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Climate change poses a significant threat to the development of young children, but its 

impacts are not well known because of data and methodological limitations. Using a 

unique panel study in disadvantaged rural communities, we find that exposures to low 

temperatures undermine subsequent cognitive development before age 5, and reduce 

caregiver-child interactions and material investments. Results do not support income, 

health and temporary disruption in cognitive performance as potential channels. By 

undermining children’s home environment, climate change may widen socioeconomic 

inequalities across households by their capacity to adapt, which is severely limited among 

disadvantaged households.
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1 Introduction

Temperature changes have increased in frequency and variability around the world because of cli-

mate change (Bathiany et al., 2018; Schär et al., 2004). They may have far-reaching consequences

on the welfare of society through their impact on children’s development during early childhood, a

critical period of human development that predict long-term life outcomes (Heckman and Mosso,

2014). Children are physiologically limited in their ability to withstand changes in external en-

vironment, making them highly vulnerable to the effects of temperature variations (Currie and

Deschênes, 2016). Further, children must rely on their caregivers to provide for their home en-

vironment (Philipsborn and Chan, 2018). However, some families, such as those in low-income

rural areas, are unable to respond effectively to climate change effects. Further, these effects may

erode their capacity to adapt, widening socioeconomic inequalities across families and communi-

ties (Geruso and Spears, 2018; Mertz et al., 2009).

Our understanding of the effects of temperature change is thus incomplete, given the lack of

evidence on the effects on children’s early childhood skills development and home environment.

Previous studies have not investigated how temperature affects early childhood cognitive devel-

opment although it is predictive of a wide range of long-run outcomes (Heckman and Mosso,

2014). In addition, it remains unknown how temperature changes affect comprehensive measures

of early childhood home environment, including caregiver-child interactions and material invest-

ments, which protect children from climate changes and promote their development. The literature

on the effects of temperature changes on children is limited to a narrow range of birth and health

outcomes (Ogasawara and Yumitori, 2019; Sanchez, 2018).

In this study, we investigate the impacts of exposure to ambient temperature changes in early

childhood, covering in utero period and the first 5 years after birth.1 We study how temperature
1We focus on “ambient” temperature variability. We do not consider extreme weather events such as hurricanes,

floods, droughts, and blizzards, which can impact children in a myriad of ways including destruction of property. In ad-

dition, we investigate the effects of both high and low temperatures rather than restricting our attention to temperature

variations in any one direction.
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changes impact early childhood cognitive skills, caregivers’ behaviors, and material home envi-

ronment, filling crucial gaps in our understanding of the effects of climate change and children’s

human capital development. Joint analysis of the temperature effects on cognitive skills and home

environments sheds light on how well households with children can adapt to temperature changes

and generates implications for effective policy responses.

Our study is set in rural China, characterized by high rates of poverty and developmental delay

among infants (Yue et al., 2017; Wang et al., 2019; Johnstone et al., 2021), poor home environment

and limited access to local amenities (Geruso and Spears, 2018; Mertz et al., 2009). The impacts

of temperature changes in this area are likely to be significant on children’s development and the

caregivers’ burden in responding to these changes. Our results are therefore highly relevant in

understanding the situation of disadvantaged households in rural areas around the world.

We use longitudinal data following households from 4 to 54 months after childbirth, cover-

ing 100 rural villages in the northwest region of China. The villages were selected to capture

the experience of the caregivers and the children in disadvantaged rural households. The data set

contains rich measures of children’s birth outcomes, cognitive developmental measures, and home

environment measures including caregiver-child interactions and material investments. The sur-

vey and data collection were administered by trained staffs rather than relying on self reports to

maintain measurement quality and minimize attrition. The Bayley Scales of Infant and Toddler

Development and Wechsler Preschool and Primary Scale of Intelligence are used because they are

standard measures for the age range of children in our sample (Bayley, 2006; Wechsler, 2012).

These variables are analyzed jointly with daily temperature variation at the village level.

As a consequence, we capture the effects of temperatures that deviate from ”the normal” level

for which villagers would have already adapted. We achieve this by comparing the outcomes of

children within the same village born in the same month across different birth years, fully exploit-

ing the panel dimension of the data following multiple cohorts of children in different villages.

Our effects are therefore based on temperature variations that the villagers could not plausibly

anticipate.
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Further, we separately identify the effects of an additional day of exposure to high and low daily

temperatures at any time from up to 3 years before birth to 5 years after birth. We also identify the

temperature effects on skills measured years after temperature exposure and the skills measured

on the day of temperature exposure.

We show that exposures to cold temperature undermine subsequent early childhood cognitive

skills development measured before age 5. The effects of exposures at age 1 are significant on

cognitive skills measured at ages 2–5. There is no immediate effect of temperature exposures,

suggesting that temporary disruption of children’s performance because of poor weather is unlikely

to be an important explanation for our results. The effects of exposure to high temperature are

negative but not significantly different from zero.

Examining temperature effects on home environment, we find that caregivers reduce cogni-

tively stimulating interactions with their children and material investments at home when they are

exposed to cold temperatures. These results are surprising, given that parents are known to com-

pensate for children’s disadvantages (Restrepo, 2016; Yi et al., 2015; Fan and Porter, 2020). We

do not find evidence that temperatures affect farm income, household asset, children’s health, or a

variety of other potential channels that could shape children’s cognitive skills and home environ-

ments.

We contribute to understanding how climate change affects human development. First, we fill

a gap in the literature by providing evidence on temperature effects on human capital development

in early childhood. Our results connect the negative effects of climate change found on birth

outcomes and adult outcomes such as education and income. The results also imply that ambient

temperature is an input of cognitive skills development in early childhood, an important predictor

of long-term outcomes of children (Heckman and Mosso, 2014).

Second, our results highlight how climate change may widen socioeconomic inequalities by

damaging those already vulnerable. Our study focuses on disadvantaged households with young

children in rural China. Parents in this setting may lack access to basic amenities at home and

in the community to adapt to the effects of even modest temperature exposures studied in this
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paper. With early childhood shocks to skills and disinvestment in home environment, the children

in these households would require even more investment to catch up to their better-off peers. Such

difficulties are likely to be observed among children in other vulnerable communities affected by

climate change.

Finally, our paper presents the first evidence on the effects of temperature variations on com-

prehensive measures of home environment. By showing that caregivers inadequately respond to

temperature changes, we emphasize the need for assistance beyond that available at home. The

caregivers may lack understanding of children’s needs or face resource constraints that prevent

them from providing sufficient care to their children (Cunha et al., 2020; Dizon-Ross, 2019; Garg

et al., 2020). Given that caregivers at home interact closely with the children, targeting policy

responses to the home environment would be effective in countering the effects of climate change

on children’s development. Programs that help children in part by investing in the early childhood

home environment are shown to be highly effective in improving children’s short- and long-run

outcomes (Elango et al., 2016).

2 Literature review

Our study most directly contributes to the literature on the effects of temperature changes in early

childhood on childhood and adolescent outcomes. There is no evidence on temperature effects on

outcomes in early childhood, between birth and age 5 (Table 1). Children’s development during

this “critical period” in human development predicts a wide range of long-term outcomes includ-

ing education, earnings, and health (Heckman and Mosso, 2014). Evidence on late childhood

outcomes shows that exposure to low temperature in early childhood negatively affects height,

cognitive skills, and noncognitive skills measured in primary school period (Ogasawara and Yu-

mitori, 2019; Sanchez, 2018). As for adolescent outcomes, exposure to high temperature between

pregnancy and age 5 leads to less schooling in ages 12 to 16 (Randell and Gray, 2019) and worse

academic outcomes among the second and eighth graders (Barron et al., 2018).
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There is a relatively large literature regarding temperature effects on birth outcomes. In utero

exposure to high temperature increases the chance of pregnancy loss and infant mortality (Banerjee

and Maharaj, 2020; Hajdu and Hajdu, 2022; Geruso and Spears, 2018). An infant’s height and

weight decrease in response to pregnant mother’s exposure to low and high temperatures (Andalón

et al., 2016; Chen et al., 2020; Davenport et al., 2020; Deschênes et al., 2009; Le and Nguyen,

2021; Molina and Saldarriaga, 2017).

Studies also report long-run consequences of exposure to temperature changes in early child-

hood. Exposure to high temperature in the prenatal period and before age 1 negatively impacts

outcomes in adulthood such as earnings (Isen et al., 2017), education, cognitive skills, and height

(Agüero, 2014; Hu and Li, 2019). Findings by Wilde et al. (2017) are unusual in showing positive

effects of in utero exposure to temperature variability on long-run outcomes. They argue that fetal

mortality selection likely drives the results.

Although temperature change can impact caregivers’ behaviors and household expenditures

that constitute children’s home environment, the literature is silent on its impact on comprehensive

measures of home environments that shape children’s human capital development (Table 1). In-

stead, the literature shows that temperature can affect limited aspects of home environments. Vari-

ations in ambient temperature can reduce caregivers’ time allocated to childcare (Garg et al., 2020)

or undermine their physical and mental health (Hua et al., 2022; Yang et al., 2021). Caregivers

may experience difficulty carrying out cognitively demanding tasks in uncomfortable tempera-

tures (Graff Zivin et al., 2018; Park, 2022). To the extent that cognitively stimulating interactions

with children requires caregivers’ active engagement, temperature changes can directly undermine

caregiver-child interactions.
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3 Data

3.1 Early Childhood Data

Our early childhood data set consists of a survey of households that began in 2015 in 100 villages

across 20 counties in rural areas of the Qinba Mountain Area in northwest China. This area is

known for its high poverty rate, low social and economic development, and weak industrial base

(Tian et al., 2018; Wu et al., 2020).

The survey followed a multistage cluster sampling design to select children in the age range of

4–29 months at the household level. First, we selected townships (xiang zhen, the administrative

division layer between the county level and the village level) that are typical rural areas. We

excluded townships that housed the county center (xian cheng) because such townships tend to be

wealthier and more urban. We also excluded townships that did not have any villages with 800

or more registered households. After these restrictions were applied, 100 townships were selected

from 20 counties. Second, we randomly selected one village from each township to be included in

the survey. If a village had fewer than five children in the eligible age range, we randomly selected

another village in the same township to ensure that at least five eligible children were included in

the survey from each township.2

Ethical approval for this study was granted by the Stanford University Institutional Review

Board (IRB) (Protocol ID 35921). All subjects gave written informed consent in accordance with

the Declaration of Helsinki. The survey was administered by the Center for Experimental Eco-

nomics in Education of Shaanxi Normal University.

We use the cognitive scale from the third edition of the BSID (Bayley-III; Bayley, 2006) to

measure the cognitive performance as the key outcome of interest for children under 42 months old.

For those 42 months old or more, we use Wechsler Preschool and Primary Scale of Intelligence

(WPPSI; Wechsler, 2012), a measure of general intellectual ability and cognitive functioning for
2The survey was conducted as a part of center-based early childhood parenting intervention. For half of the

townships, two parenting trainers provided weekly parenting training at local daycare centers (Sylvia et al., 2022). We

find that our results do not interact with parents’ using daycare centers (Section 5.4).
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children aged 2.5 to 7.25 years. We normalize these scores to be mean zero and standard deviation

one within child’s age in months and within each wave. We additionally create a binary indicator

that equals one if the score is below one standard deviation relative to the whole sample mean. The

validity of the scale for the children in the Qinba Mountain Area is verified in Yue et al. (2019,

2021). Distribution of cognitive skill measures for each wave does not contain unusual outliers, as

shown in Figure A1.

The data set also provides measures of home environment including cognitively stimulat-

ing caregiver-child interactions and material investments into the home environment. Caregiver-

child interactions include cognitively stimulating activities such as reading books together, singing

songs, and telling stories. The material home environment includes measures of having different

kinds of toys or books at home. These are commonly used measures of investment in children’s

human capital in studies of child development in China and elsewhere (Johnstone et al., 2021).

Measures of socio-demographic characteristics for children and households include the child’s

gender, number of siblings, primary caregiver’s age and education level, primary caregiver’s re-

lationship with the child, and whether the family received Minimum Living Standard Guarantee

Payments from the government (a poverty indicator and a form of government welfare for the fam-

ilies with very low income throughout the country). The age of the child is obtained from the birth

certificate. The primary caregiver is defined as the individual identified in the survey as the most

responsible for the child’s care, often the child’s mother or grandmother.

3.2 Climate Data

Temperature data are obtained from the National Meteorological Information Center of China. The

data set includes daily average, maximum, and minimum temperatures, sunlight duration, and pre-

cipitation levels. We extract humidity data from the Geospatial Data Cloud and use the space-time

random forest approach (Wei et al., 2019) to identify spatial concentrations of fine particulate mat-

ter with diameter less than 2.5 micrometers (PM2.5), a standard measure of air pollution (Li et al.,

2019). To control for physical geography characteristics, we measure the enhanced vegetation
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index from Earth Science Data Systems (ESDS) Program built by the National Aeronautics and

Space Administration (NASA). All information in raster data is converted to village-level variables

using the ArcGIS algorithm.

3.3 Summary Statistics

We use three waves of surveys conducted between 2015 and 2019, covering children born in 2013

to 2016.3 The survey was continuously conducted during this time period, so that the next survey

has already started for some households even as the previous round of survey was being conducted

in other households. There was also overlap in the age distribution across surveys. The baseline

wave (wave 0) approximately spanned ages 0 and 2, wave 1 spanned ages 1.5 and 3.5, and wave 2

spanned ages 2.5 and 4.5 (Figure 1, Figure A2). The retention rate is 81.69% at the end of wave 2

(Table 2). We examine the sensitivity of our main results to attrition in Section 5.4.

The first panel of Table 2 shows that about half of the children are female and half of the chil-

dren are first-born. Only 20% of the mothers finished high school, indicating low socioeconomic

status of the households in the sample. Caregivers tend to increase material investments (“toys and

books”) over child’s age, as shown in the second panel.

The last panel shows the climate variables we use. The heating degree days (HDD) variable

measures low temperatures in an area. It was originally designed to measure the heating needs of

a building (Vaughn, 2005). For a base degree of 18.33�C,4 HDD for the past 1 day would be 8.33

if the average temperature for that date was 10�C. If the average temperature was 10�C for each of

the past 10 days, then HDD for those ten days would be 83.3. A higher value of HDD indicates

greater exposure to low temperatures. Cooling degree days are similarly defined to measure high

temperature. HDD is zero for temperatures above the base value. Figure 2 shows that days with low

temperatures with a daily average below 5�C are more common than days with high temperatures
3Earlier waves of this survey data are used in Fatima et al. (2022), Sylvia et al. (2022), Wang et al. (2022), Yue

et al. (2019), and Yue et al. (2021), before the third wave of survey became available for research.
4This is 65�F, a commonly used base to calculate degree days in the climate literature because it represents

comfortable daily average temperature for most people (Albouy et al., 2016; Vaughn, 2005).
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with a daily average above 30�C in the sampling area. The upper-left subfigure in Figure A3 shows

the distribution of HDD, showing no major outliers.

Summary statistics on precipitation, sunshine, and air pollution are shown in the last panel of

Table 2 and in Figure A3. Values of average weather variables in the sampling area are within the

range of other provinces in China in 2016, showing that overall weather in sampling area was not

unusual compared to that in the rest of China during the study period (National Bureau of Statistics

of China, 2017). Precipitation in the sampling area was lower than in Chongqing (in the western

region of China), which had annual precipitation of 1348.0 millimeters but greater than in Beijing

(669.1 millimeters). Annual sunshine hours were 1228.4 in Chongqing and 2502.1 in Beijing.

The mean air pollution in the sampling area was lighter than the Chinese national average of 42.0

µg/m3 (Zhang et al., 2019).

4 Empirical Strategy

Our empirical models are motivated by the conceptual framework presented in the Section B of the

Appendix. We estimate the following equation, using HDD variable as the measure of temperature

exposure:

Yi = a +Â
c

gc Â
d2Ci

max{18.33�Td,0}+ x0ib +lvillage-year + ei, (1)

where Yi is the outcome of interest measured in wave 2. The term max{18.33�Td,0} is HDD for

day d with the base temperature at 18.33�C (65�F).

c 2 {[�2,�1), [�1,0), [0,1), [1,2)} denotes the period in years relative to birth (at 0), or “age,”

during which the child is exposed to temperature changes. We choose whole-year windows to

isolate the temperature effects from the seasonality or birth-cohort effects. Ci is the set of days that

belong to the exposure period c for child i. Then Âd2Ci max{18.33�Td,0} is HDD for the time

period Ci. We consider only 2 years before and after birth in the baseline specification because

the youngest subject in wave 2 is about 2.5 years old, so that 2-year window applies to the entire

sample. We also estimate alternative specifications with longer exposure windows as robustness
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checks. The coefficient of interest is gc, the effect on Yi of a unit change in HDD during period c.

xi is a vector of baseline characteristics that includes the children’s gender, age, indicators for

month of birth, the number of siblings interacted with birth order, indicators for mother’s educa-

tion levels (no education, primary school, middle school, high school, associate degree, bachelor’s

degree and above), indicators for mother’s age at delivery, household asset score at wave 0,5 in-

dicators for owning heating devices at home,6 sunlight duration, precipitation and PM2.5 in each

exposure period. We account for the effects of interview timing and interviewer identity by includ-

ing fixed effects for the year-by-month, day-of-week of the survey, and examiner of the cognitive

tests.

To account for within-village correlation due to historical weather, cultural, and economic

factors and their time trends, we include village-by-year fixed effects, lvillage-year. These fixed

effects ensure that our estimation is based on deviations from village averages rather than on spatial

differences in climate. The error term ei is clustered at the village level.

Our identification is therefore based on comparing the outcomes of children within the same

village, the same birth month, and the same survey year and month, but across different birth

years. Fixed effects interacting village and survey year account for village-level characteristics

and survey-year effects specific to each village. Birth-month fixed effects account for seasonal

effects. Identifying variations in temperature come from those that deviate from what villagers

might anticipate from season-of-year and experiences specific to each village.

Identification requires that unobserved factors that promote cognitive skills are uncorrelated

with temperature variations, conditional on observable baseline characteristics and fixed effects.

This assumption would be violated if, for example, the timing of the survey or household charac-

teristics, perhaps through household location choice, are associated with both cognitive skill de-
5To capture household wealth, we construct a household asset score using polychoric principal component analysis

on variables corresponding to the availability of 10 assets: tap water, toilet, water heater, washing machine, computer,

internet, refrigerator, air conditioner, motorcycle/scooter, and car. This score is measured only at wave 0.
6We include four indicator variables for the type of heating system that relies on: (1) natural gas, electricity or

central heating; (2) burning coal with a smoke pipe; (3) burning coal without a smoke pipe; or (4) burning firewood.

These indicators are measured at the second follow up, the last wave in the study.
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velopment and weather. It would also be violated if some households migrate out of the sampling

area in response temperature variations, leading to selective attrition. We test for these possibilities

but do not reject the identification assumption (Section 5.4).

The temperature exposures may have different effects on the cognitive skills outcomes at dif-

ferent ages of the child. This would be the case if temperature changes undermine the cognitive

skills development process, which undergoes a rapid and complex developmental changes in early

childhood (Zeanah et al., 1997). We therefore allow the effects of temperature exposure at a given

time to differ for outcomes measured at different ages of children. The equation is:

Yi,(age) = a(age) +Â
c

gc,(age) Â
d2Ci

max{18.33�Td,0}

+ x0i,(age)b(age) +lvillage-year, (age) + ei,(age). (2)

gc identifies the effect of temperature exposure on outcomes realized at child’s age c. We estimate

equation (2) using locally weighted regression. For each observation i, we estimate a weighted

OLS on the localized subsample around i with a tri-cube weight function that gives more weights

to data points j that are closer to observation i in terms of age (Cleveland, 1979). The weights are

defined as w j = {1� (
|x j�xi|

1.0001max{xi+�xi,xi�xi�})
3}3, where [i� = max{1, i� k}, i+ = min{i+ k,N}]

is the index set of observations with a positive weight. Let k = (N⇥bw�0.5)/2, N be the number

of observations, and bw 2 (0,1] be the bandwidth. We set bandwidth as bw = 0.5 for the main

analysis but also use alternative bandwidth values of 0.25 and 0.75 as robustness checks (Section

5.4).

We also estimate age-varying temperature effects using subsample analysis. We do this by

estimating equation (1) within each subsample. We consider four subsamples, each including

observations whose outcome variables are realized in one of the following age ranges: [0,2], [1,3],

[2,4], [3,5].

Alternatively, temperature changes may undermine the children’s performance at cognitive

tasks without directly affecting their human capital development, implying that the effects of ex-
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posure to temperature changes would be observed immediately. The literature is silent on whether

young children are affected by temperature in performing cognitive tasks such as responding to

cognitive skills measures. Further, no study to our knowledge simultaneously examined the im-

mediate and delayed effects of early childhood exposure to ambient temperature variations. The

literature shows evidence of the disruptive effects of high temperature on cognitively demanding

tasks among adolescents and adults (e.g., Graff Zivin et al., 2018).

To examine whether short-run and contemporaneous temperature effects exist for early child-

hood outcomes, we follow Graff Zivin et al. (2018) and estimate the panel regression model as:

Yit = a +Â
p

Â
b

gpb Â
d2Pit

(Td 2 BINb)+ x0itb +lvillage-year +ni +rt + eit . (3)

b2 {{Td|Td  0},(0,5],(5,10],(10,15],(15,20],(25,30],(30,•)} indicates temperature ranges, or

bins. (Td 2 BINb) is an indicator variable that equals one if Td , the daily average temperature on

day d, falls within temperature bin b. p 2 {day of survey,past week,past month,past year} is the

window of temperature exposure relative to the time of survey. The subscript t 2 {0,1,2} denotes

the wave of survey. ni captures individual fixed effects and rt the wave-of-survey fixed effects.

The parameter of interest is gpb, the effects of temperature exposure in period p on outcomes at t.

xit is a set of time-varying control variables including sunlight duration, precipitation, and PM2.5

in each exposure window. eit is the idiosyncratic error term clustered at the village level.

Finally, we estimate temperature effects with a model that relaxes the restrictions in the model

for the main results. Equation (1) used for the main results restricts the HDD effects to be linear

in parameters and the high temperature exposures to have zero effect on outcomes. We relax

these restrictions by estimating the effect of being exposed to different ranges of temperatures for

outcomes at wave 2. The equation is:

Yi = a +Â
c

Â
b

gcb Â
d2Ci

(Td 2 BINb)+ x0ib +lvillage-year + ei. (4)

We choose (15,20] as the omitted reference category because it contains 18.33�C (65�F), the base
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for the HDD variable in equation (1).7 x0i includes the same set of control variables as in equation

(1). The coefficient of interest, gcb, is interpreted as the effect of being exposed to another day of a

temperature in bin b during period c, replacing a day of exposure to a temperature in the range of

(15,20].

5 Results

5.1 Main Results

Our main results based on equation (1) show that exposures to low temperature during the year

leading up to birth, covering the in utero period, and early childhood period, have negative effects

on cognitive skills measured at ages 2 to 5 (Table 3). The effects are greater for exposures during

the first year after birth than for those during the year before birth and during the second year after

birth. Later, we show that exposures to high temperatures do not significantly impact cognitive

skills in wave 2 in our sample (Table 4 and Figure 3).

Results in Figure 3 show that the negative effects of cold temperature exposures are concen-

trated on daily average temperatures below 5�C (based on equation (4)). Consistent with the re-

strictions in equation (1) for the main results, exposures to temperatures higher than 15�C do not

impact cognitive skills of children (also see Table 4) and the magnitude of the negative effects in-

creases approximately linearly as the temperature decreases. Subfigures in the upper-left corner of

Figure 3 show the effects of temperature exposures 2 years before birth, serving as placebo tests.

These results are robust to using smaller temperature bins (Figure A4).

Our main results imply that mild temperature variations can have a sizable impact on cognitive

development in early childhood. A 1�C decrease in the daily average temperature for 10 days

during the first year of a child’s life is predicted to lower the child’s cognitive skill at wave 2
7The choice of reference category does not affect the relative values of temperature effects among different tem-

perature bins. To examine the sensitivity of results to different widths of bins, we alternatively use three-degree bins

ranging between -3 and 30�C (Section 5.4).
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by 0.0862 in standard deviation unit (Column 5 of Table 3). This is similar in magnitude to the

effects of a conditional cash transfer program, with transfers approximately 15% of the per capita

expenditure each year, on early childhood cognitive skills among a sample of children in Nicaragua

(Macours et al., 2012). Alternatively, the implied effect of a change in HDD by 60, or about 2

months of exposure to days colder by 1�C, is comparable to the effect of intensive early childhood

intervention programs on cognitive skill outcomes of children in disadvantaged households in the

US (Chaparro et al., 2020; Heckman et al., 2013).8

Heterogeneity of effects by baseline characteristics are shown in Table 5. The effects are greater

for the children living in high altitude areas and those born between September and February, who

spend the first few months after birth in winter. Greater negative effects in high altitude areas may

be due to lower temperatures or because of a generally higher rate of poverty in high-altitude areas

in China (Olivia et al., 2011). The negative effects are greater for boys, consistent with the relative

vulnerabilities of male children compared to female children in the literature (Elango et al., 2016).

We do not find significant differences in effects by household asset scores at baseline, potentially

because the sample consists of mostly disadvantaged households. We do not find evidence of

heterogeneity by caregivers’ knowledge in parenting at the baseline9 and by the availability of

heating devices at home.
8Chaparro et al. (2020) showed that an intensive early childhood intervention called the Infant Health and De-

velopment Program, which provided intensive childcare for 2 years until children were 36-months old, improved

children’s Stanford-Binet IQ scores by 9.5 points at age 36-months. The normed standard deviation is 15 for this IQ

score, implying that the effect is equivalent to about 73 days of exposure to colder days during the first year of child’s

life. Heckman et al. (2013) showed that the Perry Preschool Program, which also provided intensive childcare for 2

years between ages 3 and 5, improved children’s cognitive skills outcomes at age 8 by 0.57 in standard deviation unit.

This is equivalent to about 66 days of exposure.
9The parenting knowledge variable is based on the major factor of 10 variables on caregiver’s attitudes and aware-

ness of the importance about several positive parenting behaviors including talking to the child, playing with the child,

and reading books with the child.
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5.2 Immediate and Delayed Effects of Temperature Exposure

We use locally weighted regression based on equation (2) to examine whether temperature effects

depend on the children’s age at which cognitive skills are measured. We find that effects of tem-

perature exposures in the first 2 years of life are large and significant on cognitive skills measured

at ages 3 and 4 (Figure 4). The effects of age-3 exposure is insignificant for age-3 outcomes but

starts to show on age-4 outcomes (Figure A5). We do not find effects on outcomes at age 1 under

any specification. Also, the effects of temperature exposures before birth are not significant on

outcomes at any age. Subsample analyses shown in Table A1 replicate these results. These results

suggest that the effects of temperature exposure emerge not immediately but with a delay of at

least a year.

We further confirm that the immediate effects of temperature exposures are insignificant. Re-

sults in Figure 5, based on equation (3), show insignificant effects of temperature exposures on the

day of the survey, for the 7 days before survey, and for the 30 days before survey. The effects are

observed only for the temperature exposures during the 365 days before the survey date, suggest-

ing that the temperature exposure effects are unlikely to be explained by temporary disruptions on

children’s performances in cognitively demanding tasks.

5.3 Effects of Temperature Exposures on Home Environments

In this section, we examine whether temperature exposures affect the home environment, as mea-

sured by caregiver-child interactions and material investments in the home environment. These

are key determinants of children’s cognitive skills development and predict long-term outcomes

(Heckman and Mosso, 2014). As explained in Section B in the Appendix, temperature exposures

may directly interfere with caregivers’ ability to engage with their children or provide for material

investments, subject to household income and caregivers’ abilities, knowledge, and beliefs about

children’s development processes.10

10The data set does not contain information on household income and caregivers’ abilities, knowledge, and beliefs

that are needed to identify the contributions of each of these factors on children’s development.
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Table 6, based on the panel regression model of equation (3), shows that in response to low tem-

perature exposures, caregivers reduce investments on children as measured by home environment.

Both caregiver-child interactions (“activities”) and material investments into home environment

(“books and toys”) are reduced. The negative effects are significant on material investment for

temperature exposures as measured by HDD (equation (3)) and on activities for exposures of tem-

peratures below 10�C (equation (4), Figure 6). These findings imply that temperature changes

in early childhood may have persistent, long-term effects through childhood home environment.

Also, home environment may be channels underlying observed effects on early childhood cognitive

skills.

Analysis of temperature exposure effects on each item of activities shows that the effects are

concentrated on subscales related to “playing outdoors” and “telling stories” (Table A2, Figure

A6 and Figure A7). These are physically and cognitively demanding tasks that may be more

easily affected by temperature changes than other activities in the measure. Reduction in material

investments is spread out across different items.

Finally, we investigate temperature effects on children’s screen time, which are known to be

associated with caregiver characteristics and home environment (Duch et al., 2013). We find that

screen time is not affected by temperature exposures (Figure A8).

Heterogeneity analysis in Table A3 shows that the negative effects on home environments

are greater among those with more household assets at the baseline. Reductions in activities are

greater for households in high-altitude areas while reductions in materials are higher among those

in low-altitude areas. These are possibly related to the negative association between household

socioeconomic status and high altitude of residence in China (Olivia et al., 2011). Reductions in

activities are greater for boys. There is no other noticeable differences by subgroups.

17



5.4 Robustness

5.4.1 Accounting for Attrition

Systematic attrition can introduce bias to estimates based on panel data analysis without adjust-

ment. In Table A4, we use linear regression to examine potential sources of attrition, which is

relatively modest at 18.31%. We do not find significant association between baseline characteris-

tics and attrition probabilities except for the effects from the number of siblings of children. Based

on predicted sample retention probabilities from this model, we estimate equation (1) with inverse

probability weights. Our main results are robust to adjusting for attrition (Table A5).

5.4.2 Test of Assumptions

A key assumption for the identification of temperature effects is that temperature is exogenously

determined with respect to family and child characteristics. This can be violated if the choice

of survey timing is correlated with baseline characteristics that also affect child outcomes. We

examine the association between baseline characteristics and the day of the survey and find that

the survey date is likely not determined in favor of one household over another (Table A6).

The identification assumption can also be violated because of endogenous migration, either

across or out of villages, in response to ambient temperature variation. Table A7 shows that none

of the baseline characteristics is associated with HDD in each year of a child’s life. We further

find no association between children’s temperature exposures and parental migration decisions,

separately by the mother and the father (Table A8).

5.4.3 Other Robustness Checks

We first examine the robustness of main results in Section 5.1 to alternative sets of control vari-

ables. The main results in Table 3 first show that the results are robust to removing various control

variables. The results of exposure to different ranges of temperature, based on equation (4), are

also robust to different sets of controls we examine, as shown in the Appendix (see Figures A9,
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A10, A11, A12, A13, and A14).

We further account for temperature exposures other than those measured by HDD. We control

for high temperature exposures as measured by CDD, the average range of temperature variation in

each day (daily maximum minus daily minimum), and the average of its squares. We consider the

temperature variation range because daily fluctuations may put more strain on the children and the

household in adapting to temperature changes. The main results based on equation (1) are robust

to adding these controls (Table 4).

Temperature effects may be confounded by adaptive behaviors of caregivers at home beyond

those measured in our study. We examine this possibility and find that our results are robust to

controlling for the characteristics of the primary caregiver at home and of caregivers’ visits to local

daycare centers. We also show the results of not controlling for the availability of heating devices

at home. Although temperature exposures and the presence of heating appliances at home are

not significantly correlated in the sample, heating appliances variables are measured at the second

wave rather than at the baseline, making them inappropriate controls. The results are robust to

these controls (Table A9).

We used 18.33�C to define HDD thus far, a standard practice in the literature. The estimates

may be sensitive to this choice if, for example, the effects are concentrated in a limited range

of temperatures rather than continuously spread throughout cold temperatures. We use different

values to define HDD and find consistent results (Table A10).

We examine the sensitivity of results to model specification by examining the effects of tem-

perature exposures up to 3 years before and after birth, moving beyond the main results model

that considered only 2 years before and after birth. We confirm that the outcomes 3 years before

birth pass the placebo test and that the effect of first-year exposure is still observed at 3 years af-

ter birth (Table A11). The magnitudes of effects are smaller for exposures nearer to the time of

measurement.

We used the standard bandwidth length of 0.5 for the locally weighted regression (equation

(2)) that estimates the effects of temperature exposure on children’s cognitive skills measured at
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different ages. We show that these results are robust to the choice of bandwidth lengths by repeating

the analysis with 0.25 and 0.75 as bandwidth lengths, respectively (Figure A15 and Figure A16).

We consider alternative ways to define the dependent variable, including percentile measure,

indicator variable for cognitive delay, and the raw score of the Bayley scale (Table A12). We find

that the coefficient signs and magnitudes are consistent and the effects of exposures during the first

and second years after birth are significant throughout different specifications. Effects of in utero

exposures are marginally significant and sometimes insignificant.

We examine the temperature exposure effects on the language skills of the children (Table A13,

Figures A17 and A18). Language skills are different from cognitive skills as they may reflect “crys-

tallized intelligence” to a greater extent than cognitive ability measures that are thought to be closer

to pure reasoning abilities (Almlund et al., 2011). The item response rate is also much lower for

these variables, limiting the statistical power. The coefficient signs and magnitudes are nonetheless

consistent throughout, and the effects of first- and second-year exposures are significant except for

the expressive language scale.

Finally, we account for the possibility that the “extreme” temperatures, even within the range

of ambient temperature variations, may have affected children’s cognitive development. Instead

of daily average temperatures as the variable of interest, we alternatively use daily maximum and

daily minimum temperatures to estimate the effects of temperature exposure (Figure A19). The

results from daily maximum temperatures are consistent in sign but weaker in significance. The

results from daily minimum temperatures closely follow our main results. We conclude that low

temperatures within the day primarily generated our results.

5.5 Alternative Channels

Climate change literature suggests that temperature exposure can impact children’s outcomes

through household income by reducing crop harvest or livestock among farming households (Garg

et al., 2020; Groppo and Kraehnert, 2016; Shively et al., 2015) or by shifting parents’ time alloca-

tion away from farm work (Huang et al., 2020). We are unable to check for this channel directly
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because we do not have information on household income, occupation of parents, or involvement

in agriculture. Instead, we searched news media looking for mentions of unusual weather in the

sampling area. On 6–7 April, 2018, severe cold currents in northwestern China caused frost dam-

age to fruit crops such as apples in Shaanxi province (Gilleski, 2018; Inouye, 2018; Wang, 2018).

Because the effect of this weather shock on household income may occur with delay, we tested its

importance by replacing the temperature data in March and April of 2018 with the corresponding

values in 2010, 2011, and 2012. Table A14 shows that our results are robust to this manipulation,

confirming that the effects are not driven by the cold spell in April 2018.

We also examine whether children’s dietary intake is affected by temperature. Reduced income

may have persuaded parents to reduce the cost of foods provided to the children. Figure A20 and

Table A15 show that exposure to low temperatures in the previous year increases provisions of

rice and beans but reduces dairy, meat, eggs, vitamin supplements, and fruits. The parents are

also less likely to provide four or more different kinds of foods to children. While this pattern is

consistent with temperature’s having negative impacts on household income, none of the estimates

is significantly different from zero. It is therefore difficult to claim these results as evidence of

income channel.

We examine the effects of exposures to other climate variables including precipitation, sunlight,

and air pollution during early childhood period. Light increase in rainfall can increase agricultural

yield and household income (Beuermann and Pecha, 2020; Yamashita and Trinh, 2022). Sunlight

and air pollution can undermine health of the children and the parents (Brunekreef and Holgate,

2002; Moan et al., 2008). As Table A16 shows, however, none of the effects of these other climate

variables is significant in our sample.

The exposures to low temperatures may directly affect children’s health (Bunyavanich et al.,

2003; Burke et al., 2018; Philipsborn and Chan, 2018). Children are biologically sensitive, physi-

ologically immature, and limited in their capacity to adapt to external threats compared to adults.

Therefore, large variations in ambient temperature can directly impact the physical development

of the fetus or the infant (Molina and Saldarriaga, 2017). Figure A21 shows that the number of
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sick days during the 2 weeks prior to the interview is not affected by temperature exposures.

Temperature variation may make it stressful for the child to explore indoor or outdoor local

environments, hindering cognitive development. Outside activities of children with or without

caregivers can be discouraged by bad weather (e.g., Hesketh et al., 2017). Indoor activities would

be similarly affected without appropriate heating or cooling appliances, but we are not able to find

studies focusing on the impact of weather on children’s indoor activities.

Therefore, as discussed in Section B, our conceptual framework and the empirical models

do not distinguish temperature exposures indoors or outdoors. If, for example, good caregivers

systematically responded to low temperatures by taking their children to the warmer indoors, our

estimates may be confounded by the characteristics of caregivers who neglect to take their children

inside. However, the effects of temperature exposure are not large or significant on measures of

home environment focused on outdoors activities, as shown in Figure A6 and Table A2. Further,

inadequate heating facilities at home in rural low-income communities would have limited the

relative benefits of indoor activities.

6 Conclusion

We investigate the effects of exposures to ambient temperatures on subsequent cognitive skills

development home environment in early childhood. We overcome data limitation in the prior

literature with unique panel data in rural China with detailed information on children’s cognitive

skills, caregiver-child interactions, and material investments in home environments, merged with

daily climate data for each village. Our study bridges the two strands of literature temperature

exposure effects: the literature on the birth outcomes and the literature on long-term outcomes

such as education and income (Table 1).

We find that exposures to low temperatures have negative effects on children’s cognitive devel-

opment in early childhood. The effects are not significant immediately but are significant least a

year after initial exposure. These results suggest that low temperature exposures lower outcomes
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by undermining children’s development process rather than by temporarily disrupting children’s

performance at cognitively demanding tasks. Effects of exposure to high temperature are negative

but small and insignificant.

Further, we find that when exposed to low temperatures, caregivers reduce investments into

the home environment as measured by interactions with children and material home environment.

These decreases in investments may channel temperature effects on developmental outcomes in

early childhood and even on long-term outcomes such as education and income. We examine but

do not find evidence of alternative channels such as household income or children’s health.

These findings fill the gap in our knowledge about human costs of climate change and the

determinants of human capital development among children. They suggest that the costs of climate

change are greater and more persistent than previously known, and are likely to be heavier among

disadvantaged households similar to those in rural Chinese communities in our sample. Through

its negative impact on home environment, climate change can undermine the adaptive capacities

of vulnerable households and communities, further widening socioeconomic inequalities across

generations.

Our results imply that policies targeting families with disadvantaged home environment can

be effective in mitigating the damages of temperature variations on children’s development. Care-

givers in our sample were not able to provide the children with sufficient protection from tempera-

ture effects. It is well known that investing in early childhood skills generates high returns over the

life cycle of children, and that caregivers at home are “first responders” to children’s needs (Elango

et al., 2016). Further, climate change is expected to increase both the frequency and intensity of

temperature variations (Bathiany et al., 2018; Schär et al., 2004). Therefore, helping the caregivers

in disadvantaged households to protect their children from the effects of temperature may lead to

significant long-term gains in human capital development and social welfare.
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Figure 1: Age Distribution in Each Wave

Notes: Bars represent the number of observations in each age range.
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Figure 2: Temperature Distribution in Wave 2

Notes: Bars represent the number of days in each temperature range during the 365 days prior to the interview date in
wave 2 of the survey.
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Figure 3: Effects of Ambient Temperature Exposure on Cognitive Skills in Early Childhood

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Circles represent
estimates based on equation (4). Dotted lines represent estimates of a linear spline model with a knot at 18.33�C and
the slope on the right of the knot fixed at zero. Other control variables include: village-by-year fixed effects; year-
by-month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; indicators for having heating devices at home; precipitation, sunshine and
PM2.5 during each period.
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Figure 4: Temperature Effects by Children’s Age

Notes: Dashed lines indicate 95% confidence intervals. Standard errors are clustered at the village level. Regressions
are locally-weighted around each observation. Weights are calculated using tricube kernels with a relative bandwidth
of 0.5. Y-Axis indicates the impacts of HDD/100 on cognitive scores. X-axis indicate the age in which the outcome
is measured. Other control variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week
fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for
month of birth; indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave
0; indicators for heating devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure 5: Panel Regressions of Temperature Effects on Cognitive Scores

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Other control
variables include: child fixed effects; wave fixed effects; village-by-year fixed effects; year-by-month fixed effects;
day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth order;
precipitation, sunshine and PM2.5 during each period.
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Figure 6: Panel Regressions of Home Environment on Last Year’s Temperature

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Other control
variables include: child fixed effects; wave fixed effects; village-by-year fixed effects; year-by-month fixed effects;
day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth order;
precipitation, sunshine and PM2.5 in the past 365 days.
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Table 2: Summary Statistics

Mean (SD)

Wave 0 Wave 1 Wave 2
(1) (2) (3)

Age 1.25 (0.46) 2.47 (0.46) 3.50 (0.47)
Female 0.49 (0.50) 0.49 (0.50) 0.48 (0.50)

Any Sibling 0.51 (0.50) 0.52 (0.50) 0.53 (0.50)
First-Born 0.52 (0.50) 0.52 (0.50) 0.50 (0.50)

Mother’s Age at Delivery 26.32 (4.83) 26.38 (4.81) 26.37 (4.88)
Mother Finished High School 0.21 (0.41) 0.21 (0.41) 0.20 (0.40)

Asset Index in Wave 0 -0.00 (0.85) 0.00 (0.84) 0.01 (0.85)

Cognitive Score -0.00 (1.00) -0.00 (1.00) 0.00 (1.00)
Home Environment Score -0.35 (0.83) 0.14 (0.87) 0.28 (0.87)
Subscore: Toys and Books -0.44 (0.81) 0.13 (0.78) 0.40 (0.75)

Subscore: Activities -0.07 (0.75) 0.08 (0.81) -0.01 (0.84)

Weather in the Past 365 Days

Heating Degree Days (�C) 2011 (280) 2054 (221) 2126 (239)
Precipitation (mm) 887 (260) 787 (188) 806 (146)
Sunshine (Hours) 1682 (243) 1684 (190) 1651 (222)

PM2.5(µg/m3) 39.9 (4.9) 37.4 (4.5) 35.3 (3.5)

Observations 1524 1377 1245

Notes: Age is defined as 1
365.25 ⇥ (days after birth). Asset score measures household wealth at wave 0. Cognitive

scores are normalized within each wave by each month of age. Home environment score is estimated as the major
component in the factor analysis of 18 items including toys and books (music toys, drawing toys, books, block
toys, rolling toys, color-and-shape toys, role-play toys) and activities (reading books, telling stories, singing songs,
playing outdoors, playing with toys, naming/drawing/counting). Subscores of Home Environment Scores are
similarly estimated. Heating Degree Days is the sum of HDD for each day: HDDc = Âd2Dc max{(18.33�xd),0},
where xd is the average temperature for day d.
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Table 3: Effects of Ambient Temperature Exposure on Cognitive Skills in Early Childhood

Cognitive Score in Wave 2

(1) (2) (3) (4) (5, Baseline)

HDD/100, 2nd Year Before Birth
-0.020 0.040 0.018 -0.001 -0.091
(0.074) (0.086) (0.098) (0.160) (0.158)

HDD/100, 1st Year Before Birth
-0.259* -0.335* -0.324* -0.416† -0.464*
(0.115) (0.140) (0.149) (0.214) (0.214)

HDD/100, 1st Year After Birth
-0.331* -0.515*** -0.599*** -0.668*** -0.862***
(0.135) (0.151) (0.163) (0.172) (0.204)

HDD/100, 2nd Year After Birth
-0.303*** -0.395*** -0.371*** -0.388*** -0.595***

(0.070) (0.095) (0.104) (0.110) (0.168)

Village-Year FE X X X X X
Year⇥Month FE, Day of Week FE, Examiner FE X X X X

Age, Gender, Siblings, Mom’s Educ, Asset, Heating X X X
Indicators for Birth Month and Mother’s Age X X

PM2.5, Sunshine and Precipitation X
Observations 1245 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table 4: Effects of Ambient Temperature Exposures with Additional Control Variables

Cognitive Score in Wave 2

(1, Baseline) (2) (3) (4)

HDD/100, 2nd Year Before Birth
-0.091 -0.143 -0.064 -0.051
(0.158) (0.158) (0.189) (0.179)

HDD/100, 1st Year Before Birth -0.460* -0.499* -0.410† -0.375†
(0.213) (0.212) (0.229) (0.221)

HDD/100, 1st Year After Birth -0.861*** -0.875*** -0.839*** -0.907***
(0.204) (0.187) (0.194) (0.192)

HDD/100, 2nd Year After Birth
-0.595*** -0.574** -0.521** -0.581**

(0.168) (0.171) (0.193) (0.192)

CDD/100, 2nd Year Before Birth
-0.155 -0.256 -0.280
(0.242) (0.264) (0.263)

CDD/100, 1st Year Before Birth -0.076 -0.122 -0.028
(0.225) (0.242) (0.242)

CDD/100, 1st Year After Birth -0.068 -0.104 -0.175
(0.253) (0.273) (0.280)

CDD/100, 2nd Year After Birth
0.158 0.203 0.191

(0.250) (0.256) (0.254)

Other Baseline Controls X X X X
CDD X X X

Daily Temperature Range in Each Period X X
Daily Range Squared in Each Period X

Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered
at the village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33�
xd),0}, where xd is the temperature in day d. CDD is the sum of CDD for each day within each period: CDDc =
Âd2Dc max{(xd � 18.33),0}. Daily Temperature Range in Each Period is calculated as 1

nc
Âd2c

�
td,max � td,min

�
,

for the daily maximum and minimum temperatures td,max, td,min, respectively, and the number of days during
c, nc. Daily Range Squared in Each Period is calculated as 1

nc
Âd2c

�
td,max � td,min

�2. “Other baseline controls”
include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed
effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth; indicators
for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; precipitation,
sunshine and PM2.5 during each period.
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Table 6: Panel Regressions of Home Environment on Last Year’s Temperature

Overall Activities
Books

and Toys
(1) (2) (3)

HDD/100 in the Past 365 Days
-0.356* -0.295 -0.304†
(0.176) (0.224) (0.172)

Village-Year FE, Individual FE, Age X X X
Year-Month, Day-of-Week X X X

Sunshine, Precipitation and PM2.5 X X X
Observations 4113 4120 4113

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Appendices

A Additional Figures and Tables

Figure A1: Distribution of Cognitive Scores in Each Wave

Notes: Cognitive scores are normalized within each month of age by wave.

44



Figure A2: Age and Birth Cohort in Each Wave

Notes: Each dot represents an observation.
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Figure A3: Distribution of Other Weather Variables in Wave 2

Notes: Bars represent the number of days in each range of weather variables during the 365 days prior to the interview
date in wave 2 of the survey.
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Figure A4: Effects of Ambient Temperature Exposure on Cognitive Skills in Early Childhood
using Smaller Temperature Bins

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Circles represent
estimates based on equation (4). Dotted lines represent estimates of a linear spline model with a knot at 18.33�C and
the slope on the right of the knot fixed at zero. Other control variables include: village-by-year fixed effects; year-
by-month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; indicators for having heating devices at home; precipitation, sunshine and
PM2.5 during each period.
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Figure A5: Temperature Effects by Children’s Age Covering Longer Time Period

Notes: Dashed lines indicate 95% confidence intervals. Standard errors are clustered at the village level. Regressions
are locally-weighted around each observation. Weights are calculated using tricube kernels with a relative bandwidth
of 0.5. Y-Axis indicates the impacts of HDD/100 on cognitive scores. HDD is the sum of HDD for each day within
each period: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the temperature in day d. Other control variables
include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed effects;
children’s age, gender, and the number of siblings by birth order; indicators for month of birth; indicators for mother’s
age at delivery; indicators for mother’s six education levels; asset score at wave 0; indicators for heating devices at
home; precipitation, sunshine and PM2.5 during each period.
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Figure A6: Panel Regressions of Home Environment on Last Year’s Temperature: Activities

Notes: Each chart is a separate regression. Error bars indicate 95% confidence intervals. Standard errors are clustered
at the village level. Coefficients indicate the association between cognitive score and one additional day of exposure
to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Other
control variables include: child fixed effects; wave fixed effects; village-by-year fixed effects; year-by-month fixed
effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth
order; precipitation, sunshine and PM2.5 in the past 365 days.
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Figure A7: Panel Regressions of Home Environment on Last Year’s Temperature: Books and Toys

Notes: Each chart is a separate regression. Error bars indicate 95% confidence intervals. Standard errors are clustered
at the village level. Coefficients indicate the association between cognitive score and one additional day of exposure
to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Other
control variables include: child fixed effects; wave fixed effects; village-by-year fixed effects; year-by-month fixed
effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth
order; precipitation, sunshine and PM2.5 in the past 365 days.
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Figure A8: Panel Regressions of Screen Time on Last Year’s Temperature

Notes: the coefficients in the four charts are from one regression. Error bars indicate 95% confidence intervals.
Standard errors are clustered at the village level. Coefficients indicate the association between cognitive score and
one additional day of exposure to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15],
(15,20], (25,30], (30,•). Other control variables include: child fixed effects; wave fixed effects; village-by-year fixed
effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the
number of siblings by birth order; precipitation, sunshine and PM2.5 during each period.
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Figure A9: Temperature Effects with Alternative Control Variables (1)

Notes: The figure shows estimates of equation (4), including village-by-year fixed effects as control variables. Error
bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Coefficients indicate the as-
sociation between cognitive score and one additional day of exposure to each of the following temperature categories:
{T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Control variables include village-by-year fixed effects.
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Figure A10: Temperature Effects with Alternative Control Variables (2)

Notes: The figure shows estimates of equation (4), including (i) village-by-year fixed effects, (ii) year-by-month fixed
effects, day-of-week fixed effects, and examiner fixed effects as control variables. Error bars indicate 95% confidence
intervals. Standard errors are clustered at the village level. Coefficients indicate the association between cognitive
score and one additional day of exposure to each of the following temperature categories: {T |T  0}, (0,5], (5,10],
(10,15], (15,20], (25,30], (30,•). Control variables include village-by-year fixed effects; year-by-month fixed effects;
day-of-week fixed effects; and examiner fixed effects.
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Figure A11: Temperature Effects with Alternative Control Variables (3)

Notes: The figure shows estimates of equation (4), including (i) village-by-year fixed effects, (ii) year-by-month fixed
effects, day-of-week fixed effects, examiner fixed effects, (iii) children’s age, gender, sibling information, mother’s
education, household asset, and heating devices as control variables. Error bars indicate 95% confidence intervals.
Standard errors are clustered at the village level. Coefficients indicate the association between cognitive score and
one additional day of exposure to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15],
(15,20], (25,30], (30,•). Control variables include village-by-year fixed effects; year-by-month fixed effects; day-of-
week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators
for mother’s six education levels; asset score at wave 0; and indicators for heating devices at home.
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Figure A12: Temperature Effects with Alternative Control Variables (4)

Notes: The figure shows estimates of equation (4), including (i) village-by-year fixed effects, (ii) year-by-month fixed
effects, day-of-week fixed effects, examiner fixed effects, (iii) children’s age, gender, sibling information, mother’s ed-
ucation, household asset, heating devices, (iv) indicators for mother’s age at delivery and month of childbirth as control
variables. Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Coefficients
indicate the association between cognitive score and one additional day of exposure to each of the following tempera-
ture categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Control variables include village-by-year
fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender,
and the number of siblings by birth order; indicators for mother’s six education levels; asset score at wave 0; indicators
for heating devices at home; indicators for month of childbirth; and indicators for mother’s age at delivery.
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Figure A13: Temperature Effects with Alternative Control Variables (5)

Notes: The figure shows estimates of equation (4), including (i) village-by-year fixed effects, (ii) year-by-month fixed
effects, day-of-week fixed effects, examiner fixed effects, (iii) children’s age, gender, sibling information, mother’s
education, household asset, heating devices, (iv) indicators for mother’s age at delivery and month of childbirth, (v)
precipitation, sunshine, and PM2.5 as control variables. Error bars indicate 95% confidence intervals. Standard errors
are clustered at the village level. Coefficients indicate the association between cognitive score and one additional
day of exposure to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30],
(30,•). Control variables include village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects;
examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth;
indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; asset score
at wave 0; indicators for heating devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure A14: Temperature Effects with Alternative Control Variables (6)

Notes: The figure shows estimates of equation (4), including (i) village-by-year fixed effects, (ii) year-by-month fixed
effects, day-of-week fixed effects, examiner fixed effects, (iii) children’s age, gender, sibling information, mother’s
education, household asset, heating devices, (iv) indicators for mother’s age at delivery and month of childbirth, (v)
precipitation, sunshine, and PM2.5 as control variables. The model further includes (vi) Daily Temperature Range in
Each Period and Temperature Range Squared in Each Period. Daily Temperature Range in Each Period is calculated as
1
nc

Âd2c
�
td,max � td,min

�
, for the daily maximum and minimum temperatures td,max, td,min, respectively, and the number

of days during c, nc. Daily Range Squared in Each Period is calculated as 1
nc

Âd2c
�
td,max � td,min

�2. Error bars indicate
95% confidence intervals. Standard errors are clustered at the village level.
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Figure A15: Temperature Effects on Cognitive Skills by Children’s Age Covering Longer Time
Period: Bandwidth = 0.25

Notes: Dashed lines indicate 95% confidence intervals. Standard errors are clustered at the village level. Regressions
are locally-weighted with tricube kernels around each observation. Y-Axis indicates the impacts of HDD/100 on
cognitive scores. X-axis indicate the age in which the outcome is measured. HDD is the sum of HDD for each
day within each period: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the temperature in day d. Other control
variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed
effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth; indicators for
mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; indicators for heating
devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure A16: Temperature Effects on Cognitive Skills by Children’s Age Covering Longer Time
Period: Bandwidth = 0.75

Notes: Dashed lines indicate 95% confidence intervals. Standard errors are clustered at the village level. Regressions
are locally-weighted with tricube kernels around each observation. Y-Axis indicates the impacts of HDD/100 on
cognitive scores. X-axis indicate the age in which the outcome is measured. HDD is the sum of HDD for each
day within each period: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the temperature in day d. Other control
variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed
effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth; indicators for
mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; indicators for heating
devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure A17: Effects of Ambient Temperature on Language Skills in Early Childhood

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Coefficients in-
dicate the association between language score and one additional day of exposure to each of the following temperature
categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Other control variables include: village-
by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age,
gender, and the number of siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery;
indicators for mother’s six education levels; asset score at wave 0; indicators for heating devices at home; precipitation,
sunshine and PM2.5 during each period.
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Figure A18: Temperature Effects on Language Skills by Children’s Age Covering Longer Time
Period

Notes: Dashed lines indicate 95% confidence intervals. Standard errors are clustered at the village level. Regressions
are locally-weighted with tricube kernels and a relative bandwidth of 0.5 around each observation. Y-Axis indicates
the impacts of HDD/100 on cognitive scores. X-axis indicate the age in which the outcome is measured. HDD is the
sum of HDD for each day within each period: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the temperature in
day d. Other control variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed
effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for month
of birth; indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0;
indicators for heating devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure A19: Effects of Daily Maximum and Minimum Temperature on Cognitive Skills

Daily Maximum Temperature

Daily Minimum Temperature

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Dotted lines
represent estimates of a linear spline model with a knot at 18.33�C and the slope on the right of the knot fixed at zero.
Other control variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects;
examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth;
indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; indicators
for heating devices at home; precipitation, sunshine and PM2.5 during each period.
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Figure A20: Panel Regressions of Dietary Intake on Last Year’s Temperature

Notes: Each chart is a separate regression. Error bars indicate 95% confidence intervals. Standard errors are clustered
at the village level. Coefficients indicate the association between cognitive score and one additional day of exposure
to each of the following temperature categories: {T |T  0}, (0,5], (5,10], (10,15], (15,20], (25,30], (30,•). Other
control variables include: child fixed effects; wave fixed effects; village-by-year fixed effects; year-by-month fixed
effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of siblings by birth
order; precipitation, sunshine and PM2.5 during each period.
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Figure A21: Effects of Daily Average Temperature on the Number of Sick Days during the Past
Two Weeks

Notes: Error bars indicate 95% confidence intervals. Standard errors are clustered at the village level. Dotted lines
represent estimates of a linear spline model with a knot at 18.33�C and the slope on the right of the knot fixed at zero.
Other control variables include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects;
examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for month of birth;
indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0; indicators
for heating devices at home; precipitation, sunshine and PM2.5 during each period.
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Table A1: Temperature Effects by Children’s Age

Cognitive Score

Age Restriction ! [0, 2] [1, 3] [2, 4] [3, 5]
(1) (2) (3) (4)

HDD/100, 3rd Year Before Birth
-0.004 -0.012 -0.159 -0.150
(0.113) (0.115) (0.108) (0.181)

HDD/100, 2nd Year Before Birth 0.048 0.181 -0.024 -0.344
(0.153) (0.136) (0.154) (0.279)

HDD/100, 1st Year Before Birth
-0.176 -0.088 -0.121 -0.268
(0.180) (0.146) (0.162) (0.292)

HDD/100, 1st Year After Birth
-0.030 0.010 -0.441** -0.681**
(0.160) (0.139) (0.151) (0.227)

HDD/100, 2nd Year After Birth 0.058 0.025 -0.347* -0.809***
(0.146) (0.142) (0.148) (0.215)

HDD/100, 3rd Year After Birth
0.154 0.072 -0.066 -0.340*

(0.110) (0.117) (0.122) (0.160)

Other Baseline Controls X X X X
Observations 1740 2391 2164 1260

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age and gender, and the number
of siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for
mother’s six education levels; asset score at wave 0; precipitation, sunshine and PM2.5 during each period.
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Table A2: Panel Regressions of Each Item in Home Environment on Last Year’s Temperature

Panel A: Activities ({0,1})

Read Tell Sing Play Play Count,
Books Stories Songs Outdoors with Toys Name, Draw

(1) (2) (3) (4) (5) (6)

HDD/100 in the Past 365 Days
0.097 -0.384** -0.093 -0.171 0.137 -0.056

(0.140) (0.117) (0.162) (0.242) (0.223) (0.236)

Sample Mean 0.332 0.290 0.451 0.743 0.637 0.560

Village-Year FE, Individual FE, Age X X X X X X
Year-Month, Day-of-Week X X X X X X

Sunshine, Percipitation and PM2.5 X X X X X X
Observations 4120 4120 4120 4120 4120 4120

Panel B: Toys and Books ({0,1})

Music Drawing
Books

Blocks Rolling Shapes Role-Play
Toys Toys Toys Toys & Colors Toys
(12) (13) (14) (15) (16) (17) (18)

HDD/100 in the Past 365 Days
0.031 -0.231 -0.257† -0.072 -0.038 -0.024 -0.255

(0.146) (0.169) (0.137) (0.131) (0.094) (0.141) (0.169)

Sample Mean 0.809 0.508 0.566 0.601 0.916 0.636 0.708

Other Controls in Panel A X X X X X X X
Observations 4121 4119 4120 4120 4120 4114 4120

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table A4: Attrition Probabilities in Wave 2

Dependent Variable = Attrition in Wave 2 (Mean = 0.183)

(1) (2) (3) (4)

Cognitive Score in Wave 0
0.005 0.002 0.007 0.007

(0.010) (0.010) (0.012) (0.012)

Age in Wave 0 0.032 0.041 0.115
(0.024) (0.025) (0.193)

Female 0.021 0.027 0.027
(0.021) (0.023) (0.023)

Siblings in Wave 0 -0.068* -0.067* -0.067*
(0.029) (0.030) (0.030)

Asset in Wave 0
-0.022† -0.019 -0.018
(0.013) (0.014) (0.014)

Mother: 4-Year Degree
0.128 0.142 0.128

(0.094) (0.099) (0.101)

Mother: Associate Degree 0.040 0.041 0.037
(0.053) (0.056) (0.056)

Mother: High School 0.026 0.021 0.020
(0.036) (0.034) (0.035)

Mother: Middle School (Reference)

Mother: Primary School -0.009 -0.035 -0.036
(0.030) (0.032) (0.033)

Mother: No Schooling
-0.031 -0.012 -0.004
(0.072) (0.072) (0.073)

HDD/100, 2nd Year Before Birth
-0.035
(0.046)

HDD/100, 1st Year Before Birth 0.023
(0.064)

HDD/100, 1st Year After Birth 0.017
(0.055)

HDD/100, 2nd Year After Birth
-0.032
(0.043)

Joint F-Stat for All Educational Levels 0.6 0.9 0.8
p-Value [0.690] [0.481] [0.524]

Month of Birth FE, Mother’s Age Indicators X X X
Village-Year FE X X

Year-Month, Day-of-Week, Examiner FE X X
Sunchine, Precipitation and PM2.5 in Each Period X

Observations 1524 1523 1523 1523

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table A5: Robustness to Alternative Inverse-Probability Weights

Cognitive Score in Wave 2

(1, Baseline) (2) (3)

HDD/100, 2nd Year Before Birth
-0.091 -0.041 -0.065
(0.158) (0.155) (0.155)

HDD/100, 1st Year Before Birth
-0.464* -0.396* -0.437*
(0.214) (0.193) (0.194)

HDD/100, 1st Year After Birth
-0.862*** -0.845*** -0.778***

(0.204) (0.190) (0.197)

HDD/100, 2nd Year After Birth
-0.595*** -0.621*** -0.558**

(0.168) (0.161) (0.167)

Baseline Controls and FE X X X
Weights Predicted by Wave-0 Child Variables X X

And by Village-Year FE X
Observations 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table A6: Randomness Check: Timing of the Survey Day for Each Child

HDD on the Day of

t-2 t-1 Survey (t) t+1
(1) (2) (3) (4)

Cognitive Score in Wave 0
0.001 -0.013 -0.022 -0.032

(0.024) (0.024) (0.020) (0.026)

Age 0.079 0.089 0.059 0.055
(0.097) (0.081) (0.059) (0.073)

Female 0.048 -0.031 -0.064 -0.043
(0.049) (0.046) (0.039) (0.054)

Siblings 0.067 0.068 0.082 -0.104
(0.080) (0.074) (0.059) (0.077)

Asset in Wave 0
-0.018 0.024 0.011 -0.040
(0.037) (0.034) (0.022) (0.038)

Mother: 4-Year Degree
-0.040 -0.059 -0.039 -0.361*
(0.150) (0.112) (0.085) (0.169)

Mother: Associate Degree -0.061 -0.008 -0.088 -0.153
(0.107) (0.101) (0.117) (0.221)

Mother: High School 0.013 0.029 0.119† -0.075
(0.065) (0.066) (0.062) (0.056)

Mother: Middle School (Reference)

Mother: Primary School -0.169 -0.001 0.004 -0.065
(0.121) (0.069) (0.063) (0.086)

Mother: No Schooling
-0.012 0.274* 0.018 0.097
(0.107) (0.126) (0.092) (0.122)

Joint F-Stat for All Educational Levels 0.6 1.1 0.9 1.4
p-Value [0.735] [0.367] [0.467] [0.221]

Month of Birth FE and Mother’s Age Dummies X X X X
Village-Year FE X X X X

Year-Month, Day-of-Week, Examiner FE X X X X
Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table A7: Randomness Check: HDD in Each Period

HDD/100

2nd Year 1st Year 1st Year 2nd Year
Before Birth Before Birth After Birth After Birth

(1) (2) (3) (4)

Mother: 4-Year Degree
-0.121 -0.102 0.053 -0.063
(0.135) (0.084) (0.052) (0.071)

Mother: Associate Degree 0.022 0.018 -0.005 0.081
(0.062) (0.054) (0.040) (0.062)

Mother: High School -0.009 -0.030 0.038 -0.017
(0.038) (0.020) (0.024) (0.031)

Mother: Middle School (Reference)

Mother: Primary School 0.008 0.013 -0.023 0.048
(0.040) (0.025) (0.022) (0.043)

Mother: No Schooling
-0.002 0.044 -0.091 0.126
(0.093) (0.050) (0.060) (0.124)

Joint F-Stat for All Educational Levels 0.2 1.2 1.3 1.0
p-value [0.952] [0.314] [0.263] [0.408]

Village-Year FE, Examiner FE X X X X
Year-Month, Day-of-Week of Survey X X X X

Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are
clustered at the village level. HDD is the sum of HDD for each day within each period c: HDDc =
Âd2Dc max{(18.33� xd),0}, where xd is the temperature in day d.
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Table A8: Association between Parents’ Migration for Work and Children’s Temperature
Exposure

Migration for Work in Wave 0
Father Mother

Across Border of ! County Province County Province
(1) (2) (3) (4)

HDD/100, 2nd Year Before Birth
0.001 0.013 0.012 0.014

(0.069) (0.070) (0.056) (0.053)

HDD/100, 1st Year Before Birth
-0.102 -0.123 -0.052 -0.066
(0.096) (0.088) (0.074) (0.071)

HDD/100, 1st Year After Birth
0.026 -0.084 0.058 0.046

(0.101) (0.096) (0.056) (0.056)

HDD/100, 2nd Year Before Birth -0.092 -0.057 0.057 0.023
(0.059) (0.055) (0.042) (0.040)

Other Baseline Controls X X X X
Observations 1235 1235 1237 1237

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered
at the village level. The sample is restricted to children in wave 2. Migration for work is defined as reporting
a cross-county/province job location and being absent from home for at least two months in the last year. HDD
is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the
temperature in day d.
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Table A9: Other Robustness Checks

Cognitive Score in Wave 2

Baseline Baseline Baseline
Minus Heating Baseline + Primary + Daycare

Indicators Caregiver Visits
(1) (2) (3) (4)

HDD/100, 2nd Year Before Birth
-0.083 -0.092 -0.092 -0.071
(0.154) (0.158) (0.160) (0.155)

HDD/100, 1st Year Before Birth
-0.428* -0.463* -0.470* -0.394†
(0.209) (0.214) (0.216) (0.215)

HDD/100, 1st Year After Birth
-0.821*** -0.860*** -0.869*** -0.847***

(0.205) (0.204) (0.209) (0.205)

HDD/100, 2nd Year After Birth
-0.592*** -0.594*** -0.590*** -0.585***

(0.169) (0.168) (0.169) (0.166)

Other Baseline Controls X X X X
Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; precipitation, sunshine and PM2.5 during each period. Column (3)
adds a set of indicators for the primary caregiver being the mother (n=651); father (n=49); paternal grandparents
(n=493); maternal grandparents (n=36); and others (n=16). Column (4) adds a variable for the number of visits to
teh daycare cetners as of wave 2 survey.
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Table A10: Robustness to Alternative Base Temperature for HDD

Cognitive Score in Wave 2

Base Temp. of HDD ! 20�C 18.3�C (65�F) 15�C 10�C 5�C
(1) (2, Baseline) (3) (4) (5)

HDD/100, 2nd Year Before Birth
-0.080 -0.091 -0.147 -0.137 -0.433
(0.148) (0.158) (0.170) (0.203) (0.370)

HDD/100, 1st Year Before Birth
-0.436* -0.464* -0.516* -0.474† -0.572
(0.199) (0.214) (0.227) (0.270) (0.381)

HDD/100, 1st Year After Birth
-0.787*** -0.862*** -0.951*** -1.100*** -1.477**

(0.190) (0.204) (0.237) (0.285) (0.453)

HDD/100, 2nd Year After Birth
-0.565*** -0.595*** -0.626** -0.693*** -0.761*

(0.157) (0.168) (0.185) (0.195) (0.292)

Other Baseline Controls X X X X X
Observations 1245 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered
at the village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max {(b –
xd), 0}, where b is the base temperature shown in each column head and xd is the temperature in day d. “Other
baseline controls” include: village-by-year fixed effects; year-by-month fixed effects; day-of-week fixed effects;
examiner fixed effects; children’s age, gender, and the number of siblings by birth order; indicators for month of
birth; indicators for mother’s age at delivery; indicators for mother’s six education levels; asset score at wave 0;
precipitation, sunshine and PM2.5 during each period.

Table A11: Robustness to the Number of Periods

Cognitive Score in Wave 2

(1) (2, Baseline) (3) (4)

HDD/100, 3rd Year Before Birth
-0.190
(0.163)

HDD/100, 2nd Year Before Birth -0.091 -0.156 -0.319
(0.158) (0.168) (0.240)

HDD/100, 1st Year Before Birth
-0.405* -0.464* -0.476* -0.543*
(0.171) (0.214) (0.232) (0.244)

HDD/100, 1st Year After Birth
-0.740*** -0.862*** -0.864*** -0.908***

(0.185) (0.204) (0.212) (0.199)

HDD/100, 2nd Year After Birth -0.490*** -0.595*** -0.763*** -0.810***
(0.135) (0.168) (0.185) (0.186)

HDD/100, 3rd Year After Birth
-0.276† -0.280†
(0.152) (0.152)

Other Baseline Controls X X X X
Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; precipitation, sunshine and PM2.5 during each period.
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Table A12: Robustness to Alternative Cognitive Measurements

Cognitive Cognitive Cognitive Bayley
Score Percentile Delay Raw Score

(in SD) (0-100) {0,1} (0-91)
(1) (2) (3) (4)

HDD/100, 2nd Year Before Birth
-0.091 -1.48 -0.010 4.05
(0.158) (4.61) (0.071) (3.85)

HDD/100, 1st Year Before Birth
-0.464* -11.45* 0.138 -1.25
(0.214) (5.23) (0.090) (3.73)

HDD/100, 1st Year After Birth
-0.862*** -24.34*** 0.236** -10.13*

(0.204) (5.28) (0.086) (4.83)

HDD/100, 2nd Year After Birth
-0.595*** -18.28*** 0.182* -7.75†

(0.168) (4.38) (0.073) (4.14)

Other Baseline Controls X X X X
Observations 1245 1245 1245 673

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; precipitation, sunshine and PM2.5 during each period. “Cognitive delay”
is an indicator that equals 1 if the child’s normalized cognitive skill measure is more than one standard deviation
below the sample mean.

Table A13: Effects of Ambient Temperature Exposure on Language Skills in Early Childhood

Language,
Language,

Receptive Expressive
Bayley and Language, Language,
Wechsler Bayley Bayley Bayley

(1) (2) (3) (4)

HDD/100, 2nd Year Before Birth
0.134 0.295 0.198 0.369

(0.134) (0.241) (0.250) (0.250)

HDD/100, 1st Year Before Birth
-0.132 0.027 -0.066 0.026
(0.209) (0.364) (0.382) (0.376)

HDD/100, 1st Year After Birth
-0.554** -0.836* -1.081** -0.446
(0.208) (0.418) (0.389) (0.411)

HDD/100, 2nd Year After Birth
-0.504*** -0.549* -0.538* -0.300

(0.141) (0.259) (0.259) (0.247)

Other Baseline Controls X X X X
Observations 1242 670 671 670

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at
the village level. Samples are restricted to the age range [2.5,3.5] for columns (2)-(4). HDD is the sum of HDD
for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0}, where xd is the temperature in day d.
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Table A14: Robustness Check: Removing Weather Data around A Cold Spell in Early April 2018

Cognitive Score in Wave 2

Replace HDD and Weather Data No Replacement, Same Period Same Period Same Period
in March and April in 2018 by ! Using Original Data in 2010 in 2011 in 2012

(1, Baseline) (2) (3) (4)

HDD/100, 2nd Year Before Birth
-0.091 -0.164 -0.137 -0.139
(0.158) (0.154) (0.154) (0.153)

HDD/100, 1st Year Before Birth
-0.464* -0.347 -0.356 -0.405†
(0.214) (0.221) (0.219) (0.222)

HDD/100, 1st Year After Birth
-0.862*** -0.712*** -0.751*** -0.818***

(0.204) (0.193) (0.194) (0.204)

HDD/100, 2nd Year After Birth
-0.595*** -0.462*** -0.531*** -0.571***

(0.168) (0.124) (0.132) (0.142)

Other Baseline Controls X X X X
Observations 1245 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number of
siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for mother’s
six education levels; asset score at wave 0; precipitation, sunshine and PM2.5 during each period.

Table A15: Panel Regressions of Children’s Dietary Intake on Last Year’s Temperature

Rice Beans Dairy Meat Eggs Vitamine Fruits Total � 4
(1) (2) (3) (4) (5) (6) (7) (8)

HDD/100, Past 365 Days
0.201 0.039 -0.312 -0.287 -0.181 -0.120 -0.097 -0.356

(0.224) (0.231) (0.246) (0.194) (0.202) (0.190) (0.272) (0.223)

Sample Mean 0.549 0.355 0.681 0.490 0.436 0.755 0.779 0.661

Other Controls X X X X X X X X
Observations 3686 3684 3684 3684 3683 3685 3685 3682

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d.
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Table A16: Effects of Rainfall, Sunshine, and Air Pollution

Cognitive Score in Wave 2

(1) (2) (3)

Precipitation (100 mm), 2nd Year Before Birth
-0.083 -0.087† -0.091
(0.052) (0.050) (0.070)

Precipitation (100 mm), 1st Year Before Birth -0.004 0.017 -0.015
(0.064) (0.066) (0.088)

Precipitation (100 mm), 1st Year After Birth -0.011 0.003 0.011
(0.059) (0.056) (0.077)

Precipitation (100 mm), 2nd Year After Birth
-0.006 -0.026 0.030
(0.057) (0.053) (0.083)

Sunlight (100 Hours), 2nd Year Before Birth
0.011 -0.138† -0.138

(0.071) (0.077) (0.116)

Sunlight (100 Hours), 1st Year Before Birth 0.104 0.029 -0.015
(0.109) (0.102) (0.127)

Sunlight (100 Hours), 1st Year After Birth -0.116 -0.106 -0.122
(0.130) (0.124) (0.129)

Sunlight (100 Hours), 2nd Year After Birth
-0.009 0.019 0.016
(0.095) (0.094) (0.125)

PM2.5(µg/m3), 2nd Year Before Birth
0.040 -0.036 -0.037

(0.039) (0.042) (0.056)

PM2.5(µg/m3), 1st Year Before Birth 0.011 0.022 -0.047
(0.062) (0.058) (0.065)

PM2.5(µg/m3), 1st Year After Birth -0.016 -0.048 -0.051
(0.060) (0.061) (0.066)

PM2.5(µg/m3), 2nd Year After Birth
0.026 0.016 0.041

(0.051) (0.051) (0.062)

Temperature Control none HDD bins
Other Baseline Controls X X X

Observations 1245 1245 1245

Notes: † p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. Standard errors in the parentheses are clustered at the
village level. HDD is the sum of HDD for each day within each period c: HDDc = Âd2Dc max{(18.33� xd),0},
where xd is the temperature in day d. “Other baseline controls” include: village-by-year fixed effects; year-by-
month fixed effects; day-of-week fixed effects; examiner fixed effects; children’s age, gender, and the number
of siblings by birth order; indicators for month of birth; indicators for mother’s age at delivery; indicators for
mother’s six education levels; asset score at wave 0.
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B Conceptual Framework

We describe a simple conceptual framework to motivate the empirical model. For child’s age of

outcome realization t and age of temperature exposure t  t, we describe the production of child’s

human capital outcome yt as

yt = ft
�
{wt}t

t=�1 ,{It}t
t=�1 ,{Xt}t

t=�1
�

(5)

in which wt denotes the ambient temperature the child is exposed at time (age) t , It represents

caregiver-child interactions and other investments that constitute home environment, and Xt rep-

resents all other environmental factors that affect children’s skills outcomes. In this framework,

we allow inputs at different ages from the conception of the child (t = �1) to age t = t � 0 to

have independent impacts on the age-t outcomes. We adopt this framework because children at

this early stage of human development can be very different in their response to external shocks or

stimuli depending on the developmental stage of the child (Zeanah et al., 1997). For example, the

impact of temperature variation at age 1 on outcomes at age 2 may be different from the impact

at age 2 on outcomes at age 3. Conventional panel data models that impose the same relationship

between the dependent variable and the independent variable regardless of timing do not account

for the impacts of different developmental stages of children.

Then, the total effect of change in ambient temperature at t 0  t can be described as (suppress-

ing the effects of changes in Xt ),

dyt

dwt 0
=

∂ ft (.)
∂wt 0

+
t

Â
t=t 0

∂ ft (.)
∂ It

dIt
dwt 0

, (6)

which is decomposed as the direct effect of the temperature on child’s cognitive skills outcomes

and the indirect impact through parenting behaviors. Reduced-form regression of child’s cognitive

skills outcomes at age t on ambient temperature variations for all periods between prenatal period

and age t identifies the total effect of temperature variations on child’s cognitive skills outcomes.

Time-t 0 temperature changes may impact It , home environment at time t � t 0, in several differ-
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ent ways. First, caregivers may find it more difficult to engage with the children in uncomfortable

weather. Then cold or hot temperatures raise the utility cost of interacting with children, lower-

ing It . Alternatively, temperature variation can impact household income, for example through

crop harvest. This channel would be highly relevant for rural villages where many households

rely on agriculture for income. Finally, caregivers may respond to observed or projected changes

in children’s outcomes in response to temperature changes. Sufficiently altruistic parents may at-

tempt to compensate for the negative effects of temperature variations by raising It . Such changes

are related not only to caregivers’ parenting skills but also to their knowledge and beliefs related

to children’s development process, which may be highly inaccurate for low-SES parents (Cunha

et al., 2020). Regression of parenting and material home environment variables on temperature

variations identifies dIt
dwt 0

, the total effect of temperature on home environment, as a net of these

different effects.

Our conceptual framework does not distinguish the effects of indoor and outdoor temperature

exposures. The results should therefore be interpreted as overall temperature exposure effects,

incorporating potential adjustments in outdoor activities in response to temperature changes. Given

that heating facilities tend to be inadequate in rural China (Zheng and Bu, 2018), we expect that

indoor activities may still be affected by cold winter temperatures.
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