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Climate, Birth Weight, and Agricultural Livelihoods
in Kenya and Mali

Maryia Bakhtsiyarava, BS, Kathryn Grace, PhD, MSPH, and Raphael J. Nawrotzki, PhD

Objectives. To examine an association between climate variability and birth weight in

Mali and Kenya in relation to the local agricultural specialization.

Methods. We combined health and sociodemographic data from the Demographic

Health Surveys for Kenya (2008 and2014) andMali (2006 and2012)with detaileddata on

precipitation, temperature, and vegetation. We analyzed the association between cli-

mate variability and birth weight by using multilevel regression models for the most

common agricultural specializations: food cropping, cash cropping, and pastoralism.

Results. There are differences in sensitivity to climate among different agricultural

communities. An additional 100 millimeters of rainfall during the 12-month period

before birth was associated with a 47-gram (P= .001) and 89-gram (P= .10) increase in

birth weight for food croppers in Kenya and Mali, respectively. Every additional hot

month in food-cropping communities in Kenya was associated with a 71-gram de-

crease in birth weight (P = .030), likely because of food croppers’ limited use of

modern agricultural techniques. Overall, cash croppers are least sensitive to climate

variability in both countries.

Conclusions. Effective climate change adaptation strategies are essential for pro-

tecting and improving health outcomes and should be tailored to local households’

livelihood strategies. (Am J Public Health. 2018;108:S144–S150. doi:10.2105/AJPH.

2017.304128)

Climate change manifests itself differently
depending on the location: for example,

North Africa is predicted to experience
a decrease in rainfall by the end of the 21st
century, whereas increased rainfall is pre-
dicted for the mountainous areas of East
Africa.1 As a consequence, the effects of cli-
mate change are not uniform and depend on
the local geographic and socioeconomic
context.2 Although most of the studies of the
climate change–health nexus are conducted at
specific sites or at the level of entire countries,
it is important to use a spatially detailed ap-
proach and consider how the observed effects
vary depending on the local economic and
demographic backgrounds.3,4

Sub-Saharan Africa (SSA) is particularly
vulnerable to the adverse effects of climate
change because of its low adaptive capacity
and geographic characteristics. The combined
burden of climate change and poor health
outcomes potentially hinder the ability
of African nations to foster human and

economic development. Undernutrition and
poor child growth account for 11% of annual
gross domestic product losses in Africa.5 In
2016, one third of children younger than 5
years in Africa experienced stunted growth.5

Within SSA, Kenya and Mali have demon-
strated stalled progress in improving child
health as the percentage of children with low
birth weight (LBW; < 2.5 kg World Health
Organization standard)6 has risen in recent
years.7,8 Poverty and rapid population
growth9,10 coupled with climate variability
suggest that a large number of children are and
will continue to be born into households with
undermined food and economic security,

having an impact on both immediate and
later-life health and well-being.

This study builds on previous research of
climate, food insecurity, and infant health and
adds a unique perspective by investigating the
responses to variable rainfall and temperature
—short-term consequences of climate change
—among communities specializing in distinct
types of agricultural production in Kenya and
Mali. We combined cross-sectional health
surveys and environmental and agricultural
specialization data, and employed amultilevel
analytic framework to investigate associations
among climate change, agricultural speciali-
zation, and birth weight in these 2 climatically
vulnerable countries.

LINK BETWEEN CLIMATE
CHANGE AND HEALTH

Climate change has been shown to affect
human health through the changing patterns
of disease seasonality, physical injuries from
extreme weather events, and thermal stress.2

Food availability is another important link
between climate change and health, but its
investigation has received less attention be-
cause of data constraints and the difficulty of
quantifying the impacts of both the changing
climate and food availability on health.11

In this study, we hypothesized that climate
variability affects human health through
its impact on food availability, mothers’
diets, and, consequently, birth weight.
Changing patterns of rainfall and tempera-
ture, indications of a changing climate, affect
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crop-growing conditions and can cause
yield losses. Birth weight is an indicator of
a mother’s diet and health during pregnancy:
undernourished mothers are at risk for de-
livering LBW babies.12 Because birth weight
is affected by food availability, which in turn
is affected by climate characteristics, birth
weight serves as a potential measure of
the impact of climate change on human
health.13,14

FOCUS ON AGRICULTURAL
SPECIALIZATION

Agricultural production is the main
livelihood strategy in SSA, providing both
income and food.15 Most agricultural pro-
duction in Mali and Kenya is rainfed and
characterized by limited use of machinery,
irrigation, and fertilizers,16 rendering agri-
culturalists susceptible to droughts and heat
waves. In Kenya and Mali, food cropping,
cash cropping, and pastoralism represent the
3 most common agricultural production
strategies: food croppers mostly grow food for
household consumption whereas cash crop-
pers sell their crops formoney; pastoralists rear
livestock for sale or trade. Because of the
different ways in which cash croppers, food
croppers, and pastoralists earn their liveli-
hoods, they may face different food-security
concerns when threatened by climate vari-
ability. For example, a cash cropper may have
an advantage of having available cash to
purchase food from the markets. A food
cropper, on the other hand, may experience
a situation in which there are no food reserves
left from last year and this season’s yield is at
risk. Agriculture as a general economic ac-
tivity has been linked to nutritional outcomes
because it determines food availability,
quality, and quantity.17

METHODS
The health and sociodemographic data

came from the Demographic Health
Surveys (DHS) Program funded by the US
Agency on International Development.
The DHS collects and disseminates data
on demographic, health, and nutrition
characteristics for most of the poorest

countries in the world.7,8 We based the
analysis on the 2 most recent samples of birth
records for Kenya and Mali: Kenya 2014
and 2008 (n = 9584) and Mali 2012 to 2013
and 2006 (n = 3416). These individual-level
birth records can be linked to mothers’
data files. The surveys have a 2-stage clus-
ter sampling design, with a subset of house-
holds within a cluster selected into the
sample.7,8 These data are nationally repre-
sentative and spatially referenced at the cluster
level. The DHS displaces rural clusters up to 5
kilometers (with an additional 1% of rural
clusters displaced up to 10 km) and urban
clusters up to 2 kilometers to preserve re-
spondents’ confidentiality.18 Consistent with
recommendations, we created 5-kilometer-
radius buffers surrounding DHS clusters to
account for the displacement.18

The analysis only included births forwhich
the continuousmeasure of weight at birthwas
available: 9584 out of 16 127 records for
Kenya and 7148 out of 17 322 cases for Mali
had birth weight data (see Appendix A,
available as a supplement to the online version
of this article at http://www.ajph.org, for
detailed information about missing birth
weight records).

Health and Sociodemographic
Variables

The dependent variable is a continuous
measure ofweight at birth in grams.Weight at
birth depends on a combination of biological
and socioeconomic conditions in which
a pregnancy developed. Important biological
factors that have an impact on weight at birth
are mother’s age, height, and weight; birth
order; and baby’s sex,13 and these are con-
trolled for in this study. We controlled the
source of birth weight (mother’s recall or
written card) to account for reporting bias.
Other control variables affecting birth weight
are mother’s employment, education, and
marital status, and household’s floor material
and residence in an urban area. Maternal
employment, education, marital status, and
household floor material relate to household
wealth and access to resources. Those living in
urban areasmay have greater access tomedical
services and rely on different livelihood
strategies or strategies for coping with climate
change. Table 1 contains descriptive in-
formation for the variables used in the analysis.

Agricultural Specialization
Livelihood is defined as the strategy by

which people secure income or food.19

In Kenya and Mali, agriculture represents
the main livelihood strategy. The focus of this
study is on birth weight outcomes accor-
ding to specific agricultural specializations—
food cropping, cash cropping, or pastoralism.
Data on livelihoods come from the US
Agency on International Development’s
Famine Early Warning System Network
(FEWS NET), which relies on local
experts, climate patterns, market trends,
and geophysical data to identify general
areas dominated by a specific strategy to
procure income or food. These livelihood
zones provide insight into how individuals
interact with their environment and
therefore allow researchers to observe dif-
ferential vulnerabilities according to how
people produce their food or income.12

FEWS NET’s livelihood reports contain data
on markets, hazards, prevailing livelihood
strategies, and sources of income within each
livelihood zone. We qualitatively assessed
livelihood zone descriptions to assign zones
into 1 of 3 agricultural specializations (food
cropping, cash cropping, pastoralism) on
the basis of the prevailing sources of income
and food (see Figure A, available as a sup-
plement to the online version of this article at
http://www.ajph.org, for an example of
a livelihood zone description).

Figure B (available as a supplement to the
online version of this article at http://www.
ajph.org) represents the location of DHS
cluster points within cash cropping, food
cropping, and pastoralist livelihood zones in
Kenya and Mali.

Environmental Data
Temperature and rainfall may negatively

affect crop yields, which may have an im-
pact on food availability, putting diets and
health at risk.17 The climate measures rep-
resent detailed (0.5 · 0.5 degrees) monthly
temperature and precipitation data avail-
able through the Integrated Public
Use Microdata Series (IPUMS)-Terra.20

IPUMS-Terra integrates population and en-
vironmental data such as climate, land cover
or use, crop yields, and population censuses
from more than 160 countries.20,21 Monthly
climate data in IPUMS-Terra are available
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from 1900 through 2014 and were developed
by the Climate Research Unit of the Uni-
versity of East Anglia.22 The resolution of
climate data is appropriate to approximate
community-level environmental conditions.

We obtained the Normalized Difference
Vegetation Index (NDVI) from Moderate
Resolution Imaging Spectroradiometer
(MODIS) remotely sensed satellite images.23

TheMODISNDVI product has a 250-meter
spatial resolution and is provided every 16
days, enabling the assessment of the state of
vegetation during a growing season. The
NDVI is constructed from land cover’s re-
flectance in red and near-infrared spectral
regions, enables the assessment of the effect of
temperature and rainfall on plant health, and
has beenwidely used by researchers.24 Higher
NDVI indicates more healthy and dense
vegetation.23 TheNDVI serves as indicator of

a yield’s success and crop-growing conditions,
which can have an impact on women’s diets
and child’s weight at birth.

Environmental Measures
We relied on the following climate

measures to account for the environmental
conditions that shaped food availability and
mothers’ diets during pregnancy and
affected weight at birth: average monthly
precipitation during the 12-month period
preceding birth and the number of months
during the 12-month period when the
average maximum temperature exceeded
35 °C, a threshold commonly used for
defining heat waves.

Vegetation conditions during a growing
season affect food security for births given the
following year. Maximum NDVI values

reflect plant productivity during the growing
season. As such, this study relied on maxi-
mum NDVI for the growing season in Mali
(June–September) for 2000 to 2012 and for
the growing season in Kenya (April–mid-
September) for 2002 to 2013.19 We con-
structed a measure of maximum NDVI
values for the growing season months and
temporally matched them to the birth
records to approximate food availability, and
investigated their impact on birth weight.

Data Linking
We utilized publicly available data from

4 sources: sociodemographic and health
data from DHS, agricultural specialization
(livelihood zone) data from FEWS NET,
climate data from IPUMS-Terra, and
NDVI data from MODIS. These data
come in different formats and scales and
must be properly linked for the analysis. First,
we overlaid spatially referenced DHS
cluster points by polygons of livelihood zones
to link agricultural specialization to birth
records (i.e., if a cluster point fell within
a pastoral zone boundary, agricultural spe-
cialization for the birth records in this cluster
was considered pastoralism). Second, we
overlaid DHS cluster points and gridded
climate data to derive monthly climate
measures for the 5-kilometer buffers sur-
rounding DHS clusters. Then, on the basis of
every child’s month of birth, we temporally
matched climate data to represent climatic
conditions for 12 months preceding birth.
Finally, we computed maximum NDVI
summaries for the 5-kilometer buffers
around DHS clusters during the growing
season months. We linked the NDVI values
to birth records assuming that growing
conditions in the current year affect food
availability for the next year (i.e., if a child was
born in 2008, the child was assigned NDVI
values for the 2007 growing season).

Estimation Strategy
We used multilevel models with the

dependent variable representing a continuous
measure of weight at birth in grams. As
described previously, the DHS has a hierar-
chical structure with births nested within
mothers, and mothers nested within clusters.
Clusters are then grouped according to coarser
scale measures of climate characteristics and

TABLE 1—Summary Statistics for the Variables Used in the Analysis: Demographic Health
Surveys for Kenya (2008 and 2014) and Mali (2006 and 2012)

Variables Kenya Mali

Dependent variable: birth weight, g, mean (SD) 3302.52 (654.26) 3238.4 (861.58)

Climate variables,a mean (SD)

No. of months above 35 °C 0.19 (0.81) 5.92 (1.78)

Average precipitation, mm 1000 (750) 660 (840)

NDVI 0.53 (0.42) 0.77 (0.16)

Control variables

Mother’s age, y, mean (SD) 28.25 (6.38) 28.58 (7.17)

Baby female, % 49 47

Birth order 2.94 3.93

Mother’s weight, kg, mean (SD) 60.75 (12.8) 59.34 (10.97)

Mother’s height, cm, mean (SD) 159.74 (6.77) 161.72 (6.62)

Married, % 84 97

Birth weight recall, % 50 75

Mother’s education (none), % 10 77

Mother’s education (primary), % 53 13

Mother’s education (at least secondary), % 37 10

Mother’s employment status (employed), % 62 58

Floor (finished), % 49 29

Urban residence, % 43 34

Cash croppers, % 33 34

Food croppers, % 56 49

Pastoralists, % 11 17

Total births, no. 9584 3416

Mothers, no. 6333 2551

Note. NDVI =Normalized Difference Vegetation Index.
aNumber of months above 35 °C refers to the number of months during the 12 months preceding birth
when the average maximum temperature exceeded 35 °C; average monthly precipitation refers to the
average monthly precipitation during the 12 months preceding birth.
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agricultural specialization. A random effect for
the clusters accounts for the hierarchical
nature of the DHS data.12 A random
“mother effect” is added to account for
multiple births by 1 mother. Fixed effects for
the year and month of birth account for the
unobserved characteristics that could have an
impact on birth weight.

As a first step, we investigated the im-
portance of agricultural specialization for
birth weight by including specialization as
a category into multilevel models with soci-
odemographic and then with sociodemo-
graphic and climate predictors (details on
modeling strategy are in Appendix B and
Tables A and B, available as supplements to
the online version of this article at http://
www.ajph.org). These models, the results
from t test for group mean differences (Tables
C and D, available as supplements to the
online version of this article at http://www.
ajph.org), and interactions between agricul-
tural specializations and climate measures
revealed significant differences in the ob-
served effects on birth weight among the 3
agricultural specializations, which warranted
our interest to analyze the specializations
separately. Fitting separate models to each
dominant agricultural specialization provides
a way to obtain separate coefficients for
each climate effect.13 We performed all an-
alyses in the R environment for statistical
computing (R Foundation for Statistical
Computing, Vienna, Austria).

Our modeling approach can be repre-
sented as follows:

ð1Þ yijks ¼ b0 þ bcxn þ uk þ wj þ «ijk

ð2Þ yijks ¼ b0 þ bcxn þ bclimk þ uk þ wj þ «ijk

In Equation 1, yijks represents a birth
weight of baby i of mother j in cluster k for
agricultural specialization s; bcxn is a vector of
c socioeconomic and biological variables as-
sociated with birth weight; uk represents
a DHS cluster random effect term, which
accounts for the nesting of birth records
within DHS clusters; wj is a mother random
effect to account for multiple children by 1
mother; and eijk is an error term. Equation 2
adds bclimk, a vector of climate variables for
cluster k, to Equation 1. To ensure the results
are not biased by multicollinearity, we
checked all the variables for correlation.

RESULTS
The main research question this study

attempted to answer is the following: In
the face of climate variability, is agricultural
specialization in food cropping, cash crop-
ping, or pastoralism differentially associated
with birth weight outcomes?

We found significant differences in chil-
dren’s average birth weight by agricultural
specialization. Children born in food-
cropping communities in Kenya (n= 4785)
were heavier than those born in cash-
cropping (n = 3874) and pastoralist commu-
nities (n = 1015; 3380 g vs 3204 g and 3205 g).
In Mali, babies born by food croppers
(n = 1143) and cash croppers (n = 1698) had
similar average birth weights (3245 g and
3285 g), while children born in pastoralist (n=
575) communities weighed on average
3123 grams. In the DHS data sample, about
6% of births in Kenya were LBW compared
with 15% in Mali. Among food and cash
croppers, the majority of LBW births in
Kenya and Mali occurred in cash-cropping
zones—7% and 14%, respectively. How-
ever, pastoralists in both countries were
characterized by a high prevalence of LBW:
7% in Kenya and 20% in Mali. Such a high
prevalence of LBW among pastoralists in
Mali might be indicative of socioeconomic
disparities existing in pastoralist communities
at the family level.

Table 2 presents results from a regression of
birthweight on biological and socioeconomic
variables. Mother’s weight, height, educa-
tion, employment, marital status, and birth
parity were positively associated with weight
at birth. Factors negatively associated with
birthweight weremother’s age and baby’s sex
(female). These results are consistent with
previous studies: maternal height and weight
serve as proxy to assess a woman’s overall
health and food security status.12 Education,
employment, and marital status are indicative
of a socioeconomic status and access to
shared resources.12 In the next step, we added
climate measures to the models specified in
Table 2. The first 3 models added tempera-
ture, precipitation, and NDVI measures
separately, followed by a model with all
3 climate measures.

As can be seen from Table 3, cash croppers
in both countries did not appear to be
sensitive to climate variability. Although

negative, the associations between tem-
perature and birth weight for cash crop-
pers in both countries were not significant.
Similarly, we observed no significant
effects for precipitation and NDVI among
cash croppers.

Food croppers exhibited different pat-
terns of sensitivity to climate variability
compared with cash croppers. An increase
in the number of months with average
maximum temperature above 35 °C in a year
preceding birth was associated with a small
negative effect on birth weight for food
croppers in Kenya. We observed a positive
significant association between birth
weight and precipitation for food croppers in
both Kenya and Mali (Table 3). The positive
effect of precipitation is consistent with
previous work.12,25,26 As can be seen from
Table 3, NDVI during the growing season
was positively associated with birth weights
for food croppers in Mali. This relationship
was not reflected in the Kenyan case, how-
ever. Findings from the full models in Table 3
indicate that precipitation maintained a posi-
tive association with birth weight on food
croppers in Kenya even in conjunction
with increased temperatures.

Even though the directionality of climate
effects for pastoralists resembles that for the
other agricultural groups, the only positive
associationwith birthweightwas observed for
precipitation in Kenya. The positive effect of
precipitation for pastoralists held in con-
junction with increased temperatures.

Beyond differences among agricultural
specializations,we also observed differences in
climate effects between Mali and Kenya. For
example, NDVI provides a fine-spatial scale
measure of vegetation capable of reflecting
community-level variation in agriculture.
In Mali, as in many West African commu-
nities, rainfall can be highly variable over
relatively short distances,27 affecting agricul-
tural output at a relatively fine scale. In the
Malian case, NDVI is particularly useful
because it is capable of capturing this fine-
scale spatial variation. Kenya’s different to-
pographical and landscape features do not
seem to require the fine-scale vegetation
information that is useful in the West
African context.28
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DISCUSSION
We investigated how climate variability,

by affecting food availability, affects child
health in communities with different agri-
cultural production strategies. Food croppers
in both countries appear to be more
sensitive to both negative (increased tem-
perature) and positive (precipitation and
NDVI) effects of climate. Compared with
cash croppers, food croppers have smaller plot
sizes; have less access to fertilizers, irrigation,
and machinery; and have smaller incomes.29

These factors expose their crops to heat stress
and droughts and put yields and diets at risk,
contributing to the increased possibility of
giving birth to a lower-weight infant.29,30

When one does not consider climate factors,
cash cropping has been shown to be beneficial
for children’s nutrition outcomes,31 but our

results did not demonstrate that advantage
when we accounted for climate measures. In
terms of climate change, it is possible that
increased use of agricultural technologies
cannot completely reduce the negative im-
pacts on agriculture associated with increased
temperatures. Reduced yields may ultimately
have an impact on the household resources of
cash croppers, which has a negative impact on
household food security. Pastoralists are
typically more mobile and can move to find
land with enough forage for livestock during
hot months—this mobility may explain the
absence of the association between temper-
ature and birth weight. This study also reveals
a positive relationship between precipitation
and birth weight for food cropping and
pastoralist communities. Irrigation, modern
machinery, and fertilizers are generally out of

reach for small-scale subsistence farmers,
which is why they may experience notable
beneficial effects of increased rainfall.16

A causal relationship between climate
change and children’s health outcomes is dif-
ficult to establish because of 2 main factors.
First, health effects of climate change are po-
tentially small and challenging todetect because
climate and weather affect individuals through
both direct and indirect pathways.4,26 There-
fore, public health interventions should con-
sider these multiple pathways and should be
based on the expansion of food aid, efforts to
promote efficient and technological agriculture
among African farmers, and sanitation im-
provement efforts.

A second factor complicating climate
change–health research has to do with data
quality and availability because such research

TABLE 2—Results From Multilevel Models Investigating Associations Between Sociodemographic Variables and Children’s Birth Weight in
Kenya (2008 and 2014) and Mali (2006 and 2012) by Agricultural Specialization

Kenya Mali

Variables
Cash Croppers,
b (95% CI)

Food Croppers,
b (95% CI)

Pastoralists,
b (95% CI)

Cash Croppers,
b (95% CI)

Food Croppers,
b (95% CI)

Pastoralists,
b (95% CI)

Child’s characteristics

Baby female –95.72 (–131.0, –60.4) –117.84 (–153.6, –82.1) –96.95 (–166.0, –27.9) –206.13 (–303.0, –109.3) –158.76 (–233.9, –83.6) –48.75 (–186.9, 89.4)

Birth order 24.19 (7.1, 41.3) 46.99 (32.0, 62.0) 33.77 (5.4, 62.1) 14.96 (–19.3, 49.2) 5.21 (–22.6, 33.0) –38.21 (–84.6, 8.2)

Mother’s characteristics

Age, y –7.33 (–12.5, –2.2) –10.67 (–15.6, –5.8) –6.99 (–17.6, 3.6) 1.13 (–11.3, 13.6) –1.55 (–11.3, 8.2) 9.78 (–6.1, 25.6)

Weight, kg 3.37 (1.3, 5.4) 4.65 (2.7, 6.6) 1.08 (–2.7, 4.8) 0.41 (–6.2, 7.0) 3.73 (–0.8, 8.2) 5.96 (–1.8, 13.7)

Height, cm 9.23 (5.1, 13.3) 7.46 (4.2, 10.7) 6.41 (–0.5, 13.4) 8.94 (–0.4, 18.3) 3.78 (–3.3, 10.9) 4.08 (–8.3, 16.5)

Married –6.91 (–71.3, 57.5) 73.3 (17.6, 129.0) 1.66 (–137.0, 140.4) –158.38 (–511.1, 194.4) 80.13 (–177.7, 337.9) 236.85 (–346.8, 820.5)

Recalled birth weight –3.87 (–46.7, 38.9) 27.88 (–11.8, 67.5) –156.14 (–238.4, –73.9) –21.98 (–161.9, 118.0) –0.67 (–106.0, 104.6) 80.31 (–90.5, 251.1)

Employed –8.46 (–61.5, 44.6) 51.47 (6.4, 96.5) 100.59 (–7.4, 208.5) –41.99 (–157.0, 73.0) 69.45 (–28.3, 167.2) –97.28 (–272,1, 77.6)

Education (primary) 31.69 (–71.1, 134.5) 84.19 (–20.2, 188.6) –37.98 (–152.3, 76.4) –79.49 (–240.2, 81.2) 12.55 (–118.9, 144.0) –128.79 (–388.5, 130.9)

Education (at least

secondary)

4.97 (–105.9, 115.8) 51.51 (–57.3, 160.3) –0.33 (–158.3, 157.6) 51.46 (–142.5, 245.4) –9.35 (–160.8, 142.1) –96.09 (–447.1, 254.9)

Household’s characteristics

Finished floor 4.48 (–58.4, 67.3) –59.16 (–108.3, –10.0) 112.57 (–13.5, 238.6) 89.53 (–52.1, 231.2) 38.84 (–76.4, 154.0) 2.35 (–203.9, 208.6)

Urban residence –12.46 (–72.3, 47.3) –34.07 (–86.0, 17.9) –93.21 (–209.1, 22.7) –79.39 (–250.1, 91.3) –94.54 (–230.5, 41.4) 23.87 (–223.6, 271.4)

Model statistics

Random intercept (cluster) 6 602.951 25 712.47 15 160.41 61 090.25 55 374.71 115 776.5

BIC 57 718 75 283 15 605 18 605 27 521 9 292

Total cases, no. 3 784 4 785 1 015 1 143 1 698 575

Mothers, no. 2 155 3 560 618 879 1 255 417

DHS clusters, no. 586 1 015 203 191 231 83

Notes. BIC =Bayesian information criterion; CI = confidence interval; DHS = Demographic Health Survey. Models are stratified by agricultural specialization and
represent changes in birth weight in grams. Unless specified, the following unit changes or levels are associated with the explanatory variables: baby female—
baby male; birth order—every following birth; married—nonmarried or nonpartnered; birth weight recalled—information about birth weight was obtained
fromawritten card; employed—mother is unemployed;educationprimary—noeducation; education (at least secondary)—noeducation;finishedfloor—dirtfloor;
urban residence—rural residence.
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requires collaboration and data from varied
disciplines such as climate science, public
health, and agronomy. Birth weight research
in developing countries is especially com-
plicated by data availability—65% of births in
SSA are not weighed.6 In addition, the DHS
temporarily stopped including information
about the length of time at current residence,
which hinders researchers’ ability to correctly
link a pregnancy to the weather conditions in
which it developed. As such, although chil-
dren in developing countries potentially
face important health challenges related to
weather and climate variability, data con-
straints limit research of these issues.

Although the study relied on the most
spatially refined temperature data available
(at 50 km), ideally, finer spatial resolution
should be used to investigate the effect of
climate change on health. In addition, un-
explained variation remains in the multilevel
models that investigate the association be-
tween anthropometric and

sociodemographic and environmental fac-
tors.26 Moreover, in this study, we explored
the important relationships among biological,
economic, and environmental factors on birth
weight with cross-sectional data, but it would
be informative to conduct longitudinal sur-
veys and analyses to track the causal effect of
climate change on health.14 We conducted
multiple robustness tests (Appendix C,
available as a supplement to the online version
of this article at http://www.ajph.org) that
indicated the robustness of our results.

Our study faced the difficulties described
here, but nonetheless represents an important
step in linking climate change and birth
outcomes. Future research on the impacts of
climate change on health would benefit from
the expansion of health surveillance and
reporting.32 Future research should also ex-
plore possible nonlinear effects of climate
variability on health. Such nonlinearities have
been observed in the effect of climate change
on such human processes as migration, for

example,33 and remain largely unexplored in
public health research.
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TABLE 3—Results FromMultilevel Models Investigating Associations Between Sociodemographic and Climate Variables and Children’s Birth
Weight in Kenya (2008 and 2014) and Mali (2006 and 2012) by Agricultural Specialization

Kenya Mali

Variables
Cash Croppers,
b (95% CI)

Food Croppers,
b (95% CI)

Pastoralists,
b (95% CI)

Cash Croppers,
b (95% CI)

Food Croppers,
b (95% CI)

Pastoralists,
b (95% CI)

Temperature

No. of months above 35 °Ca –11.66 (–45.2, 21.8) –70.58 (–170.7, –105.9) –2.75 (–34.4, 28.9) –12.27 (–74.1, 49.6) –23.52 (–53.9, 6.9) 0.62 (–48.7, 51.1)

BIC 57 659 75 207 15 559 16 001 23 336 7 899

Precipitation

Average precipitation

(100 mm)b
–16.83 (–51.9, 18.2) 47.09 (77.7, 106.9) 109.61 (38.1, 181.2) 22.23 (–188.5, 233.0) 88.75 (16.7, 194.2) 81.26 (29.6, 288.9)

BIC 57 658 75 203 15 548 15 999 23 333 7 897

NDVI

NDVIc –28.86 (–92.7, 35.0) –1.93 (–30.7, 23.1) 11.02 (–108.6, 130.7) –131.24 (–924.6, 662.1) 397.26 (70.7, 723.8) –34.85 (–456.0, 319.4)

BIC 57 657 75 212 15 556 15 851 23 121 7 895

Temperature, precipitation, NDVI

No. of months above 35 °Ca –15.11 (–48.9, 18.7) –62.87 (–155.6, –90.8) 9.24 (–23.4, 41.9) –14.59 (–77.4, 48.2) –0.38 (–38.4, 37.6) 0.62 (–51.0, 53.5)

Average precipitation

(100 mm)b
–18.26 (–53.5, 17.0) 45.16 (73.8, 103.2) 115.19 (41.4, 189.09) 11.95 (–203.2, 227.1) 46.06 (–69.3, 161.4) 88.11 (40.9, 304.4)

NDVIc –31.19 (–95.3, 32.9) 7.11 (–12.9, 40.7) 23.09 (–96.9, 143.0) –160.83 (–969.7, 648.1) 340.82 (–76.5, 758.2) –83.68 (–575.3, 247.2)

BIC 57 657 75 199 15 544 15 844 23 118 7 886

Total cases, no. 3 784 4 785 1 015 1 143 1 698 575

Notes. BIC =Bayesian information criterion; CI = confidence interval; NDVI =Normalized Difference Vegetation Index. Models are stratified by agricultural
specialization and represent changes in birthweight in grams. Adjusted formother’s age, weight, height, education,marital and employment status; baby’s sex
and birth order; household’s floor type and urban or rural residence; and source of birth weight data (recall or written card).
aNumberofmonthsduring the12months precedingbirthwhen theaveragemaximumtemperatureexceeded35 °C.Unit change—every additionalmonthwith
maximum monthly temperature above 35 °C.
bAverage monthly precipitation in millimeters during the 12 months preceding birth. Unit change—a 100-mm increase in precipitation.
cMaximum value of NDVI. Unit change—every additional increase of index value by 0.01.
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