

also not statistically significant.

4.5.3 By age and level of exposure

While we do not see any significant impact of heat exposure on total admissions to age
12, we do see some effects early in childhood. Appendix Tables C1 and C2 show
estimates based on more granular bands of heat exposure (daily maximums of under 20,
20-24.99, 25-29.99, 30-34.99, 35-39.99, 40+) and split by age (ages 0-2, 3—7 and 8—
12). We see larger estimates of extreme heat exposure on hospital admissions for young
children (aged 0-2). An additional day with maximum temperatures of 40 degrees or over
in the third trimester increases average admissions at ages 0—2 by 0.01 (Appendix Table
C2). We see no impact of heat exposure in the first or second trimesters, and no impact

of heat exposure on admissions among older children. Therefore, it appears that extreme
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heat increases the risk of hospital admission in early childhood, but these effects fade over

time.*3

Figure 2 presents our estimates for admissions at ages 0—2 with the more granular bands
of heat exposure. It shows a clear pattern: the estimated effect of heat increases with the
level of exposure, with largest estimates for exposure to temperatures of 40 degrees or
above. This pattern comes out more clearly for exposure in the third trimester, and for
days spent in hospital (Figure 2(b)) than on number of admissions (Figure 2(a)). In
addition, exposure to cooler temperatures in the second and third trimesters — of under 20
degrees — reduces days spent in hospital, suggesting that even relatively mild heat (25—

29.99 degrees, our reference category here) may have small adverse effects.
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Figure 2: Estimated impact of heat exposure on hospital admissions — regression
coefficients

Note: This figure shows estimates from regressions of the impact of additional days during each
trimester of pregnancy of temperatures in the indicated range, on number of admissions and
number of days spent in hospital, at ages 0 to 2 (up until the child’s third birthday). This is based
on equation (1) above. Appendix Table C2 presents these estimates.

By diagnosis

We see clearer effects in Figure 2 on days spent in hospital than on number of admissions.
In addition, we do not find any impact of heat exposure on a child’s probability of ever

being admitted to hospital (Appendix Table C2). This may imply that if heat exposure

43 The estimates of each age group do not sum to the 0-12 total because we use a narrower birth cohort for
older age groups, to maximise the sample size. However, we show in Appendix Tables Al and A2 that the
same patterns hold, albeit with less precise estimates, when we limit our analysis to a common sample.
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does affect admissions, it does so through accentuating other conditions — leading to
additional hospital treatment or observation — more so than causing new illnesses require
a child who is otherwise healthy to seek acute care. To explore this further and test
whether there are specific conditions caused by heat exposure, we analyse admissions by

primary diagnosis.

We do not find any single diagnosis type that explains the overall effect on admissions
(see Appendix Table D1). There are statistically significant effects of third trimester heat
exposure on some diagnoses (accidents and ‘factors influencing health status”),** but
these effect sizes are very small. However, we do find that the number of diagnoses per

admission is higher for children exposed to higher temperatures in the third trimester.

Together, these estimates suggest that while heat exposure does not lead to any specific
condition requiring hospitalisation, it may accentuate symptoms from other conditions —
some of which are not themselves caused by heat exposure, and can generally be treated

at home — to become severe enough to require hospital admission.

4.5.3 School test scores

Columns 3 to 5 of Table 2 show the impact of heat exposure on school test scores at ages
8, 10 and 12. We see that children exposed to additional days of 30 degrees and over in
utero have lower scores across all three tests, with larger effects for exposure of 35
degrees and over. Unlike our findings for hospital admissions, we see no additional
impact of exposure to temperatures above 40 degrees, compared with temperatures of 35

or over (see Appendix E).

The estimates shown in Table 2 are averages across 5 domains of the test: reading,
writing, grammar, spelling and numeracy. The effects of heat exposure are statistically

significant, and of similar magnitude, across all five domains (Appendix F).

a4 ‘Chapter Z of ICD-10, titled ‘Factors influencing health status and contact with health services’ contains
admissions for observation, examination and screening, including for suspected concerns that were ruled
out. Some of these admissions may be endogenous — i.e. warm weather around the time of birth may lead
doctors to admit newborns as a precaution when there is no specific diagnosis, and this would be recorded
in Chapter Z. However, we find no impact on ‘Z03.7 Observation and evaluation of newborn for suspected
condition’, suggesting that this is not a driver of admissions.
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In contrast to the pattern of results across hospital admissions, these effects do not fade
over time: the impacts of heat exposure in the third trimester remain of similar magnitude
and statistically significant at the 1% level across all three tests, after adjusting for
multiple hypothesis testing. There are some differences in the timing of exposure (first
trimester exposure has statistically significant impacts on scores at ages 8 and 10, but not
age 12; second trimester exposure affects scores at ages 10 and 12, but not age 8).
However, we do not read anything into these differences, because the coefficients are not
significantly different from each other, in an F-test of equivalence of coefficients across

all trimesters (see Appendix Table BS).

We may be concerned that heat exposure in utero would affect participation in the test.
While all children are expected to sit the test, some children either withdraw, or are absent
—e.g. due to illness. In the NT, around 25 percent of children do not sit the test. If it is the
children most affected by heat exposure who do not attend — and if they did attend they
would score lower than average — then this may mean our results are biased towards zero,
and the true impact of heat exposure may be larger. However, this is not the case:
Appendix G shows estimates of the impact of heat exposure on completing the full test.

Our estimates are close to zero across all three tests.

4.5.4 Heterogeneous effects

The NT is a large geographical area, spanning tropical and arid climate zones, and with a
large Aboriginal population. We next test whether the aggregate effects we find are

evident across both climate zones, and among Aboriginal and non-Aboriginal children.

Table 3 shows that the impact of heat exposure is greater for non-Aboriginal children than
for Aboriginal children, and for children living in arid climate zones, compared with those

living in the tropical north of the NT (Table 3).

At face value, the smaller relative impact of heat exposure for Aboriginal children may
suggest that Aboriginal children are less affected by heat exposure than non-Aboriginal
children. This fits with findings from Quilty et al. (2023), which suggest that Aboriginal
peoples in the NT maintain social and cultural practices that make them more resilient to
heat exposure. But there could be two additional explanations. First, there is greater

diversity among Aboriginal peoples, in terms of heat exposure, adaptations and
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community characteristics. This may mean that heat exposure affects different
populations in different ways, and we do not find a clear aggregate effect across all
Aboriginal children. Second, there are more complex drivers of poor outcomes for
Aboriginal children, including the additional burdens of food insecurity, poor housing,
poverty, and lower levels of health and education literacy. Heat is one of many challenges
contributing to these poor outcomes, whereas for non-Aboriginal children, heat may have
a more isolated and singular influence. Note that this second explanation stands in
contrast with the idea, outlined for instance by Aquino, Brand and Torche (2022), that
children already facing socioeconomic disadvantage are less resilient to disruptive events,
and hence may be expected to experience larger effects; we cannot disentangle these
competing explanations in our analysis, though doing so would be a valuable avenue for

further research.

Turning to differences by climate, we find that the effect of heat exposure is greater for
children born in arid climate zones. For hospital admissions at ages 0-2, it appears that
the effect of third trimester exposure that we find in the full population (as shown in Table
2) is almost entirely driven by children in arid climate zones; we see very little impact of
third trimester heat exposure for children born in tropical climates. We do, however, see
some impacts of milder heat exposure in the tropical climate zone in the first and second
trimesters. For school test scores, the impacts of heat exposure are more precisely
estimated for children born in tropical climate zones, but are larger for children born in

arid climate zones.

In sum, we see some differences across groups in terms of the level and timing of heat
exposure that affects them, and the magnitudes of these effects. But all groups —
Aboriginal or not, living in tropical or arid climates — appear to experience some effects
of prenatal heat exposure on both health and cognitive outcomes. These heterogeneous
effects highlight the difficulty in pinpointing a specific period at which heat exposure is
most risky. They make us more cautious in our interpretation of the apparently larger
impact of third trimester exposure in the full population: exposure in the second and third

trimesters may be equally, or more, important in some groups.
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Number of admissions ages 0-2 School test scores age 8

Non- Non-
Tropical Arid Aboriginal Aboriginal Tropical Arid Aboriginal  Aboriginal
15 trimester (reference category: 20-30 degrees)
0.112 -0.003 -0.002 -0.010%** -0.001 -0.000 0.005 0.003
Max <20° (0.093) (0.007) (0.007) (0.001) (0.069) (0.009) (0.004) (0.002)
0.002** -0.001 0.001 0.002** -0.002%** -0.007 -0.002 -0.003***
Max 30°-35° (0.001) (0.006) (0.002) (0.001) (0.001) (0.005) (0.001) (0.001)
0.001 0.020%** 0.001 0.002** -0.004*** -0.010* -0.002 -0.002
Max 35°+ (0.001) (0.006) (0.005) (0.001) (0.001) (0.005) (0.001) (0.002)
2™ trimester (reference category: 20-30 degrees)
-0.246* 0.007 -0.009 -0.012%** -0.090 -0.006 -0.008 0.005
Max <20° (0.128) (0.009) (0.010) (0.003) (0.064) (0.010) (0.005) (0.005)
0.002 0.001 -0.002 0.001 -0.001 -0.008* -0.000 -0.004*
Max 30°-35° (0.001) (0.007) (0.002) (0.001) (0.002) (0.005) (0.001) (0.002)
-0.000 0.000 -0.004 -0.000 -0.003* 0.002 0.001 -0.006***
Max 35°+ (0.001) (0.005) (0.002) (0.001) (0.002) (0.004) (0.001) (0.002)
3 trimester (reference category: 20-30 degrees)
0.101 -0.007 0.001 -0.010%** 0.071 0.003 0.000 0.004*
Max <20° (0.094) (0.008) (0.005) (0.001) (0.100) (0.006) (0.003) (0.003)
0.001 0.001 0.002 0.001* -0.000 -0.001 -0.002%* -0.001*
Max 30°-35° (0.001) (0.006) (0.002) (0.001) (0.000) (0.004) (0.001) (0.000)
0.001 0.010%** 0.005* 0.001* -0.003*** -0.005* -0.003*** -0.003**
Max 35°+ (0.001) (0.005) (0.003) (0.001) (0.001) (0.002) (0.001) (0.001)
Const. 0.647*** 0.621 1.835%** 0.640%** 3.025%** 3.943%%* 1.783%*** 3.308***
(0.083) (0.487) (0.179) (0.191) (0.063) (0.542) (0.077) (0.086)
N 18,285 5,593 12,035 11,721 9,266 2,366 5,677 6,004
R-sq 0.210 0.317 0.243 0.076 0.498 0.638 0.423 0.166

Table 3 — Regression estimates — heterogeneity analysis

Notes: This table shows regression estimates and cluster-robust standard errors in parentheses, separately for Aboriginal and non-Aboriginal children, and children born in
tropical vs arid climates. Regressions are estimated with the model specified in equation (1) for health outcomes and equation (2) for NAPLAN outcomes. As specified in
equations (1) and (2), the regressions also include covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects and location-
month-sex fixed effects (these are absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients of interest).
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4.6 Causal pathways

As noted in Section 2, if the impacts of heat exposure on health and cognitive outcomes
are the result of epigenetic effects (often referred to as fetal programming), then it may
be that heat exposure has direct effects on brain development and hence may affect
cognitive outcomes independently of any impacts on health. An alternative explanation
is that there are ‘developmental cascades’ through which prenatal heat exposure causes
poor health in early life, and this poor health is part of the causal chain affecting cognitive

development.

If the latter is true, we would expect health at birth to be either an intermediary cause or
an early symptom of long-term impacts of heat exposure. This would mean that when we
re-estimate our regressions controlling for indicators of perinatal health, the treatment
effects should fall dramatically. And similarly, if poorer health in childhood hampers
cognitive development, then our estimated effect of heat exposure on school test scores

should be much smaller when we control for hospital admissions in childhood.

To test these pathways, we rerun our regressions controlling for these early indicators of
health (Appendix Tables H2 and H3). On hospital admissions, we find that when we
control for indicators of health at birth (gestational age, birthweight and Apgar scores)
our estimates are little changed, though separately, birth outcomes are highly statistically
significant in predicting admissions. For instance, the estimated impact of additional days
of 35+ degrees in the third trimester reduces from 0.004 to 0.003. Similarly, we find very
little change in our estimated treatment effects if instead of (or as well as) health at birth,

we control for obstetric and labour complications and admission to a special care nursery.

On school test scores, our estimates are unchanged when we control health at birth,
obstetric and labour complications. In addition, while hospital admissions in childhood
are strongly predictive of school test scores, controlling for them does little to attenuate

the impact of heat exposure on test scores.

An alternative approach is to analyse who is affected by heat exposure: are effects of heat
exposure experienced by children with poor health at birth, by children who are otherwise
healthy at birth, or both groups? To do this, we rerun our analysis only on children with

no health concerns at birth. We find that, across both sets of outcomes, there are some
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groups for whom effects of prenatal heat exposure are smaller and not statistically
significant. But these are different groups for each outcome: children with no health
concerns at birth experience smaller impacts on hospital admissions (Table H4) but heat
exposure still impacts their school test scores (Table HS5); conversely, children with no
obstetric or labour complications experience no statistically significant effects of heat
exposure on school test scores (Tabel H5), but heat exposure still affects their hospital
admissions (Table H4). Our interpretation of these estimates is that poor early life health
may accentuate the effects of heat exposure on cognitive development (i.e. act as an effect
moderator), but this is not the sole pathway. Children with and without poor health at
birth can be affected.

An additional possibility is that there are specific health conditions caused by heat
exposure which themselves set off an unfavourable ‘developmental cascade’. Auger et al.
(2017) find for instance, that heat exposure is associated with some congenital conditions.
As discussed above, we did not find any specific primary diagnosis driving hospital
admissions. In Appendix Table H1, we further test for a link between prenatal heat
exposure and diagnosis for any congenital condition. We find precise zero effects. While
this is not conclusive evidence that heat exposure does not lead to congenital conditions
(as these conditions may not require hospital admission), it confirms that the effects we

find on hospital admissions in the NT are not the result of congenital conditions.

Taken together, this additional analysis suggests that it is unlikely heat exposure affects
health in childhood through its impacts on birth outcomes, nor that heat exposure affects
school test scores through its impacts on acute health conditions in childhood. The fact
that treatment effects are smaller for groups with better health at birth suggests that
developmental cascades may play a role. But even children with no apparent health
conditions at birth experience some effects of heat exposure on their health, their
cognitive outcome, or both. It is likely that heat exposure also has epigenetic effect,

directly affecting cognitive development.
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4.7 Discussion and conclusion

We have estimated the impact of heat exposure in utero on children’s health and education
outcomes from birth through to age 12. We first confirm that in our population, as in
many other studies, we find impacts of prenatal heat exposure on birth outcomes:
additional hot days in pregnancy (maximum above 30 degrees) reduce average
birthweight, and additional cooler days (maximum below 20 degrees) increase
birthweight. We then turn to outcomes in childhood: we find that additional days of
exposure to temperatures above 30 degrees Celsius appear to impair cognitive
development, reflected in lower school test scores at ages 8, 10 and 12, across all domains
tested (reading, writing, spelling, grammar and numeracy). We also find that while
prenatal heat exposure does not affect total hospital admissions at ages 0-12, it does
increase admissions at ages 0-2, with effects largest for prenatal exposure to extreme heat

of 40 degrees or higher.

The timing of heat exposure that matters depends on the outcome: while third trimester
exposure appears to have the greatest effect on hospital admissions, exposure in all
trimesters affects school test scores. These patterns vary somewhat within subsamples, so
we cannot draw any strong conclusions around the timing of exposure that has the greatest

impact.

We do not find any specific diagnoses that explain the impact of prenatal heat exposure
on hospital admissions. We interpret this to mean that the effect of heat exposure is not
driven by any specific condition that requires acute treatment in hospital. Instead, it may
be that heat exposure leads to more minor health concerns which do not usually require
hospitalisation, but which may act as complicating factors when children fall ill for other
reasons, making them more likely to be hospitalised. For children aged 3 and above, for
whom hospitalisation is a rare event (see Table 1), we see no clear impact of heat exposure
on admissions. Our findings do not necessarily mean that the impacts of heat exposure on
health disappear from age 3, just that they do not show up in acute conditions requiring
hospitalisation. Further research, in settings where primary care data are available, may

be able to detect or rule out impacts on less acute health conditions.

The pattern of effects we see sheds new light on how heat exposure in utero affects
children’s development. Many studies find that prenatal heat exposure leads to poorer

181



birth outcomes and speculate that this implies higher risks to long-term health and social
outcomes. We find that while heat exposure in utero does affect longer-term health and
education outcomes, this is not because of poorer health at birth. Health at birth explains,
at best, a small share of the impacts of heat exposure on childhood health and education
outcomes. Furthermore, even children who appear healthy at birth, whose mothers
experienced no complications during pregnancy or labour, and who did not have health
concerns at birth leading to admission to a special care nursery, are affected in childhood
by prenatal heat exposure. It therefore appears that the impacts of prenatal heat exposure
on birth outcomes, health in early childhood and cognitive development through to age

12 are, at least to some extent, independent of each other.

This finding is important for the way we interpret future research. Clearly birth outcomes
are a more immediate, and more easily measured, outcome than cognitive development
at age 12. If birth outcomes were a reliable early indicator of the later life impacts of in
utero heat exposure, this would be very helpful. But our analysis suggests this is not the
case. This has two implications: first, if we observe no impacts of prenatal heat exposure
on birth outcomes in a given context, this does not mean that there will be no longer-term
impacts on children’s development. Second, children with poor health at birth may be at
greater risk of poorer cognitive outcomes due to heat exposure than other children, but

other children are also at risk.

The fact that we find precise and persistent effects of heat exposure in the NT is
interesting, because the NT has a warm baseline climate and widespread availability of
air-conditioning; indeed, we see the largest effects among non-Aboriginal population,
who are most likely to live in urban areas where access to air-conditioning is almost
universal (Australian Bureau of Statistics 2014). Our findings stand in contrast with
suggestions in past research by Isen et al. (2017) and Ai & Tan (2023) that the effects of
in utero heat exposure may disappear with the increased uptake of air conditioning. This
is a puzzle: it may be that many households in the NT do not regularly use air
conditioning, even though it is available, or that they use it, but not as frequently as would
be required to shield them from the adverse effects of heat exposure. The fact that we find
impacts of heat exposure even among this population suggests that the impacts of heat
exposure in other contexts where air-conditioning is less readily available, may be even

larger.
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The magnitudes of our estimates are small. However, the unit of treatment is also small —
it is just one unusually hot day within 9 months of pregnancy, in a region where it is
already hot most of the time. On average, babies in the NT experience 15 days above 35
degrees in the third trimester, with a standard deviation of 24 days. A standard deviation
increase in the number of days with maximum temperatures of 35+ days would therefore
imply 0.1 additional hospital admission at ages 0—2 — a 9.4% increase on baseline — and

a 0.01 point reduction in school test scores at age 8 —a 3.5% decrease on baseline.

As we are unaware of any other studies that have analysed the impacts of prenatal heat
exposure on school test scores in childhood, it is difficult to put these estimates into

context. However, we make two broad comparisons.

First, we may consider the lasting impacts of prenatal heat exposure relative to other early
life interventions. For example, Doyle (2024) estimates that a parenting intervention
targeted at disadvantaged families in early childhood increased children’s school test
scores at age 9 by between 0.3 and 0.54 SDs. Chyn et al. (2021) find that intensive hospital
care for very low birthweight children increased their school test scores to middle school
by 0.34 SDs. Our estimates are orders of magnitude smaller: the impact we estimate of
an additional day with maximum temperatures of 30-34.99 and 35+ degrees in the third
trimester corresponds to a 0.0016 and 0.004 SD reduction in school test scores at age 12,
respectively. This makes sense: these are intensive interventions targeted towards specific
at-risk groups. In contrast, we estimate the impact of a single day of additional heat

exposure within the 270 days of pregnancy.

Second, we may compare the impact of heat exposure in utero to heat exposure later in
life (see Appendix I for comparison table). Our estimates are broadly similar to studies of
how heat exposure in the lead up to the test day affects school test scores, which reflect
learning loss due to heat exposure during class or study time — these are reviewed by
Venegas Marin, Schwarz and Sabarwal (2024). For instance, our estimates are close to
Cho’s (2017) from South Korea, on the impact of additional hot days in the prior summer,
on college entrance test scores a few months later (0.0064 to 0.0042 SDs). Our estimates
are 2 to 6 times larger than estimates found by Park et al. (2020; 2021) of the impact of
additional hot days in the prior year on high school test scores in the USA. They are,
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however, substantially smaller than Park’s (2022) estimates of the impact of temperatures

above 32 degrees during exam periods (0.13SDs).

In sum, the impacts we find on school test scores are of similar magnitude to the impacts
of learning loss due to heat exposure within the year of the test. But importantly, in hot
climates like that of the NT, they likely occur in addition to contemporaneous impacts of
heat exposure on learning. Another difference is that, although students may be able to
catch up on lost learning at school, our estimates suggest persistent effects of prenatal
heat exposure from ages 8 to 12. While these effects are small, the exposure affects
everyone, and in a hot climate, most children are exposed to substantially more than one
hot day in pregnancy. Our estimates imply that a standard deviation in exposure to
maximum temperatures of 35+ in the third trimester (24 days) could reduce age 12 school
test scores by 0.096 SDs — roughly 30% of the effect sizes of the more intensive

interventions described above.

Our analysis raises new questions for further research. First, our findings raise questions
around strategies to prevent long-term effects of heat exposure: given that we find
persistent effects of heat exposure at ages 8, 10 and 12, it is possible that these effects
would be evident earlier. Our analysis of these age groups reflects the way cognitive skills
are measured institutionally in Australia. But there may be early predictors of cognitive
development, at or before school starting age, with which affected children could be
identified and targeted for early intervention. Additional data would be required to
analyse this. Second, our analysis raises questions on the biological mechanisms behind
these impacts. Are there different types of heat exposure, or different mechanisms — in
terms of heat stress, heat strain or maternal behavioural responses to heat — that are driving
these different channels? And are there increasing or decreasing marginal effects of
additional days of extreme heat? Learning more about how these effects come about will
be important to predict which outcomes are likely in other contexts, and which
preventative measures would be most effective. Third, on whether there is any interaction
between the impacts of prenatal heat exposure and heat exposure later in life: is it the case
that prenatal heat exposure helps children ‘adapt’ to their warmer environment, making
them less affected by heat exposure in childhood —i.e. a version of the ‘thrifty phenotype’
hypothesis (Barker 1998)? Or are children exposed to heat in utero more affected by heat
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exposure on or around the test day? Future research could test for these effects, jointly

analysing prenatal heat exposure and heat exposure around the time of the test.

Heat exposure, and in particular exposure to extreme levels of heat, is likely to continue
to increase due to climate change. This will be the case in hot climates like the NT —
where there will be even more days with extreme temperatures (CSIRO and Bureau of
Meteorology 2022). It will also mean that extreme temperatures will become more
frequent in locations where they are currently very rare. It will be increasingly important
to both minimise the risk of adverse long-term outcomes by protecting pregnant people
from heat exposure, and to find ways to identify which children are at highest risk of poor
outcomes, and design interventions to help them catch up to their peers. Policies and
actions to limit anthropogenic climate change would, of course, prevent some of these

impacts on population health and productivity.
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Appendix A: Sample selection and sensitivity

A key issue with using the presence or absence of interactions with the healthcare system
as an outcome measure is dealing with attrition. There are three possible reasons that
children may not appear in the admissions data: first, because they are healthy, and never
required a hospital admission — this is what we want to measure. Second, because the
child has moved out of the NT. Third, because they have died. We do not observe which
children have moved interstate, or died, so we cannot distinguish between these three

possibilities.

It is possible that some children may die as a result of heat exposure, leading to differential
attrition in our population. However, even in remote locations where child mortality is
higher than the national average, the all-cause child mortality rate is 25 deaths per 100,000
children (Australian Institute of Health and Welfare 2022). Therefore, any bias is likely

to be very small.

We would not necessarily expect migration to cause differential attrition based on heat
exposure in utero: it is difficult to imagine how marginally more or fewer hot days during
pregnancy would lead families to leave the NT, relative to others experiencing the same
weather conditions before or after pregnancy. We are therefore not concerned about
differential attrition. Nonetheless, attrition due to migration is a concern because we
analyse hospital admissions over several years. We would expect the number of families
who have migrated out of a given birth cohort to increase as time passes, meaning that
our statistical power to detect an effect, if one exists, decreases as our cohort ages.
Outward migration rates from the NT are high — for instance, in 2001, around 8 percent
of the resident population moved out of the NT, with slightly higher rates for families
with young children (Australian Bureau of Statistics 2021). If our estimate of the impact
of heat exposure on the number of hospital admissions loses statistical significance as
children age, we want to know that this is because the causal effects of heat exposure fade

over time, and not the result of a loss of statistical power due to migration.

To ensure that our findings are not affected by this attrition, we conduct our analysis only
on children who appear at least once in the school records, meaning that they were present
in the NT at birth, and (at least) at school starting age. This reduces our analysis sample
to 25,416. In our analysis on hospital admissions at older ages (ages 8-12), this falls to
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11,194, as only the older children in our cohort reach age 12 by 2017, when our

admissions data ends.

Outward migration during childhood means that the sample we study is not fully
representative of the NT population. We may expect a ‘healthy worker effect’, wherein
children in families who migrate out of the NT after a child is born (and hence fall out of
our sample) and children in families who migrate into the NT after the child is born (and
hence were never in our sample) may be healthier. In addition, because migration rates
are higher among non-Aboriginal than Aboriginal families, Aboriginal children will be
over-represented in our sample.*> This does not bias our estimates; we show in Appendix
E that there is no evidence that prenatal heat exposure affects selection into our analysis
sample. However, it does mean that we do not have a full picture of the impacts of heat
exposure on children in migrating families, for whom the impacts of heat exposure may

be different.

45 Aboriginal children make up around 40% of births in the NT, but 50% of our analysis cohort.
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Number of hospital admissions NAPLAN scores
Birth Age Ages Ages Ages Year 3 Year 5 Year 7
weight (g) 0Oto2 3to7 8to 12 0to12 (age 8) (age 10) (age 12)

1% trimester (reference
category: 20-30 degrees)

Max <20°  -0.246 0.006  0.008%**  -0.005***  0.007 -0.006**  -0.003 -0.002
(2.927) (0.013)  (0.003) (0.001) (0.019) (0.003) (0.005) (0.003)

Max 30°-

35° -3.845%%% 0.003 -0.004**  0.000 0.001 0.001 -0.001 -0.002
(1.412) (0.004)  (0.002) (0.000) (0.005) (0.001) (0.001) (0.002)

Max 35°+  -2.061 0.004  -0.005%**  0.000 0.003 -0.001 -0.004 0.000
(1.828) (0.005)  (0.002) (0.000) (0.007) (0.004) (0.004) (0.003)

2" trimester (reference
category: 20-30 degrees)

20.994%*

Max <20°  * 20.008  0.007%**  -0.010%**  -0.051 -0.022%%% 0,002 -0.010%*
(7.862) (0.012)  (0.002) (0.003) (0.053) (0.005) (0.005) (0.004)

Max 30°-

35° 1.036 20.001  0.001 -0.001 -0.002 -0.004%%%  _0,004%%*  -0,003%*
(1.470) (0.003)  (0.001) (0.001) (0.005) (0.001) (0.001) (0.001)

Max 35°+  2.296* 20.004  0.004**  -0.001 0.000 20.007%%  -0.006%**  -0.007***
(1.206) (0.006)  (0.002) (0.002) (0.007) (0.003) (0.002) (0.002)

3t trimester (reference
category: 20-30 degrees)

21.022%*

Max <20° * -0.007 0.018*** -0.002 0.026 0.006 -0.001 -0.009
(3.237) (0.011) (0.002) (0.001) (0.022) (0.009) (0.010) (0.007)

Max 30°-

35° -0.992** 0.002 -0.001 -0.000 0.002 -0.000 -0.001 -0.002
(0.382) (0.003) (0.001) (0.000) (0.003) (0.001) (0.001) (0.001)

Max 35°+ -3.073* 0.006 -0.001 0.000 0.007 -0.005***  -0.004** -0.005%**
(1.609) (0.007) (0.001) (0.001) (0.009) (0.002) (0.002) (0.002)

Constant 3,370.526%**  (0.646*%*  (0.229** 0.066 1.282%%* 2.996%*** 4.853%** 5.995%%*
(118.511) (0.277) (0.102) (0.101) (0.488) (0.120) (0.111) (0.109)

Demographi

¢ controls Yes Yes Yes Yes Yes Yes Yes Yes

Month-year

FE Yes Yes Yes Yes Yes Yes Yes Yes

Month-

community-

sex FE Yes Yes Yes Yes Yes Yes Yes Yes

Interact 35+

with

indicator for

youngest in

class No No No No No Yes Yes Yes

N 2,862 2,862 2,862 2,862 2,862 2,862 2,862 2,862

R-sq 0.263 0.467 0.209 0.187 0.457 0.495 0.523 0.520

Table Al: Regression estimates for full common cohort
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Number of admissions - cohort to

Number of admissions - cohort to

age 7 age 12

Ages 0-2  Ages3-7  Ages0-7 Ages 0-2  Ages 3-7 Ages 0-7

1** trimester (reference category: 20-

30 degrees)

Max <20° -0.006 0.002%**  -0.007 -0.005 -0.000 -0.006
(0.004) (0.001) (0.006) (0.005) (0.001) (0.007)

Max 30°-35° 0.001 -0.001* -0.000 0.001 -0.001 0.001
(0.001) (0.000) (0.001) (0.001) (0.001) (0.002)

Max 35°+ 0.001 -0.001* 0.001 0.001 -0.001* 0.000
(0.002) (0.000) (0.003) (0.002) (0.001) (0.003)

2" trimester (reference category: 20-

30 degrees)

Max <20° -0.011* -0.002 -0.010 -0.018 0.008** -0.012
(0.007) (0.001) (0.009) (0.011) (0.003) (0.013)

Max 30°-35° -0.001 0.001 -0.001 0.000 0.001 *** 0.000
(0.001) (0.000) (0.002) (0.001) (0.000) (0.002)

Max 35°+ -0.002 0.001** -0.001 -0.002 0.002%** -0.001
(0.002) (0.000) (0.003) (0.002) (0.001) (0.003)

3" trimester (reference category: 20-

30 degrees)

Max <20° -0.003 0.001 0.001 -0.016* 0.004 -0.015
(0.003) (0.001) (0.005) (0.008) (0.002) (0.010)

Max 30°-35° 0.002%* -0.000**  0.003*** 0.003** -0.001* 0.003*
(0.001) (0.000) (0.001) (0.001) (0.001) (0.002)

Max 35°+ 0.004** -0.001**  0.006*** 0.006* -0.002***  0.007*
(0.002) (0.000) (0.002) (0.003) (0.001) (0.004)

Constant 0.815%**  (.143*** ] 170%*** 0.820%**  (.179%** 1.153%**
(0.143) (0.022) (0.245) (0.128) (0.024) (0.162)

Demographic controls Yes Yes Yes Yes Yes Yes

Month-year FE Yes Yes Yes Yes Yes Yes

Month-community-sex

FE Yes Yes Yes Yes Yes Yes

Interact 35+ with

indicator for youngest in

class No No No No No No

Observations 23,756 23,756 23,756 11,194 11,194 11,194

R-sq 0.282 0.064 0.291 0.354 0.116 0.355

Table A2: Regression estimates for common admissions cohort
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Appendix B: Robustness tests

We conduct four sets of robustness tests.

First, Appendix Table B1 presents unadjusted p-values alongside the sharpened-Q values (our
adjustment for multiple hypothesis testing), which we use to indicate statistical significance in

our main results (Table 2).

Second, we test the impact of changes to the way that we specify fixed effects (Appendix
Tables B2 and B3). Our benchmark model uses fixed effects for the month-year that the child
is conceived, and their month of conception, community and sex (interacted). If we instead
specify the location fixed effects as month-community, or simply as community (not interacted
with month or sex), our estimate are little changed. In the latter, our estimate of the impact of
temperatures of 35 degrees on admissions becomes smaller and loses statistical significance —
though this is only the case in our simple reporting of heat exposure — in our more detailed
breakdown with a category for 40+ degrees, our estimates match our benchmark model
(Appendix Table B4). We see very little impact of these different fixed effects specifications

on our estimates on school test scores (Appendix Table B3).

Third, we test alternative approaches to accounting for relative age in class for our school test
score outcomes. The first column in Appendix Table BS shows our benchmark model, in which
we interact exposure to temperatures above 35 degrees with an indicator for whether the child
is in the youngest quarter of their year group. The interaction term is statistically significant for
exposure in the first trimester, showing that the youngest children in the class experience a
particularly large effect of exposure to temperatures of 35 and over in the first trimester.
Columns 2 and 3 shows our estimates if we do not control for relative age in class at all, or
when we include the dummy variable ‘youngest in class’ as a covariate but do not interact it
with heat exposure. In both cases, we see a larger estimated effect of exposure to temperatures
of 35+ in the first trimester, but no other differences. Column 4 shows estimates where we
control for month of birth (given that birthday affects position in year more directly than month
of conception, which is in our baseline model), and Column 5 omits the ‘youngest in year’
children from analysis entirely. In all cases, the magnitudes of our estimates vary, but they

remain statistically significant at the 5% level or higher.
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Fourth, to ensure that our estimates are not unduly influenced by a single test year, birth cohort,
or unrelated events, we rerun our benchmark model sequentially omitting each year of data, for
both hospital admissions and school test scores at age 8. Appendix Tables B6 and B7 shows
that our estimates are similar across all subsamples, which suggests our conclusions are not

driven by a single event or cohort.

In addition to these robustness tests, Appendix Table B8 reports results on a test of the

equivalence of each level of heat exposure across all three trimesters of pregnancy.

N. hospital NAPLAN scores
Birth weight admissions Year 3 Year 5 Year 7
(grams) age 0-12 (age 8) (age 10) (age 12)
) 2 3 “4) &)

15 trimester (reference category: 20-30 degrees)

Max <20° -0.688 -0.004 0.004 0.002 -0.002
P-value 0.638 0.539 0.192 0.195 0.589
Sharpened-Q 0.271 1 0.209 0.209 0.498

Max 30°-35° -0.665%* 0.002 -0.002%**  -0.003%** -0.001
P-value 0.005 0.479 <0.001 <0.001 0.329
Sharpened-Q 0.02 1 0.001 0.001 0.315

Max 35°+ -0.428 0.001 -0.003* -0.005%** -0.000
P-value 0.129 0.774 0.0427 <0.001 0.740
Sharpened-Q 0.178 1 0.06 0.001 0.498

2™ trimester (reference category: 20-30 degrees)

Max <20° 1.608 -0.008 -0.003 0.002 0.002
P-value 0.379 0.571 0.342 0.720 0.746
Sharpened-Q 0.24 1 0.315 0.498 0.498

Max 30°-35° -0.213 -0.000 -0.002 -0.001 -0.001
P-value 0.401 0.929 0.229 0.306 0.409
Sharpened-Q 0.24 1 0.233 0.313 0.375

Max 35°+ 0.507 -0.001 -0.003 -0.003** -0.004***
P-value 0.073 0.866 0.149 0.027 <0.001
Sharpened-Q 0.137 1 0.176 0.042 0.005

3 trimester (reference category: 20-30 degrees)

Max <20° 4.800%** -0.009 -0.001 0.007** -0.003
P-value <0.001 0.445 0.810 0.025 0.587
Sharpened-Q 0.003 1 0.498 0.042 0.498

Max 30°-35° -0.665 0.004 -0.001%*  -0.002%** -0.002%%*
P-value 0.0505 0.418 0.015 0.003 0.010
Sharpened-Q 0.134 1 0.029 0.009 0.023

Max 35°+ -0.943 0.008 -0.004***  -0.003***  -0.005%***
P-value 0.0857 0.066 <0.001 0.001 <0.001
Sharpened-Q 0.137 1 0.001 0.005 0.001

Constant 3,363.215 1.385 3.150 4.907 5.864

Table B1: Regression estimates, p-values and sharpened-Q values for main results table
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Admission ages 0-2

() @) () ) )

1 trimester (reference category: 20-30

degrees)

Max <20° -0.005 -0.007* -0.004 -0.007* -0.007
(0.004) (0.004) (0.003) (0.004) (0.004)

Max 30°-35° 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001)

Max 35°+ 0.001 0.002 0.002 0.002 0.002
(0.002) (0.002) (0.001) (0.002) (0.002)

2" trimester (reference category: 20-30

degrees)

Max <20° -0.011* -0.011*  -0.009**  -0.011* -0.012*
(0.007) (0.006) (0.004) (0.006) (0.007)

Max 30°-35° -0.001 -0.001 0.000 -0.000 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001)

Max 35°+ -0.002 -0.002 0.000 -0.002 -0.002
(0.002) (0.002) (0.001) (0.002) (0.002)

3" trimester (reference category: 20-30

degrees)

Max <20° -0.003 -0.004 -0.004 -0.003 -0.002
(0.003) (0.003) (0.003) (0.003) (0.003)

Max 30°-35° 0.002%* 0.002%* 0.002%* 0.002%* 0.002%*
(0.001) (0.001) (0.001) (0.001) (0.001)

Max 35°+ 0.004** 0.004** 0.002 0.003** 0.003***
(0.002) (0.002) (0.001) (0.002) (0.001)

Constant 0.804%**  (0.693%**  (.734***  (.677*** 1.919
(0.148) (0.123) (0.188) (0.145) (1.573)

Observations 23,756 23,756 23,756 23,757 23,757

R-sq 0.282 0.250 0.212 0.278 0.281

Demographic controls Y Y Y Y Y

Month-year conceived FE Y Y Y

Quarter-year conceived FE Y

Month-year born FE Y

Month-community-sex FE Y Y Y

Month-community FE Y

Community FE Y

Table B2: Regression estimates with alternative FE — hospital admissions
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NAPLAN average score, year 3

@ 2 (©)] “ ®)

15 trimester (reference category: 20-30 degrees)

Max <20° 0.004 0.003 -0.000 0.005 0.004
(0.003) (0.003) (0.002) (0.004) (0.004)

Max 30°-35° -0.002***  -0.002%**  -0.002%**  -0.002%*** -0.002%**
(0.001) (0.001) (0.001) (0.001) (0.000)

Max 35°+ -0.003** -0.003**  -0.004*** -0.001 -0.003**
(0.001) (0.001) (0.001) (0.001) (0.001)

2™ trimester (reference category: 20-30 degrees)

Max <20 -0.003 -0.004 -0.002 -0.003 -0.004
(0.003) (0.004) (0.002) (0.003) (0.003)

Max 30°-35° -0.002 -0.001 -0.001* -0.002* -0.001
(0.001) (0.001) (0.001) (0.001) (0.001)

Max 35°+ -0.003 -0.002 -0.002%* -0.004** -0.002
(0.002) (0.002) (0.001) (0.002) (0.002)

3 trimester (reference category: 20-30 degrees)

Max <20° -0.001 0.001 0.004 0.001 -0.001
(0.004) (0.004) (0.003) (0.003) (0.004)

Max 30°-35° -0.001** -0.001** -0.001* -0.001** -0.001**
(0.000) (0.000) (0.000) (0.000) (0.001)

Max 35°+ -0.004***  -0.004***  -0.003***  -0.003*** -0.004***
(0.001) (0.001) (0.001) (0.001) (0.001)

Constant 3.112%** 3.265%** 3.212%** 3.754%%* 5.276%**
(0.116) (0.084) (0.122) (0.070) (0.057)

Observations 11,681 11,681 11,681 11,682 11,682

R-sq 0.523 0.510 0.493 0.503 0.507

Demographic controls Y Y Y Y Y

Month-year conceived FE Y Y Y

Quarter-year conceived FE Y

Month-year born FE Y

Month-community-sex FE Y Y Y

Month-community FE Y

Community FE Y

Table B3: Regression estimates with alternative FE — NAPLAN 3

193



Admissions ages 0-2

0] 2 3 “ ®)
15 trimester (reference category: 25-30 degrees)
Max <20° -0.005 -0.007* -0.002 -0.006* -0.005
(0.004) (0.004) (0.002) (0.004) (0.004)
Max 20°-25° -0.004 -0.004 -0.004**  -0.005%* -0.004
(0.003) (0.002) (0.002) (0.002) (0.002)
Max 30°-35° 0.002%** 0.002%** 0.002%** 0.002** 0.002*
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°-40° 0.002 0.002 0.001 0.002 0.002
(0.002) (0.001) (0.001) (0.002) (0.002)
Max 40°+ 0.003 0.004 0.006** 0.003 0.003
(0.004) (0.004) (0.002) (0.003) (0.004)
2™ trimester (reference category: 25-30 degrees)
Max <20° -0.010* -0.010**  -0.007** -0.009* -0.009*
(0.005) (0.005) (0.003) (0.005) (0.005)
Max 20°-25° -0.007**  -0.007** -0.002 -0.006** -0.007**
(0.003) (0.003) (0.002) (0.003) (0.003)
Max 30°-35° -0.000 -0.000 -0.000 -0.000 -0.000
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°-40° -0.001 -0.002 -0.001 -0.001 -0.002
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 40°+ -0.001 -0.002 0.002 -0.000 -0.002
(0.003) (0.003) (0.002) (0.003) (0.003)
3 trimester (reference category: 25-30 degrees)
Max <20 -0.001 -0.001 -0.005 -0.000 0.001
(0.003) (0.003) (0.003) (0.002) (0.002)
Max 20°-25° -0.005 -0.004 -0.000 -0.005 -0.004
(0.004) (0.003) (0.003) (0.004) (0.004)
Max 30°-35° 0.002**  0.002**  0.001***  0.001** 0.002%*
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°-40° 0.002**  0.002**  0.002%*  0.002%* 0.0027*
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 40°+ 0.006** 0.007** 0.004** 0.006** 0.006**
(0.003) (0.003) (0.002) (0.003) (0.003)
Constant 0.692%**  Q.671%*** (. 732%**  (,.594%** 0.377%**
(0.113) (0.105) (0.117) (0.085) (0.064)
Observations 34,258 34,258 34,258 34,259 34,259
R-sq 0.269 0.240 0.209 0.265 0.267
Demographic controls Y Y Y Y Y
Month-year conceived FE Y Y Y
Quarter-year conceived FE Y
Month-year born FE Y
Month-community-sex FE Y Y Y
Month-community FE Y
Community FE Y

Table B4: Regression estimates with alternative FE — hospital admissions with additional
exposure categories

194



NAPLAN average score year 3

6] @ 3) “ &)
(benchmark)
1% trimester (reference category: 20-30 degrees)
Max <20° 0.004 0.004 0.004 0.004 0.003
(0.003) (0.003) (0.003) (0.003) (0.004)
Max 30°-35° -0.002%** -0.002%** -0.002%** -0.002%** -0.003%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003** -0.006%** -0.006%** -0.007%** -0.004***
(0.001) (0.001) (0.001) (0.001) (0.001)
2" trimester (reference category: 20-30 degrees)
Max <20° -0.003 -0.002 -0.003 -0.003 -0.005
(0.003) (0.003) (0.003) (0.003) (0.003)
Max 30°-35° -0.002 -0.002 -0.002 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003 -0.002 -0.002 -0.002 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002)
3" trimester (reference category: 20-30 degrees)
Max <20° -0.001 0.002 0.001 -0.001 -0.012**
(0.004) (0.004) (0.004) (0.004) (0.005)
Max 30°-35° -0.001** -0.001** -0.001** -0.001** 0.000
(0.000) (0.001) (0.001) (0.000) (0.001)
Max 35°+ -0.004*** -0.004%** -0.004%** -0.004%** -0.003**
(0.001) (0.001) (0.001) (0.001) (0.001)
Youngest in class (born Apr-Jun) -0.033 -0.099***
(0.051) (0.026)
Youngest in class x days max
35°+ in 1% trimester -0.005***
(0.001)
Youngest in class x days max
35°+ in 2" trimester 0.001
(0.002)
Youngest in class x days max
35°+in 3" trimester -0.000
(0.002)
3.185%** 3.143%%* 3.142%%* 3.191%** 3.024%**
(0.112) (0.125) (0.128) (0.127) (0.118)
Youngest in class control method Interacted No control Covariate only No control Omitted
Month control Conception Conception Conception Birth Conception
11,681 11,681 11,681 11,681 8,532
0.523 0.522 0.522 0.524 0.531

Table BS: Regression estimates with alternative ways of controlling for relative age in

class — NAPLAN
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Admissions ages 0 to 2

Year of conception omitted: 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

15 trimester (reference category: 20-30 degrees)

Max <20° -0.006 -0.006 -0.004 -0.007* -0.004 -0.003 -0.004 -0.009* -0.006 -0.006
(0.006) (0.005) (0.004) (0.004) (0.004) (0.004) (0.003) (0.005) (0.004) (0.004)

Max 30°-35° 0.001 0.001 0.001 0.001 0.001 0.000 0.001 0.002 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Max 35°+ 0.002 0.001 0.001 0.002 0.002 0.001 0.001 0.002 0.002 0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

2™ trimester (reference category: 20-30

degrees)

Max <20° -0.012 -0.014 -0.005 -0.012 -0.006 -0.012*%*  -0.014** -0.011** -0.013** -0.007
(0.009) (0.011) (0.005) (0.008) (0.006) (0.005) (0.007) (0.005) (0.006) (0.006)

Max 30°-35° -0.000 -0.000 -0.001 -0.000 -0.002 0.000 -0.001 -0.001 -0.000 -0.001
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001) (0.001) (0.002) (0.001) (0.001)

Max 35°+ -0.001 -0.001 -0.002 -0.001 -0.003 -0.001 -0.002 -0.003 -0.002 -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

3 trimester (reference category: 20-30 degrees)

Max <20° -0.001 -0.008** -0.001 -0.001 -0.004 -0.005 -0.002 -0.002 -0.003 -0.003
(0.003) (0.003) (0.004) (0.003) (0.003) (0.004) (0.004) (0.003) (0.004) (0.003)

0.003**

Max 30°-35° 0.002* 0.002**  0.002** 0.001 0.003** 0.001 0.002** 0.002* * 0.002**

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
0.005** 0.005**

Max 35°+ 0.003 0.004**  0.004**  0.003** * 0.002 0.004**  0.004** * 0.004**

(0.002) (0.002) (0.002) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
0.826**  0.825**  0.775%*  0.866**  0.848**  (0.870**  0.845%**  (.708**  (0.837**

Constant 0.744*** * * * * * * * * *
(0.133) (0.121) (0.117) (0.167) (0.161) (0.113) (0.126) (0.115) (0.150) (0.135)

Observations 21,643 21,294 21,321 21,394 21,308 21,291 21,222 21,172 21,215 21,944

R-sq 0.288 0.289 0.285 0.290 0.294 0.290 0.289 0.290 0.292 0.290

Table B6: Regression estimates on hospital admissions — leaving one year out
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NAPLAN average score Year 3

Test year omitted: 2009 2010 2011 2012 2013 2014 2015 2016
15 trimester (reference category: 20-30 degrees)
Max <20° 0.010%** 0.003 0.005 0.004 0.005 0.003 0.003 0.005
(0.003) (0.003) (0.004) (0.002) (0.004) (0.004) (0.003) (0.005)
Max 30°-35° -0.003*** -0.002%** -0.003*** -0.002%** -0.002%** -0.002%** -0.002%** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003** -0.003** -0.003** -0.002 -0.003** -0.003** -0.003** -0.003
(0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.002)
2™ trimester (reference category: 20-30 degrees)
Max <20° -0.002 -0.003 -0.002 -0.005 -0.004 -0.004 -0.006* -0.000
(0.004) (0.003) (0.003) (0.005) (0.003) (0.004) (0.003) (0.002)
Max 30°-35° -0.001 -0.002 -0.001 -0.002 -0.002 -0.001 -0.002 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.002 -0.002 -0.002 -0.003 -0.003 -0.002 -0.004** -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.001) (0.002) (0.002)
3 trimester (reference category: 20-30 degrees)
Max <20° -0.001 0.001 0.001 -0.004 -0.003 0.002 -0.002 -0.001
(0.004) (0.004) (0.002) (0.004) (0.005) (0.004) (0.0006) (0.003)
Max 30°-35° -0.001** -0.001** -0.001* -0.001** -0.001 -0.001** -0.002%** -0.001
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001)
Max 35°+ -0.004%** -0.004%** -0.004%** -0.004%** -0.004%** -0.004%** -0.004%** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Constant 3.012%** 3.046%** 3.037%** 3.118%** 3.255%** 3.120%** 3.149%** 3.131%**
(0.159) (0.138) (0.177) (0.114) (0.114) (0.133) (0.118) (0.167)
Observations 10,784 10,100 10,108 10,174 10,194 10,170 10,108 10,129
R-sq 0.521 0.527 0.533 0.533 0.526 0.528 0.526 0.519

Table B7: Regression estimates on NAPLAN 3 — leaving one year out
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Number of hospital admissions NAPLAN scores

Birth weight (grams) Age 0to 12 Ages 0to 2 Ages3to7 Ages 8to 12 Year 3 (age 8) Year 5 (age 10) Year 7 (age 12)
Max <20 0.00 0.87 0.45 0.12 0.01 0.16 0.46 0.81
Max 30-35 0.22 0.39 0.17 0.02 0.21 0.18 0.05 0.98
Max 35+ 0.07 0.14 0.08 0.04 0.01 0.48 0.40 0.11

Table B8: F-test of equivalence of trimester-specific effects in main regression results
Note: this table shows the p-values from a test of the equivalence of heat exposure across all trimesters (e.g. coefficient for under 20 in trimester
1 = under 20 in trimester 2 = under 20 in trimester 3)
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Appendix C: Additional heat exposure metrics — hospital admissions

Number of admissions Days spent in hospital Ever admitted to hospital
Ages 0-2  Ages3-7 Ages8-12  Ages0-12  Ages0-2 Ages3-7 Ages8-12 Ages0-12 Ages0-2  Ages3-7 Ages8-12  Ages0-12
1% trimester (reference category: 25-30 degrees)
Max <20° -0.008 -0.000 -0.002 -0.027* 0.034 0.005 -0.002 0.014 0.002%* -0.001 -0.001 -0.004**
(0.006) (0.001) (0.001) (0.014) (0.042) (0.005) (0.003) (0.078) (0.001) (0.001) (0.001) (0.001)
Max 20°-25° -0.002 0.002 0.002 -0.029* -0.007 0.006 0.006 -0.050 0.001 0.001 0.000 -0.002*
(0.004) (0.002) (0.002) (0.016) (0.035) (0.005) (0.004) (0.087) (0.001) (0.001) (0.001) (0.001)
Max 30°-35° 0.001 -0.000 -0.000 0.000 -0.006 -0.002 -0.003***  -0.007 0.000 -0.000**  0.000 -0.000
(0.001) (0.000) (0.000) (0.002) (0.008) (0.003) (0.001) (0.017) (0.000) (0.000) (0.000) (0.000)
Max 35°-40° 0.002 -0.001* -0.000 0.002 -0.009 -0.004 -0.002* 0.006 0.001 -0.001* 0.000 0.000
(0.003) (0.000) (0.000) (0.005) (0.020) (0.004) (0.001) (0.038) (0.001) (0.000) (0.000) (0.000)
Max 40°+ 0.004 0.001 -0.001 -0.004 0.028 -0.009 -0.005** 0.022 0.000 -0.000 0.000 -0.000
(0.005) (0.001) (0.001) (0.010) (0.031) (0.011) (0.002) (0.051) (0.001) (0.001) (0.001) (0.001)
2" trimester (reference category: 25-30 degrees)
Max <20° -0.017* 0.001 -0.001 0.019 -0.164**  0.003 -0.005 0.107 -0.001 0.002* -0.000 0.003*
(0.009) (0.002) (0.002) (0.023) (0.068) (0.009) (0.007) (0.158) (0.002) (0.001) (0.001) (0.002)
Max 20°-25° -0.005 -0.001 0.002* 0.001 -0.026 -0.001 0.009* 0.014 -0.003***  0.000 0.001 -0.001
(0.006) (0.001) (0.001) (0.019) (0.038) (0.010) (0.005) (0.115) (0.001) (0.001) (0.001) (0.002)
Max 30°-35° 0.000 0.000 -0.000 0.001 -0.005 0.003 -0.001** -0.003 0.000 0.000* -0.000 0.001%**
(0.001) (0.000) (0.000) (0.003) (0.008) (0.002) (0.001) (0.016) (0.000) (0.000) (0.000) (0.000)
Max 35°-40° 0.001 0.001 0.000 0.008 0.008 0.005 0.001 -0.008 0.000 0.001***  -0.000 0.003%**
(0.002) (0.001) (0.001) (0.006) (0.014) (0.004) (0.002) (0.031) (0.001) (0.000) (0.001) (0.001)
Max 40°+ -0.001 0.000 0.002* -0.004 -0.015 0.006 0.003 -0.054 -0.000 0.001 0.001 0.001
(0.004) (0.001) (0.001) (0.008) (0.027) (0.007) (0.002) (0.044) (0.001) (0.001) (0.000) (0.001)
3" trimester (reference category: 25-30 degrees)
Max <20° 0.000 0.002 0.004** -0.019 -0.100* 0.012* 0.005 -0.413%** (0.001) 0.001 0.002* 0.004**
(0.009) (0.002) (0.002) (0.020) (0.057) (0.007) (0.004) (0.135) 0.002 (0.002) (0.001) (0.002)
Max 20°-25° -0.005 -0.001 0.002 -0.034 -0.067 0.018 0.010%* -0.136 (0.003) -0.001 0.001 -0.001
(0.005) (0.001) (0.002) (0.027) (0.043) (0.018) (0.005) (0.192) -0.000 (0.001) (0.001) (0.002)
Max 30°-35° 0.002* -0.000 0.000 0.004* 0.026***  -0.001 0.002%**  (.053%** (0.001) -0.000 0.000 -0.001*
(0.001) (0.000) (0.000) (0.002) (0.008) (0.002) (0.001) (0.013) 0.000 (0.000) (0.000) (0.000)
Max 35°-40° 0.001 -0.001 0.001%** 0.007 0.040%* -0.003 0.002 0.114%** (0.000) -0.000 0.000* -0.000
(0.002) (0.001) (0.000) (0.005) (0.015) (0.003) (0.002) (0.034) 0.000 (0.000) (0.000) (0.001)
Max 40°+ 0.008** 0.000 -0.001 0.009 0.064* 0.004 -0.002 0.090* (0.001) -0.000 -0.000 -0.001
(0.004) (0.001) (0.001) (0.009) (0.037) (0.003) (0.002) (0.049) 0.001 (0.000) (0.000) (0.001)
1% trimester (reference category: 15-20 degrees)
Min <5° -0.001 0.004 0.003***  0.036* -0.056 -0.001 0.007* 0.080 (0.001) 0.003* 0.002%* 0.005%*
(0.006) (0.002) (0.001) (0.018) (0.046) (0.006) (0.003) (0.177) -0.004***  (0.001) (0.001) (0.002)
Min 5°-10° -0.003 0.001 0.001 0.001 0.017 -0.005 -0.002 -0.028 (0.001) -0.001 0.001 -0.000
(0.005) (0.001) (0.001) (0.013) (0.042) (0.006) (0.003) (0.081) -0.003** (0.001) (0.001) (0.002)
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Min 10°-15° -0.002 -0.001 0.001* -0.002 -0.016 -0.003 0.005 -0.035 (0.001) -0.000 0.001%** 0.002
(0.004) (0.001) (0.001) (0.008) (0.028) (0.004) (0.003) (0.054) -0.001 (0.001) (0.000) (0.001)
Min 20°-25° 0.004** -0.000 0.002* 0.009* 0.029%* -0.000 0.004** -0.014 (0.001) 0.000 0.001 0.001
(0.002) (0.000) (0.001) (0.005) (0.014) (0.003) (0.002) (0.028) -0.000 (0.000) (0.001) (0.001)
Min 25°+ 0.004* -0.000 0.001 0.009 0.023 0.001 0.004 0.012 (0.001) 0.000 0.000 0.003**
(0.002) (0.001) (0.001) (0.007) (0.016) (0.005) (0.003) (0.036) 0.000 (0.000) (0.001) (0.001)
2" trimester (reference category: 15-20 degrees)
Min <5° 0.004 -0.002 0.002 -0.031 0.066 -0.001 0.000 -0.145 (0.001) -0.002* 0.002 -0.003
(0.009) (0.002) (0.002) (0.023) (0.057) (0.008) (0.006) (0.143) 0.002 (0.001) (0.001) (0.003)
Min 5°-10° -0.001 0.001 -0.002 0.004 0.034 0.007 -0.008* -0.020 (0.002) 0.000 -0.001 0.001
(0.006) (0.001) (0.002) (0.023) (0.046) (0.008) (0.005) (0.109) 0.000 (0.001) (0.001) (0.002)
Min 10°-15° -0.004 0.001 -0.000 0.001 -0.019 0.006* -0.000 0.038 (0.001) 0.001%** 0.001 0.002
(0.004) (0.001) (0.002) (0.010) (0.029) (0.004) (0.003) (0.060) -0.000 (0.001) (0.001) (0.001)
Min 20°-25° -0.004**  0.001* 0.001* -0.001 -0.003 0.003 -0.001 0.009 (0.001) 0.000 0.001 -0.000
(0.002) (0.000) (0.000) (0.006) (0.019) (0.004) (0.002) (0.036) -0.000 (0.000) (0.000) (0.001)
Min 25°+ -0.003* 0.001 0.000 0.001 0.002 0.003 0.000 0.055 (0.000) 0.000 0.000 -0.001
(0.002) (0.001) (0.000) (0.005) (0.019) (0.005) (0.002) (0.034) -0.000 (0.000) (0.000) (0.001)
3" trimester (reference category: 15-20 degrees)
Min <5° -0.004 -0.002 -0.005***  0.015 0.022 -0.017**  -0.016%**  (0.222 (0.001) -0.002 -0.002%* -0.003*
(0.009) (0.002) (0.001) (0.020) (0.046) (0.008) (0.005) (0.147) -0.001 (0.001) (0.001) (0.002)
Min 5°-10° -0.001 0.002* 0.001 0.008 0.046 -0.007 -0.000 0.135 (0.002) 0.001%** 0.000 -0.002
(0.005) (0.001) (0.002) (0.013) (0.052) (0.015) (0.004) (0.135) -0.002%* (0.001) (0.001) (0.002)
Min 10°-15° 0.001 -0.000 0.000 -0.001 0.009 -0.002 -0.001 0.044 (0.001) -0.000 -0.000 -0.001
(0.004) (0.001) (0.001) (0.008) (0.031) (0.006) (0.003) (0.056) 0.001 (0.001) (0.001) (0.001)
Min 20°-25° 0.001 0.000 -0.000 -0.002 0.022 -0.003 -0.002 -0.011 (0.001) 0.000 -0.000 -0.001**
(0.002) (0.000) (0.000) (0.005) (0.018) (0.002) (0.002) (0.040) -0.000 (0.000) (0.000) (0.001)
Min 25°+ 0.003 -0.000 0.000 0.003 0.025 -0.003 -0.001 0.011 (0.001) 0.000* 0.000 -0.000
(0.002) (0.000) (0.000) (0.004) (0.015) (0.003) (0.001) (0.028) 0.000 (0.000) (0.000) (0.000)
Constant 0.723%**  (0.091* -0.129 0.647 -0.673 0.146 -0.012 -0.685 0.464%**  0.033 -0.047 0.489%**
(0.217) (0.051) (0.111) (0.965) (1.250) (0.378) (0.344) (5.867) (0.049) (0.037) (0.081) (0.099)
Observations 23,756 23,756 11,194 11,194 23,756 23,756 11,194 11,194 23,756 23,756 11,194 11,194
R-sq 0.283 0.065 0.126 0.371 0.257 0.104 0.154 0.360 0.208 0.069 0.120 0.236
Demographic controls Y Y Y Y Y Y Y Y Y Y Y Y
Month-year FE Y Y Y Y Y Y Y Y Y Y Y Y
Month-community-sex FE Y Y Y Y Y Y Y Y Y Y Y Y

Table C1: Regression estimates for admissions, with maximum and minimum temperature exposure
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Number of admissions Days spent in hospital Ever admitted to hospital

Ages0-2  Ages3-7  Ages8-12  Ages0-12 Ages0-2  Ages3-7  Ages8-12  Ages0-12 Ages 0-2 Ages3-7  Ages8-12  Ages 0-12
1% trimester (reference category: 25-30 degrees)
Max <20° -0.007* 0.000 -0.001* -0.008 0.017 0.000 -0.002 0.044 -0.000 0.000 -0.001 -0.001
(0.004) (0.000) (0.001) (0.007) (0.031) (0.000) (0.002) (0.051) (0.001) (0.000) (0.000) (0.001)
Max 20°-25° -0.004 -0.000* 0.002 -0.022%* -0.002 -0.001 0.003 -0.053 -0.001 -0.000* 0.001 -0.002*
(0.003) (0.000) (0.001) (0.010) (0.027) (0.001) (0.003) (0.056) (0.001) (0.000) (0.001) (0.001)
Max 30°-35° 0.001 -0.000* -0.000 0.001 -0.004 -0.000* -0.002%**  -0.002 0.000* -0.000 -0.000 0.000
(0.001) (0.000) (0.000) (0.002) (0.008) (0.000) (0.001) (0.015) (0.000) (0.000) (0.000) (0.000)
Max 35°-40° 0.001 -0.000* -0.000* 0.001 -0.010 -0.000** -0.002*%**  -0.010 0.000 -0.000**  0.000 -0.000
(0.002) (0.000) (0.000) (0.004) (0.012) (0.000) (0.001) (0.024) (0.000) (0.000) (0.000) (0.000)
Max 40°+ 0.006 -0.000 -0.000 -0.001 0.031 -0.000 -0.003 0.022 0.001 -0.000 -0.000 0.001
(0.004) (0.000) (0.001) (0.008) (0.027) (0.000) (0.002) (0.040) (0.001) (0.000) (0.000) (0.001)
2" trimester (reference category: 25-30 degrees)
Max <20° -0.012* 0.000 -0.001 -0.003 -0.073**  0.000 -0.006** 0.011 0.001 0.000 0.000 0.001
(0.007) (0.000) (0.001) (0.013) (0.033) (0.001) (0.002) (0.121) (0.001) (0.000) (0.001) (0.002)
Max 20°-25° -0.005 0.000 0.001 -0.010 -0.006 0.000 0.004 -0.065 -0.002***  0.000 0.001 -0.002
(0.004) (0.000) (0.001) (0.012) (0.029) (0.000) (0.003) (0.077) (0.001) (0.000) (0.001) (0.002)
Max 30°-35° -0.000 0.000 -0.000 0.001 -0.004 0.000 -0.001 -0.010 0.000 0.000 -0.000 0.001
(0.001) (0.000) (0.000) (0.002) (0.007) (0.000) (0.001) (0.013) (0.000) (0.000) (0.000) (0.000)
Max 35°-40° -0.001 0.000***  -0.000 0.001 -0.007 0.000***  -0.000 -0.025 -0.000 0.000%**  -0.000 0.001%**
(0.002) (0.000) (0.001) (0.003) (0.010) (0.000) (0.001) (0.023) (0.001) (0.000) (0.000) (0.000)
Max 40°+ -0.004 0.000 0.002%* -0.006 -0.022 0.000 0.003 -0.047 -0.001 0.000 0.001 0.001
(0.004) (0.000) (0.001) (0.007) (0.023) (0.000) (0.002) (0.041) (0.001) (0.000) (0.001) (0.001)
3" trimester (reference category: 25-30 degrees)
Max <20° -0.002 -0.000* 0.001* 0.002 -0.066**  -0.000 -0.002 -0.202%* (0.001) -0.000* 0.001 0.004%**
(0.003) (0.000) (0.001) (0.015) (0.030) (0.000) (0.003) (0.084) -0.000 (0.000) (0.001) (0.001)
Max 20°-25° -0.007 -0.000 0.001 -0.024 -0.049* -0.000 0.007 0.002 (0.001) -0.000 0.001 -0.003***
(0.005) (0.000) (0.002) (0.023) (0.029) (0.000) (0.005) (0.117) -0.001 (0.000) (0.001) (0.001)
Max 30°-35° 0.002%* -0.000 0.000 0.003* 0.023***  -0.000 0.002%* 0.039%** (0.001) -0.000 0.000* -0.000
(0.001) (0.000) (0.000) (0.002) (0.008) (0.000) (0.001) (0.012) 0.000 (0.000) (0.000) (0.000)
Max 35°-40° 0.002* -0.000 0.000 0.005 0.034%**  -0.000 0.002 0.077%* (0.000) -0.000 0.000* -0.000
(0.001) (0.000) (0.000) (0.004) (0.012) (0.000) (0.002) (0.032) 0.000 (0.000) (0.000) (0.000)
Max 40°+ 0.010%**  -0.000** -0.001 0.012 0.075%* -0.000 -0.001 0.073 (0.000) -0.000**  0.000 0.000
(0.003) (0.000) (0.001) (0.009) (0.032) (0.000) (0.002) (0.050) 0.001 (0.000) (0.000) (0.001)
Constant 0.838***  0.002 0.022 1.545%** 2.736%* 0.013%* 0.082 3.985%* 0.425%%* 0.003 0.037%* 0.584%**
(0.118) (0.004) (0.029) (0.311) (1.083) (0.006) (0.063) (1.650) (0.023) (0.004) (0.015) (0.019)
Observations 23,756 23,756 11,194 11,194 23,756 23,756 11,194 11,194 23,756 23,756 11,194 11,194
R-sq 0.283 0.042 0.124 0.369 0.257 0.052 0.152 0.359 0.208 0.046 0.119 0.234
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Demographic controls
Month-year FE
Month-community-sex FE

=<
=<
=<
=<
=<
=<
=<
=<
=<
=<
=<
=<

Table C2: Regression estimates for admissions, with more granular bands of temperature exposure
Notes: This table shows regression estimates and cluster-robust standard errors in parentheses. Each column represents a different regression, with the outcome specified in the
first row. Regressions are estimated with the model specified in equation (1). Admission counts and number of day are top-coded above the 97.5% percentile. As specified in

equation (1), the regressions also include covariates (mother’s age, Aboriginal status, whether mother’s first pregnancy), month-year fixed effects and location-month-sex fixed
effects (these are absorbed using the Stata ‘areg’, which affects the intercept but not the coefficients of interest).
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Appendix D: Diagnoses

ICD 10 chapters

Factors:
Newborn
admission Num
Admission no diagnoses
Total for condition per
admissions _infection  Infections Respiratory  Digestive Skin Perinatal  Congenital Misc Accidents  Factors found admission
1% trimester (reference category: 25-30 degrees)
Max <20° -0.007* -0.004 -0.003 -0.004** -0.000 -0.000 -0.001 -0.000 0.000 -0.001** 0.000 -0.000 -0.003
(0.004) (0.004) (0.003) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.004)
Max 20°-25° -0.004 -0.004 -0.001 -0.003* -0.000 -0.001 0.002** -0.001** -0.000 -0.001 0.000 0.000 0.003
(0.003) (0.003) (0.001) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.006)
Max 30°-35° 0.001 0.001 0.000 0.000 0.000 0.000 0.000%* 0.000 0.001%** -0.000 -0.000 -0.000* 0.000
(0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002)
Max 35°-40° 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001** 0.000 0.000 -0.000 0.001
(0.002) (0.002) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002)
Max 40°+ 0.006 0.002 0.002 0.000 0.000 -0.000 0.001 0.000 0.001 0.000 0.000 0.000 0.001
(0.004) (0.003) (0.001) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.005)
2" trimester (reference category: 25-30 degrees)
Max <20° -0.012* -0.009 -0.002 -0.009 0.001***  -0.001 -0.002 0.000 -0.000 0.002%* 0.000 -0.000 0.006
(0.007) (0.007) (0.002) (0.006) (0.000) (0.001) (0.002) (0.000) (0.001) (0.001) (0.001) (0.000) (0.009)
Max 20°-25° -0.005 -0.002 -0.001 -0.001 -0.000 -0.001 0.000 -0.001* -0.000 0.000 -0.001**  -0.001** -0.004
(0.004) (0.003) (0.002) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.005)
Max 30°-35° -0.000 -0.001 0.000 -0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 0.000 -0.000 0.000
(0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002)
Max 35°-40° -0.001 -0.001 -0.000 -0.000 -0.000 0.000 -0.000 -0.000 -0.000 0.000** -0.000 -0.000 -0.001
(0.002) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002)
Max 40°+ -0.004 -0.002 0.000 -0.002 0.000 -0.001 -0.001* -0.000 0.000 0.000 0.000 0.000 -0.003
(0.004) (0.003) (0.002) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.004)
3" trimester (reference category: 25-30 degrees)
Max <20° -0.002 -0.000 -0.000 -0.001 0.001***  -0.000 -0.001 -0.000 -0.000 -0.000 0.001%**  (0.001*** -0.006
(0.003) (0.003) (0.002) (0.003) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.005)
Max 20°-25° -0.007 -0.002 -0.001 -0.001 -0.000 -0.000  0.003*** 0.000 0.000 -0.000 0.001%** -0.000 -0.009*
(0.005) (0.004) (0.002) (0.003) (0.000) (0.001) (0.001) (0.000) (0.001) (0.001) (0.000) (0.000) (0.005)
Max 30°-35° 0.002** 0.001 0.000 0.001 -0.000 0.000 -0.000 -0.000 0.000* -0.000 0.000%* 0.000 0.003**
(0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001)
Max 35°-40° 0.002* 0.001 -0.000 0.001 -0.000 -0.000 0.000 0.000 0.000 -0.000* 0.000 0.000%* 0.004
(0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.003)
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Max 40°+ 0.010%*** 0.003 0.001 0.001 -0.000 0.000 0.001 0.000 -0.000 0.001***  0.001*** 0.000 0.005

(0.003) (0.003) (0.001) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001) (0.000) (0.000) (0.000) (0.007)
Constant 0.838*** 0.600%***  (.194%*** 0.341%** 0.028***  (0.038** 0.047 0.029%%* 0.013 0.047%** 0.012 0.006 0.988***
(0.118) (0.076) (0.037) (0.073) (0.0006) (0.017) (0.028) (0.013) (0.024) (0.013) (0.014) (0.011) (0.167)
Observations 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756 23,756
R-sq 0.283 0.312 0.251 0.226 0.080 0.151 0.121 0.087 0.115 0.091 0.097 0.095 0.168
Demographic
controls Y Y Y Y Y Y Y Y Y Y Y Y Y
Month-year
FE Y Y Y Y Y Y Y Y Y Y Y Y Y
Month-
community-
sex FE Y Y Y Y Y Y Y Y Y Y Y Y Y

Table D1: Regression estimates on admissions and diagnoses at ages (-2

Notes: Outcomes are the number of admissions for each diagnosis specific diagnoses. These are based on the primary diagnosis for the admission.
We classify these diagnoses based on their ICD-10 ‘chapter’, and we report estimates for all chapters for which at least 1 percent of children in the
cohort has been admitted for that reason. We single out ‘newborn admission no condition found’ as this could conceivably be a precautionary
admission e.g. in response to a heatwave around the time of birth. We separately construct a measure of whether an admission was for an infection
of any type, based on infection-related ICD-10 codes (across multiple chapters) as set out by Miller et al. (2016): infections are the most common
cause of hospital admission among children in the NT.
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Appendix E: Additional heat exposure metrics — NAPLAN

NAPLAN Year 7
Average Reading Writing Grammar Spelling Numeracy
15 trimester (reference category: 25-30 degrees)
Max <20° -0.001 0.001 -0.001 -0.003 -0.001 -0.003
(0.003) (0.003) (0.005) (0.006) (0.005) (0.003)
Max 20°-25° -0.012%** -0.010 -0.010 -0.010* -0.019%** -0.010%**
(0.005) (0.007) (0.006) (0.005) (0.009) (0.004)
Max 30°-35° -0.001 -0.001 -0.001 -0.005** -0.001 0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Max 35°-40° -0.009%** -0.009***  -0.012%** -0.011%*%* -0.009***  -0.006***
(0.001) (0.001) (0.002) (0.002) (0.002) (0.002)
Max 40°+ -0.005 -0.002 -0.006 -0.007 -0.005 -0.006
(0.007) (0.008) (0.010) (0.008) (0.009) (0.006)
2™ trimester (reference category: 25-30 degrees)
Max <20° 0.004 0.017** -0.006 0.006 -0.002 0.005
(0.008) (0.007) (0.010) (0.009) (0.013) (0.007)
Max 20°-25° 0.002 -0.003 -0.006 0.019%* 0.005 -0.004
(0.007) (0.007) (0.008) (0.007) (0.015) (0.009)
Max 30°-35° -0.000 -0.000 -0.001 -0.000 0.000 -0.001
(0.002) (0.002) (0.002) (0.003) (0.003) (0.002)
Max 35°-40° 0.000 -0.001 0.003 -0.001 -0.001 0.001
(0.003) (0.003) (0.002) (0.004) (0.003) (0.005)
Max 40°+ -0.006 -0.008* 0.004 -0.006 -0.014* -0.005
(0.004) (0.005) (0.005) (0.004) (0.007) (0.004)
3 trimester (reference category: 25-30 degrees)
Max <20° 0.001 0.007 0.004 -0.005 0.001 -0.001
(0.006) (0.005) (0.009) (0.005) (0.010) (0.013)
Max 20°-25° -0.010* -0.007 -0.022%** -0.011 -0.006 -0.005
(0.006) (0.010) (0.010) (0.008) (0.015) (0.015)
Max 30°-35° -0.002%** -0.001 -0.001* -0.001* -0.003** -0.003**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°-40° -0.002 0.001 -0.003 -0.002 -0.002 -0.004
(0.002) (0.003) (0.003) (0.004) (0.004) (0.004)
Max 40°+ 0.007 0.007 0.000 0.007 0.012%* 0.007
(0.005) (0.006) (0.006) (0.006) (0.007) (0.007)
Constant 5.851%** 5.752%** 5.558%** 5.957%** 6.046%** 5.907%**
(0.140) (0.151) (0.138) (0.164) (0.227) (0.200)
Observations 4,068 4,068 4,068 4,068 4,068 4,068
R-sq 0.553 0.498 0.468 0.472 0.455 0.492
Demographic controls Y Y Y Y Y Y
Interact 35+ with
youngest in year Y Y Y Y Y Y
Month-year FE Y Y Y Y Y Y
Month-community-sex
FE Y Y Y Y Y Y

Table E1: Regression estimates on NAPLAN 7 scores, with more granular bands of

temperature exposure
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NAPLAN Year 7

Average Reading Writing Grammar __ Spelling Numeracy
1% trimester (reference category: 25-30 degrees)
Max <20° -0.000 0.007 -0.002 0.002 -0.001 -0.008
(0.004) (0.007) (0.005) (0.007) (0.009) (0.008)
Max 20°-25° -0.012%** -0.008 -0.009 -0.008 -0.018***  -0.015%**
(0.004) (0.006) (0.006) (0.007) (0.006) (0.004)
Max 30°-35° -0.002 -0.002 -0.002 -0.006* -0.002 0.002
(0.002) (0.002) (0.002) (0.003) (0.002) (0.002)
Max 35°-40° -0.007*** -0.007*** -0.012%** -0.010***  -0.007** -0.001
(0.002) (0.002) (0.003) (0.004) (0.003) (0.003)
Max 40°+ -0.007 -0.003 -0.009 -0.010 -0.008 -0.007
(0.007) (0.008) (0.009) (0.007) (0.010) (0.005)
2™ trimester (reference category: 25-30
degrees)
Max <20° 0.013 0.028* 0.001 0.018 0.018 -0.002
(0.012) (0.015) (0.011) (0.013) (0.020) (0.009)
Max 20°-25° 0.015% 0.010 0.004 0.033***  0.024 0.002
(0.008) (0.009) (0.010) (0.012) (0.015) (0.009)
Max 30°-35° 0.001 0.001 0.001 0.001 0.002 0.000
(0.003) (0.003) (0.002) (0.004) (0.004) (0.003)
Max 35°-40° 0.004 -0.001 0.009%** 0.002 0.004 0.006
(0.005) (0.005) (0.003) (0.005) (0.007) (0.007)
Max 40°+ -0.003 -0.006 0.008 -0.004 -0.010 -0.001
(0.005) (0.005) (0.006) (0.005) (0.008) (0.006)
3t trimester (reference category: 25-30
degrees)
Max <20° -0.016 -0.015 -0.011 -0.020 -0.010 -0.023*
(0.010) (0.013) (0.014) (0.018) (0.013) (0.012)
Max 20°-25° -0.033 -0.045%** -0.035 -0.038* -0.014 -0.036
(0.023) (0.015) (0.032) (0.023) (0.031) (0.027)
Max 30°-35° -0.002** -0.001 -0.001 -0.002** -0.004** -0.002
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001)
Max 35°-40° -0.002 0.001 -0.003 -0.002 -0.003 -0.004
(0.003) (0.003) (0.004) (0.004) (0.005) (0.005)
Max 40°+ 0.006 0.008 0.000 0.007 0.008 0.005
(0.006) (0.005) (0.007) (0.005) (0.010) (0.007)
I* trimester (reference category: 15-20
degrees)
Min <5° 0.001 -0.012 0.010 -0.009 -0.008 0.025
(0.006) (0.008) (0.008) (0.007) (0.009) (0.015)
Min 5°-10° -0.000 -0.001 -0.004 -0.004 -0.005 0.014%*
(0.004) (0.007) (0.006) (0.006) (0.008) (0.007)
Min 10°-15° 0.004 0.005 0.004 0.003 -0.004 0.012%*
(0.004) (0.006) (0.006) (0.005) (0.007) (0.005)
Min 20°-25° 0.002 -0.001 0.005%** -0.001 -0.003 0.008**
(0.002) (0.003) (0.002) (0.002) (0.004) (0.003)
Min 25°+ 0.007** 0.003 0.010%** 0.005 0.005 0.012%*
(0.003) (0.003) (0.002) (0.003) (0.006) (0.004)
2™ trimester (reference category: 15-20
degrees)
Min <5° -0.009 -0.013 -0.006 -0.023** -0.012 0.008
(0.011) (0.015) (0.011) (0.011) (0.024) (0.008)
Min 5°-10° -0.013 -0.019** -0.005 -0.015 -0.021 -0.004
(0.010) (0.008) (0.008) (0.014) (0.019) (0.008)
Min 10°-15° 0.007 0.014* 0.004 0.006 0.014 -0.001
(0.007) (0.008) (0.005) (0.008) (0.012) (0.009)
Min 20°-25° -0.001 -0.002 0.002 0.000 0.001 -0.005
(0.003) (0.004) (0.002) (0.004) (0.005) (0.003)
Min 25°+ -0.000 -0.002 0.003* 0.000 0.000 -0.002
(0.003) (0.005) (0.002) (0.004) (0.004) (0.002)
3" trimester (reference category: 15-20 degrees)
Min <5° 0.018 0.023 0.019 0.016 0.009 0.025%*
(0.016) (0.020) (0.018) (0.022) (0.019) (0.015)
Min 5°-10° 0.019 0.033%** 0.010 0.021 0.002 0.029**
(0.017) (0.012) (0.025) (0.020) (0.025) (0.011)
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Min 10°-15° -0.000 0.001 0.002 -0.001 -0.007 0.003

(0.005) (0.004) (0.005) (0.007) (0.010) (0.007)
Min 20°-25° -0.001 0.001 -0.000 -0.003 -0.003 -0.002
(0.002) (0.003) (0.002) (0.002) (0.004) (0.003)
Min 25°+ 0.001 0.002 -0.000 -0.001 0.000 0.003
(0.003) (0.004) (0.002) (0.003) (0.003) (0.004)
Constant 5.439%** 5.654*** 4.603%*** 5.913%** 5.987*** 5.225%**
(0.366) (0.399) (0.276) (0.487) (0.968) (0.430)
Observations 4,068 4,068 4,068 4,068 4,068 4,068
R-sq 0.554 0.500 0.470 0.473 0.457 0.495
Demographic controls Y Y Y Y Y Y
Interact 35+ with youngest
in year Y Y Y Y Y Y
Month-year FE Y Y Y Y Y Y
Month-community-sex FE Y Y Y Y Y Y

Table E2: Regression estimates for NAPLAN 7 scores, with maximum and minimum
temperature exposure
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Appendix F: School Test scores by domain

Average Reading Writing Grammar Spelling Numeracy
15 trimester (reference category: 20-30
degrees)
Max <20° 0.004 0.007* -0.001 0.006** 0.003 0.006
(0.003) (0.003) (0.004) (0.003) (0.004) (0.004)
Max 30°-35° -0.002%**  -0.002***  -0.002***  -0.004%**  -0.002** -0.002%*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35+ -0.003** -0.001 -0.002 -0.003** -0.004***  -0.002
(0.001) (0.002) (0.002) (0.002) (0.002) (0.001)
2™ trimester (reference category: 20-30
degrees)
Max <20° -0.003 -0.000 -0.018***  0.005 -0.006 0.004
(0.003) (0.005) (0.005) (0.004) (0.005) (0.006)
Max 30°-35° -0.002 -0.003* -0.000 -0.000 -0.002* -0.002
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003 -0.005%* -0.002 -0.001 -0.003 -0.002
(0.002) (0.002) (0.001) (0.003) (0.002) (0.002)
3 trimester (reference category: 20-30
degrees)
Max <20° -0.001 -0.004 -0.002 -0.003 0.000 0.004
(0.004) (0.003) (0.005) (0.004) (0.005) (0.007)
Max 30°-35° -0.001** -0.002%**  -0.001** -0.000 -0.001** -0.001**
(0.000) (0.000) (0.001) (0.001) (0.000) (0.000)
Max 35°+ -0.004***  -0.004***  -0.005%**  -0.003***  -0.004***  -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Constant 3.150%** 3.200%** 3.274%%* 3. 113%** 3.105%** 2.974%**
(0.110) (0.155) (0.074) (0.135) (0.082) (0.126)
Demographic controls Yes Yes Yes Yes Yes Yes
Month-year FE Yes Yes Yes Yes Yes Yes
Month-community-sex FE Yes Yes Yes Yes Yes Yes
Interact 35+ with youngest in
class Yes Yes Yes Yes Yes Yes
Observations 11,681 11,681 11,681 11,681 11,681 11,681
R-sq 0.522 0.432 0.512 0.429 0.412 0.429

Table F1: Regression estimates on school test scores at age 7 (Year 3), by domain
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Average Reading Writing Grammar Spelling Numeracy
1% trimester (reference category: 20-30
degrees)
Max <20° 0.002 0.007** 0.003 0.004 -0.005 0.004*
(0.002) (0.003) (0.002) (0.003) (0.003) (0.002)
Max 30°-35° -0.003***  -0.003***  -0.002 -0.005***  -0.002** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35+ -0.005***  -0.003* -0.002* -0.007***  -0.005***  -0.006%***
(0.001) (0.002) (0.001) (0.002) (0.002) (0.002)
2™ trimester (reference category: 20-30
degrees)
Max <20° 0.002 0.005 0.004 0.001 -0.005 0.004
(0.005) (0.008) (0.005) (0.006) (0.005) (0.006)
Max 30°-35° -0.001 -0.001 -0.001 -0.002* -0.001 -0.001
(0.001) (0.001) (0.002) (0.001) (0.001) (0.001)
Max 35°+ -0.003** -0.002 -0.004** -0.003** -0.004***  -0.001
(0.001) (0.001) (0.002) (0.002) (0.001) (0.002)
3 trimester (reference category: 20-30
degrees)
Max <20° 0.007** 0.002 0.013** 0.011%** 0.002 0.008***
(0.003) (0.005) (0.005) (0.004) (0.003) (0.002)
Max 30°-35° -0.002***  -0.001 -0.003***  -0.001** -0.001 -0.002%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003***  -0.002** -0.005%* -0.001 -0.003** -0.004%**
(0.001) (0.001) (0.002) (0.001) (0.001) (0.001)
Constant 4.907%** 4.916%** 4.691%** 5.079%** 4.994%** 4.881%**
(0.092) (0.157) (0.072) (0.141) (0.074) (0.092)
Demographic controls Yes Yes Yes Yes Yes Yes
Month-year FE Yes Yes Yes Yes Yes Yes
Month-community-sex FE Yes Yes Yes Yes Yes Yes
Interact 35+ with youngest in
class Yes Yes Yes Yes Yes Yes
Observations 8,013 8,013 8,013 8,013 8,013 8,013
R-sq 0.540 0.476 0.484 0.459 0.420 0.464

Table F2: Regression estimates on school test scores at age 10 (Year 5), by domain
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Average Reading Writing Grammar Spelling Numeracy
1% trimester (reference category: 20-30
degrees)
Max <20° -0.002 0.002 0.000 -0.005 -0.001 -0.003
(0.003) (0.003) (0.004) (0.005) (0.004) (0.003)
Max 30°-35° -0.001 -0.001 -0.002 -0.004* -0.000 0.001
(0.001) (0.002) (0.002) (0.002) (0.002) (0.002)
Max 35+ -0.000 -0.001 -0.001 -0.002 -0.000 0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
2™ trimester (reference category: 20-30
degrees)
Max <20° 0.002 0.013** -0.011 0.011 -0.004 0.000
(0.007) (0.006) (0.008) (0.009) (0.011) (0.006)
Max 30°-35° -0.001 -0.001 -0.002 -0.002 -0.001 -0.001
(0.002) (0.002) (0.001) (0.002) (0.002) (0.001)
Max 35°+ -0.004***  -0.003** -0.004** -0.005***  -0.005***  -0.004*
(0.001) (0.002) (0.002) (0.001) (0.002) (0.002)
3 trimester (reference category: 20-30
degrees)
Max <20° -0.003 0.004 -0.007 -0.009* -0.001 -0.003
(0.006) (0.004) (0.006) (0.005) (0.008) (0.007)
Max 30°-35° -0.002***  -0.001 -0.001 -0.001* -0.003** -0.003**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.005*%**  -0.004***  -0.003***  -0.005***  -0.007***  -0.004**
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)
Constant 5.864*** 5.732%*x* 5.568*** 6.020*** 6.072%** 5.936%**
(0.083) (0.107) (0.093) (0.118) (0.168) (0.164)
Demographic controls Yes Yes Yes Yes Yes Yes
Month-year FE Yes Yes Yes Yes Yes Yes
Month-community-sex FE Yes Yes Yes Yes Yes Yes
Interact 35+ with youngest in
class Yes Yes Yes Yes Yes Yes
Observations 4,068 4,068 4,068 4,068 4,068 4,068
R-sq 0.552 0.498 0.468 0.471 0.454 0.491

Table F3: Regression estimates on school test scores at age 12 (Year 7), by domain
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Appendix G: NAPLAN participation

Present at NAPLAN test
Year 3 Year 5 Year 7
(age 8) (age 10) (age 12)
It trimester (reference category: 20-30
degrees)
Max <20° 0.001 0.001 -0.006**
(0.002) (0.001) (0.002)
Max 30°-35° 0.000 -0.000 -0.000
(0.000) (0.000) (0.001)
Max 35°+ 0.000 0.001** -0.000
(0.001) (0.001) (0.001)
2" trimester (reference category: 20-30
degrees)
Max <20° 0.001 0.000 -0.006
(0.004) (0.002) (0.007)
Max 30°-35° 0.000 0.000 0.000
(0.000) (0.001) (0.001)
Max 35°+ 0.000 0.000 -0.000
(0.000) (0.001) (0.001)
3 trimester (reference category: 20-30
degrees)
Max <20° -0.002 -0.002 0.003
(0.001) (0.002) (0.003)
Max 30°-35° -0.000 -0.000 -0.001
(0.000) (0.000) (0.001)
Max 35°+ -0.000 0.000 -0.001*
(0.000) (0.000) (0.001)
Constant 0.895%** 0.8571%*** 0.876%**
(0.040) (0.062) (0.048)
Demographic controls Yes Yes Yes
Month-year FE Yes Yes Yes
Month-community-sex FE Yes Yes Yes
Interact 35+ with youngest in class Yes Yes Yes
Observations 14,203 9,919 5,450
R-sq 0.260 0.295 0.359

Table G1: Regression estimates on participation in NAPLAN test
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Appendix H: Causal pathways

In the main text we summarise the first column of Table H1: analysis run on
our full analysis cohort. However, if the congenital condition does not require
admission to hospital, the child may be no more likely to be admitted to

hospital than others, despite having their health impacted by heat exposure.

We cannot fully address this in our analysis, as health clinic data are not
available for our cohort. However, we can limit our sample to children who
have been admitted to hospital — or, even more specifically, to admissions for
an infection. In doing so, we are better able to compare like-for-like, as
selection into receiving a diagnosis is less likely to be determined by heat
exposure itself (given that we found in our above analysis that infection-
related admissions were not affected by heat exposure). Even within this
subsample, we find no increase in likelihood of being diagnosed with a

congenital condition as a result of prenatal heat exposure.

For hospital admissions, we find that when we run our analysis only on
children with good health at birth (born at full term, weighing over 2500
grams and with an Apgar score of 8 or over), the estimated treatment effect
of exposure to 35+ degrees in the third trimester halves and loses statistical
significance, though we continue to see statistically significant estimates of
exposure to 30-35 degrees (Table H4). This suggests that children with poor
health at birth may be most affected by exposure to extreme heat, but impacts
are not confined to this group. If instead of grouping children based on birth
outcomes, we run our analysis on children with no labour or pregnancy
complications, or for children who were not admitted to a special care
nursery, the estimated impacts of heat exposure are no different from in our

main analysis.

For school test scores, we find that the estimated effects of heat exposure are
similar to our main estimates, or even marginally larger, for children with no
health concerns at birth, and for children who were not admitted to a special

care nursery (Table H5). However, the effects become smaller and lose
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statistical significance among children with no obstetric or labour
complications, and for children who were not admitted to hospital ages 0-2.
Limiting analysis to these groups severely reduces the sample, and this may
be the reason that treatment effects lose significance. The fact that we estimate
smaller and less precise effects of heat exposure in these subsamples suggests
that it is largely, but not exclusively, the children with perinatal health
concerns and worse health in early childhood whose school test scores are

affected.
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Ever diagnosed with a congenital condition, ages

0-7

Ever admitted

Ever admitted to
hospital for an

Sample: Full cohort to hospital infection
1** trimester (reference category: 20-30
degrees)
Max <20° -0.001 -0.001 -0.002%**
(0.001) (0.001) (0.001)
Max 30°-35° -0.000 0.000 0.000
(0.000) (0.000) (0.000)
Max 35°+ 0.000 0.000 0.000
(0.000) (0.000) (0.000)
2" trimester (reference category: 20-30
degrees)
Max <20° -0.000 -0.001 -0.002
(0.001) (0.001) (0.001)
Max 30°-35° 0.000 0.000 -0.000
(0.000) (0.000) (0.000)
Max 35°+ -0.000 -0.000 -0.001**
(0.000) (0.000) (0.000)
3" trimester (reference category: 20-30
degrees)
Max <20° -0.001 -0.001 -0.003
(0.001) (0.001) (0.002)
Max 30°-35° -0.000 -0.000 -0.001**
(0.000) (0.000) (0.000)
Max 35°+ -0.000 -0.000 -0.000
(0.000) (0.000) (0.000)
Constant 0.044*** 0.092%** 0.131%**
(0.012) (0.019) (0.034)
Observations 23,756 11,826 8,131
R-sq 0.097 0.128 0.170
Demographic controls Y Y Y
Month-year conceived FE Y Y Y
Month-community-sex FE Y Y Y

Table H1: Regression estimates on probability of hospital diagnosis with

congenital condition

This table shows estimation results from a version of equation (1), where instead of hospital
admissions, or outcome is an indicator for whether the child has been ever diagnosed with a
congenital condition during a hospital admission. This includes both primary and secondary
diagnoses. Congenital conditions are defined as any ICD-10 code in chapter Q (Congenital
malformations, deformations or chromosomal abnormalities). This differs from Appendix

Table C1 because here we include secondary diagnoses, as well as primary diagnoses.
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Admissions ages 0 to 2

@ 2 3) “4) ®) Q]
15 trimester (reference category: 20-30 degrees)
Max <20° -0.005 -0.007 -0.006 -0.007 -0.007* -0.007
(0.004) (0.005) (0.004) (0.005) (0.004) (0.005)
Max 30°-35° 0.001 0.000 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ 0.001 0.001 0.002 0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
2™ trimester (reference category: 20-30 degrees)
Max <20° -0.011* -0.010 -0.011 -0.010 -0.011 -0.010
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Max 30°-35° -0.001 -0.000 -0.001 -0.000 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.002 -0.001 -0.002 -0.001 -0.002 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
3 trimester (reference category: 20-30 degrees)
Max <20° -0.003 0.003 -0.004 0.002 -0.002 0.002
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Max 30°-35° 0.002%* 0.002** 0.002%* 0.002** 0.002%* 0.002%*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ 0.004** 0.003** 0.004%* 0.003** 0.003** 0.003**
(0.002) (0.001) (0.002) (0.001) (0.001) (0.001)
Gestational age -0.955%** -0.951%** -0.882%**
(0.099) (0.095) (0.102)
Gestational age”™2 0.012%** 0.012%** 0.011%**
(0.001) (0.001) (0.001)
Birth weight -0.000%** -0.000%** -0.000%**
(0.000) (0.000) (0.000)
Apgar 5 -0.130%** -0.123%** -0.077***
(0.020) (0.020) (0.017)
Labour complications (sum) 0.089%#** 0.084#** 0.058%x**
(0.016) (0.015) (0.0106)
Obstetric complications (sum) 0.243%** 0.162%** 0.130%**
(0.040) (0.036) (0.036)
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Admitted to special care nursery 0.760%** 0.419%**

(0.129) (0.078)

Constant 0.785%** 22.200%** 0.673%** 21.805%** 0.779%** 19.475%**

(0.137) (1.685) (0.134) (1.681) (0.131) (1.813)
Observations 23,756 23,756 23,756 23,756 23,756 23,756
R-sq 0.282 0.319 0.289 0.323 0.311 0.329
Birth outcomes (birth weight, gest age, Apgar5) Y Y Y
Obstetric and labour complications Y Y Y
Special care nursery admission Y Y

Table H2: Regression estimates controlling for health at birth covariates — admissions. This table shows estimation results from equation
(1), but including additional covariates for indicators of health at birth, obstetric complications and postnatal care.
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NAPLAN average score - year 3

)] 2 (€)] 4) &) (6) )]
15 trimester (reference category: 20-30 degrees)
Max <20° 0.004 0.005 0.004 0.005 0.004 0.005 0.003
(0.003) (0.004) (0.003) (0.004) (0.003) (0.004) (0.003)
Max 30°-35° -0.002%** -0.002%** -0.002%** -0.002%** -0.002%** -0.002%** -0.002%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003** -0.003** -0.003** -0.003*** -0.003** -0.003** -0.003**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
2™ trimester (reference category: 20-30 degrees)
Max <20° -0.003 -0.003 -0.003 -0.003 -0.004 -0.003 -0.003
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Max 30°-35° -0.002 -0.001 -0.001 -0.001 -0.002 -0.001 -0.002
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Max 35°+ -0.003 -0.002 -0.003 -0.002 -0.003 -0.002 -0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
3 trimester (reference category: 20-30 degrees)
Max <20° -0.001 -0.003 -0.000 -0.002 -0.002 -0.002 -0.000
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.003)
Max 30°-35° -0.001** -0.001 -0.001** -0.001 -0.001* -0.001 -0.001*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Max 35°+ -0.004*** -0.004*** -0.004*** -0.004*** -0.003*** -0.003*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Gestational age -0.041 -0.036 -0.063
(0.111) (0.111) (0.108)
Gestational age”2 0.001 0.001 0.001
(0.001) (0.001) (0.001)
Birthweight 0.000%** 0.000%*** 0.000%***
(0.000) (0.000) (0.000)

217



Apgar 5 0.055%** 0.053%** 0.040%**
(0.007) (0.008) (0.007)
Labour complications (sum) -0.020 -0.021* -0.014
(0.012) (0.012) (0.013)
Obstetric complications (sum) -0.095%%** -0.070%** -0.058%**
(0.013) (0.010) (0.009)
Admitted to special care nursery -0.219%** -0.123%**
(0.029) (0.021)
Admissions to age 7 -0.079%**
(0.017)
Constant 3.112%** 2.662 3.168%** 2.717 3.175%%%* 3.482 3.208%**
(0.116) (2.200) (0.115) (2.197) (0.129) (2.099) (0.096)
Observations 11,681 11,681 11,681 11,681 11,681 11,681 11,681
R-sq 0.523 0.528 0.524 0.528 0.526 0.529 0.528
Controls:
Birth outcomes (birth weight, gest. age, Apgar5) Y Y Y
Obstetric and labour complications Y Y Y
Special care nursery admission Y Y
Admission in first 7 years Y

Table H3: Regression estimates controlling for early life health covariates — school test scores. This table shows estimation results from

equation (2), but including additional covariates for indicators of health at birth, obstetric complications and postnatal care.
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Drop if preterm, low Drop if obstetric and labour Drop if admitted to special

Benchmark birthweight or low Apgar 5 complications care nursery
15 trimester (reference category: 20-30 degrees)
Max <20° -0.005 -0.005 0.002 -0.005
(0.004) (0.004) (0.006) (0.005)
Max 30°-35° 0.001 0.001 0.001 -0.000
(0.001) (0.001) (0.001) (0.001)
Max 35°+ 0.001 0.001 0.000 -0.001
(0.002) (0.002) (0.002) (0.002)
2™ trimester (reference category: 20-30 degrees)
Max <20° -0.011* -0.005 -0.016 -0.003
(0.007) (0.005) (0.012) (0.006)
Max 30°-35° -0.001 -0.000 -0.002 -0.000
(0.001) (0.001) (0.002) (0.002)
Max 35°+ -0.002 -0.002 -0.002 -0.001
(0.002) (0.002) (0.002) (0.002)
3 trimester (reference category: 20-30 degrees)
Max <20° -0.003 0.002 0.005 -0.001
(0.003) (0.009) (0.005) (0.006)
Max 30°-35° 0.002** 0.002** 0.003** 0.003***
(0.001) (0.001) (0.001) (0.001)
Max 35°+ 0.004** 0.002 0.004* 0.003*
(0.002) (0.002) (0.002) (0.002)
Constant 0.785%** 0.812%** 0.734%** 0.802%**
(0.137) (0.104) (0.082) (0.094)
Observations 23,756 19,972 9,898 19,285
R-sq 0.282 0.295 0.369 0.293

Table H4: Subsample regression estimates— admissions ages 0 to 2. This table shows estimation results from equation (1), run on the specific
subpopulations indicated in the column heading.
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Drop if preterm, . . Drop if admitted Drop if admitted
. . Drop if obstetric and . .
Benchmark low birthweight or | N to special care to hospital ages 0-
abour complications
low Apgar 5 nursery 2
15 trimester (reference category: 20-30 degrees)
Max <20° 0.004 0.003 0.002 0.005 0.003
(0.003) (0.004) (0.003) (0.004) (0.002)
Max 30°-35° -0.002%** -0.002%** -0.000 -0.003*** -0.002
(0.001) (0.001) (0.002) (0.001) (0.001)
Max 35°+ -0.003** -0.003*** -0.002 -0.003*** -0.000
(0.001) (0.001) (0.003) (0.001) (0.002)
2™ trimester (reference category: 20-30 degrees)
Max <20° -0.003 -0.002 -0.003 -0.002 -0.008
(0.003) (0.004) (0.006) (0.004) (0.005)
Max 30°-35° -0.002 -0.000 -0.001 -0.000 -0.003
(0.001) (0.001) (0.001) (0.001) (0.002)
Max 35°+ -0.003 -0.002 -0.003 -0.002 -0.005*
(0.002) (0.002) (0.003) (0.002) (0.003)
3 trimester (reference category: 20-30 degrees)
Max <20° -0.001 -0.007 0.007** -0.004 0.000
(0.004) (0.006) (0.003) (0.005) (0.003)
Max 30°-35° -0.001** -0.001** -0.000 -0.001*** -0.001
(0.000) (0.001) (0.002) (0.001) (0.001)
Max 35°+ -0.004*** -0.005%** -0.003 -0.005%** -0.002
(0.001) (0.001) (0.002) (0.001) (0.002)
Constant 3. 112%** 3.152%** 3.005%** 3.119%** 3.221%**
(0.116) (0.122) (0.217) (0.101) (0.061)
Observations 11,681 9,901 5,051 9,517 6,178
R-sq 0.523 0.521 0.513 0.523 0.455

Table H5: Subsample regression estimates — average school test scores at age 8. This table shows estimation results from equation (2), run on
the specific subpopulations indicated in the column heading.
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Appendix I: Effect sizes in context

Estimate
Study Exposure QOutcome in SDs Context
This study Additional day of max 30-35C School test scores age 8 -0.0007 NT, Australia
in third trimester
School test scores age 10 -0.0015
School test scores age 12 -0.0016
Additional day of max 35C+ in  School test scores age 8 -0.0028
third trimester
School test scores age 10 -0.0023
School test scores age 12 -0.0040
Cho 2017 Additional day of max 34C+ in College entrance - English 0.0064 South Korea
summer (May-Sept) before test
(Nov)
College entrance — Maths 0.0042
Park et al Additional school days above School test scores grades 3- 0.0007 USA
2021 max 26.7C in year before test 8
Park et al Additional day of max 37C+in Grades 10-11 (PSAT) -0.00098 USA
2020 prior year
Additional day of max 32-37 in -0.00064 USA
prior year
Park et al Temperatures on exam day of High school exit test 0.13 USA
2022 32C or above
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Chapter 5: Income and immunity: The consequences
of a pre- and neo-natal income shock on childhood

infection risk

Abstract

We analyse the impact of a temporary reduction in income, occurring in utero and early
infancy, on health in early childhood. We identify the income reduction through the
gradual rollout of the so-called ‘income management’ policy in Aboriginal communities
in Australia’s Northern Territory in 2007. This policy changed the delivery method of
welfare payments but not their value — however, implementation challenges meant that
many families did not receive their payments on time. Using linked administrative data,
we find that children who were exposed to the policy rollout in utero or in their first three
months of life (the ‘fourth trimester’) were at higher risk of severe infection requiring
hospitalisation. They spent, on average, 4.7 more days in hospital between birth and their
8th birthday. Most of this impact is concentrated in hospitalisations for infection, which
increased by 23 percent. These admissions are driven by a range of infection types:
bacterial, viral and respiratory. We link our findings to the ‘immune programming
hypothesis’, i.e. maternal stress and poor nutrition during key stages in immune system
development can permanently weaken the child’s immune system. Our findings highlight
the importance of attention to key phases in child development when designing policies

that affect households’ financial resources, even temporarily.
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5.1 Introduction

The conditions that children are exposed to in utero and early infancy can have long-
lasting impacts on their health and development. Research by economists and other social
scientists tells us that availability of financial resources in utero and early childhood are
key determinants of a child’s environment, and can therefore have long-term impacts on
measures of adult human capital, including health, education and earnings potential (see

Almond, Currie and Duque (2018) for a review).

Most research on this topic to date has studied the introduction of major elements of
modern social security systems which lead to large and sustained changes in family
income. The evidence shows that social security policies are a powerful tool to invest in
human capital. But what is more relevant to policymakers in high income countries today
is not the possible impact of major overhauls to entitlements, which happen rarely, but

the impacts of changes in conditionality and administration of social security.

The US National Scientific Council on the Developing Child (2023) argues that
policymakers should embrace an ‘early childhood lens’ in a broad range of policy
domains, beyond those traditionally considered within the realms of childhood policy. In
this chapter, we analyse one such area that policymakers should view through an early
childhood lens: administration and implementation of social security. Because these types
of incremental policy changes are often accompanied by implementation challenges, they

may have unanticipated impacts on child development.

Implementation challenges are often glazed over as temporary inconveniences. However,
for children affected by these challenges, the impacts are not necessarily temporary.
Medical and neurological research shows that during key developmental stages in
pregnancy and early childhood, children’s brains and bodies are highly plastic. Shocks to
family income, which can impact children’s nutrition and parents’ stress levels, even if

temporary, can impact children’s developmental trajectories. This can lead to long-term
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effects on children’s health and cognitive function (Adkins, Leclerc, and Marshall-Clarke

2004; Melville and Moss 2013; Anand and Scalzo 2000; Marques et al. 2013).

In this chapter, we analyse a change to the administration of means-tested benefits, and
the impact of this change on health throughout early childhood. Australia’s income
management policy was introduced in 2007, and targeted at Aboriginal communities in
the Northern Territory — a population with very low average incomes, who are four times
more likely to face poverty than the general population (Altman 2017). The policy did
not change households’ benefit eligibility or the value of their payments, but imposed
conditions on what recipients could spend their money on. To implement these
conditions, the policy restricted where recipients could shop, which caused stress and
reduced their purchasing power. More acutely, challenges in implementing these
restrictions meant that some households experienced a temporary reduction in income for
weeks or months. We study the impact of exposure to the policy change in utero or as a

newborn, on children’s health to age 8.

This setting provides a useful test case to understand the general impacts of changes to
social security administration — and accompanying implementation challenges — on
children in very low-income households. Aboriginal communities in Australia’s Northern
Territory are unique in many ways (discussed below in Section 2.1) and this episode is
particularly instructive to Australian policymakers. However, recipients’ experiences of
adapting to changes in administration of social security, learning how to navigate new
government systems, and interacting with poorly implemented policies — is by no means
unique to Aboriginal communities. We know, for example, that when the US SNAP
program moved from physical food stamps to its current electronic benefits card,
recipients’ food insecurity increased temporarily (Lovett and Xue 2017). Similarly, in the
UK’s transition from paper vouchers to a debit card for its Healthy Start food voucher
scheme, many recipients were temporarily unable to access their funds (Defeyter et al.

2022).
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We therefore already know that these types of policy changes can be disruptive due to
implementation challenges. Our analysis of the introduction of income management
allows us to further understand the impacts of such disruption not just on consumption,
as detailed in studies from the US and the UK, but on child development. We can do this
because income management was rolled out gradually, across 73 Aboriginal communities
over a 13-month period, creating a natural experiment that makes it possible to estimate
the causal effect of the policy change. In earlier research, Doyle, Schurer and Silburn
(2022) and Cobb-Clark et al. (2021) use the same administrative datasets and
identification strategy to analyse the short-term effects of the policy introduction: they
find reductions in birthweight and in school attendance, respectively. In this chapter, we
analyse the policy’s longer-term impacts on children’s health trajectories. We isolate the
effect of this policy change on children’s health to age 8, if the change occurred when
they were in utero or as a newborn — key stages in early development — relative to

exposure later in childhood.

We find that children who were exposed to the introduction of income management in
utero or in their first three months of life appear to be less healthy in early childhood.
They spend on average 4.7 more days in hospital from birth to their 8" birthday (a 40
percent increase from baseline). Most of this impact is concentrated in hospital
admissions for infection, which increased by 23 percent. These admissions are driven by

multiple types of infections: bacterial, viral and respiratory.

These adverse effects persist but become smaller in magnitude and lose statistical
significance for communities receiving income management later in the rollout period.
This informs our interpretation that, while the income management policy itself did not
improve outcomes, it was the temporary income reduction resulting from initial

implementation challenges that drives the large effect we find in the rollout period overall.

Hospital admissions are not necessarily an indication of worse health but, in our case,
they appear to be. It is possible that admissions could increase if hospitals were used as a

substitute for primary care, with no change in underlying infection rates. This is not the
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case; analysing clinic data for a subsample of children for whom primary care data are
available, we find an increase in clinic visits for infections. This implies that it is increased
illness, and not a substitution away from primary care, driving our results for hospital

admissions in the full sample.

In addition to these headline effects, our analysis provides two insights into how these
effects develop through infancy and early childhood, which make important contributions

to the literature on the early origins of lifetime human capital.

First, the pattern of effects is consistent with the ‘immune programming hypothesis’
(Marques et al. 2013). This hypothesis suggests that poor nutrition and maternal stress in
utero and infancy can lead to a permanent weakening of the immune system, resulting in
higher susceptibility to infectious disease later in life (Bermick and Schaller 2022;
Marques et al. 2013; Nielsen et al. 2011). We find impacts of the policy change on viral,
bacterial and upper respiratory infections through to age 8. At earlier ages, we find effects
on soft tissue and lower respiratory infections. We also find an increase in asthma
diagnoses — another condition resulting from a weaker immune system. Because the
impacts are not concentrated in a single type of infection, our findings do not appear to
reflect recurring infections or continued complications from a specific health issue.
Instead, these patterns, of an increase in multiple types of infections, suggest that this
cohort of children are more susceptible to infections in general, which fits the immune

programming hypothesis.

Second, we interrogate the relationship between birth outcomes and health in childhood.
Doyle, Schurer and Silburn (2022) found that income management reduced birthweight
for babies in utero during the policy rollout. In this chapter, we analyse the longer-term
health outcomes for this cohort of children as they grow up; we find that a prediction of
child health outcomes based on the policy’s initial impact on birthweight would severely
under-estimate the true effect. However, when we combine several measures of newborn
health, our models can explain around a third of the treatment effect on hospital

admissions. Therefore, while birthweight alone may be of limited use as an early indicator
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of how adverse in utero experiences affect childhood health, a combination of measures
perform better as predictors. This finding underscores the shortcomings of birthweight as
a primary measure of health at birth (Conti et al. 2020). It also suggests that further
research to identify the right combination of measures — looking beyond the more
common measures of birthweight and preterm birth — may make it possible to predict
which children are at greatest risk of adverse effects from pre- and peri-natal shocks, and

hence to target early support towards those children.

Our estimated effect sizes are large in magnitude. This may be because, as Torche (2019)
describes, children already exposed to disadvantages experience more severe effects from
early life insults. This policy change affected Aboriginal people living in remote
communities in Australia’s Northern Territory, a highly disadvantaged population. There
is good reason to suspect that the effects of an income reduction may be accentuated in
remote Aboriginal communities relative to the rest of the country, because of low baseline
incomes, distance to comprehensive healthcare, limited access to fresh, affordable and

nutritious food, and exposure to disease and crowded housing.

The historical and geographical context of Aboriginal communities in the Northern
Territory is unique, but many of the issues Aboriginal communities face are not. Most
advanced economies have pockets of disadvantage, with communities who also
experience crowded housing, and limited access to fresh food and healthcare. While the
effects of such a policy change in a higher-resource setting may be smaller on average,
the impacts experienced by the most disadvantaged children may be similar to those we
find. Our findings show that even within a high-income country, children in under-
resourced communities are at high risk of worse health when they are exposed to perinatal

income reductions.

While our findings relate specifically to income management policy, the general finding
is that implementation challenges matter. Even a temporary change in households’
financial resources can have long-term effects if it occurs during key stages in childhood

development. These effects are often unseen because they do not occur immediately, but
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they have tangible costs. An additional 4.7 days in hospital per child in this cohort would
have costed an estimated AU$4.5 million to the NT public hospital system over the eight
years we analyse. Policymakers, of course, do not plan on such implementation
challenges — but they can take steps to avoid these unintended effects. The cost-savings

from doing so are potentially large.

5.2 Policy and background

5.2.1 Aboriginal communities in the Northern Territory of Australia

and child health

The policy we analyse in this chapter was targeted specifically at Aboriginal people living
in Aboriginal communities in the Northern Territory (NT) of Australia (hereafter referred
to as NT communities). Around half of the Aboriginal people in the Northern Territory
live in very remote communities (Australian Bureau of Statistics 2023), many located
long distances from towns and cities. The characteristics of NT communities vary greatly,
with populations ranging from 20 to 2,000 people. The policy did not apply to non-
Aboriginal people,* or to Aboriginal people living in towns and cities. However, it did
apply to Aboriginal people living in ‘town camps’ — that is, Aboriginal communities

located on the outskirts of towns or cities.

Because of their remoteness, NT communities have limited access to healthcare services
and infrastructure, and poor quality housing (Foster and Hall 2021). Residents also face
high prices for food and other essentials. All of these factors contribute to poor health

outcomes.

46 Very few non-Aboriginal people live in NT communities, and those who do could apply for an exemption
from the policy.
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Children living in NT communities face particularly poor health outcomes. Despite the
long distances that residents of NT communities must travel to reach hospitals, children
born in NT communities have, on average, just under 3 hospital admissions between ages
0-7, compared with 2 admissions for Aboriginal children not born in NT communities,
and 0.7 admissions for non-Aboriginal children (Figure 1). The most common reason for

admission is infection. In our analysis, we estimate a change from this already high base.

5
m Born in NTER community

Not born in NTER community

Non-Aboriginal
4
3
2
| J | |
0

Age 0 Age 1 Age 2 Age 3 Age 4 Age 5 Age 6 Age 7

Figure 1: Cumulative number of hospital admissions by age, for children born in
the NT from 2000-2007.

Note: The bars show averages for Aboriginal children in ‘NTER’ communities (those we study in this
chapter, which were targeted by the income management policy), Aboriginal children born in towns and
cities (not affected by the income management policy), and non-Aboriginal children. Authors’ calculations
based on administrative data.

By focusing on hospital admissions, we isolate only the most severe cases of illness that
require treatment in hospital. However, illness and infection not requiring hospital
admission are also common in NT communities: Bar-Zeev et al. (2012) find that infants

in remote communities visit their clinic on average once every two weeks, most

commonly presenting with respiratory, skin and gastrointestinal conditions.
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5.2.2 The income management policy

In Australia, the federal government pays social security benefits (often referred to as
‘welfare’), including for unemployment, parenting payments, disability support and the
aged pension. There is no time limit on claims, meaning that households may receive

these payments indefinitely, provided they remain eligible.

Income management represented a change in the way these payments were administered.
Most people who receive government transfers within Australia have the funds deposited
into their bank account, and can spend the money however they choose. But this changed
under income management, which imposes conditions on how funds should be spent.
Under income management in the NT, 50% of each regular payment was deposited into
the recipients’ bank accounts, as usual. But the remaining 50% of regular payments, and
100% of lump-sum payments, was ‘quarantined’. The quarantined money was held in an
account with Centrelink, the government agency that administers the payments. Those
quarantined funds were earmarked to be spent on essentials, such as food, utility bills and
housing.*’” They could not be withdrawn as cash, and could not be spent on alcohol,
tobacco, gambling services, or pornography. To enforce these spending restrictions,
payments were made directly from the income managed account to suppliers and stores

on behalf of the recipient.

Importantly, the intention of income management was to change only the way that
payments were delivered, and not the value, frequency, or eligibility rules. The policy
was compulsory for benefit recipients living in NT communities, but did not apply to
people outside of those communities. Statistics reported by the Australian Institute of
Health and Welfare (2010) suggest that around three-quarters of adults in NT

communities received benefits during the income management rollout period. We do not

47 The full list of ‘priority needs’ are: food; non-alcoholic beverages, clothing, footwear, basic personal
hygiene items, basic household items, housing, household utilities, rates and land tax, health, child care and
development, education and training, items required for employment, funerals, public transport and private
vehicles. These items are listed in the Social Security and Other Legislation Amendment (Welfare Payment
Reform) Act 2007.
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have data on the average value of payments within NT communities, but in general for
low-income households receiving benefits in Australia, these make up around 80 percent
of total household income, and at the time of the introduction of income management,
were worth around A$210 per week.*® In addition, at the time of the policy change,
parents were eligible for a universal A$4,000 ‘Baby Bonus’ lump-sum payment after the

birth of a child, 100% of which was quarantined.

Income management was introduced as part of what was called the Northern Territory
Emergency Response. This was a package of policies introduced from mid-2007, in
response to a report documenting child abuse and neglect in Aboriginal communities
(Wild and Anderson 2007). The policies were wide-ranging, though income management
was a central part of the package, and was rolled out on a different timeline to other

policies (see Doyle, Schurer and Silburn (2022) for details).

The intention of income management was to ensure that a higher share of payments is
spent on essentials that benefit children. However, the weight of evidence suggests it is
unlikely that this was achieved. While comprehensive spending data are unavailable,
Brimblecombe et al. (2010) analyse grocery spending patterns across 10 NT communities
and find no change following the introduction of income management. In the immediate
aftermath of the policy introduction, Doyle, Schurer and Silburn (2022) find a decrease
in birthweight, and Cobb-Clark et al. (2021) find a reduction in school attendance: neither

of which are consistent with an increased provision of essentials to children.

The reason that the policy did not have the intended effect may be that it does not impose
a binding constraint to most households. While we do not have spending data from NT
communities, we know that most low-income households in the NT already spent more

than 50% of their income on essentials (Doyle, Schurer, and Silburn 2022).

48 This is based on Australian Bureau of Statistics estimates of Household Income and Income Distribution
for 2005-06, Table 6523.0.55.001. These data relate to the national average — it is likely that payments are
somewhat higher and other income lower in our context, as there are fewer employment opportunities in
NT communities.
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Implementation challenges

The policy rollout began in September 2007, three months after it was announced in July
2007. The complexity of the policy and the short timeframe meant that there was little
time to anticipate and overcome implementation problems. These implementation
problems led to a sharp, but temporary, reduction in some recipients’ income — and a

more modest reduction in purchasing power for other recipients.

The reduction in income for many households was due to administrative requirements.
Recipients were required to meet with a caseworker to jointly decide how the quarantined
portion of their funds will be allocated. Before this meeting, quarantined funds would
accrue in recipients’ income management account, and they could not be accessed until
after meeting with a caseworker. We do not have data on when individual recipients met
with their caseworker, so we cannot say exactly how many recipients this rule affected,
and for how long. But aggregate data suggest that in the early stages of the rollout
(November 2007), around one-fifth of recipients were temporarily unable to access their
quarantined funds for this reason. In the first few months of the rollout, unallocated funds
accounted for 30 to 50 percent of all quarantined funds (Figure 2). This situation improved
throughout the rollout but was not entirely resolved. By the end of the policy rollout in
October 2008, around 1 percent of recipients had unallocated funds (Australian Institute
of Health and Welfare 2010, 24). While this is a small share of recipients, it still represents
a large amount of money withdrawn from circulation in affected communities: around

A$4 million by March 2009 (Australian Institute of Health and Welfare 2010, 30).

For recipients who did not meet with a caseworker within 13 weeks of the policy’s
introduction in their community, the income shock was more severe: they had their full
payment (not only the quarantined portion) suspended. This affected around 8’2 percent
of all income managed individuals during the rollout period (Australian Institute of Health

and Welfare 2010).
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Figure 2: Unallocated funds as a proportion of all quarantined funds to 27 March
2009.

Note: Data unavailable from 14 December 2007 to 10 January 2008. Source: Figure 6 in Australian Institute
of Health and Welfare 2010. Data

Recipients who did meet with a caseworker did not experience the same disruptions in
their payments. But they experienced less acute reductions in their purchasing power.
This is because during the rollout period, any changes to allocations of quarantined funds
had to be made manually by Centrelink. For example, if recipients wished to travel into
town, they would need to organise this with a caseworker, and arrange for their funds to
be sent as credit to the stores they planned to visit. This introduced frictions, and meant

that recipients could not ‘shop around’ for the lowest prices.*

49 These arrangements applied for the first year that the policy operated. In late 2008, Centrelink introduced
a payment card (the ‘BasicsCard’) which could be loaded with quarantined funds, and spent at any
participating retailer. This did not eliminate frictions for recipients, but alleviated them substantially. To
accept payments from the BasicsCard, retailers must receive approval from the government agency that
provides income support. Retailers that have not received approval are blocked from accepting the
BasicsCard at their card terminal — any attempt to the card at an unapproved card terminal would be
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Heterogeneous policy effects

Among households receiving regular benefits, there are two different types of ‘treatment’.
First, as described above, around one in five households had half or more of their transfer
income withheld as ‘quarantined’ funds they could not access, for between a few weeks
and a few months. Second, the remaining households were affected less acutely, but
experienced inconvenience and lower purchasing power. In addition to budgeting
difficulties, both groups likely experienced substantial stress during the rollout. As Yu,
Duncan and Gray explain (2008, 20), ‘people were required to master new, complex and

often changing procedures with a minimum of information or explanation’.

Unfortunately, data on social security receipt are not available. The information we have
on unallocated funds comes from aggregated reporting (Australian Institute of Health and
Welfare 2010) and therefore we do not know which of the children in our population were
most and least acutely affected. However, we use estimation methods which allow for

heterogeneous treatment effects.

5.3 Conceptual framework

We know that the treatment we analyse reduced birthweight (Doyle, Schurer, and Silburn
2022), but its impact on health in early childhood is an open question. It is possible that
children with lower birthweight were able to catch up to their peers, with no longer-term
impacts. But equally there may be children within this cohort who were affected by the
treatment even if it did not affect their birthweight. We know other in utero shocks can
affect health and development despite no impact on standard measures of health at birth

(e.g., see Schwandt (2019)).

declined. Most major retailers (supermarkets, department stores, clothing store chains, petrol stations) were
approved to accept it. If a retailer sells both restricted and unrestricted items and has been approved to
accept the BasicsCard, then the retail staff must enforce the restrictions. That is, if a customer tries to
purchase alcohol using their BasicsCard, the retail staff must refuse to process the transaction.
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Our analysis draws on the fetal origins hypothesis, which states that the prenatal
environment can have long-term impacts on children’s health and development, and on
their later-life human capital. This hypothesis is supported by substantial empirical
evidence (Bharadwaj, Eberhard, and Neilson 2018; Currie and Rossin-Slater 2015; Risnes
etal. 2011).

Research on the fetal origins hypothesis originally focused on the epigenetic mechanism
of ‘fetal programming’ of chronic disease, which is the idea that experiences during
pregnancy can switch ‘on’ the genes that increase risk of metabolic disease later in life
(Almond and Currie 2011). This is the mechanism that Barker (1998) proposed in
explaining the link between low birthweight (implicitly, poor maternal nutrition during

pregnancy) and the child’s latent risk of chronic diseases in middle age.

However, since this literature first emerged, our understanding of the link between early

life conditions and adult human capital has expanded in two ways.

First, either implicitly or explicitly, in the mechanisms linking early experiences to adult
human capital. The fetal origins literature finds impacts of in utero exposures on a wide
range of outcomes, from chronic disease in middle age, to employment outcomes, to
behavioural patterns, to school test scores (Chorniy, Currie, and Sonchak 2020; Almond,
Currie, and Duque 2018). To produce this wide range of outcomes, it seems likely that a
diverse set of mechanisms, beyond ‘fetal programming’ of metabolic syndromes, are at

work. We discuss this further in Section 7.

Second, while this body of literature initially focused on the prenatal environment, it now
extends to cover periods after birth. As Torche (2019) describes, research in neurobiology
and developmental psychology has posited the more general idea of ‘sensitive’ or
‘critical’ periods during childhood, in which the brain and nervous system develop, and
insults experienced during these periods can permanently impair development. Eshaghina
et al. (2024) support this empirically, finding evidence of different sensitive periods for

different developmental outcomes for children in Denmark. The idea that there are
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multiple ‘sensitive’ periods beyond pregnancy helps to unify empirical evidence in the
social sciences, which finds long-term impacts on human capital from both the in utero

environment and the childhood environment.

In this chapter, we consider exposure to the policy change in utero or as a newborn. Of
course, we know that there were likely impacts of the introduction of income management
on older children as well. A number of studies find that changes to family income
throughout childhood have lasting impacts on outcomes in adulthood (Braga, Blavin, and
Gangopadhyaya 2020; Bailey et al. 2020). However, because the in utero and newborn
periods are particularly ‘sensitive periods’ (Adkins, Leclerc, and Marshall-Clarke 2004),
we expect that effect may be larger or longer-lasting for children exposed during these
periods. For example, Hoynes, Schanzenbach and Almond (2016) find that the impact of
an effective increase in income (US food stamps) on adult health was largest if introduced
before birth, but that there were still effects if it was introduced in childhood. We may
expect a similar pattern for an income reduction. Our detailed data, which contains exact
date of birth and date of the policy change in each community, allows us to also isolate
exposure in the newborn period (the so-called ‘fourth trimester’), as well as during

pregnancy.

5.4 Data and sample

We use linked administrative data on children born in the NT, retaining only the
subpopulation of all children whose mother lived in an NT community or town camp at
the time of birth. Almost all of these children are Aboriginal (for summary statistics of

main variables used in analysis, see Appendix Table Al).

5.4.1 Sample selection

We limit our sample to children born during the income management rollout period, and

in the preceding year. We define our sample based on date of conception, given the
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potential for sample definition dates based on date of birth to bias analysis (Strand,
Barnett, and Tong 201 1a). We therefore include all children conceived between July 2005
and April 2008, giving us a sample size of 2,279 children.

We focus on hospital inpatient admissions. A patient may be admitted to hospital directly
if they are referred for hospital care, or may be admitted after visiting the Emergency
Department. We consider all inpatient admissions from ten days after birth through to age
7.5% Ending our analysis at age 7 is due to data availability: we have hospital admission
data through to mid 2017, by which point the latest-born children in our cohort would
have just had their 8" birthday.>!

We exclude cases where the child was admitted for a non-medical reason (e.g.
accompanying family members). We also exclude duplicated ‘statistical admissions’ and
transfers, where there are multiple admission records for a single episode of care. In these

cases, we count only one admission, but retain all diagnoses.

Public hospital care in Australia is provided at no cost to the patient, and hence there is
no financial barrier to receiving care. While Australia also has a parallel private healthcare
system, there is just one private hospital in the NT (in Darwin), which is co-located with

a public hospital, and receives very few paediatric admissions.

We also use data from primary care clinics, although these data do not cover the universe
of primary care encounters. They are available for two-thirds of NT communities, though

some are smaller communities, and hence only around half of the children in our

30 We exclude the birth admission, and admissions within 10 days of when the child was discharged from
their birth admission. We do this because we do not want our results to reflect the initial impact of the
policy on admissions to special care nurseries or neonatal intensive care units. We know from Doyle,
Schurer and Silburn (2022) that the policy reduced birthweight, and that children with low birthweight are
automatically admitted to a special care nursery. We do not include admissions within 10 days of birth
because, in the NT, women who live remotely travel long distances to hospital, and stay close to the hospital
for some time after birth for monitoring. This means the mother and baby are more likely to be readmitted
to hospital for minor concerns. However, we run a version of our model including admissions in the first
10 days: estimates are slightly larger in magnitude but otherwise little changed (see Appendix Table E6).
31 While we are able to analyse admissions through to age 7, most admissions occur in a child’s first two
years (see Figure 1), and hence the exact end point makes little difference to our conclusions.
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population were born in these communities.’> These data are available from 2010
onwards, therefore we are unable to observe clinic visits for our cohort from birth. Instead,
we observe admission for children at ages 3 to 7. For this analysis, we limit our sample
to children who were born in the communities for which clinic data are available, giving

a sample size of 1,191 children.

5.4.2 Outcome measure

Our main outcome measures are inpatient admissions for any reason (ever, number of
admissions and number of days spent at hospital), and admissions for infection (as a

primary diagnosis).>

To identify diagnoses, in particular infections, we use codes from the International
Statistical Classification of Disease and Related Health Problems (ICD-10),
encompassing diagnoses from multiple ICD chapters. We follow Miller et al. (2016), who
define six sub-categories of infection: bacterial, viral, upper respiratory, lower
respiratory, soft tissue and gastrointestinal.>* We amend the definitions slightly, to include
additional infection-related diagnoses which were present in our data, but not in Miller et

al.’s list (see Appendix G for full list of codes).

Primary care codes differ from the ICD-10 codes used in the hospital admission data,
which means we cannot construct the same breakdowns of infection by type across the
hospital and primary care datasets. Instead, we identify infections as all diagnoses in the

primary care data classified as an ‘infection’ in the summary published by the WONCA

52 There are an additional 4 community clinics which do not contribute data to the NT Government’s
clinical records system. The remaining communities do not have their own primary care clinic.

33 In this definition, we also include admissions where a primary diagnosis is deemed to be caused by an
infection. For example, one of the most common primary diagnoses is cutaneous abscess (ICD-10 code
L02) and, in the majority of cases, the secondary diagnosis is ‘streptococcus and staphylococcus as the
cause of diseases classified to other chapters’ (ICD-10 code B95).

3% Otitis media and other ear infections are included in upper respiratory infections, and skin infections are
included in soft tissue infections. Miller et al’s definition also includes genitourinary infections, however
we exclude these from our analysis as the number of admissions for genitourinary infection among children
aged 0-7 in our population is negligible.
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International Classifications Committee (2018), and we identify two common

subcategories: respiratory and soft tissue (eye or skin) infections.

5.5 Empirical strategy

5.5.1 Validity of the policy experiment

Income management was introduced gradually between September 2007 and October

2008, with 32 distinct rollout dates. The rollout was done at the community level.

Our causal identification is based on this staggered rollout. Our analysis includes only
children who were born in NT communities, where income management was eventually
introduced, meaning all children were exposed to income management at some point.
Provided that the rollout timing is exogenous, and that there were parallel trends in early-
and late-adopting communities before the policy implementation, we can assign a causal

interpretation to our estimates.

Before the policy was introduced, the federal government set out a timeline for when each
community would receive income management. The reason for the gradual rollout was
that Centrelink staff needed to visit communities before income management began: they
did so in two teams, with one team sequentially visiting all communities in northern NT
and another team visiting all communities in southern NT. While visiting, staff would
meet with residents to give them an opportunity to allocate their income managed funds,
and would issue the local community store with a license to accept income managed funds

(Australian Institute of Health and Welfare 2010).%

33 Stores needed to meet conditions of selling sufficient fresh food and essentials. However, when stores
did not meet these conditions, most were still allocated ‘provisional’ licenses, meaning this did not unduly
delay the rollout.
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We do not have information on the logic behind the rollout timeline. Doyle, Schurer and
Silburn (2022) suggest the rollout may be, at least partly, scheduled to avoid visiting
communities prone to flooding during the wet season. However, they show that there
were no a priori differences in newborn health, or community demographics between
communities that received income management earlier or later. They also show that there
was no clear geographic pattern in the rollout, in terms of whether larger communities,
more remote communities, or town camps systematically received treatment earlier or

later.

In Appendix Table B1, we repeat Doyle, Schurer and Silburn’s (2022) analysis on
differences between earlier and later-adopting communities, based on our main sample
and outcome measures. We find no systematic differences in health or community
characteristics for earlier- or later-adopting communities, which suggests the rollout was
indeed exogenous to any pre-existing differences across communities in child health and

hospitalisations.

To formally test for parallel trends, we test the joint statistical significance of the pre-
trends in the lead up to the policy introduction, in the way recommended by Borusyak,
Jaravel and Spiess (2024). We find that the parallel trends assumption holds (see
Appendix Table B2, and Figure 3 below).

However, over several years leading up to the policy introduction, we observe a trend
decrease in the number of hospital admissions per child (see Appendix Figure Al). This
trend may bias our estimates downwards; if the trend continued into our analysis period,
the comparison group (more likely to be born earlier in the sample period) would have
more admissions than those born later. We revisit this point in our robustness tests, in
which we test the sensitivity of our findings to the length of the pre-implementation period

included in our sample.
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5.5.2 Definition of treatment status

In our analysis, we define a child as ‘treated’ if income management was introduced in
the mother’s community of residence during pregnancy, or on their first 90 days of life.
This treatment is defined based on the child’s exact date of birth and the exact date the

policy was introduced in their community.

The comparison group consists of children living in NT communities, but who were born
more than 90 days, and up to 30 months,>® before income management was introduced in
their community. To be clear, all children in our sample were affected by the policy
change at some time before they were 30 months (two and a half years) old. the treatment
group were affected during pregnancy or as a newborn, and the comparison group were
affected from when they were 3 months old or later. Appendix Table B3 presents the
number of children in our analysis sample in the treatment and comparison groups, by

quarter of birth.

We define the ‘cutoff” point for treatment as 90 days old. This covers the so-called ‘fourth
trimester’ of pregnancy (the newborn period). While much research confirms that the in
utero period is a key stage in development (Almond, Currie, and Duque 2018), research
has also demonstrated that the newborn stage is a particularly sensitive period, in which
nutritional interventions can have large impacts. For instance, Gunnsteinsson et al. (2022)
find that providing a vitamin supplement soon after birth improves growth and reduces
fevers in infancy. This fits with the broader scientific literature which states that,
alongside the in utero period, the newborn period is the most active stage of epigenetic
imprinting (Simeoni et al. 2014), in which nutrition (Wiedmeier et al. 2011) and maternal
stress (Bermick and Schaller 2022, 303) can have long-term impacts on developmental

trajectories. As described by Georgieff et al. (2015), while there are many potential

36 Appendix Table E5 shows the sensitivity of our estimates to changes in the length of the pre-period we
include (and hence in the age of children in the comparison group at the time of the policy introduction).
We find that including no pre-period — meaning the treatment group are instead compared with children
born 3 to 18 months at the time of the policy change — leads to somewhat larger and strongly statistically
significant estimates.
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‘sensitive periods’ in early childhood development, the fetal and neonatal period are times
of particularly high nutrient requirements, given rapid metabolism at these stages.
Therefore, poor nutrition during these periods creates particularly high risks to children’s

health and development.®’

5.5.3 Estimation model

We use the following generalised difference-in-difference specification:
Yiej = Bo + Bitreatment;; + BoXi; + 1+ 0 + €ic

where y;;; represents the outcome (probability of admission, number of admissions, or
days spent in hospital) for child i, born at time ¢ in community ;. 1; denotes fixed effects
for the mother’s community of residence when the child was born, and 6, represents fixed
effects for the year-quarter that the baby was born. The vector of covariates X;;; includes
sex of the baby, the mother’s age at birth (in bands), an indicator for whether it was the
mother’s first pregnancy, the season that the baby was conceived in, and rainfall in the
mother’s place of residence in the 90 days to birth.”® We also estimate an event study

based on this model,>®

which allows us to separately estimate the impact of exposure
depending on when it occurred relative to birth (i.e. in each trimester of pregnancy, or

after birth).

p, represents our treatment coefficient. As described in Section 2.4, the policy change

represented a severe income reduction to some households, and a milder reduction and

37 Breastfeeding rates are high in NT communities (Longmore et al. 2020), and therefore we expect
maternal nutrition and stress to be the predominant mechanism of any effect, for exposure both during
pregnancy and as a newborn. However, the income reduction may also affect parents’ ability to purchase
infant formula if they are not breastfeeding.

38 We control for season and rainfall because in the NT, babies born in the summer/wet season are generally
less healthy, with potential long-term impacts on health (M.-A. Doyle 2023).

39 The event study specification is given by: yiti= 0+n=141 1(treatmentitj=n)+ 2Xitj+j+t+ itc- [ this specification, we
have four categories of treatment: rollout occurring in the first trimester, second trimester, or third trimester
or pregnancy, or in the baby’s first 3 months of life (the so-called ‘fourth trimester’).

242



source of stress to others. Therefore, we expect there will be heterogeneous treatment

effects.

Recent econometric literature has highlighted the issues with using standard two-way
fixed effects models in cases with heterogeneous treatment effects across time and groups.
There are now a range of estimators available that address these issues (Callaway and
Sant’ Anna 2020; Imai and Kim 2020; Borusyak, Jaravel, and Spiess 2024; Gardner 2021;
Wooldridge 2021), each using different assumptions. Our data structure is slightly
unusual for a generalised difference-in-difference application. This is because, while we
have balanced longitudinal data at the individual level (which allows us to track outcomes
through to age 8), for the purposes of this estimation, our data are made up of repeated
cross-sections of children born in each community in each time period. Each time period-
location cell is made up of a varying number of observations depending on the number of
births in that period, and some small communities have no births in some quarters.
Furthermore, each child has individual-level characteristics (our X;;; variables) which we
include as covariates. This data structure discounts the possibility of using Callaway and
Sant’ Anna’s (2020) estimator, which is one of the more commonly used estimators. With

that estimator it is possible to include covariates, but not time-varying covariates.*°

We instead use Borusyak, Jaravel and Spiess’ (2024) imputation estimator, which is more
flexible and hence accommodates our data structure, allowing for individual-level
covariates and varying numbers of observations (some zero) in each time period-
community cell. Furthermore, as both Borusyak Jaravel and Spiess (2024) and de
Chaisemartin and D'Haultfoeuille show (2023), this estimator is more efficient than
alternatives. The increased efficiency and ability to control for individual-level covariates

reduces our standard errors: this is desirable given our small population with highly

0 To be clear, the Xiti covariates we use are constant within the individual over time, but the dimension
across which time variation is relevant for choice of estimator is time variation within a given treatment
unit (i.e. community) and as the individuals born within each period are different, the values of our Xitj
variables will change from quarter to quarter within a given community.
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variable outcomes. We provide more detail on this in Appendix C, and present robustness

tests using alternative estimators in Appendix Table E7.

5.6 Results

We present our primary estimates in two ways.

We first present event study estimates for our high-level outcomes of hospital admissions
for any reason, number of days spent in hospital, and hospital admissions for infection
(Figure 3). These figures break down the impact of the policy change ‘event’ based on
the child’s age at the time of the policy introduction. This allows us to do two things.
First, to confirm the validity of the natural experiment. These figures show no statistically
significant effects or trends in our comparison group. Second, with the event studies, we
can see whether the effects of the policy introduction differ by timing of exposure. We
can see, for instance, whether the magnitude of the policy’s effect differed for children
for whom the policy was introduced in their community in their first, second, or third

trimester in utero, or as a newborn.

We then present a table with overall difference-in-difference estimate, which shows the
average treatment effects across all treated children, regardless of the timing of the policy
introduction. This allows us to summarise our findings as point estimates, and to present

a larger number of outcomes: in our case, diagnoses for specific types of infections.

5.6.1 Event study estimates

Figure 3 presents the impact of exposure to the introduction of income management on
hospital admissions and days spent in hospital, cumulatively for ages 07 years. All
estimates are relative to exposure at 1621 months, following recommendations by
Borusyak, Jaravel and Spiess (2024). that the reference period should not be the one

immediately preceding the treatment.
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Figure 3: Event study for impact of introduction of income management on hospital

admissions at ages 0 to 5 years.
Note: These figures show the estimated effect using the Borusyak, Jaravel and Spiess (2024) imputation
estimator. The reference period is children aged 16-21 months old at the time of the policy.
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Figure 3(a) shows the impact of the policy change on the probability of ever being
admitted to hospital for any reason. With 95% confidence intervals spanning zero for all
periods of exposure, there is no statistically significant difference in hospital admission
for children exposed to income management during pregnancy or as a newborn, relative

to exposure at 16-21 months.

Figures 3(d) and 3(e) show the impact of the policy change on the number of times a child
is admitted to hospital for an infection, and days spent in hospital, respectively. If the
policy change happened when the child was 0—3 months old, or in the third trimester of
pregnancy, there is a statistically significant increase in admissions for infection,
equivalent to around 0.4 additional admissions per child. There is a similarly sized
estimate for children exposed in the first or second trimesters of pregnancy, though the
95% confidence intervals are wider, spanning zero. We also find an increase in days spent
in hospital, of around 4 or 5 days per child, for those exposed to the policy as a newborn,
in their third trimester, or their first trimester. While the magnitude of the estimate on
exposure in the second trimester is similar, the 95% confidence intervals span zero. We
do not find impacts on any outcome for children exposed when they were 4 months and

over, relative to exposure at 16-21 months.

In sum, the plots in Figure 3 suggest that the introduction of income management
increased the number of infection-related hospital admissions, and the number of days
spent in hospital. Across the whole treatment group, we find no statistically significant
impact on the probability of children ever being admitted to hospital for any reason or
ever admitted for an infection — although we do find small effects on total number of
admissions for children treated in the first three months of life (Figure 3(b)). As the share
of children ever admitted was already high before the policy change, it makes sense that
most of the effect of the income reduction would come through the intensive margin (i.e.
number of admissions, days spent in hospital) and not the extensive margin (i.e. whether
ever admitted). Across almost all outcomes, the point estimates remain more or less

constant for different periods of exposure, however, the 95% confidence intervals around
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our point estimates become wider for children exposed to the policy earlier, reflecting

greater uncertainty around these estimates. !

5.6.2 Difference in difference estimates

Table 1 presents point estimates for a treatment effect aggregated over all periods (i.e.
exposure during pregnancy or as a newborn). Panel A presents the same outcomes that
are shown in Figure 3. The estimates suggest that the introduction of income management
increased the number of days spent in hospital by 4.7, from a base of 11.5 days, and
number of admissions for infection by 0.37 admissions per child, from a base of 1.6

admissions. Both effects are statistically significant at the 5% level.

We do not find a significant effect on overall admissions, but this does not mean that
other admissions reduced at the same time that admissions for infections increased.
Instead, the point estimate for the change in total admissions for any reason (0.36
admissions) is very close to that for admissions for an infection (0.37 admissions), but
not statistically significant. This likely reflects greater baseline variation in total

admissions, and hence a larger standard error.

Panel B of Table 1 breaks down the treatment effect on admissions by type of infection.
We find a statistically significant increase in the probability of ever being admitted to
hospital for three types of infection: viral (8 percentage points, significant at the 1%
level), bacterial (13 percentage points, significant at the 1% level) and upper respiratory
(7 percentage points, significant at the 5% level). Income management doubles the share
of children ever admitted to hospital for these three reasons, with very similar point

estimates on the number of admissions for these reasons.

61 According to de Chaisemartin and D’Haultfoeuille (2023), the estimator we use is known to produce
somewhat less precise estimates following the first treatment period. The confidence bands around the pre-
treatment periods are also wider, reflecting the fact that the imputation method uses a different estimator
for pre- and post-treatment estimates (see Borusyak, Jaravel and Spiess (2024) for more details on the
reasons for this).
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Whether ever admitted ages 0-7 years Number of admissions ages 0-7 years

(probability) (cumulative)
95% 95%

Untreated  Treatment confidence Untreated  Treatment confidence

mean effect interval mean effect interval
Panel A: main outcomes
Admission for
any reason 0.75 0.09 -0.15-0.33 2.52 0.36 -0.16 - 0.83
Admission for
infection 0.61 0.15 -0.07 - 0.37 1.62 0.37** 0.08 - 0.66
Days in hospital 11.48 4.68%* 0.97 - 8.40
Panel B: Type of infection
Viral 0.05 0.08*** 0.03-0.14 0.06 0.08*** 0.02-0.14
Bacterial 0.12 0.13%*** 0.03-0.23 0.15 0.17** 0.04 -0.30
Upper respiratory 0.11 0.07** 0.01-0.13 0.15 0.09** 0.02-0.16
Lower respiratory 0.31 0.09 -0.14 - 0.31 0.65 0.12 -0.06 - 0.29
Soft tissue 0.27 0.01 -0.19-0.22 0.39 -0.08 -0.39-0.23
Gastrointestinal 0.23 -0.07 -0.25-0.12 0.34 -0.01 -0.15-0.12
Sample size 2,279 2,279

Table 1: Impact of income management introduction on hospital admissions

Note: Treatment is defined as exposure to income management within the mother's community before the child is 90
days old. Excludes admissions within 10 days of birth admission. Covariates: child's sex, whether they were the mother's
first pregnancy, rainfall in the 90 days to birth, whether conceived in the wet season. Fixed effects for community at
birth and quarter-year of birth. Standard errors clustered by community. Treatment effects and standard errors estimated
using Boruysak, Jaravel and Spiess' (2024) estimator (Stata command: did imputation (Borusyak 2023)).

*EE 1%; ** 5%, * 10%

5.6.2 Sensitivity of our estimates

Our estimates presented here are robust to a host of alternative specifications and
estimators, presented and described further in Appendix E. However, Table 2 presents
the two estimation decisions that have most impact on our estimates and hence affect how

we interpret our findings.
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First, as discussed in Section 2 above, while we are unable to link data on actual receipt
(or delays in receipt) of social security benefits with our outcomes, we may assume that
implementation challenges were most acute at the beginning of the rollout period. We can
see from Figure 2 that the share of income managed funds that were unallocated was
highest in the final months of 2007, and dramatically lower in 2008. If the effects we find
were driven by these implementation challenges, then we may expect the impact to be
much smaller for communities that received income management later in the rollout
period. To test this, we rerun our analysis excluding the communities receiving income
management in 2007. Our estimate on days spent in hospital declines from 4.7 days to
1.6 days and loses statistical significance. The estimated effect on number of admissions

remains little changed but also loses statistical significance.

Second, our benchmark specification is based on time and community fixed effects. We
could instead use sibling fixed effects. Here we control for all unobserved family-level
characteristics that might influence a child’s health outcomes, such as genetic
background, parental education, and family environment. When we do this, our estimates
reduce in magnitude. This approach suggests income management led to an additional
1.6 days in hospital and 0.31 additional admissions for infection. The estimates also
become much more precise, and statistically significant at the 1% level. However, there
are two reasons we prefer our benchmark model. The first is sample size: only around 15
percent of children born in the treatment period have a sibling born within the sample
period, meaning use of sibling fixed effects discards information from a large number of
children without siblings. Second, some families move between communities, meaning
siblings may be born and spend their early years in different communities. This is the case
for around 10% treated children with a sibling in our cohort. Hence, while this approach
gives us more precise estimates, it does not strictly fit within our identification strategy,

which relies on holding community (i.e. unit of treatment) characteristics constant.

Put together, these sensitivity tests imply two things: first, given that our estimates lose

statistical significance when we exclude the earliest-adopting communities, this supports

249



our interpretation that much of the total effect we find is due to initial implementation
challenges. However, the fact that the point estimates remain positive among later-
adopting communities suggests there may be some more modest impact from ongoing
implementation challenges and reduced purchasing power as a result of the income
management policy. Second, the range in estimates we find between our benchmark
model and the sibling fixed effects model suggests it is likely that the impact of income

management was somewhat less than that implied by our benchmark model.

Pr ever
admitted N adm.
Pr. Ever N Days in for for
N admitted  admissions  hospital infection infection
Benchmark specification 2,279 0.090 0.335 4.683*%* 0.147 0.370%*

(0.123) (0.253) (1.895) (0.113) (0.150)
Exclude first-adopting

communities 1,856 0.095 0.348 1.587 0.162 0.399*
(0.137) (0.126) (1.106) (0.284) (0.213)
Sibling fixed effects 2465  -0.023%F%  (0245%k% [ 579%k%k Q5] ]R*E  (.305%**

(0.007) (0.061) (0.349) (0.006) (0.038)

Table 2: Impact of income management introduction on hospital admissions —

selected robustness tests

Note: The benchmark includes fixed effects for community at birth and quarter-year of birth, the ‘siblings
fixed effects’ specification does not include any additional control for location. The ‘exclude first-adopting
communities’ specification excludes all communities receiving income management in 2007. Standard
errors clustered by community. Treatment effects and standard errors estimated using Boruysak, Jaravel
and Spiess' (2024) estimator (Stata command: did imputation (Borusyak 2023)).

*HE 1%; ** 5%, * 10%

5.6.3 Does the increase in admissions reflect worse health?

It is possible that the increase in admissions reflects an increase in a family’s likelihood
of taking their child to hospital for a given level of illness, instead of worse underlying
health. Care-seeking behaviour may well have changed in response to the income
management rollout. It is plausible that income management, and other policy changes
occurring around that time, may have led families to withdraw from accessing routine

care due to mistrust of public institutions.
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For such behaviour to drive our estimates, it would require that care-seeking responses to
income management differed based on the age the child was at the time of the policy
introduction. That is, for instance, that a family whose child was 1 at the time of the policy
change would be less willing to access healthcare years later, compared with a family

whose child was a newborn at the time.

If this were the case, there could be two possible explanations for the increase in
admissions we find. First, the treatment group may go to hospital as a substitute for
primary care (that is, for less severe infections), which would mean an increase in hospital
admissions, a reduction in primary care use, but no change in underlying health. Second
the treatment group may avoid seeking routine healthcare. This would mean a reduction
in primary care, but could lead to more infections going untreated and becoming severe

enough to require hospitalisation.

We can test these possibilities using primary care clinic data. If either of these scenarios
were true, we would expect a reduction in primary care visits. If instead the increase in
hospital admissions truly reflects worse health, we may expect to see an increase in
primary care consultations alongside the increase in hospital admissions. Table 3 shows
that this was indeed the case. Focusing on infections, we find that the treatment group had
on average one more primary care consultation for an infection than the comparison group
between ages 3-7; this increase is concentrated in respiratory infections, for which the
treatment group had 1.3 more consultations than the comparison group, statistically

significant at the 5% level.

We interpret this as evidence that the increase in hospital admissions represents a

worsening of children’s health, instead of a change in health care seeking behaviour.
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Any consultation for infection Number of consultations for

infection
Treatment

Untreated mean Treatment effect Untreated mean effect
Any 0.86 0.0101 8.14 1.079
infection (0.0393) (0.686)
Eye or skin 0.76 0.0119 3.62 -0.0833
infection (0.0197) (0.148)
Respiratory 0.79 0.233%** 3.87 1.303%*
infection (0.0437) (0.633)
Sample size 1,191 1,191

Table 3: Consultations for infection at primary care clinics, ages 3-7 years

Note: clinic data available for 2/3rds of communities, and from 2010 onwards only. Analysis sample is
limited to children born in communities that had a clinic contributing data for the full period 2010-2015.
Data are to-coded at 2.5% at the upper end to eliminate extreme outliers.

5.6.4 Could the increase in admissions have been predicted earlier?

Our longitudinal data present an opportunity to unpack the relationship between the
policy change, birth outcomes, and early childhood health. We ask the question: could
the increase in hospital admissions have been predicted by the policy’s shorter-term effect

on birthweight and other indicators of newborn health?

To answer this question, we re-estimate our models, sequentially adding controls for
birthweight, as well as a set of other indicators of perinatal health: maternal anaemia
during pregnancy, fetal distress during delivery and admission to a special care nursery
after birth. If the estimated treatment effect declines with these additions, this is an
indication that the treatment effect could have been, at least partly, predicted using these

variables observed much earlier in life.

We find that controlling for birthweight in our model leads to only a small reduction in

the estimated treatment effect (Table 4, columns 1 to 2) — by around 7 percent.

We then consider our additional measures of perinatal health. All measures reduce the
treatment effect somewhat. The largest reduction comes from including an indicator for

whether the baby was admitted to a special care nursery, reducing the treatment effect by
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21 percent (columns 1 and 5). Including all variables in the model (column 6), the

treatment effect on number of admissions for infection is reduced by around one-third.

Overall, this analysis suggests that the income reduction impacted in utero and newborn
health in ways that are not fully reflected in birthweight. Crucially, this means that a
prediction of the policy’s impact on children’s health based on the impact on birthweight
alone would capture only about 7% of the effect we find, severely under-estimating the

true effect.

However, based on just a handful of additional variables measured at or before birth, we
can predict around one-third of the policy’s impact on later health. This is promising
because it means that it may be possible to identify and target support at the subset of
newborns — out of a larger population affected by a particular shock — who are most at
risk of poor health in childhood. Further research, perhaps using machine learning
methods in a larger population, could identify more systematically which indicators of

health are the strongest and most robust predictors of childhood infection.

(1 2) (€) 4) ©) (6)
Treatment effect 0.37%%  034%  036** 033%*  029% 0.6

0.15)  (0.19)  (0.16)  (0.15) (0.15) (0.18)

Controls

Birthweight v v
Anaemia during pregnancy v v
Fetal distress during delivery v v
Admitted to special care

nursery v v

Table 4: Treatment effect on number of admissions for infection, controlling for
measures of perinatal health

Note: The treatment effects reported here relate to the benchmark model shown in Table 1, on the number
of admissions for infection. We include controls in the model for various measures of perinatal health. We
present treatment effects from 0 months to the 8™ birthday, as in Table 1, when using controls relating to
the pregnancy and birth.
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5.7 Discussion: immune programming

We have found a broad-based increase in infections as a result of an income reduction in
utero or as a newborn. Viral, bacterial and upper respiratory infections all increased
through to age 7. These effects are concentrated at early ages (up to age 3; Appendix
Figure F1). At these younger ages, we see additional effects on soft tissue (primarily skin)

infections, and in lower respiratory infections.

What mechanisms could explain the link between the treatment (a decrease in income and
increase in maternal stress in the perinatal period) and hospitalisation for infection years
later? It is unlikely that the treated group have higher exposure to pathogens causing
infection — they live in the same communities as children in the comparison group.
Instead, it must be that the treated group are either more susceptible to contracting
infections, or are at higher risk of severe symptoms requiring medical treatment if they
do contract an infection. Either case would suggest that the treatment group have a weaker

immune response relative to the comparison group.

Our findings fit with the ‘immune programming hypothesis’ described by Marques et al.
(2013). This is, that both maternal stress and poor nutrition in utero and during
breastfeeding can program a permanent change in the way a child’s immune system
develops. The precise physiological mechanisms are still not well understood. But
evidence from human and animal studies find that perinatal nutrition and stress are
associated with long-term functioning of both innate (Spencer 2013) and adaptive
immunity (Marques et al. 2013). Adkins, Leclerc and Marshall-Clarke (2004) describe
the perinatal period as a ‘unique developmental window’ for immunity, given the

plasticity of the immune system at this time.

Much of the evidence on immune programming relates to nutrition, both in utero

(Wellinghausen 2001) and as a newborn (Spencer 2013). These are the periods when
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epigenetic imprinting is most active (Simeoni et al. 2014), and therefore when the child’s
environment can affect not just their health contemporaneously, but can lead to long-term
changes in their developmental trajectories. But in addition to nutrition, there is
substantial evidence that maternal stress during pregnancy can have epigenetic effects
(Nielsen et al. 2011), and as Marques et al. (2013) describe, this, too, affects the child’s

developing immune system.

Turning specifically to nutrition, it is well documented empirically that malnourished
children, and even children with micronutrient deficiency, are more susceptible to
infections contemporaneously (Walson and Berkley 2018; Govers et al. 2022). But there
is some empirical evidence of permanent effects on immunity from exposures during the
prenatal and neonatal period. In a range of human and animal studies, maternal
micronutrient intake during pregnancy and breastfeeding (e.g. folate, vitamin D and
omega-3) has been linked to immune function in childhood (Bermick and Schaller 2022).
For instance, using data from The Gambia and Bangladesh, Moore et al. (2006) find that
poor nutrition in pregnancy (caused by being born in the ‘hungry season’) is associated
with smaller thymus size one year after birth, even after controlling for nutritional status
at the time of measurement.®? They suggest this may be an early indicator of functional
deficits of the immune system, potentially lasting into adulthood. As Bourke et al. (2016)
note, this body of research suggests there may therefore be a double burden of poor
prenatal nutrition, both increasing the risk of metabolic disease in adulthood (Barker’s

(1998) ‘thrifty phenotype’ hypothesis), and permanently weakening the immune system.

While not specifically testing the immune programming hypothesis, population-level
empirical research has found associations between perinatal health and childhood
infection rates (Miller et al. 2016; Nielsen et al. 2011). This research generally uses birth
outcomes — birthweight and gestational age — as indicators of perinatal health. However,
these estimates provide a noisy signal on the impact of immune programming, because

maternal stress and nutrition need not affect birth outcomes to impact children’s

62 T_cells, which fight infections, develop in the thymus.
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development: this is clearest for nutrition, as we know that even when mothers consume
sufficient calories and macronutrients, maternal micronutrient deficiency is associated
with higher childhood risk of infection, asthma and allergic reactions (Marques et al.
2013, 6; Wellinghausen 2001). Therefore, it is not necessarily only preterm and low
birthweight children who are at risk of ‘immune programming’; babies born full term and
within the healthy birthweight range can be affected. This reasoning could explain why
much of the effect we find cannot be predicted by birthweight.

We have identified effects of the policy change on health in early childhood. In principle,
the effects of pre- and neo-natal exposures to poor nutrition and stress could go on to
affect adult human capital in two ways. First, as described above, there may be permanent
impacts on how effectively the immune system functions, directly impacting health in
adulthood. Perinatal immune programming is linked not just to weaker immunity to
infections as measured in our analysis, but can also lead to asthma, allergies, and
autoimmune disorders — there may also be a link with neurodevelopmental disorders such
as autism spectrum disorder and schizophrenia, with an effect mediated through the
immune system (Marques et al. 2013). Second, even in the absence of permanent effects
on the immune system, there may be a feedback loop between health and cognitive
outcomes in childhood, whereby increased frequency and severity of infections may
reduce children’s ability to develop their cognitive skills (MAL-ED Network
Investigators et al. 2018; Alderman et al. 2001), a process that Cunha and Heckman

(2007) refer to as ‘self-productivity’.

To explore possible impacts on other elements of immune system functioning further, we
test for treatment effects on two additional diagnoses in our data: asthma and allergies.
We use the primary care clinic data, as these conditions would not necessarily require
hospitalisation. We find that the treated group were almost twice as likely to be diagnosed
with asthma, with a 3.3 percentage point increase in the share of children diagnosed, off

a baseline of 4% of children between ages 3 to 7 (Appendix Table F1). We do not find
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any increase in primary care visits for allergies. We take the increase in asthma diagnoses

as supporting evidence of the immune programming hypothesis.

Immune system development has not been discussed as part of the ‘early origins’
literature in the social sciences. However, piecing together evidence from the medical
literature and from animal studies (Marques et al. 2013; McDade and Kuzawa 2004),
epidemiological evidence on the associations between the perinatal environment and
infection risk (Miller et al. 2016; S. E. Moore et al. 2006; Nielsen et al. 2011), and our
findings, we believe this is a likely mechanism. We also note that our findings on infection
and asthma risk are consistent with a range of other findings in the field of economics.
For instance, De Gendre et al. (2021) find that an unconditional cash transfer at birth, the
opposite of the treatment considered in our study, significantly reduces the risk of
bronchiolitis, which is the most common type of infection in infancy, and a precursor to
asthma. Gunnsteinsson et al. (2022) find that a vitamin A supplement at birth, which
promotes normal immune system development, supports growth and reduces fevers

(associated with infection) in infancy.

We therefore propose that immune programming explains our findings and may be the

mechanism behind many other findings within the early origins literature.

5.8 Conclusions

In this chapter, we estimate the impact on health in early childhood of a temporary
reduction in social security payments for low-income households, occurring in utero or
as a newborn. We do this by analysing the introduction of ‘income management’, a
change in the way that government transfers were paid to residents in remote Aboriginal
communities in the Northern Territory of Australia. Due to implementation challenges,
this policy change meant that many households received only half of their full payment

for up to 13 weeks, and a small number had their payments temporarily suspended after
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13 weeks. For all households, even if they did not experience a suspension of their

payments, the policy introduction led to stress and reduced purchasing power.

We estimate the impact of exposure to the policy change during pregnancy or in the
newborn period (0-3 months), compared with exposure after 3 months of age. We find a
4' day increase in the average number of days spent in hospital from ages 0 to 7, a 40%
increase on baseline. This was driven by an increase in hospital visits for infection. We
also find an increase in primary care visits for respiratory infections, which strengthens
our interpretation that the increase in hospital visits is the result of worse health, and not

the result of a change in care seeking behaviour.

Our findings are consistent with the literature on the early origins of human capital, which
shows that shocks to the perinatal environment can have long-lasting effects. In this case,
we hypothesise that these effects are due to poorer nutrition and maternal stress, as a result
of the reduction in income during a critical window in fetal and neonatal development.
While household spending and consumption data are not available for us to empirically
test this channel, it is supported by aggregate evidence (see Section 2.3). This temporary
reduction in income appears to have impacted children’s immune system development,
and hence increased their risk of severe infection requiring hospitalisation. Putting this
together with existing research on immunity (S. E. Moore et al. 2006; McDade et al.
2001), the immune programming hypothesis (Marques et al. 2013), and our additional
finding of increases in asthma diagnoses, it appears likely that these impacts on immune

functioning will be permanent for this cohort of children.

Our estimates are large, and contrast with studies such as Borra et al. (2024) and Hawkins
et al. (2023) for Spain and California, respectively. Both find no impact on childhood
health and healthcare use from the introduction or removal of generous cash transfers at
or around birth. In contrast, we find an increase of 4’4 additional days spent in hospital —
though some sensitivity tests suggest the magnitude could be substantially lower, closer
to 1.6 days. The fact that we find effects where other studied did not is likely due to

differences in the populations studied. Residents in Aboriginal communities in the NT
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face high poverty rates. An income reduction in this context is likely to affect maternal
nutrition and stress more acutely than a shock of a similar magnitude in other high-income
countries where cash transfers have been studied. Furthermore, the impact of weaker
immunity on developing severe infection symptoms is likely lower for children who do
not face a particularly high risk of infection. Children in Aboriginal communities were
already at high risk of infection (Carville et al. 2007). Elevated exposure to pathogens
through crowded, poor quality housing and infrastructure (Foster and Hall 2021), and
limited availability of nutritious food within remote communities (Leonard et al. 2017;
Tonkin et al. 2020) likely impacts childhood immunity contemporaneously as well. While
certain shocks during sensitive periods may affect children throughout the income
distribution, the large estimates that we find underscore the importance of paying

particular attention to impacts among disadvantaged groups.

Aboriginal communities in Australia are unique, but there are unfortunately many
families living in deep poverty in advanced economies that offer means-tested benefits.
Children in these families also face poor nutrition, elevated risk of infection and imperfect
access to healthcare (US Census Bureau 2024; Torjesen 2023). The effect sizes we find
are most likely to generalise to these very low-income groups, and not to a general
population (as studied by Borra et al.) or even to all households eligible for means-tested

benefits (as studied by Hawkins et al.).

Our findings make three key contributions to the evidence base on the early origins of

human capital.

First, we highlight the importance of policy implementation and administration on health
in early childhood. We find that even a temporary reduction in social security payments
can have sustained impacts on children, if experienced in utero or as a newborn. Our
findings lend support to the call for an ‘early childhood lens’ to policymaking across a
broad range of policy domains (National Scientific Council on the Developing Child

2023).
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Second, we interpret our findings in light of the ‘immune programming hypothesis’. We
are the first to estimate the causal effect of a perinatal shock on immune functioning in
childhood. We propose the immune system as a mechanism through which shocks or

investments in utero and very early life can have long-term effects.

Third, we unpack the link between indicators of perinatal health and childhood health.
The effect we find on child health is orders of magnitude larger than what could have
been predicted given the initial impact on birthweight. However, we find that use of a
handful of additional measures of maternal and perinatal health help to predict one-third
of the treatment effect. This suggests that use of a broader set of measures of perinatal
health in research could greatly improve our ability to identify children early who are
most at risk of adverse outcomes, and hence who may benefit most from targeted support.
This element of our research was exploratory: further work could select and evaluate

specific measures.

As well as broadening our understanding of the nature of early life shocks in general, our
research documents the specific costs of this episode in Australian policy. In effect our
estimates reflect the combined impacts of the policy implementation, and the policy itself.
We cannot definitively disentangle the two. However, the fact that our estimates reduce
in magnitude and lose statistical significance for communities which received income
management later in the rollout period suggests the large impacts we estimate are driven
by implementation challenges. The income management policy itself did not improve
child health, but did not cause the large adverse effects we estimate. We therefore
conclude that the poor implementation of income management had substantial costs for
the children affected, their families, and the healthcare system. An additional 42 days in
hospital per child in this cohort would have costed an estimated $4.5m to the NT public

63

hospital system over eight years.” Longer-term effects may be larger, with the

%3 The Australian Independent Hospital Pricing Authority (2014) estimates that the average cost of a child
spending one night in hospital in remote NT was AU$1,973 in 2013/14. Given our estimate of 4.6 additional
days in hospital, this implies an additional AU$9,076 in hospital costs per child. With just under 500
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international literature suggesting there may be intergenerational effects of perinatal

shocks (Veenendaal et al. 2013; Costa 2023).

children in the treatment group, this would suggest that the policy introduction cost the public hospital
system around AU$4.5 million in the six years following its rollout.
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Appendix A: Descriptive statistics

Hospital admissions to age 2
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Figure Al: Trend decrease in number of hospital admissions per child before the

policy change

Note: These figures show trends in the number of hospital admissions per child over time, generated based
on locally weighted regressions using the ‘Lowess’ command in Stata. The horizontal axis represents the
child’s date of birth. The vertical line shows the date that income management was introduced in the first
community., We show outcomes through to children’s 2" birthdays instead of through to their 6™ birthdays
(as in our main analysis) to better facilitate comparisons before and after the policy change. Children whose
outcomes were not at all affected by income management are those born two years before the introduction

(i.e. before Quarter 3, 2006).
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Mean SD Min Max

Health at birth

Average birthweight 3079.52 641.86 300.00 5600.00
Low birthweight (pr) 0.14 0.35 0.00 1.00
Preterm (pr) 0.15 0.36 0.00 1.00
Small for gestational age (pr) 0.20 0.40 0.00 1.00
Admitted to special care nursery (pr) 0.25 0.43 0.00 1.00
Anaemia during pregnancy (pr) 0.06 0.24 0.00 1.00
Fetal distress during delivery (pr) 0.12 0.33 0.00 1.00
Mother, baby and birth characteristics

Mother's age 23.48 6.04 13.00 45.00
Mother's first pregnancy (pr) 0.25 0.43 0.00 1.00
Boy (pr) 0.52 0.50 0.00 1.00
Rainfall in 90 days to birth (ml) 3.36 3.78 0.00 17.72
Conceived in wet season/summer 0.52 0.50 0.00 1.00

Hospital inpatient admissions

Ever admitted ages 0-7 (pr) 0.78 0.41 0.00 1.00
Number admissions 2.55 3.18 0.00 93.00
Total days in hospital ages 0-7 13.15 25.27 0.00 508.00
Number of diagnoses per admission 3.21 2.30 1.00 33.00
Admissions by age
Avg admissions age 0 0.82 1.27 0.00 16.00
Avg admissions age 1 0.60 1.08 0.00 17.00
Avg admissions age 2 0.27 0.65 0.00 12.00
Avg admissions age 3 0.18 0.53 0.00 12.00
Avg admissions age 4 0.18 0.54 0.00 13.00
Avg admissions age 5 0.18 0.51 0.00 11.00
Avg admissions age 6 0.17 0.49 0.00 13.00
Avg admissions age 7 0.15 0.48 0.00 13.00
Ever admitted age 0-7 for:
Any infection (pr) 0.65 0.48 0.00 1.00
Viral infection (pr) 0.04 0.20 0.00 1.00
Bacterial infection (pr) 0.10 0.30 0.00 1.00
Upper respiratory infection (pr) 0.11 0.31 0.00 1.00
Lower respiratory infection (pr) 0.34 0.48 0.00 1.00
Soft tissue infection (pr) 0.24 0.43 0.00 1.00
Gastrointestinal infection (pr) 0.31 0.46 0.00 1.00
Genito-urinary infection (pr) 0.03 0.17 0.00 1.00
Number admissions for infection age 0-7 1.70 2.32 0.00 30.00
Population - children in NT communities
Share of NT population aged 0-7 26
Share of NT hospital admissions aged 0-7 50

Table Al: Summary statistics for children born in NT communities in the years
before income management rollout (born Jul 2006-Jun 2007)

263



Appendix B: Causal identification and parallel trends

Outcome: Days from first day of rollout to Outcome: Order in which community
day  community received  income received income management (i.e. first,
management second, etc)
Admissions ages 0- -2.946 -3.726  5.702 -1.798 -0.197 -0.322  -0.156  -0.189
5 per child (avg. of
children born 2004-
2006) (14.57) (15.35) (37.40) (15.25) (1.320)  (1.413) (3.400) (1.407)
Days in hospital - -
ages 0-5 per child -0.713  -0.722  -5.960 -0.787 -0.0578  0.0593 -0.439  0.0638
(avg of children
born 2004-2006) (2.923) (2.963) (5.629) (2.861) (0.241)  (0.246) (0.504) (0.239)
Rainfall -1.917  0.0312 -0.856 -0.307  -0351 -0.234
(5.864) (12.99) (6.047) (0.523) (1.126) (0.540)
- 0.0040
Total population 0.0362 1
(0.040 (0.003
3) 88)
Median age 5.837 0.668
(6.810) (0.611)
Share of population
aged 65+ -4.147 -0.490
(10.48) (0.937)
Avg people per 32.48%* 3.449%
household * *
(13.34) (1.301)
Median  personal 0.0581
income 0.516 *
(0.033
(0.380) 7)
Labour force to -
population ratio -0.502 0.0390
(0.097
(1.016) 5)
Missing Census
data 26.67 1.839
(26.49) (2.393)
2259%  233.5% 18.30* 17.13*
Constant * * -112.6 216.5%** 17.09%*** *x -19.66 *x
(31.83) (43.28) (255.3) (46.19) (2.862)  (3.916) (24.33) (4.215)
Observations 85 85 54 85 85 85 54 85
R-squared 0.008 0.009 0.188 0.023 0.006 0.009 0.207 0.017

Table B1: community characteristics and treatment timing
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Test of joint significance of pre-trend coefficients

Whether  ever Number of
admitted ages 0- admissions ages 0-
5 5
F-
F-stat  P-value stat P-value
Any admission 0.49 0.74 047 0.76
Days in hospital 1.16 033
Admissions for infection
Any infection 0.37 0.83 020 094
Viral 0.07 0.99 0.11 098
Bacterial 2.55 0.05 294  0.03
Upper respiratory 0.32 0.86 0.60 0.67
Lower respiratory 0.11 0.98 0.18 0.95
Soft tissue 1.24 0.30 0.79 0.53
Gastrointestinal 0.27 0.90 041 0.80

F-test for joint significance of coefficients on income management
introduction 3-6 months, 6-9 months, 9-12 months, 12-15 months, 15-18
months after birth. Regression on pre-treatment sample only. Excludes
admissions within 10 days of birth admission. Covariates: child's sex,
whether they were the mother's first pregnancy, rainfall in the 90 days to
birth, whether conceived in the wet season. Fixed effects for community
at birth and quarter-year of birth.
Table B2: Parallel trends

Treated Untreated

Q1 2006 0 13
Q2 2006 0 233
Q3 2006 0 223
Q4 2006 0 221
Q12007 0 276
Q22007 0 240
Q32007 14 173
Q4 2007 66 160
Q12008 137 90
Q22008 196 16
Q32008 219 2
Total 632 1647

Table B3: Number of children in treatment and comparison groups, by quarter of
analysis period
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Appendix C: Estimation methods

In this chapter, we estimate the impact of the introduction of income management using
a generalised difference-in-difference framework, based on the staggered rollout of the
policy across NT communities. We expect the effects of the treatment to be different for
different groups, because the policy implementation issues led to a sharp drop in income
for around one-fifth of households, and for others it led to a reduction in purchasing power
and increase in stress — but no change in income. See discussion in Section 2.4.
Furthermore, the effects may change over time — or in our case, may vary depending on
the timing of exposure to the policy change (i.e. whether it occurred at the beginning or

the end of pregnancy, or as a newborn).

This policy was rolled out gradually across communities. Until recently, most researchers
would have used a linear model with fixed effects for time and location (‘two-way fixed
effects’) to estimate the effect of policy change such as this. However, recent
econometrics research has highlighted the issues with using standard two-way fixed
effects models in cases with heterogeneous treatment effects, as the way that such
estimators aggregate across time and groups can lead to unexpected weighting of certain
time-group cells (de Chaisemartin and D’Haultfceuille 2023). The results can be
misleading because of negative weights that the estimator places on some individual
treatment effects, leading to bias or potentially to estimated effects in the opposite
direction of the true effect. There are now a range of estimators available, with different
approaches and assumptions to correct these issues (Callaway and Sant’Anna 2020; Imai

and Kim 2020; Borusyak, Jaravel, and Spiess 2024; Gardner 2021; Wooldridge 2021).

Our data structure is slightly unusual for a generalised difference-in-difference
application, because our data are made up of repeated cross-sections — while we have
longitudinal data for each individual, they represent repeated cross sections for each unit
of treatment (i.e. community). Each time period-location cell is made up of a varying
number of observations (and some are empty), depending on how many children were

born in a particular community in that quarter. And each child has their own
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characteristics for which we want to control with covariates — including sex, maternal
age, and weather conditions during pregnancy. We are also able to observe treatment
timing precisely, given that we have exact date of birth, and exact date of the policy
introduction in each community. One option would be to collapse the data to a
community-level time series of average health outcomes for children born in each quarter.
This would convert the data structure to a longitudinal (by community) format more
amenable to all available estimators. However, we have a small population with high
variability in outcomes. We want to maximise our ability to draw inferences from the
data. We gain more statistical power by controlling for individual-level covariates, and
by using the information we have on exact timing of treatment. Therefore, we keep our
data at the individual level. This data structure discounts the possibility of using Callaway
and Sant’Anna’s (2020) estimator, which is one of the more commonly-used estimators.

With this estimator it is possible to include covariates, but not time-varying covariates.

Instead, we use Bousyak, Jaravel and Spiess’ (2024) imputation estimator. This estimator
1s suitable for our data structure, as it allows us to estimate a model with individual-level
observations, identifying treatment based on exact date of birth, but with fixed effects at
a more aggregated (community and quarter-year) level, and it allows time-varying
covariates. It does this by estimating a model using observations from the comparison
group, and using this model to predict outcomes for the treatment group. The treatment
effect is the sum of the differences between the model’s predictions, and actual outcomes
for the treated observations. This estimator is more efficient than alternatives (Borusyak,
Jaravel, and Spiess 2024; de Chaisemartin and D’Haultfeeuille 2023), which reduces our
standard errors: again, this is desirable given our small population with highly variable
outcomes. In our robustness tests we run our model with two other estimators (see Table
D7), Gardner’s (2021) two stage difference in differences, and de Chaisemartin and &
D’Haultfoeuille’s (2020) estimator. Both allow time-varying covariates and allow us to
retain individual-level data, within repeated cross-sections of treatment units. Across all
alternatives, our estimates are similar in magnitude, with wide confidence intervals. As

noted above, they are more precisely estimated using the imputation estimator.
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Appendix D: Alternative sample period

Whether ever Number of admissions
admitted ages 0-7 ages 0-7
Untr Treat 95% Untr Treat 95%
ecated ment confide ecated ment confide
mea effec nce mea effec nce
n t interval n t interval
Hospital inpatient 0.09 -0.173 - 0.34 -0.208 -
admissions 0.74 53 0.364 2.39 8 0.904
Hospital
admissions for 0.16 -0.0858 0.39 -0.0176
infection 0.59 2 -0.409 1.33 9* -0.815
1.58 -0.581 -
Days in hospital 8.91 7 3.756
1,85 1,85
Sample size 6 6

Table D1: Restricting sample to communities receiving IM from Jan 2008 onwards

(dropping those with presumably greatest implementation issues)

Treatment is defined as exposure to income management within the mother's community
before the child is 3 months old. Excludes admissions within 10 days of birth admission.
Covariates: child's sex, whether they were the mother's first pregnancy, rainfall in the 90
days to birth, whether conceived in the wet season. Fixed effects for community at birth
and quarter-year of birth. Standard errors clustered by community. Treatment effects and
standard errors estimated using Boruysak, Jaravel and Spiess' (2024) estimator (Stata

command: did_imputation).
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Appendix E: Robustness tests

We conduct a series of robustness tests. First, we test robustness to model specification.
We run our baseline model, including alternative variables to control for maternal and
child characteristics, for seasonal variation, and alternative ways of specifying time and
location fixed effects (e.g. quarter-year FE vs month-year FE). Our estimates are robust
to all of these alternative specifications — they remain of similar magnitude, and

statistically significant at the 5% level or higher (Tables E1, E2, and E3).

Second, given the large number of outcomes we analyse, we adjust for multiple
hypothesis testing (Table E4). We adjust for the false discovery rate, using Benjamini,
Krieger, and Yekutieli’s (2006) sharpened Q-values, with Stata code provided by
Andersen (2008). In doing so, we test two distinct sets of hypotheses: first, whether the
treatment affected health in general: for this test, we include the five high-level outcomes
shown in Panel A of Table 1. Second, whether the treatment affected the probability of
ever being admitted to hospital for any specific type of infection, or the number of
admissions for any specific type of infection (outcomes in Panel B of Table 1). We run
adjustments separately for each of these hypotheses. The resulting sharpened-Q values
(which can be interpreted as adjusted p-values) are presented in Appendix Table E4,
alongside the p-values from the unadjusted analysis. Our main estimates on number of
admissions for infection and days spent in hospital, and number of admissions for viral,
bacterial and upper respiratory infections discussed above remain statistically significant
at the 5% level. However, our estimates on whether ever admitted for a specific type of

infection are no longer statistically significant at the 5% level.

Third, we change the length of the pre-implementation period included in our model and
the time horizon over which we measure hospital admissions (Appendix Tables E5 and
E6). Our main model has a pre-period of one year. That is, the ‘comparison’ group
includes all children born in NT communities in the year before the policy rollout began,
as well as children born during the rollout period, but at least three months before the

policy change happened in their community. Our inclusion of the one-year pre-period
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provides a larger comparison group, allowing for more precise estimates, and crucially,
allows us to estimate the event study model. However, there was a trend decline in
hospital admissions in the years preceding the policy change (see Appendix Figure Al).
If this trend continued, including a longer pre-period would bias our estimates
downwards, because the treatment group (who are, on average, born later than the
comparison group) would have fewer admissions due to this trend. Roth et al. (2023)
suggest that in a case with linear trends, it is best to limit the length of the pre-period
included in the model. Indeed, if we include no pre-period, our estimates are larger and
all are statistically significant. If instead we include a longer pre-period, this leads to little
change in our point estimates, but they lose statistical significance. Because we have good
reason to expect that the downward trend in hospital admissions will bias our estimates
down with a longer pre-period, we conclude that our findings are robust to varying

definitions of the comparison group.

Separately in terms of time horizon of our outcome measure, in Table E6, we redefine
hospital admissions within scope of analysis to include those within 10 days of the baby’s
initial discharge from hospital for their birth admission. Doing so increases the estimate

on number of days spent in hospital, but with no change in other estimates.

Finally, we run our analysis using alternative estimators, as described in Appendix C.
Appendix Table E7 presents the estimates from our main model (using Borusyak, Jaravel
and Spiess’ (2024) imputation estimator), alongside standard two ways fixed effects
linear model estimates, estimates from de Chaisemartin and D’Haultfoeuille’s (2020)
estimator, and Gardner’s (2021) estimator. Across all alternatives, our estimates are
similar in magnitude, though they are not as precisely estimated; this is consistent with
Borusyak, Jaravel and Spiess’ (2024) finding that their estimator provides substantial

efficiency gains over alternatives.
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N Pr ever N
Pr. Ever  admission  Days in admitted - admissions
N admitted s hospital infection - infection
Benchmark: sex of baby, 5319 0.110 0241 4.602%* 0.162 0.350%*
whether first pregnancy,
mother's age (0.112) (0.247) (1.883) (0.104) (0.147)
Sex of baby 2,319 0.105 0.251 5.084*** 0.152 0.338**
(0.119) (0.241) (1.956) (0.111) (0.165)
Sex of baby, whether first 2,319 0.105 0.243 4.972%* 0.153 0.334%*
pregnancy (0.119) (0.252) (2.062) (0.111) (0.170)
Sex of baby, mother's age 2,319 0.112 0.259 4.714%** 0.162 0.358**
(0.111) (0.227) (1.785) (0.103) (0.139)
Benchmark + plural birth 2,319 0.111 0.233 4.581%* 0.163 0.343**
(0.112) (0.247) (1.883) (0.104) (0.148)
Sex of baby, mother's age, 2,319 0.1000 0.224 4.232%%* 0.151 0.333%**
number of pregnancies
carried to >20 weeks (0.101) (0.206) (1.508) (0.0947) (0.121)
No controls 2,319 0.0999 0.238 5.041** 0.148 0.332%*
(0.120) (0.244) 1.977) (0.113) (0.165)

Table E1: Choice of maternal and child control variables

271



N Pr ever N
Pr. Ever  admission  Days in admitted - admissions
N admitted s hospital infection - infection
Benchmark: rainfall (ml) 2279 0.0902 0335  4.683** 0.147 0.370%*
and conceived in wet
season (0.123) (0.253) (1.895) (0.113) (0.150)
Benchmark + preterm 2,279 0.0882 0.297 4.307** 0.144 0.331*
(0.125) (0.274) (2.075) (0.113) (0.172)
Flu prevalence 2,280 0.0724 0.472 4.782%* 0.126 0.426%**
(0.121) (0.3206) (1.940) (0.102) (0.155)
Benchmark + flu
prevalence 2,278 0.0737 0.442 4.704%* 0.123 0.405%*
(0.121) (0.334) (1.894) (0.105) (0.162)
Days over 35 degrees 2,279 0.0889 0.362 4.7772%* 0.151 0.397%**
(0.124) (0.238) (1.913) (0.110) (0.138)
Days under 0 degrees 2,279 0.0889 0.362 4.730%* 0.150 0.394 %
(0.124) (0.242) (2.031) (0.109) (0.134)
Days rainfall >50ml 2,279 0.0926 0.338 4.817%* 0.145 0.363**
(0.122) (0.250) (1.940) (0.112) (0.150)
Days humidity > 85% 2,279 0.0885 0.340 4.651%* 0.148 0.377**
(0.124) (0.256) (2.028) (0.112) (0.150)
All weather variables 2,279 0.0933 0.336 4.814%* 0.146 0.369**
(0.121) (0.261) (2.119) (0.112) (0.151)
No season controls 2,281 0.0890 0.360 4.747** 0.149 0.387***
(0.124) (0.240) (1.934) (0.110) (0.139)

Note: all weather variables measured based on 90 days to birth; flu prevalence is average throughout pregnancy

Table E2: Choice of season controls
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Pr ever

N admitted N
Pr. Ever admissio Days in - admissions -
Time FE Location FE N admitted ns hospital infection infection
Benchmark:
quarter-year
of birth Community 2,279 0.0902 0.335 4.683%* 0.147 0.370%*
(0.123) (0.253) (1.895) (0.113) (0.15)
Quarter-year
of conception Community 2,279 0.0848 0.251 5.271%** 0.137 0.362%*
(0.129) (0.252) (2.03) (0.118) (0.167)
Month-year of
birth Community 2,279 0.105 0.243 5.155%* 0.136 0.354**
(0.239) (0.264) (2.1406) (0.12) (0.176)
Month-year of
conception Community 2,279 0.112 0.259 4.809%** 0.149 0.383%**
(0.122) (0.232) (1.78) (0.11) (0.14)
Quarter-year
of birth Region 2,279 0.111 0.233 4.621** 0.147 0.358**
(interacted) (0.123) (0.253) (1.896) (0.113) (0.151)
Quarter-year
of conception Region 2,279 0.1000 0.224 4.260%** 0.138 0.356%**
(interacted) (0.113) (0.207) (1.451) (0.101) (0.119)
Month-year of
birth Region 2,279 0.0999 0.238 5.244%* 0.132 0.358**
(interacted) (0.13) (0.253) (2.0406) (0.12) (0.166)
Month-year of
conception Region 2,279 0.0902 0.335 4.683%* 0.147 0.370%*
(interacted) (0.123) (0.253) (1.895) (0.113) (0.15)

Table E3: Choice fixed effects
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Whether ever admitted

Number of admissions

ages 0-7 ages 0-7
Untrea
ted 95%
mean TE 95% CI Untreated mean TE Cl
-0.160
Any admission 0.750 0.0902 -0.151-0.332 2.520 0.335 -0.830
P-value 0.465 0.184
Sharpened-Q value 0.245 0.245
-0.0740 - 0.0765
Any infection 0.610 0.147 0.367 1.620 0.370**  -0.664
P-value 0.193 0.0135
Sharpened-Q value 0.134 0.039
0.969 -
Days in hospital 11.480 4.683%* 8.396
P-value 0.0134
Sharpened-Q value 0.039
Admissions for infection
0.0256 - 0.0202
Viral 0.050  0.0833%** 0.141 0.060 0.0786***  -0.137
P-value 0.00469 0.00839
Sharpened-Q value 0.057 0.044
0.0347 - 0.0363
Bacterial 0.120  0.131*** 0.228 0.150 0.170**  -0.304
P-value 0.00772 0.0127
Sharpened-Q value 0.057 0.044
0.00880 - 0.0219
Upper respiratory 0.110  0.0692** 0.130 0.150 0.0931**  -0.164
P-value 0.0247 0.0104
Sharpened-Q value 0.057 0.044
0.0623
Lower respiratory 0.310 0.0855 -0.141 - 0.312 0.650 0.115 -0.292
P-value 0.460 0.203
Sharpened-Q value 0.614 0.192
-0.393
Soft tissue 0.270 0.0114 -0.192-0.215 0.390 -0.0823 -0.229
P-value 0912 0.604
Sharpened-Q value 0.938 0.473
-0.145
Gastrointestinal 0.230 -0.0654  -0.252-0.121 0.340 -0.0128 -0.120
P-value 0.492 0.850
Sharpened-Q value 0.538 0.473
Sample size 2,279 2,279

Table E4: Adjustment for multiple hypothesis testing

Treatment is defined as exposure to income management within the mother's community before the child is 3
months old. Excludes admissions within 10 days of birth admission. Covariates: child's sex, whether they were the
mother's first pregnancy, rainfall in the 90 days to birth, whether conceived in the wet season. Fixed effects for
community at birth and quarter-year of birth. Standard errors clustered by community. Treatment effects and
standard errors estimated using Boruysak, Jaravel and Spiess' (2021) estimator (Stata command: did imputation).
Q-values use Anderson's (2007) code, which is based on Benjamini Krieger Yekutieli (2006).

274



N Pr ever N
Pr. Ever  admission  Days in admitted - admissions
N admitted s hospital infection - infection
% incl dl year 3279 0.0902 0.335 4.683%* 0.147 0.370%*
t
clote roflott perio 0.123)  (0.253)  (1.895) (0.113) (0.150)
Include longer pre-period 2,743 0.103 0.314 4.026 0.174 0.395%*
(conceived 2005 onwards) (0.118) (0.286) (2.465) (0.107) (0.198)
No pre-period 1,258 0.135 1.002**  4.659%** 0.247%** 0.832%**
(0.105) (0.453) (1.063) (0.0662) (0.247)

Table ES: Length of pre-period
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Whether ever admitted ages

Number of admissions ages

0-7 0-7
Untre  Treat 95% Untre  Treat 95%
ated ment  confidence ated ment  confidenc
mean  effect interval mean  effect e interval
Hospital inpatient -0.170 - -0.143 -
admissions 0.78 0.09 0.340 2.77 0.36 0.872
6.89%* 3.746 -
Days in hospital 14.41 * 10.03
Admissions for
infection
-0.0990 - 0.39%* 0.119 -
Any infection 0.61 0.13 0.354 1.64 * 0.655
0.06** 0.0276 - 0.08**  0.0223 -
Viral 0.06 * 0.144 0.06 * 0.140
0.13** 0.0377 - 0.18**  0.0424 -
Bacterial 0.12 * 0.230 0.15 * 0.308
0.0102 - 0.10**  0.0249 -
Upper respiratory ~ 0.11 ~ 0.07** 0.131 0.15 * 0.168
Lower -0.138 - -0.0599 -
respiratory 0.31  0.0905 0.319 0.65 0.120 0.300
0.0094 -0.223 - - -0.367 -
Soft tissue 0.27 4 0.204 0.4 0.0772 0.212
- -0.252 - - -0.145 -
Gastrointestinal 0.23  0.0650 0.122 0.34 0.0116 0.122
-0.0139 - -0.0296 -
Genitourinary 0.04 0.0246 0.0631 0.04 0.0679 0.166
Sample size 2,279 2,279

Table E6 Main results including admissions in first 10 days after birth

discharge

Treatment is defined as exposure to income management within the mother's community
before the child is 3 months old. Excludes birth admission. Covariates: child's sex, whether
they were the mother's first pregnancy, rainfall in the 90 days to birth, whether conceived
in the wet season. Fixed effects for community at birth and quarter-year of birth. Standard
errors clustered by community. Treatment effects and standard errors estimated using
Boruysak, Jaravel and Spiess' (2021) estimator (Stata command: did_imputation).
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Borusyak, Jaravel and

de Chaisemartin

Spiess imputation OLS fixed Gardner two- &
estimator effects stage DID D'Haultfoeuille
95% 95%
confide confide 95%
95% Treat nce Treat nce Treat  confide
Treatme  confidenc ment interva ment interva ment nce
nt effect e interval effect 1 effect 1 effect interval
-0.151 - 0.034 -0.04 0.064  -0.11 -0.21 to
Ever admitted 0.0902 0.332 4 t0 0.11 3 to 0.24 -0.02 0.18
Number of -0.160 - -0.36 0.091 -0.4to -0.84 to
admissions 0.335 0.830 0.353 to 1.07 2 0.58 1.49 3.83
0.969 - -1.3to -0.72 -6.75 to
Days in hospital ~ 4.683** 8.396 4.450 10.2 2.694 t06.11 5.46 17.66
Ever admitted -0.0740 - 0.111  0.01to 0.097  -0.07 -0.09 to
for infection 0.147 0.367 ok 0.21 8 t0 0.26 0.11 0.3
Number of
admissions  for 0.0765 - -0.37 -0.21 -0.72 to
infection 0.370%* 0.664 0.244 t0 0.86 0.176  t0 0.56 0.61 1.94
Sample size 2,279 2,539 2,539 1,008

Table E7 Alternative estimators
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Appendix F: Additional estimates

:5{ } :—,___iiiiiii

T T T T T T T T T T T
to3m tobm to9m toly to2y to3dy tody to5y toby to7y tody
Admissions by age (cumulative)

A. Any infection

T T T T T T T T T T
to3m tobm to9m toly to2y to3y tody toSy toby to7y to8y
Admissions by age (cumulative)

B. Viral infection

j_----ii}}}%{ NI I I I

T T T T T T T T
to3m tobm to9m toly to2y to3y tody tobSy toby to7y toS8y
Admissions by age (cumulative)

C. Bacterial infection

T T T T T T T T T T T
to3m tobm to9m toly to2y to3y tody to5y toby to7y tody
Admissions by age (cumulative)

D. Upper respiratory

IERRERUREE I NTERREEE

to3m tobm to9m toly to2y to3y tody to5y toby to7y tody
Admissions by age (cumulative)

E. Lower respiratory

278

T T T T T T T T T T T
to3m to6m to9m toly to2y tody tody to5y toby to7y tody
Admissions by age (cumulative)

F. Soft tissue



75

w0
@2

= — SR S—

o
= 4

w |

! T T T T T T T T T
to3m tobm to9m toly to2y to3y tody to5y toby to7y tody
Admissions by age (cumulative)

G. Gastrointestinal
Figure F1: Treatment effects on number of admissions, by time horizon of outcome
measure

Untreated mean Treatment effect
Any asthma diagnosis 0.04 0.033 4
(0.008)
Any allergy diagnosis 0.06 -0.006
(0.040)
Sample size 1,191

Table F1: consultations for immune system-related diagnoses at community clinics,
age 3-7

Note: clinic data available for 2/3rds of communities, and from 2010 onwards only.
Analysis sample is limited to children born in communities that had a clinic contributing
data for the full period 2010-2015. Allergies include allergic rhinitis, allergic contact
dermatitis, allergy/allergic reaction not otherwise specified, and allergic conjunctivitis.
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Appendix G: ICD 10 codes for infection

Source: Miller et al. 2016, with our additions in italics.

ICD-10 code description Included if | Primary
secondary diagnosis may
+ diagnosis | be accompanied
by additional
diagnoses
Gastrointestinal
A00.0 Cholera due to Vibrio cholerae 01, biovar cholerae (ICD10) 0 0
A00.1 Cholera due to Vibrio cholerae 01, biovar eltor (ICD10) 0 0
A00.9 Cholera, unspecified (ICD10) 0 0
A01.0 Typhoid fever (ICD10) 0 0
A01.1 Paratyphoid fever A (ICD10) 0 0
A01.2 Paratyphoid fever B (ICD10) 0 0
A01.3 Paratyphoid fever C (ICD10) 0 0
A01.4 Paratyphoid fever, unspecified (ICD10) 0 0
A02.0 Salmonella enteritis (ICD10) 0 0
A02.2 Localised salmonella infections (ICD10) 0 1
A02.8 Other specified salmonella infections (ICD10) 0 0
A02.9 Salmonella infection, unspecified (ICD10) 0 0
A03.0 Shigellosis due to Shigella dysenteriae (ICD10) 0 0
A03.1 Shigellosis due to Shigella flexneri (ICD10) 0 0
A03.2 Shigellosis due to Shigella boydii (ICD10) 0 0
A03.3 Shigellosis due to Shigella sonnei (ICD10) 0 0
A03.8 Other shigellosis (ICD10) 0 0
A03.9 Shigellosis, unspecified (ICD10) 0 0
A04.0 Enteropathogenic Escherichia coli infection (ICD10) 0 0
A04.1 Enterotoxigenic Escherichia coli infection (ICD10) 0 0
A04.2 Enteroinvasive Escherichia coli infection (ICD10) 0 0
A04.3 Enterohemorrhagic Escherichia coli infection (ICD10) 0 0
A04.4 Other intestinal Escherichia coli infections (ICD10) 0 0
A04.5 Campylobacter enteritis (ICD10) 0 0
A04.6 Enteritis due to Yersinia enterocolitica (ICD10) 0 0
A04.7 Enterocolitis due to Clostridium difficile (ICD10) 0 0
A04.8 Other specified bacterial intestinal infections (ICD10) 0 0
A04.9 Bacterial intestinal infection, unspecified (ICD10) 0 0
A05.0 Foodborne staphylococcal intoxication (ICD10) 0 0
A05.1 Botulism food poisoning (ICD10) 0 0
A05.2 Foodborne Clostridium perfringens [Clostridium welchii] intoxication (ICD10) 0 0
A05.3 Foodborne Vibrio parahaemolyticus intoxication (ICD10) 0 0
A05.4 Foodborne Bacillus cereus intoxication (ICD10) 0 0
A05.8 Other specified bacterial foodborne intoxications (ICD10) 0 0
A05.9 Bacterial foodborne intoxication, unspecified (ICD10) 0 0
A06.0 Acute amebic dysentery (ICD10) 0 0
A06.1 Chronic intestinal amebiasis (ICD10) 0 0
A06.2 Amebic nondysenteric colitis (ICD10) 0 0
A06.3 Amoeboma of intestine (ICD10) 0 0
A06.4 Amebic liver abscess (ICD10) 0 0
A06.9 Amebiasis, unspecified (ICD10) 0 0
A07.0 Balantidiasis (ICD10) 0 0
A07.1 Giardiasis [lambliasis] (ICD10) 0 0
A07.2 Cryptosporidiosis (ICD10) 0 0
A07.3 Isosporiasis (ICD10) 0 0
A07.8 Other specified protozoal intestinal diseases (ICD10) 0 0
A07.9 Protozoal intestinal disease, unspecified (ICD10) 0 0
A08.0 Rotaviral enteritis (ICD10) 0 0
A08.1 Acute gastroenteropathy due to Norwalk agent (ICD10) 0 0
A08.2 Adenoviral enteritis (ICD10) 0 0
A08.3 Other viral enteritis (ICD10) 0 0
A08.4 Viral intestinal infection, unspecified 0 0
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A08.5 Other specified intestinal infections (ICD10) 0 0
A09 Infectious gastroenteritis and colitis, unspecified (ICD10) 0 0
A09.0 Other and unspecified gastroenteritis and colitis of infectious origin 0 0
A09.9 Gastroenteritis and colitis of unspecified origin 0 0
A213 Gastrointestinal tularemia (ICD10) 0 0
A22.2 Gastrointestinal anthrax (ICD10) 0 0
B37.88 Candidiasis of other sites (ICD10) 0 0
B71.0 Hymenolepiasis (ICD10) 0 0
B71.9 Cestode infection, unspecified (ICD10) 0 0
B76.0 Ancylostomiasis (ICD10) 0 0
B78.9 Strongyloidiasis, unspecified (ICD10) 0 0
B81.0 Anisakiasis (ICD10) 0 0
B96.81 Helicobacter pylori [H. pylori] as the cause of diseases classified to other chapters | 0 0
(ICD10)

K52.8 Other specified noninfective gastroenteritis and colitis (ICD10) 0 0
B78.0 Intestinal strongyloidiasis, trichuriasis, enterobiasis or other intestinal parasites 0 0
B79 0 0
B80 0 0
B81.8 0 0
B82.0 0 0
B83.9 0 0

0 0
Bacterial
A02.1 Salmonella sepsis (ICD10) 0 0
Al7.0 Tuberculous meningitis (ICD10) 0 1
Al7.1 Meningeal tuberculoma (ICD10) 0 1
Al7.8 Other tuberculosis of nervous system (ICD10) 0 1
Al7.9 Tuberculosis of nervous system, unspecified (ICD10) 0 1
Al8.0 Tuberculosis of bones and joints (ICD10) 0 1
Al19.0 Acute miliary tuberculosis of a single specified site 0 0
Al9.1 Acute miliary tuberculosis of multiple sites 0 0
A20.3 Plague meningitis 0 0
A20.7 Septicemic plague (ICD10) 0 0
A21.7 Generalized tularaemia 0 0
A22.7 Anthrax sepsis (ICD10) 0 0
A23.0 Brucellosis due to Brucella melitensis (ICD10) 0 0
A23.1 Brucellosis due to Brucella abortus (ICD10) 0 0
A23.2 Brucellosis due to Brucella suis (ICD10) 0 0
A23.3 Brucellosis due to Brucella canis (ICD10) 0 0
A23.8 Other brucellosis (ICD10) 0 0
A23.9 Brucellosis, unspecified (ICD10) 0 0
A24.1 Acute and fulminating melioidosis 0 0
A25.0 Spirillosis (ICD10) 0 0
A25.1 Streptobacillosis (ICD10) 0 0
A25.9 Rat-bite fever, unspecified (ICD10) 0 0
A32.1 Listerial meningitis and meningoencephalitis 0 0
A32.7 Listerial sepsis 0 0
A39.0 Meningococcal meningitis (ICD10) 0 1
A39.1 Waterhouse-Friderichsen syndrome (ICD10) 0 1
A39.2 Acute meningococcaemia 0 0
A39.3 Chronic meningococcaemia 0 0
A39.4 Meningococcemia, unspecified (ICD10) 0 0
A39.5 Meningococcal heart disease 0 0
A39.8 Other meningococcal infections (ICD10) 0 0
A39.8 Other meningococcal infections 0 1
A39.9 Meningococcal infection, unspecified (ICD10) 0 0
A40.0 Sepsis due to streptococcus, group A 0 0
A40.1 Sepsis due to streptococcus, group B 0 0
A40.2 Sepsis due to streptococcus, group D 0 0
A40.3 Sepsis due to Streptococcus pneumoniae (ICD10) 0 0
A40.8 Other streptococcal sepsis 0 0
A40.9 Streptococcal sepsis, unspecified (ICD10) 0 0
A41.0 Sepsis due to Staphylococcus aureus 0 0
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A41.1 Sepsis due to other specified staphylococcus 0 0
A41.2 Sepsis due to unspecified staphylococcus (ICD10) 0 0
A413 Sepsis due to Hemophilus influenzae (ICD10) 0 0
A41.4 Sepsis due to anaerobes (ICD10) 0 0
A41.51 Sepsis due to Escherichia coli [E. Coli] (ICD10) 0 0
A41.52 Sepsis due to Pseudomonas (ICD10) 0 0
A41.58 Sepsis due to other Gram-negative organisms (ICD10) 0 0
A41.8 Other specified septicaemia (ICD10) 0 0
A41.9 Sepsis, unspecified (ICD10) 0 0
A44.0 Systemic bartonellosis 0 0
A48.3 Toxic shock syndrome 0 0
AS52.0 Cardiovascular syphilis (198.0%) (ICD10) 0 1
AS52.1 Symptomatic neurosyphilis (ICD10) 0 0
AS52.1 (no description found) 0 1
AS52.2 Asymptomatic neurosyphilis (ICD10) 0 0
AS52.3 Neurosyphilis, unspecified 0 0
AS52.7 Other symptomatic late syphilis (ICD10) 0 0
AS52.7 (no description found) 0 1
AS52.8 Late syphilis, latent (ICD10) 0 0
A65 Nonvenereal syphilis (ICD10) 0 0
A74.0 Chlamydial conjunctivitis (ICD10) 0 0
A74.8 Other chlamydial diseases (ICD10) 0 0
A78 Q fever (ICD10) 0 0
A79.0 Trench fever (ICD10) 0 0
A79.1 Rickettsialpox due to Rickettsia akari (ICD10) 0 0
A79.8 Other specified rickettsioses (ICD10) 0 0
A79.9 Rickettsiosis, unspecified (ICD10) 0 0
B95.1 Streptococcus, group B, as the cause of diseases classified elsewhere (ICD10) 0 0
G00.0 Haemophilus meningitis (ICD10) 0 0
G00.1 Pneumococcal meningitis (ICD10) 0 0
G00.1 (no description found) 1 0
G00.2 Streptococcal meningitis (ICD10) 0 0
G00.3 Staphylococcal meningitis (ICD10) 0 0
G00.8 Other bacterial meningitis (ICD10) 0 0
G00.9 Bacterial meningitis, unspecified (ICD10) 0 0
GO1 Meningitis in bacterial diseases classified elsewhere 0 0
G03.1 Chronic meningitis (ICD10) 0 0
G05.0 Encephalitis, myelitis and encephalomyelitis in bacterial diseases classified 0 0
elsewhere
G06.0 Intracranial abscess and granuloma (ICD10) 0 0
G06.1 Intraspinal abscess and granuloma (ICD10) 0 0
G06.2 Extradural and subdural abscess, unspecified (ICD10) 0 0
G07 Intracranial and intraspinal abscess and granuloma in disease classified elsewhere 0 0
(ICD10)
130.1 Infective pericarditis 0 0
132.0 Pericarditis in bacterial diseases classified elsewhere 0 0
133.0 Acute and subacute infective endocarditis 0 0
141.0 Myocarditis in bacterial diseases classified elsewhere 0 0
J39.0 Retropharyngeal and parapharyngeal abscess (ICD10) 0 0
J39.1 Other abscess of pharynx (ICD10) 0 0
J85.3 Abscess of mediastinum 0 0
MO00.90 Pyogenic arthritis, unspecified, multiple sites (ICD10) 0 0
MO00.91 Pyogenic arthritis, unspecified, shoulder region (ICD10) 0 0
MO00.92 Pyogenic arthritis, unspecified, upper arm (ICD10) 0 0
MO00.93 Pyogenic arthritis, unspecified, forearm (ICD10) 0 0
MO00.94 Pyogenic arthritis, unspecified, hand (ICD10) 0 0
MO00.95 Pyogenic arthritis, unspecified, pelvic region and thigh 0 0
MO00.96 Pyogenic arthritis, unspecified, lower leg (ICD10) 0 0
MO00.97 Pyogenic arthritis, unspecified, ankle and foot (ICD10) 0 0
MO00.98 Pyogenic arthritis, unspecified, other site (ICD10) 0 0
MO00.99 Pyogenic arthritis, unspecified, site unspecified (ICD10) 0 0
MO1.0 Meningococcal arthritis 0 0
MO1.1 Tuberculous arthritis 0 0
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M46.2 Osteomyelitis of vertebra 0 0
M46.3 Infection of intervertebral disc (pyogenic) 0 0
M46.4 Discitis, unspecified 0 0
M46.5 Other infective spondylopathies 0 0
M49.0 Tuberculosis of spine 0 0
M49.1 Brucella spondylitis 0 0
M49.2 Enterobacterial spondylitis 0 0
M49.3 Spondylopathy in other infectious and parasitic diseases classified elsewhere 0 0
M72.6 Necrotizing fasciitis 0 0
M73.0 Gonococcal bursitis 0 0
M73.1 Syphilitic bursitis 0 0
M86.0 Acute haematogenous osteomyelitis 0 0
M386.10 Other acute osteomyelitis, unspecified site (ICD10) 0 0
M86.11 Other acute osteomyelitis, shoulder region (ICD10) 0 0
M386.12 Other acute osteomyelitis, upper arm (ICD10) 0 0
M&86.13 Other acute osteomyelitis, forearm (ICD10) 0 0
M386.14 Other acute osteomyelitis, hand (ICD10) 0 0
M86.15 Other acute osteomyelitis, pelvic region and thigh (ICD10) 0 0
M386.16 Other acute osteomyelitis, lower leg (ICD10) 0 0
M86.17 Other acute osteomyelitis, ankle and foot (ICD10) 0 0
M386.18 Other acute osteomyelitis, other site (ICD10) 0 0
M386.19 Other acute osteomyelitis, multiple sites (ICD10) 0 0
M386.2 Subacute osteomyelitis 0 0
M386.4 Chronic osteomyelitis with draining sinus 0 0
M86.5 Other chronic osteomyelitis 0 0
M386.60 Other chronic osteomyelitis, unspecified site (ICD10) 0 0
M386.67 Other chronic osteomyelitis, ankle and foot (ICD10) 0 0
M386.68 Other chronic osteomyelitis, other site (ICD10) 0 0
M386.69 Other chronic osteomyelitis, multiple sites (ICD10) 0 0
M86.8 Other osteomyelitis 0 0
M386.90 Unspecified osteomyelitis, multiple sites (ICD10) 0 0
M86.91 Unspecified osteomyelitis, shoulder region (ICD10) 0 0
M386.92 Unspecified osteomyelitis, upper arm (ICD10) 0 0
M386.93 Unspecified osteomyelitis, forearm (ICD10) 0 0
M&86.94 Unspecified osteomyelitis, hand (ICD10) 0 0
M386.95 Unspecified osteomyelitis, pelvic region and thigh (ICD10) 0 0
M386.96 Unspecified osteomyelitis, lower leg (ICD10) 0 0
M86.97 Unspecified osteomyelitis, ankle and foot (ICD10) 0 0
M386.98 Unspecified osteomyelitis, other site (ICD10) 0 0
M386.99 Unspecified osteomyelitis, site unspecified (ICD10) 0 0
M90.0 Tuberculosis of bone 0 0
P36.0 Sepsis of newborn due to streptococcus, group B 0 0
P36.1 Sepsis of newborn due to other and unspecified streptococci 0 0
P36.2 Sepsis of newborn due to Staphylococcus aureus 0 0
P36.3 Sepsis of newborn due to other and unspecified staphylococci 0 0
P36.4 Sepsis of newborn due to Escherichia coli 0 0
P36.5 Sepsis of newborn due to anaerobes 0 0
P36.8 Other bacterial sepsis of newborn 0 0
P36.9 Bacterial sepsis of newborn, unspecified 0 0
P37.0 Congenital tuberculosis 0 0
P37.2 Neonatal (disseminated) listeriosis 0 0
A38 Scarlet fever 0 0
A28.1 Cat-scratch disease 0 0
Al Tuberculosis of other organs 0 0
A24.2 Melioidosis 0 0
A243 0 0
A24.4 0 0
A42.8 Other forms of actinomycosis 0 0
A49 Bacterial infection of unspecified site 0 0
B95.0 Stepcoccus or staphylococcus ac cause of disease classified elsewhere 1 0
B95.1 1 0
B95.2 1 0
B95.4 1 0
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B95.5 1 0
B95.7 1 0
B95.8 1 0
Lower
respiratory
A06.5 Amebic lung abscess (ICD10) 0 1
Al5.0 Tuberculosis of lung 0 0
AlS.1 Tuberculosis of lung, confirmed by culture only 0 0
Al5.2 Tuberculosis of lung, confirmed histologically 0 0
AlS53 Tuberculosis of lung, confirmed by unspecified means 0 0
Al54 Tuberculosis of intrathoracic lymph nodes 0 0
AlS.S Tuberculosis of larynx, trachea and bronchus 0 0
AlS5.6 Tuberculosis pleurisy 0 0
Al5.7 Primary respiratory tuberculosis 0 0
Al5.8 Other respiratory tuberculosis 0 0
Al5.9 Respiratory  tuberculosis unspecified, confirmed bacteriologically and 0 0
histologically
Al6.0 Tuberculosis of lung, bacteriologically and histologically negative 0 0
Al6.1 Tuberculosis of lung, bacteriological and histological examination not done 0 0
Al6.2 Tuberculosis of lung, without mention of bacteriological or histological 0 0
confirmation
Al6.3 Tuberculosis of intrathoracic lymph nodes, without mention of bacteriological or 0 0
histological confirmation
Al6.4 Tuberculosis of larynx, trachea and bronchus, without mention of bacteriological 0 0
or histological confirmation
Al6.5 Tuberculous pleurisy, without mention of bacteriological or histological 0 0
confirmation
Al16.7 Primary respiratory tuberculosis, without mention of bacteriological or 0 0
histological confirmation
Al6.8 Other respiratory tuberculosis, without mention of bacteriological or histological 0 0
confirmation
Al16.9 Respiratory tuberculosis unspecified, without mention of bacteriological or 0 0
histological confirmation
Al19.2 Acute miliary tuberculosis, unspecified (ICD10) 0 0
Al19.8 Other miliary tuberculosis (ICD10) 0 0
A19.9 Miliary tuberculosis, unspecified (ICD10) 0 0
A20.2 Pneumonic plague (ICD10) 0 0
A21.2 Pulmonary tularemia (ICD10) 0 0
A22.1 Pulmonary anthrax (ICD10) 0 0
A24.0 Glanders 0 0
A31.0 Pulmonary mycobacterial infection (ICD10) 0 0
A37.0 Whooping cough due to Bordetella pertussis (ICD10) 0 0
A37.1 Whooping cough due to Bordetella parapertussis (ICD10) 0 0
A37.8 Whooping cough due to other Bordetella species (ICD10) 0 0
A37.9 Whooping cough, unspecified (ICD10) 0 0
A42.0 Pulmonary actinomycosis (ICD10) 0 0
A48.1 Legionnaires disease 0 0
A70 Chlamydia psittaci infections (ICD10) 0 0
A70 (no description found) 0 1
B01.2 Varicella pneumonia (ICD10) 0 1
B05.2 Measles complicated by pneumonia (ICD10) 0 1
B34.0 Adenovirus infection, unspecified (ICD10) 0 0
B37.1 Pulmonary candidiasis (ICD10) 0 0
B38.0 Acute pulmonary coccidioidomycosis (ICD10) 0 0
B38.1 Chronic pulmonary coccidioidomycosis (ICD10) 0 0
B38.2 Pulmonary coccidioidomycosis, unspecitfied (ICD10) 0 0
B39.0 Acute pulmonary histoplasmosis capsulati 0 0
B39.1 Chronic pulmonary histoplasmosis capsulati 0 0
B39.2 Pulmonary histoplasmosis capsulati, unspecified (ICD10) 0 0
B39.3 Disseminated histoplasmosis capsulati 0 0
B39.4 Histoplasmosis capsulati, unspecified 0 0
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B39.5 Histoplasmosis duboisii (ICD10) 0 0
B39.9 Histoplasmosis, unspecified (ICD10) 0 0
B40.0 Acute pulmonary blastomycosis 0 0
B40.1 Chronic pulmonary blastomycosis 0 0
B40.2 Pulmonary blastomycosis, unspecified 0 0
B40.3 Cutaneous blastomycosis 0 0
B40.7 Disseminated blastomycosis 0 0
B40.8 Other forms of blastomycosis 0 0
B41.0 Pulmonary paracoccidioidomycosis 0 0
B42.0 Pulmonary sporotrichosis 0 1
B44.0 Invasive pulmonary aspergillosis 0 0
B44.1 Other pulmonary aspergillosis 0 0
B45.0 Pulmonary cryptococcosis 0 0
B58.3 Pulmonary toxoplasmosis (ICD10) 0 1
B59 Pneumocystosis (ICD10) 0 0
J05.0 Acute obstructive laryngitis [croup] (ICD10) 0 0
J09 Influenza due to certain identified influenza virus 0 0
J10.0 Influenza with pneumonia, influenza virus identified (ICD10) 0 0
J10.1 Influenza due to other influenza virus with respiratory manifestations (ICD10) 0 0
J11.0 Influenza with pneumonia, virus not identified (ICD10) 0 0
J11.1 Influenza with other respiratory manifestations, virus not identified (ICD10) 0 0
J12.0 Adenoviral pneumonia (ICD10) 0 0
J12.1 Respiratory syncytial virus pneumonia (ICD10) 0 0
J12.2 Parainfluenza virus pneumonia (ICD10) 0 0
J12.3 Human metapneumovirus pneumonia 0 0
J12.8 Other viral pneumonia (ICD10) 0 0
J12.9 Viral pneumonia, unspecified (ICD10) 0 0
J13 Pneumonia due to Streptococcus pneumoniae (ICD10) 0 0
J14 Pneumonia due to Hemophilus influenzae (ICD10) 0 0
J15.0 Pneumonia due to Klebsiella pneumoniae (ICD10) 0 0
J15.1 Pneumonia due to Pseudomonas (ICD10) 0 0
J15.2 Pneumonia due to staphylococcus (ICD10) 0 0
J15.3 Pneumonia due to streptococcus, group B (ICD10) 0 0
J15.4 Pneumonia due to other streptococci (ICD10) 0 0
J15.5 Pneumonia due to Escherichia coli (ICD10) 0 0
J15.6 Pneumonia due to other aerobic Gram-negative bacteria (ICD10) 0 0
J15.7 Pneumonia due to Mycoplasma pneumoniae (ICD10) 0 0
J15.8 Pneumonia due to other specified bacteria (ICD10) 0 0
J15.9 Unspecified bacterial pneumonia (ICD10) 0 0
J16.0 Chlamydial pneumonia 0 0
J16.8 Pneumonia due to other specified infectious organisms (ICD10) 0 0
J17.0 Pneumonia in bacterial diseases classified elsewhere (ICD10) 1 0
J17.1 Pneumonia in viral diseases classified elsewhere (ICD10) 1 0
J17.2 Pneumonia in mycoses (ICD10) 1 0
J17.3 Pneumonia in parasitic diseases 0 0
J17.8 Pneumonia in other diseases classified elsewhere (ICD10) 1 0
J18.0 Bronchopneumonia, unspecified organism (ICD10) 0 0
J18.1 Lobar pneumonia, unspecified 0 0
J18.8 Other pneumonia, unspecified organism (ICD10) 0 0
J18.9 Pneumonia, unspecified 0 0
J20.0 Acute bronchitis due to Mycoplasma pneumoniae (ICD10) 0 0
J20.1 Acute bronchitis due to Hemophilus influenzae (ICD10) 0 0
J20.2 Acute bronchitis due to streptococcus (ICD10) 0 0
J20.3 Acute bronchitis due to coxsackievirus (ICD10) 0 0
J20.4 Acute bronchitis due to parainfluenza virus (ICD10) 0 0
J20.5 Acute bronchitis due to respiratory syncytial virus (ICD10) 0 0
J20.6 Acute bronchitis due to rhinovirus (ICD10) 0 0
J20.7 Acute bronchitis due to echovirus (ICD10) 0 0
J20.8 Acute bronchitis due to other specified organisms (ICD10) 0 0
J20.9 Acute bronchitis, unspecified (ICD10) 0 0
J21.0 Acute bronchiolitis due to respiratory syncytial virus 0 0
J21.1 Acute bronchiolitis due to human megapneumovirus 0 0
J21.8 Acute bronchiolitis due to other specified organisms 0 0
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J21.9 Acute bronchiolitis, unspecified (ICD10) 0 0
122 Unspecified acute lower respiratory infection (ICD10) 0 0
J22.0 (no description found) 0 0
J40 Bronchitis, not specified as acute or chronic 0 0
J41.0 Simple chronic bronchitis (ICD10) 0 0
J41.1 Mucopurulent chronic bronchitis (ICD10) 0 0
J41.8 Mixed simple and mucopurulent chronic bronchitis 0 0
J42 Unspecified chronic bronchitis (ICD10) 0 0
J44.0 Chronic obstructive pulmonary disease with acute lower respiratory infection 0 0
147 Bronchiectasis (ICD10) 0 0
J65 Pneumoconiosis associated with tuberculosis 0 0
J85.0 Gangrene and necrosis of lung 0 0
J85.1 Abscess of lung with pneumonia 0 0
J85.2 Abscess of lung without pneumonia (ICD10) 0 0
186.0 Pyothorax with fistula 0 0
186.9 Pyothorax without fistula 0 0
P23.0 Congenital pneumonia due to viral agent 0 0
P23.2 Congenital pneumonia due to staphylococcus 0 0
P23.3 Congenital pneumonia due to staphylococcus, group B 0 0
P23.4 Congenital pneumonia due to Escherichia coli 0 0
P23.5 Congenital pneumonia due to Pseudomonas 0 0
P23.6 Congenital pneumonia due to other bacterial agents 0 0
P23.8 Congenital pneumonia due to other organisms 0 0
P23.9 Congenital pneumonia, unspecified 0 0
B95.6 Pneumoniae streptococcus 0 0
Upper

respiratory

A36.0 Pharyngeal diphtheria (ICD10) 0 0
A36.1 Nasopharyngeal diphtheria (ICD10) 0 0
A36.2 Laryngeal diphtheria (ICD10) 0 0
B05.3 Measles complicated by otitis media (ICD10) 0 1
H65.0 Acute serous otitis media (ICD10) 0 0
H65.1 Other acute nonsuppurative otitis media (ICD10) 0 0
H65.2 Chronic serous otitis media (ICD10) 0 0
H65.3 Chronic mucoid otitis media (ICD10) 0 0
H65.4 Other chronic nonsuppurative otitis media (ICD10) 0 0
H65.9 Nonsuppurative otitis media, unspecified (ICD10) 0 0
H66.0 Acute suppurative otitis media (ICD10) 0 0
H66.1 Chronic tubotympanic suppurative otitis media (ICD10) 0 0
H66.2 Chronic atticoantral suppurative otitis media (ICD10) 0 0
H66.3 Other chronic suppurative otitis media (ICD10) 0 0
H66.4 Suppurative otitis media, unspecified (ICD10) 0 0
H66.9 Otitis media, unspecified (ICD10) 0 0
H67.0 Otitis media in bacterial diseases classified elsewhere 0 0
H67.8 Otitis media in other diseases classified elsewhere (ICD10) 1 0
H68.0 Eustachian salpingitis 0 0
H70.0 Acute mastoiditis (ICD10) 0 0
H70.1 Chronic mastoiditis (ICD10) 0 0
H70.2 Petrositis (ICD10) 0 0
H70.8 Other mastoiditis and related conditions (ICD10) 0 0
H70.9 Mastoiditis, unspecified (ICD10) 0 0
H72.0 Central perforation of tympanic membrane (ICD10) 0 0
H72.1 Attic perforation of tympanic membrane (ICD10) 0 0
H72.2 Other marginal perforations of tympanic membrane (ICD10) 0 0
H72.8 Other perforations of tympanic membrane (ICD10) 0 0
H72.9 Perforation of tympanic membrane, unspecified (ICD10) 0 0
H73.0 Acute myringitis 0 0
H75.0 Mastoiditis in infectious and parasitic diseases classified elsewhere 0 0
H83.0 Labyrinthitis 0 0
H92.1 Otorrhoea 0 0
JOO Acute nasopharyngitis [common cold] (ICD10) 0 0
JO1.0 Acute maxillary sinusitis (ICD10) 0 0
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JO1.1 Acute frontal sinusitis (ICD10) 0 0
JO1.2 Acute ethmoidal sinusitis (ICD10) 0 0
JO1.3 Acute sphenoidal sinusitis (ICD10) 0 0
J01.4 Acute pansinusitis 0 0
JO1.8 Other acute sinusitis (ICD10) 0 0
JO1.9 Acute sinusitis, unspecified (ICD10) 0 0
J02.0 Streptococcal pharyngitis (ICD10) 0 0
J02.8 Acute pharyngitis due to other specified organisms 0 0
J02.9 Acute pharyngitis, unspecified (ICD10) 0 0
J03.0 Streptococcal tonsillitis 0 0
J03.8 Acute tonsillitis due to other specified organisms 0 0
J03.9 Acute tonsillitis, unspecified (ICD10) 0 0
J04.0 Acute laryngitis (ICD10) 0 0
J04.1 Acute tracheitis (ICD10) 0 0
J04.2 Acute laryngotracheitis (ICD10) 0 0
JO5.1 Acute epiglottitis (ICD10) 0 0
J06.0 Acute laryngopharyngitis (ICD10) 0 0
J06.8 Other acute upper respiratory infections of multiple sites (ICD10) 0 0
J06.9 Acute upper respiratory infection, unspecified (ICD10) 0 0
J32.0 Chronic maxillary sinusitis (ICD10) 0 0
J32.1 Chronic frontal sinusitis (ICD10) 0 0
J32.2 Chronic ethmoidal sinusitis (ICD10) 0 0
J32.3 Chronic sphenoidal sinusitis (ICD10) 0 0
J32.4 Chronic pansinusitis 0 0
J32.8 Other chronic sinusitis (ICD10) 0 0
J32.9 Chronic sinusitis, unspecified (ICD10) 0 0
J34.0 Abscess, furuncle and carbuncle of nose 0 0
J35.0 Chronic tonsillitis (ICD10) 0 0
J36 Peritonsillar abscess (ICD10) 0 0

Soft tissue

A31.1 Cutaneous mycobacterial infection (ICD10) 0 0
A46 Erysipelas (ICD10) 0 0
B00.0 Eczema herpeticum (ICD10) 0 0
B35.0 Tinea barbae and tinea capitis 0 0
B35.1 Tinea unguium 0 0
B35.2 Tinea manuum 0 0
B35.3 Tinea pedis 0 0
B35.4 Tinea corporis 0 0
B35.5 Tinea imbricate 0 0
B35.6 Tinea cruris 0 0
B35.8 Other dermatophytoses 0 0
B35.9 Dermatophytosis, unspecified (ICD10) 0 0
B36.0 Pityriasis versicolour 0 0
B36.1 Tinea nigra 0 0
B36.2 White piedra 0 0
B36.3 Black piedra 0 0
B36.8 Other specified superficial mycoses 0 0
B37.2 Candidiasis of skin and nail (ICD10) 0 0
B85.0 Pediculosis due to Pediculus humanus capitis (ICD10) 0 0
B85.1 Pediculosis due to Pediculus humanus corporis (ICD10) 0 0
B85.2 Pediculosis, unspecified (ICD10) 0 0
B85.3 Phthiriasis (ICD10) 0 0
B85.4 Mixed pediculosis and phthiriasis (ICD10) 0 0
B86 Scabies (ICD10) 0 0
B87.9 Myiasis, unspecified (ICD10) 0 0
B88.0 Other acariasis (ICD10) 0 0
B88.1 Tungiasis [sandflea infestation] (ICD10) 0 0
B88.2 Other arthropod infestations (ICD10) 0 0
B88.3 External hirudiniasis (ICD10) 0 0
B88.8 Other specified infestations (ICD10) 0 0
B88.9 Infestation, unspecified (ICD10) 0 0
H60.3 Other infective otitis externa (ICD10) 0 0
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L00 Staphylococcal scalded skin syndrome 0 0
LO1.0 Impetigo [any organism] [any site] (ICD10) 0 0
L02.0 Cutaneous abscess, furuncle and carbuncle of face (ICD10) 0 0
L02.1 Cutaneous abscess, furuncle and carbuncle of neck (ICD10) 0 0
L02.2 Cutaneous abscess, furuncle and carbuncle of trunk (ICD10) 0 0
L02.3 Cutaneous abscess, furuncle and carbuncle of buttock (ICD10) 0 0
L02.4 Cutaneous abscess, furuncle and carbuncle of limb (ICD10) 0 0
L02.8 Cutaneous abscess, furuncle and carbuncle of other sites (ICD10) 0 0
L02.9 Cutaneous abscess, furuncle and carbuncle, unspecified (ICD10) 0 0
L03.01 Cellulitis of finger (ICD10) 0 0
L03.02 Cellulitis of toe (ICD10) 0 0
L03.10 Cellulitis of upper limb (ICD10) 0 0
L03.11 Cellulitis of lower limb (ICD10) 0 0
L03.2 Cellulitis of face (ICD10) 0 0
L03.3 Cellulitis of trunk (ICD10) 0 0
L03.8 Cellulitis of other sites (ICD10) 0 0
L03.9 Cellulitis, unspecified (ICD10) 0 0
L05.0 Pilonidal cyst with abscess 0 0
L05.9 Pilonidal cyst without abscess (ICD10) 0 0
L08.0 Pyoderma (ICD10) 0 0
L08.1 Erythrasma 0 0
L08.8 Other specified local infections of skin and subcutaneous tissue 0 0
L08.9 Local infection of the skin and subcutaneous tissue, unspecified 0 0
L13.0 Dermatitis herpetiformis 0 0
L30.3 Infective dermatitis 0 0
L88 Pyoderma gangrenosum 0 0
M60.09 Infective myositis, multiple sites 0 0
M63.0 Myositis in bacterial diseases classified elsewhere 0 0
M63.1 Myositis in protozoal and parasitic infections classified elsewhere 0 0
M63.2 Myositis in other infectious diseases classified elsewhere 0 0
M65.0 Abscess of tendon sheath 0 0
M65.1 Other infective (teno)synovitis 0 0
M68.0 Synovitis and tenosynovitis in bacterial diseases classified elsewhere 0 0
M71.0 Abscess of bursa 0 0
M71.1 Other infective bursitis 0 0
091.00 Infection of nipple associated with childbirth, without mention of attachment 0 0
difficulty
091.10 Abscess of breast associated with childbirth, without mention of attachment 0 0
difficulty

P39.0 Neonatal infective mastitis 0 0
P39.4 Neonatal skin infection 0 0
B95.6 Aureus staphylococcus 0 0
B87.4 Aural myiasis 0 0
B36.9 Superficial mycosis 0 0
A7l Trachoma 0 0
A43.1 Cutaneous nocardiosis 0 0
Viral

A80.1 Acute paralytic poliomyelitis, wild virus, imported 0 0
A80.2 Acute paralytic poliomyelitis, wild virus, indigenous 0 0
A80.3 Acute paralytic poliomyelitis, other and unspecified (ICD10) 0 0
A80.4 Acute nonparalytic poliomyelitis (ICD10) 0 0
A80.9 Acute poliomyelitis, unspecified (ICD10) 0 0
A81.8 Other atypical virus infections of central nervous system (ICD10) 0 0
A81.9 Atypical virus infection of central nervous system, unspecified 0 0
A82.0 Sylvatic rabies 0 0
A82.1 Urban rabies 0 0
A82.9 Rabies, unspecified (ICD10) 0 0
A83.0 Japanese encephalitis (ICD10) 0 0
A83.1 Western equine encephalitis (ICD10) 0 0
A83.2 Eastern equine encephalitis (ICD10) 0 0
A83.3 St Louis encephalitis (ICD10) 0 0
A83.4 Australian encephalitis (ICD10) 0 0
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A83.5 California encephalitis (ICD10) 0 0
A83.6 Rocio virus disease 0 0
A83.8 Other mosquito-borne viral encephalitis (ICD10) 0 0
A83.9 Mosquito-borne viral encephalitis, unspecified (ICD10) 0 0
A84.0 Far Eastern tick-borne encephalitis [Russian spring-summer encephalitis] 0 0
(ICD10)
A84.1 Central European tick-borne encephalitis (ICD10) 0 0
A84.8 Other tick-borne viral encephalitis (ICD10) 0 0
A84.9 Tick-borne viral encephalitis, unspecified (ICD10) 0 0
A85.0 Enteroviral encephalitis 0 0
A85.1 Adenoviral encephalitis 0 0
A85.2 Arthropod-borne viral encephalitis, unspecified (ICD10) 0 0
A85.8 Other specified viral encephalitis 0 0
A86 Unspecified viral encephalitis 0 0
A87.0 Enteroviral meningitis (ICD10) 0 1
A87.1 Adenoviral meningitis (ICD10) 0 1
A87.2 Lymphocytic choriomeningitis (ICD10) 0 0
A87.8 Other viral meningitis 0 0
A87.9 Viral meningitis, unspecified 0 0
A88.0 Enteroviral exanthematous fever 0 0
A88.8 Other specified viral infections of central nervous system (ICD10) 0 0
A89 Unspecified viral infection of central nervous system (ICD10) 0 0
A90 Dengue fever [classical dengue] (ICD10) 0 0
A91 Dengue haemorrhagic fever 0 0
A92.0 Chikungunya virus disease 0 0
A92.1 O’nyong-nyong fever 0 0
A92.2 Venezuelan equine fever (ICD10) 0 0
A92.3 West Nile virus infection 0 0
A92.4 Rift Valley fever 0 0
A92.8 Other specified mosquito-borne viral fevers (ICD10) 0 0
A92.9 Mosquito-borne viral fever, unspecified 0 0
A93.0 Oropouche virus disease 0 0
A93.2 Colorado tick fever (ICD10) 0 0
A93.8 Other specified arthropod-borne viral fevers (ICD10) 0 0
A%4 Unspecified arthropod-borne viral fever (ICD10) 0 0
A95.0 Sylvatic yellow fever (ICD10) 0 0
A95.1 Urban yellow fever (ICD10) 0 0
A95.9 Yellow fever, unspecified (ICD10) 0 0
A96.0 Junin haemorrhagic fever 0 0
A96.1 Machupo haemorrhagic fever 0 0
A96.2 Lassa fever 0 0
A96.8 Other arenaviral hemorrhagic fevers (ICD10) 0 0
A96.9 Arenaviral haemorrhagic fever, unspecified 0 0
A98.0 Crimean-Congo hemorrhagic fever (ICD10) 0 0
A98.1 Omsk hemorrhagic fever (ICD10) 0 0
A98.2 Kyasanur Forest disease (ICD10) 0 0
A98.3 Marburg virus disease 0 0
A98.4 Ebola virus disease 0 0
A98.5 Hemorrhagic fever with renal syndrome (ICD10) 0 0
A98.8 Other specified viral haemorrhagic fevers 0 0
A99 Unspecified viral haemorrhagic fever 0 0
B00.1 Herpesviral vesicular dermatitis (ICD10) 0 0
B00.2 Herpesviral gingivostomatitis and pharyngotonsillitis (ICD10) 0 0
B00.3 Herpesviral meningitis (ICD10) 0 1
B00.4 Herpesviral encephalitis (ICD10) 0 1
B00.5 Herpesviral ocular disease (ICD10) 0 1
B00.7 Disseminated herpesviral disease (ICD10) 0 0
B00.8 Other forms of herpesviral infection (ICD10) 0 0
B00.9 Herpesviral infection, unspecified (ICD10) 0 0
B01.0 Varicella meningitis 0 0
BO1.1 Varicella encephalitis (G05.1*) (ICD10) 0 1
B01.8 Varicella with other complications (ICD10) 0 0
B01.9 Varicella without complication (ICD10) 0 0
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B02.0 Zoster encephalitis 0 0
B02.1 Zoster meningitis (ICD10) 0 1
B02.2 Zoster with other nervous system involvement (ICD10) 0 1
B02.3 Zoster ocular disease (ICD10) 0 1
B02.7 Disseminated zoster 0 0
B02.8 Zoster with other complications (ICD10) 0 0
B02.9 Zoster without complications (ICD10) 0 0
B03 Smallpox (ICD10) 0 0
B04 Monkeypox 0 0
B05.0 Measles complicated by encephalitis (ICD10) 0 1
B05.1 Measles complicated by meningitis 0 0
B05.4 Measles with intestinal complications 0 0
B05.8 Measles with other complications (ICD10) 0 0
B05.9 Measles without complication (ICD10) 0 0
B06.0 Rubella with neurological complications (ICD10) 0 1
B06.8 Rubella with other complications (ICD10) 0 0
B06.9 Rubella without complication (ICD10) 0 0
B07 Viral warts (ICD10) 0 0
B08.0 Other orthopoxvirus infections (ICD10) 0 0
B08.1 Molluscum contagiosum (ICD10) 0 0
B08.2 Exanthema subitum [sixth disease] 0 0
B08.3 Erythema infectiosum [fifth disease] (ICD10) 0 0
B08.4 Enteroviral vesicular stomatitis with exanthem (ICD10) 0 0
B08.5 Enteroviral vesicular pharyngitis (ICD10) 0 0
B08.8 Other specified viral infections characterized by skin and mucous membrane 0 0
lesions (ICD10)
B09 Unspecified viral infection characterized by skin and mucous membrane lesions 0 0
(ICD10)
B15.0 Hepatitis A with hepatic coma (ICD10) 0 0
B15.9 Hepatitis A without hepatic coma (ICD10) 0 0
B16.0 Acute hepatitis B with delta-agent with hepatic coma (ICD10) 0 0
Bl6.1 Acute hepatitis B with delta-agent without hepatic coma (ICD10) 0 0
B16.2 Acute hepatitis B without delta-agent with hepatic coma (ICD10) 0 0
B16.9 Acute hepatitis B without delta-agent and without hepatic coma 0 0
B17.0 Acute delta-(super) infection of hepatitis B carrier (ICD10) 0 0
B17.1 Acute hepatitis C (ICD10) 0 0
B17.2 Acute hepatitis E (ICD10) 0 0
B17.8 Other specified acute viral hepatitis (ICD10) 0 0
B17.9 Acute viral hepatitis, unspecified 0 0
B18.0 Chronic viral hepatitis B with delta-agent (ICD10) 0 0
B18.1 Chronic viral hepatitis B without delta-agent (ICD10) 0 0
B18.2 Chronic viral hepatitis C (ICD10) 0 0
B18.8 Other chronic viral hepatitis 0 0
B18.9 Chronic viral hepatitis, unspecified 0 0
B19.0 Unspecified viral hepatitis with hepatic coma (ICD10) 0 0
B19.9 Unspecified viral hepatitis without hepatic coma (ICD10) 0 0
B20.0 HIV disease resulting in mycobacterial infection 0 0
B20.1 HIV disease resulting in other bacterial infections 0 0
B20.2 HIV disease resulting in cytomegaloviral disease 0 0
B20.3 HIV disease resulting in other viral infections 0 0
B20.4 HIV disease resulting in candidiasis 0 0
B20.5 HIV disease resulting in other mycoses 0 0
B20.6 HIV disease resulting in Pneumocystis jirovecii pneumonia 0 0
B20.7 HIV disease resulting in multiple infections 0 0
B20.8 HIV disease resulting in other infectious and parasitic diseases 0 0
B20.9 HIV disease resulting in unspecified infectious or parasitic 0 0
B21.0 HIV disease resulting in Kaposi sarcoma 0 0
B21.1 HIV disease resulting in Burkitt lymphoma 0 0
B21.2 HIV disease resulting in other types of non-Hodgkin lymphoma 0 0
B21.3 HIV disease resulting in other malignant neoplasms of lymphoid, haematopoietic 0 0
and related tissue
B21.7 HIV disease resulting in multiple malignant neoplasms 0 0
B21.8 HIV disease resulting in other malignant neoplasms 0 0
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B21.9 HIV disease resulting in unspecified malignant neoplasm 0 0
B22.0 HIV disease resulting in encephalopathy 0 0
B22.1 HIV disease resulting in lymphoid interstitial pneumonitis 0 0
B22.2 HIV disease resulting in wasting syndrome 0 0
B22.7 HIV disease resulting in multiple diseases classified elsewhere 0 0
B23.0 Acute HIV infection syndrome 0 0
B23.1 HIV disease resulting in (persistent) generalized lymphadenopathy 0 0
B23.2 HIV disease resulting in haematological and immunological abnormalities, not 0 0
elsewhere classified
B23.8 HIV disease resulting in other specified conditions 0 0
B24 Unspecified human immunodeficiency virus [HIV] disease (ICD10) 0 0
B25.0 Cytomegaloviral pneumonitis 0 0
B25.1 Cytomegaloviral hepatitis 0 0
B25.2 Cytomegaloviral pancreatitis 0 0
B25.8 Other cytomegaloviral diseases 0 0
B25.9 Cytomegaloviral disease, unspecified (ICD10) 0 0
B26.0 Mumps orchitis (ICD10) 0 1
B26.1 Mumps meningitis (ICD10) 0 1
B26.2 Mumps encephalitis (ICD10) 0 1
B26.3 Mumps pancreatitis (ICD10) 0 1
B26.8 Mumps with other complications (ICD10) 0 0
B26.8 (no description found) 0 1
B26.9 Mumps without complication (ICD10) 0 0
B27.0 Gammaherpesviral mononucleosis 0 0
B27.1 Cytomegaloviral mononucleosis 0 0
B27.8 Other infectious mononucleosis 0 0
B27.9 Infectious mononucleosis, unspecified (ICD10) 0 0
B30.0 Keratoconjunctivitis due to adenovirus (ICD10) 0 1
B30.1 Conjunctivitis due to adenovirus (ICD10) 0 1
B30.2 (no description found) 0 1
B30.3 Acute epidemic hemorrhagic conjunctivitis (enteroviral) 0 1
B30.8 Other viral conjunctivitis (ICD10) 0 1
B30.9 Viral conjunctivitis, unspecified 0 0
B33.0 Epidemic myalgia (ICD10) 0 0
B33.1 Ross River disease 0 0
B33.2 Viral carditis 0 0
B33.3 Retrovirus infections, not elsewhere classitied (ICD10) 0 0
B33.4 Hantavirus (cardio-) pulmonary syndrome 0 0
B33.8 Other specified viral diseases (ICD10) 0 0
B34.1 Enterovirus infection, unspecified (ICD10) 0 0
B34.2 Coronavirus infection, unspecified site 0 0
B34.3 Parvovirus infection, unspecified site 0 0
B34.4 Papovavirus infection, unspecified (ICD10) 0 0
B34.8 Other viral infections of unspecified site (ICD10) 0 0
B34.9 Viral infection, unspecified (ICD10) 0 0
B97.0 Adenovirus as the cause of diseases classified to other chapters 0 0
B97.1 Enterovirus as the cause of diseases classified to other chapters 0 0
B97.2 Coronavirus as the cause of diseases classified to other chapters 0 0
B97.3 Retrovirus as the cause of diseases classified to other chapters 0 0
B97.4 Respiratory syncytial virus as the cause of diseases classified to other chapters 0 0
B97.5 Reovirus as the cause of diseases classified to other chapters 0 0
B97.6 Parvovirus as the cause of diseases classified to other chapters 0 0
B97.7 Papillomavirus as the cause of diseases classified to other chapters 0 0
B97.8 Other viral agents as the cause of diseases classified to other chapters 0 0
G02.0 Meningitis in viral diseases classified elsewhere (ICD10) 1 0
GO05.1 Encephalitis, myelitis and encephalomyelitis in viral diseases classified elsewhere 1 0
(ICD10)
HI19.1 Herpesviral keratitis and keratoconjunctivitis 0 0
141.1 Myocarditis in viral diseases classified elsewhere 0 0
J10.8 Influenza with other manifestations, influenza virus identified 0 0
J11 Influenza, virus not identified (ICD10) 0 0
J11.8 Influenza with other manifestations, virus not identified (ICD10) 0 0
MO01.4 Rubella arthritis 0 0
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MO01.50 Arthritis in other viral diseases classified elsewhere, multiple sites (ICD10) 1 0
MO1.51 Arthritis in other viral diseases classified elsewhere, shoulder region (ICD10) 1 0
MO01.52 Arthritis in other viral diseases classified elsewhere, upper arm (ICD10) 1 0
MO01.53 Arthritis in other viral diseases classified elsewhere, forearm (ICD10) 1 0
MO01.54 Arthritis in other viral diseases classified elsewhere, hand (ICD10) 1 0
MO1.55 Arthritis in other viral diseases classified elsewhere, pelvic region and thigh 1 0
(ICD10)
MO01.56 Arthritis in other viral diseases classified elsewhere, lower leg (ICD10) 1 0
MO01.57 Arthritis in other viral diseases classified elsewhere, ankle and foot (ICD10) 1 0
MO01.58 Arthritis in other viral diseases classified elsewhere, other site (ICD10) 1 0
MO01.59 Arthritis in other viral diseases classified elsewhere, site unspecified (ICD10) 1 0
098.4 Viral hepatitis complicating pregnancy, childbirth and the puerperium 0 0
098.5 Other viral diseases complicating pregnancy, childbirth and the puerperium 0 0
(ICD10)
P35.0 Congenital rubella syndrome 0 0
P35.1 Congenital cytomegalovirus infection 0 0
P35.2 Congenital herpesviral [herpes simples] infection 0 0
P35.3 Congenital viral hepatitis 0 0
P35.8 Other congenital viral diseases 0 0
P35.9 Congenital viral disease, unspecified 0 0
721 Asymptomatic human immunodeficiency virus [HIV] infection status 0 0
Genitourinary
A36.8 (no description found) 0 1
AS51.0 Primary genital syphilis (ICD10) 0 0
AS51.1 Primary anal syphilis (ICD10) 0 0
AS51.2 Primary syphilis of other sites (ICD10) 0 0
AS513 Secondary syphilis of skin and mucous membranes (ICD10) 0 0
AS51.3 (no description found) 0 1
AS51.4 Other secondary syphilis (ICD10) 0 0
AS51.5 Early syphilis, latent (ICD10) 0 0
A51.9 Early syphilis, unspecified 0 0
AS52.9 Late syphilis, unspecified (ICD10) 0 0
AS53.0 Latent syphilis, unspecified as early or late (ICD10) 0 0
AS53.9 Syphilis, unspecified (ICD10) 0 0
A54.0 Gonococcal infection of lower genitourinary tract without periurethral or 0 0
accessory gland abscess (ICD10)
A54.1 Gonococcal infection of lower genitourinary tract with periurethral and accessory 0 0
gland abscess (ICD10)
A54.2 Gonococcal pelviperitonitis and other gonococcal genitourinary infections 0 1
(ICD10)
A543 Gonococcal infection of eye (ICD10) 0 0
A543 (no description found) 0 1
A54.4 Gonococcal infection of musculoskeletal system (ICD10) 0 1
A54.5 Gonococcal pharyngitis (ICD10) 0 0
A54.6 Gonococcal infection of anus and rectum (ICD10) 0 0
A54.8 Other gonococcal infections (ICD10) 0 0
A54.8 (no description found) 0 1
A54.9 Gonococcal infection, unspecified 0 0
ASS Chlamydial lymphogranuloma (venereum) (ICD10) 0 0
A56.0 Chlamydial infection of lower genitourinary tract (ICD10) 0 0
AS56.1 Chlamydial infection of pelviperitoneum and other genitourinary organs (ICD10) 0 0
A56.2 Chlamydial infection of genitourinary tract, unspecified (ICD10) 0 0
A56.3 Chlamydial infection of anus and rectum (ICD10) 0 0
A56.4 Chlamydial infection of pharynx (ICD10) 0 0
AS56.8 Sexually transmitted chlamydial infection of other sites (ICD10) 0 0
AS57 Chancroid (ICD10) 0 0
A58 Granuloma inguinale (ICD10) 0 0
A59.0 Urogenital trichomoniasis (ICD10) 0 0
A59.0 (no description found) 0 1
A60.0 Herpesviral infection of genitalia and urogenital tract (ICD10) 0 0
A60.1 Herpesviral infection of perianal skin and rectum 0 0
A60.9 Anogenital herpesviral infection, unpsecified 0 0
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A63.0 Anogenital (venereal) warts (ICD10) 0 0
A63.8 Other specified predominantly sexually transmitted diseases (ICD10) 0 0
A64 Unspecified sexually transmitted disease (ICD10) 0 0
B37.3 Candidiasis of vulva and vagina (ICD10) 0 1
B37.4 Candidiasis of other urogenital sites (ICD10) 0 1
N13.6 Pyonephrosis 0 0
NI15.1 Renal and perinephric abscess (ICD10) 0 0
N30.0 Acute cystitis (ICD10) 0 0
N30.8 Other cystitis, abscess of bladder (ICD10) 0 0
N34.0 Urethral abscess (ICD10) 0 0
N35.1 Postinfective urethral stricture, not elsewhere classified (ICD10) 0 0
N39.0 Urinary tract infection, site not specified (ICD10) 0 0
N41.0 Acute prostatitis (ICD10) 0 0
N41.2 Abscess of prostate (ICD10) 0 0
N43.1 Infected hydrocele (ICD10) 0 0
N45.0 Orchitis, epididymitis and epididymo-orchitis with abscess (ICD10) 0 0
N45.9 Orchitis, epididymitis and epididymo-orchits without abscess 0 0
N51.2 Balanitis in diseases classified elsewhere 0 0
N70.0 Acute salpingitis and oophoritis (ICD10) 0 0
N73.0 Acute parametritis and pelvic cellulitis (ICD10) 0 0
N73.1 Chronic parametritis and pelvic cellulitis (ICD10) 0 0
N73.2 Unspecified parametritis and pelvic cellulitis 0 0
N73.3 Female acute pelvic peritonitis (ICD10) 0 0
N73.4 Female chronic pelvic peritonitis (ICD10) 0 0
N73.9 Female pelvic inflammatory disease, unspecified (ICD10) 0 0
N74.2 Female syphilitic pelvic inflammatory disease 0 0
N74.3 Female gonococcal pelvic inflammatory disease 0 0
N74.4 Female chlamydial pelvic inflammatory disease 0 0
N75.0 Cyst of Bartholins gland (ICD10) 0 0
N75.1 Abscess of Bartholins gland (ICD10) 0 0
N76.0 Acute vaginitis (ICD10) 0 0
N76.4 Abscess of vulva (ICD10) 0 0
003.0 Spontaneous abortion, incomplete, complicated by genital tract and pelvic 0 0
infection (ICD10)
003.5 Spontaneous abortion, complete or unspecified, complicated by genital tract and 0 0
pelvic infection (ICD10)
008.0 Genital tract and pelvic infection following ectopic and molar pregnancy (ICD10) 0 0
026.4 Herpes gestationis 0 0
086.2 Urinary tract infection following delivery 0 0
098.1 Syphilis complicating pregnancy, childbirth and the puerperium 0 0
098.2 Gonorrhea complicating pregnancy, childbirth and the puerperium 0 0
P39.3 Neonatal urinary tract infection 0 0
AS50 Congenital syphilis 0 0
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Chapter 6: Conclusions

6.1 Main findings and contributions

In this thesis I have analysed the impact of two perinatal conditions on children’s health
at birth and their subsequent development. Below I reflect on the implications of my
findings for our understanding of how the perinatal environment affects children’s
development, drawing on all four empirical chapters. I then turn to implications regarding

the two specific conditions — heat exposure and benefits policy.

6.1.1 Implications for research on perinatal conditions

In the introduction, I set out three questions I aimed to contribute to through this thesis.

Here I revisit each, with some broad conclusions.

How do different perinatal risks impact children in childhood?

I have studied the impacts of two changes to the perinatal environment: heat exposure
and an income shock. Importantly, I study both in the same context and dataset, using

consistent health outcome measures, which allows for some comparison between the two.

Both exposures increased hospital admissions in childhood, but they did so in different
ways. The income shock affected admissions for infection, which I link to the immune
programming hypothesis — as described further in Chapter 5. Heat exposure increased
overall admissions in early childhood, but not for any specific type of diagnosis: instead,
the number of diagnoses per admission increased. I take this to mean that while prenatal
heat exposure did not cause conditions acute enough to require hospitalisation, it may

have acted as a complicating factor for other unrelated conditions.

It may seem obvious that different prenatal exposures have different effects. But this is
frequently forgotten. Research has often taken the approach of connecting the links from

different studies to form a chain (i.e. prenatal heat exposure affects birth outcomes, birth
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outcomes affect later outcomes). This ‘links in a chain’ approach is partly for practical
reasons: the type of longitudinal data I use, with which I can study specific exposure and
their effects throughout childhood, are not widely available. It has allowed me to analyse
whether two exposures with similar effects on health at birth have the same health effects
in childhood, and I find that they do not. As linked administrative data becomes more
readily available for research, we will be able to gain a much richer understanding of the

impacts of perinatal exposures on children’s development, and how they vary.

Birth outcomes as the ‘tip of the iceberg’

A related question is how much we can learn from analysis of birth outcomes alone. Other
researchers such as Romero, Dey and Fisher (2014) in public health, and Conti et al.
(2020) in economics, have long argued that measures of heath at birth such as birthweight
and preterm birth are not a single ‘outcome’ but symptoms with many potential
explanations. Despite this, the conceptualisation of birthweight and preterm birth as

outcomes in their own right is persistent, in both research and policy discourse.

Proponents often argue that while birth outcomes are not perfect predictors of later life
outcomes, these measures still have some predictive power. Fortunately their predictive
power has declined over time, as Goisis, Ozcan and Myrskyli (2017) show for the UK —

likely due to advances in obstetric and neonatal care.

Providing comprehensive obstetric and neonatal care to small or preterm babies is very
costly, and therefore even if birth outcomes had no bearing on later life health and
development, it is still worthwhile to study how these outcomes, and accompanying
healthcare costs, can be avoided. However, as I show in Chapters 4 and 5, these measures
are poor indicators of who is affected by a specific prenatal exposure and by how much.
For the prenatal exposures I study, I find that both reduce birthweight. However, the
impacts on birthweight and other commonly used birth outcomes do little to explain

longer-term outcomes.

I see two implications of these findings.
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First, when studying the impacts of prenatal exposures, we should look beyond measures
of health at birth, where possible. For instance, in Chapter 5, I find that a prediction of
the impact of an income shock, based on its impact on birthweight, would capture only 7
percent of its full effect on childhood hospital admissions (excluding the birth admission).
In this case, the policy’s initial impact was just the tip of the iceberg. In other cases, it
may be that some exposures affect birth outcomes but that their effects fade over time —
this appears to be the case with moderate heat exposure: I found that while both high and
moderate heat in utero reduced birthweight, it was only temperatures of 30 and above

which consistently affected outcomes observed later in childhood (Table 1).

Birthweight Childhood hospital School test

admissions scores
Warm weather N2 No significant No significant
exposure (<30) impact impact
Hot weather 8% 0 \%
exposure (30+)
Introduction of 8% ™ Not studied

income management
Table 1: summary of findings across Chapters 4 and 5

Second, where measures of health at birth are the only measures available — as is the case
in many contexts where long-term or linked data are unavailable — my findings show that
we can do better than focusing on birthweight and preterm birth alone. I find in Chapter
5 that using an expanded set of measures of health at birth (including Apgar scores,
admissions to special care nurseries and obstetric complications) could predict around 30
percent of the impact of the policy shock on health outcomes in childhood. This is a
marked improvement from 7 percent, but still, most of the effect remains unexplained.
Further research could revisit this question in other populations, with the aim of

identifying additional and alternative measures.
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What have we learnt about pathways of early origins of human capital?

In the Introduction I set out three potential pathways that may link pre- and perinatal
exposures to children’s health and development: specific health conditions,
developmental cascades, and developmental programming. What have we learned about

which, if any, of these pathways may explain the impacts of the exposures I study?

The analysis in Chapter 4 provides most insight on this, as I was able to analyse both
health and cognitive outcomes together. A first point to make is that while the patterns I
see may be more consistent with one pathway, I cannot rule out other pathways. This is

because although the data I study are rich, they do not tell us everything.

The data show that prenatal heat exposure did not increase hospital diagnoses for
congenital conditions or any acute health condition. This is not conclusive evidence that
heat exposure does not cause such conditions at all: it is possible that heat exposure causes
conditions that are routinely diagnosed outside of hospital. But the effects on hospital

admissions that I find are not explained by admissions for congenital conditions.

In addition, I do not find clear evidence of the interplay between health and cognitive
outcomes that would reflect the ‘developmental cascades’ pathway; again, while this may

partially explain the findings, it does not fully explain them.

Because health and cognitive development are so intertwined in early childhood, a lack
of comprehensive healthcare data beyond hospital admissions limits how far I can take
this analysis. However, I can say that the impacts of prenatal heat exposure on the health
and cognitive outcomes that I measure appear independent of each other. This fact points
towards fetal programming as the main causal pathway. That is, heat exposure may affect
both health and cognitive outcomes, but the impacts on the cognitive outcomes I measure

are not mediated through the health outcomes I can measure.
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Similarly, in Chapter 5, the pattern of results I find points towards a specific type of fetal
(and neonatal) programming: immune programming. Therefore, it looks like a substantial

amount of the impacts of both exposures comes through developmental programming.

The important conclusion, reinforcing the ‘tip of the iceberg’ point above, is that I do not
find a linear trajectory from perinatal exposure to poor health at birth, to poor health in
childhood, to poorer performance at school. Instead, I find that prenatal heat exposure
affects hospital admissions and school test scores even for children with no health
concerns or complications and birth, and that a perinatal income shock can affect the risk
of severe infection and asthma even for children whose health at birth was not

compromised.

6.1.2 Heat exposure and climate change

While the effects of prenatal heat exposure that I find are small, they are important in
contexts with high levels of heat exposure. The impact of typical variation in heat
exposure in utero in the Northern Territory on children’s school test scores equates to
around thirty percent of the size of intensive early childhood interventions. While we
generally discuss research on heat exposure in the context of predicted effects of climate
change, it is important to remember that these findings reflect a cohort born from 2000
onwards, who are currently young adults. Climate change will likely accentuate such risks
for future cohorts, but almost all children in the Northern Territory — as well as in many
other parts of the world with similar climates — already experience at least some extreme

heat exposure in utero.

The fact that I find these effects in Northern Territory, where residents have adapted to
high levels of heat exposure, and air conditioning is present in most households, is
somewhat surprising. Contrary to suggestions in previous research by, for example, Isen,
Rossin-Slater and Walker (2017) for the US, and Chen et al. (2020) for China, it does not
appear that increasing prevalence of air conditioning has eliminated the risks of prenatal

heat exposure, at least in this context. We do not know precisely why this is: no
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comprehensive data are available on use patterns of air conditioning. It may be that we
need to better understand the risks of heat exposure and communicate them, alongside
recommendations for how to best use such adaptations. It may also be an economic issue:
even if households have an air conditioning unit and are aware of optimal use patterns,

that does not mean they can afford the energy costs.

At face value, my findings have concerning implications. If heat exposure in utero leads
to poorer health and cognitive development, this means children exposed in utero can
expect lower human capital and higher healthcare costs (Kidd et al. 2023; Fishman,
Carrillo, and Russ 2019; Yali Zhang et al. 2022). This is particularly concerning given
projections that climate change will increase global temperatures and that this is just one
of many mechanisms through which climate change is likely to affect human capital

(Caruso, de Marcos, and Noy 2024).

However, my main takeaway from my analysis is that the effects of heat exposure, and
their long-term costs, can be avoided. The impacts of seasonal risk in general, and heat
exposure in particular, vary across climate zone and Aboriginal and non-Aboriginal
populations. This suggests that the effects I find are not driven by an unavoidable
biological mechanism linking heat exposure to these outcomes. It is not the case that a
given level of exposure leads mechanically to a given outcome. Instead, there are likely
multiple, interrelated, risks. This makes it much harder to research the impacts of heat
exposure: the effects vary across contexts, and we cannot pinpoint a specific exposure
period or threshold that consistently triggers the same effects. But this fact also gives
hope: institutions, behaviours and the built environment can influence how prenatal heat
exposure affects children’s development. More research is needed to better understand
these complex relationships and how they differ across contexts — this could involve both
administrative data analysis similar to mine but in different contexts, and cohort studies,
collecting new data on individual-level exposure to institutional, behavioural and build
environment conditions affecting pregnant people, and linking this to outcomes for their

children.
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Such contextual differences are clear from international comparisons: for instance,
Masselot et al. (2023) show that the mortality risk of a cold winter’s day in London, UK
is substantially larger than the mortality risk from a cold winter’s day in Stockholm,

Sweden — despite a cold day in Stockholm being objectively colder.

The fact that countries like Sweden have such small health effects of extreme cold
weather exposure means they must be doing something right — with appropriate policy
settings, we can reduce the health impacts of heat exposure as well. This requires treating
the risks of hot summer temperatures the same way that countries with cold weather treat

winter. I see three elements of such a strategy:

First, pregnant people should be provided with health advice specific to their climate; a
challenge is that the research is lagging here in refining what that advice should be. In
Chapter 2, I estimate that babies exposed to the hottest months of the year in utero have
a 2 percentage point higher risk of preterm birth. In Chapter 3, I found that using a more
complete heat exposure metric, the true risk may be closer to 4.5 percentage points. We
do not yet have a good sense of what level and duration of heat exposure is most harmful
(Baharav et al. 2023). But my tentative conclusion, based on my analysis of outcomes in
childhood, is that prenatal exposure to temperatures above 30 degrees appear to pose the
greatest risks of childhood hospitalisations and poorer school test performance. More
research must be done estimating these impacts across other contexts to form a robust
basis for more informed, context-specific health advice. In the meantime, advice should
emphasise the importance of staying hydrated, avoiding extreme heat, as well as avoiding
prolonged exposure even to hot temperatures that are seen in some contexts as relatively

mild (e.g. in the 30-35 degree range).

Second, appropriate regulations to building standards and energy providers (Quilty et al.
2022) would help ensure all pregnant people have a well-insulated home that is safe
during periods of extreme heat, and with reliable energy supply to power refrigeration,

air conditioning and fans.

300



Third, while overall adoption of climate adaptations like air conditioning are high in
countries like Australia, there are clearly socioeconomic inequalities in who has access.
These inequalities should be addressed. Providing additional welfare payments to help
low-income households pay for air conditioning or other adaptations during the hotter
months of the year — along the lines of the UK’s Winter Fuel Payment and Cold Weather

Payment — could facilitate more equitable access.

6.1.3 Administration of benefits policy

Turning to my analysis of income management in Chapter 5, I have estimated the impact
of the introduction of a policy which restricts what recipients can spend their money on,
and where they can spend it. This was a ‘conditionalisation’ of existing cash transfers that

recipients received.

Conditional cash transfers are more complex to administer, compared with unconditional
cash transfers. This added complexity means two things: first, that administration is more
costly (Margolies and Hoddinott 2015). In the case of income management, costs were
particularly high during the policy rollout, but have remained high on an ongoing basis.
Up to date data on costs are not public, but the Australian National Audit Office estimated
that the administrative costs (i.e. excluding the value of the transfers themselves) were in
the order of AU$6,600 per participant per year, 5 years after the rollout (Australian
National Audit Office 2018). Second, the added complexity also means that it is more
likely that something will go wrong in implementing the policy. This was indeed the case

during the policy rollout, as I discuss in Chapter 5.

Beyond the effects of major implementation challenges that Chapter 5 analyses, we also
see more subtle costs of income management on recipients, as highlighted in Marston et
al.’s (2022) analysis of the policy’s ongoing operation in other parts of Australia.
Recipients must comply with restrictions over where they can spend their funds. They are
unable to participate in the cash economy. They also experience time costs in requesting

changes and exceptions to fund allocations, as well as the stress of relying on a single
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electronic payment method which sometimes fails or is unavailable due to patchy

connectivity.

I have emphasised the idea of seeing this policy through an ‘early childhood lens’.
Conditionality in the benefits system is designed to affect adults’ behaviour: in this case,
to influence what they spend their money on. However, such policies can have unintended

effects on children.

It is generally understood that economic stress can negatively affect children’s
development contemporaneously (Masarik and Conger 2017). I find that, over and above
these potential ongoing effects, the introduction of income management led to worse

health for the cohort of children born around the time of the policy change.

In sum, income management led not only to an additional cost to public finances (in the
order of AU$6,600 per participant) and inconvenience for recipients, but also worsened
health for a cohort of children in communities that already faced a high burden of poor
health. Despite having been in place for over 15 years, there is so far no evidence of any

benefits from income management relative to unconditional cash transfers.

My analysis has broader implications for policies similar to income management. In terms
of international comparisons, the closest are the UK’s Healthy Start food vouchers
system, and the USA’s SNAP program — both of which provide means-tested funds to

low-income households, with restrictions over what the money can be spent on.

Evaluations have found that these programs have improved outcomes for families and
children (Bailey et al. 2020; Griffith, von Hinke, and Smith 2018). Globally, there has
been much enthusiasm for conditional cash transfers in general, following their success
in low and middle income countries. However, these ‘successes’ reflected the
introduction of a new cash transfer, and should not be conflated with the impact of the
conditionality. I find that when we analyse conditionality separately from the introduction

of the payment, the conditionality itself may be harmful. Even if they are not harmful, it
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is important to consider whether any benefits of the conditions imposed outweigh the

additional costs of administering it.

Because my analysis focuses on children in remote Aboriginal communities, my
estimates reflect the impact of an income shock on particularly disadvantaged groups with
high pre-existing health risks within high-income countries. This differs from other
studies analysing income shocks that affect a more general population (e.g. Borra et al.

(2024)).

6.2 Limitations

Alongside its contributions, this thesis also has some limitations, and many open

questions remain for future research.

A primary limitation is that I have not analysed a fully consistent set of measures across

all four empirical chapters.

Where this relates to measurement of heat exposure, this reflects the way my
understanding of the topic has evolved over time. In Chapter 2, I measured heat exposure
primarily using trimester-average maximum and minimum temperatures, and indicators
for extreme temperatures. As is likely evident, my understanding of how to conceptualise
and measure heat exposure developed as I continued working on the topic, leading me to
write Chapter 3, which focuses on measurement. The measures of heat exposure that I

use in Chapter 2 are the same measures I criticise in Chapter 3.

Further, in Chapter 3, I recommend using measures that incorporate both moderate and
extreme heat. Using moderate temperatures of 25-30 degrees as my omitted category, |
found temperatures below this improved birth outcomes, indicating that temperatures of
25-30 degrees had some negative impact as well. In Chapter 4, I find that while those

measures were important in explaining variation in birth outcomes, heat exposure below
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30 degrees had no measured impact on childhood hospital admissions or school test

scores, and I therefore used a simpler set of measures in the main analysis of that chapter.

A key limitation in interpreting these findings is that I do not know why we see these
differences in the impacts of more extreme versus moderate heat. It may be that while
moderate heat affects health at birth, these effects fade over time. Or it may be that there
are longer-term effects of moderate heat, but these are not picked up on the institutional

measures of health and cognitive development that I analyse.

A related issue is my use of comparable outcome measures. Across Chapters 4 and 5, 1
use one comparable outcome measure: hospital admissions in childhood. This allows me
to compare outcomes qualitatively, though I stop short of comparing the magnitudes of

effects, because I study a specific subpopulation in Chapter 5.

I would ideally have also measured the impact of both prenatal exposures on school test
scores. The reason I cannot do this is because of the relatively small sample for analysis
in Chapter 5. School attendance and test participation is particularly low in Aboriginal
communities; therefore, I would be faced with both a decreased sample and potential
selection bias. It may be possible to do this analysis, but it would require careful
consideration, and was not something I could add on to my initial plan to focus on health

outcomes.

My analysis also raises some unanswered questions, which I have not been able to fully
explore with the data available to me. Of particular concern is the combination of
humidity and air temperatures. We have good reasons to believe that humid heat affects
health more than dry heat, and much climate research emphasises this (Vecellio et al.
2022; Rogers et al. 2021). But in Chapter 2 I find no impact of humidity on birth
outcomes. In Chapter 3, I find no impact of wet bulb temperatures, a measure that
combines air temperatures with humidity, on birth outcomes. As I describe in Chapter 3,

further analysis, using both weather station observation and reanalysis data, and
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interacting measures of heat, humidity and precipitation, may help to pinpoint whether

certain combinations of these variables are particularly harmful.

Another limitation is that I am unable to pinpoint specific critical or sensitive periods
within the perinatal exposure periods that I study. In all four empirical chapters I analyse
exposures by trimester of pregnancy. However, I cannot draw any firm conclusions
around whether any specific trimester matters most. This is partly because I do not find
any consistent patterns. My main analysis in Chapter 4 suggests that third trimester heat
exposure matters most for childhood health outcomes. But exposure to an income shock
in any trimester, and even as a newborn, affects health outcomes. I find that heat exposure
in any trimester can affect school test scores. In my heterogeneity analysis, I find that the
magnitude and statistical significance of exposures in each trimester depend on the
subpopulation studied. My takeaway is that any attempt to set out which period in
pregnancy matters most for certain risks or outcomes must be grounded in an
understanding of both biological processes and observations of parents’ behaviour and
attitudes. Analysis of large administrative datasets tells us that there is a causal impact of
heat exposure or an income shock, when experienced in utero, and that families would
benefit from avoiding these risks. But this type of analysis does not tell us much about
how families can best avoid these risks: for instance, what material resources or
healthcare should be provided in pregnancy to reduce the risks of income fluctuations on
the baby, or how pregnant people can most efficiently reduce the risk of heat exposure
with minimal disruption to their livelihood and way of life. Such analysis would require
alternative research approaches, e.g. data collection on day-to-day exposures and
experiences in pregnancy that increase risks at the individual level. This type of analysis

is not possible with administrative records.
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6.3 Future research

Throughout the thesis, I have discussed ideas for future research. But there are three

specific avenues for further research which emerge taking account of the full thesis.

First, while I analyse two elements of the prenatal environment, more can be done to
analyse the impacts of these and other prenatal exposures in other contexts. Further
research that analyses multiple risks within a single population, using consistent
measures, would be valuable in teaching us more about how different risks affect children,
and how and whether the effects differ across contexts and cultures. In addition to heat
exposure and policy shocks, such research could focus on other common exposures, such

as access to and quality of prenatal care, disease prevalence, pollution and acute stressors.

Second, the continued research and policy attention on preterm birth and birthweight as
predictors of longer-term outcomes reflects a practical necessity: if a policy intervention
is provided in pregnancy, policymakers do not want to wait until the first cohort of
affected children start school and undertake standardised tests to analyse its impact. Doing
so could mean years of continuing a policy that may not be effective — or, alternatively, a
lost opportunity to scale up a highly effective policy earlier. Policymakers need a
‘sufficient statistic’ (Chetty 2009) — or a set of such statistics — which provide a reliable

indicator of the likely scale and direction of effects before outcomes have been realised.

This thesis suggests that preterm birth and birthweight are not sufficient statistics. To find
such indicators, I have shown that we should look beyond standard measures of health at
birth. I find there is some value in analysing multiple outcomes together, such as preterm
birth, Apgar scores, and neonatal admissions. But it is likely that further analysis, taking
a data-driven approach, could identify and verify other combinations of early life
indicators that are more predictive of longer-term outcomes. This would be a complex
task, and the appropriate indicators would likely vary depending on the specific outcome
they aim to predict. But it would be immensely worthwhile. It would help to inform

governments’ cost-benefit analyses, as well as research efforts to improve such analyses
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(e.g. Skarda, Asaria and Cookson’s (2022) ‘LifeSim’ model for the UK). Beyond policy
evaluation, identification of such indicators would allow us to better target remedial and

preventative healthcare to reduce the impacts of these risks.

Finally, turning to heat exposure specifically: more research is needed to fully understand
both the mechanisms through which heat exposure affects fetal development, and the
long-term implications of these effects. Availability of administrative datasets with linked
maternal and child health records could help to facilitate further analysis of the
mechanisms: identifying maternal risk factors, health conditions experienced during
pregnancy, and protective factors, and how these interact with heat exposure. This should
be complemented with survey and observational data collected during pregnancy in
cohort studies; while administrative records are valuable for this research, they do not
give us the full picture of the institutional, behavioural and built environment factors that
moderate the effect of heat exposure. Further analysis of additional outcomes in
childhood, as well as the predictive power of childhood outcomes on adult outcomes,
would also be immensely valuable, both as an addition to the literature on early origins
of adult human capital in general, and specifically in understanding the implications of

heat exposure on population health and productivity.
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