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Abstract 

Malnutrition is viewed as one of climate change’s five most considerable adverse 

health impacts. This study, from a drought-and famine-prone food insecure setting 

in the Rift Valley of southern Ethiopia, aims to quantify the possible causal effect of 

climate variation on women’s nutritional status through its effect on the normalized 

difference vegetation index (NDVI), a proxy measure for crop production, and house-

hold food security. Using a cohort study design, we ensured a temporal relationship 

between the main exposures preceding the mediator and the outcome. Women 

living in 904 households from nine randomly selected subsistence farming in rural 

Kebeles, the lowest administrative unit in the Boricha district in Sidama, were vis-

ited quarterly to collect nutritional status (outcome variable), household food secu-

rity status (HHFS), and sociodemographic information. Climate data (rainfall and 

temperature) was obtained from the Google Earth Engine. Generalized structural 

equation modeling (GSEM) was used to measure the association between rains, the 

NDVI, and women’s nutritional status after adjusting for the mediation effect of HHFS. 

The analysis adjusted the clustering effect of Kebele and the household. The study 

showed that the NDVI and HHFS directly affected women’s body mass index. More-

over, household heads who attended primary education, total energy expenditure of 

women, and household wealth were positively associated with women’s BMI. On the 

other hand, older women and women who were not members of a community-based 

health insurance had a lower BMI. Climate variability, NDVI, and household food 

security could be causally linked to women’s nutritional status, suggesting that rural 

people depending on rain-fed subsidence farming for crop production are vulnerable 

to the impact of climate variability.
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Introduction

Ethiopia has repeatedly been affected by episodes of drought and famine over the 
centuries [1,2]. Malnutrition is prevalent among children, even without drought, and 
a significant proportion of women suffer from malnutrition as well [3]. As women 
perform most of the work in the home, malnutrition affects their everyday lives by 
lowering their ability to work [4].

The causes of malnutrition are complex, but the availability of rain is crucial as it is 
closely associated with food productivity in subsistence farming communities. Hence, 
some have labeled malnutrition as one of climate change’s five most critical adverse 
impacts [5]. Poverty remains a leading cause of both malnutrition and famine. When 
severe malnutrition occurs during political and social unrest, it is often called a com-
plex famine [6].

Climate variability “includes all the variations in the climate that last longer than 
individual weather events.” In contrast, climate change refers to variations that per-
sist for a more extended period, typically decades or more [7]. Our relatively short 
research views climate variability as stress multipliers to factors that indirectly or 
directly affect nutrition and health.

In areas such as southern Ethiopia, the primary strategy of the population to meet 
the effects of global warming would be enhanced adaptation. Ethiopia’s carbon 
footprint is negligible but slowly increasing [8]. Adaptation refers to “changes in pro-
cesses, practices, and structures to moderate potential damages or benefits from cli-
mate change.” Our research aims to enhance our understanding of these processes 
and thus improve the livelihoods of people living in such areas.

Nonetheless, systematic evidence quantifying these impacts needs to be 
improved. Earlier research on the relationships between nutrition indicators and food 
insecurity was correlational and based on cross-sectional studies [5]. Thus, there is 
limited evidence for a causal link between climate or weather patterns, food produc-
tion and availability, and malnutrition. What need to be improved are interdisciplinary 
studies linking the possible chain of events from weather variability to food production 
and malnutrition, particularly for rural subsistence farmers. Long-term survey data, 
such as cohort studies and interventional research, can capture the dynamic nature 
of food poverty and show causal relationships.

Vulnerability to climate change may differ between children and adults, and men 
and women. For example, children’s growth would be more affected by acute diseases 
prevalent in that age group than adults. Earlier studies from the Rift Valley in Ethiopia 
have also shown that the workload, an essential factor for labor and thus food pro-
duction, among women, is high throughout the year and differs from that of men [5]. 
Women also have additional nutritional needs during pregnancy and lactation.

We hypothesize that causal pathways link climate variability, food production, and 
malnutrition. Thus, by studying one smaller community over time, our study objec-
tive is to investigate associations between climate variability on crop production and 
malnutrition among women in subsisting farming and drought-prone communities in 
southern Ethiopia. Furthermore, we aimed to see how community interventions could 
influence the above mentioned association.
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Materials and methods

Ethics statement

The research was approved by the Institutional Review Board at Hawassa University College of Medicine and Health 
Sciences (Ref.No. IRB/181/13 and dated 20/05/2021) and later revised (Ref. No IRB/275/13 dated 07.09.21). Permis-
sion to undertake our study was also obtained from the Sidama Region and relevant local authorities. Local leaders in 
the Kebele, village leaders, and community elders were informed about the study objectives, procedures, and benefits. 
Informed written consent was obtained from each participant. Participation by household members was voluntary, and 
measures were taken to ensure their respect, dignity, and freedom.

General description of the study area

Study setting.  This study was conducted in the former Boricha woreda (recently split into Boricha, Darara, and Bilate 
woredas), located in the western part of the Sidama Region. The study Kebeles (the lowest administrative unit) were 
selected from Boricha woreda before it was divided into three, and thus, the study Kebeles were categorized under two 
of the new woredas called Boricha and Bilate Zuria woredas. In 2021, the districts of Boricha and Bilate Zuria Woredas 
(the third level of the administrative divisions of Ethiopia – after zones and the regional states) were chosen as the study 
areas. The woreda is further subdivided into Kebeles. With a population estimated at 130,000, Boricha had one district 
hospital, three health facilities, and thirteen health posts. Bilate Zuria served an estimated 147,000 people with five health 
centers and 17 health posts [9].

Boricha is a relatively flat area, with a decline in altitude from east to west. The altitude varies from 1320 m in the west 
to 2080 m in the east. In between, there are some scattered mountain ridges. As recently as a few generations ago, 
acacia forest covered the area, but it has become increasingly bare. Very few rivers cross this area. The areas to the 
lower altitude are severely degraded. Another dominant land cover is the scattered trees. They are found to be mixed with 
farmland and those planted by the dwellers. The area covers about 600 km2 (Fig 1).

Farming systems and crop production.  Generally, Boricha can be regarded as a water-starved area. Because of 
this, people in most Kebeles (the lowest administrative unit in Ethiopia and contains a health post staffed by two health 
extension workers) largely depend on artificial ponds that usually dry after the rains. Livestock are essential, and cattle, 
goats, and donkeys are the primary livestock.

Based on food usage data collected during our study, we found that the principal crops are cereals (mainly maize), 
vegetables (primarily collard greens, cabbage, tomatoes), roots and tubers (mainly ensete (Ensete ventricosum), pota-
toes, sweet potatoes), legumes and seeds (beans, peas, seeds), sugar cane, fruits (avocadoes and bananas). Usually, 
wheat, teff, oils, and sugars are purchased or obtained by households as part of food aid packages. There is some pepper 
production, mainly used for sales. The higher altitude areas are green, with eucalyptus, fruit, coffee trees, and an ensete 
(Ensete ventricosum) growing around every house. However, no natural forest exists, and communal grazing land is lim-
ited [10].

Climate.  Boricha woreda, as in the western sector of the southern highlands of Ethiopia, has a bimodal rain pattern, 
with main rains from March to May (“Belg”) and smaller rains from September to October. Some rains are from June to 
August, and the dry season is from November to February [11]. There is a potential for the local farmers to produce food 
more than twice in a year with good rains. This depends on the capacity of the meteorology agency to provide area-
specific weather forecast service for the farmers. However, the weather forecast system in Ethiopia is weak to do.

Rain-fed agriculture owned by smallholder farmers dominates the primary land use. Reliance on rain-fed farming for 
subsistence and rainfall variability exposes people to high risks of harvest loss, quickly resulting in food insecurity.

Precipitation trends in Ethiopia indicate that southern Ethiopia’s rainfall has decreased since 1971 [12]. From March to 
May, the main rain period in Boricha, precipitation declined by 2.6 mm/year in the spring region from 1971–2010. Thus, 
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since 1971, rainfall may have been reduced by as much as 30% [12]. On resource-poor farms in southern Ethiopia, the 
spring crop may determine whether the annual productivity reaches the critical margin [13].

Study design and population

This study is an open and dynamic cohort conducted from June 2021 to June 2022 to measure the causal association 
between climate variability and women’s undernutrition, the outcome variable. The details of the study population were 
presented elsewhere [3]. We selected the same homes as in a previous cohort study [10] to ensure we acquired com-
prehensive nutrition and food intake data over more extended periods. For this study, we focused on women in rural 
communities because the households are farmers and dependent on weather changes for their livelihoods. A multiphase 
sampling method was employed in the selection of the study participants. First, nine of the 30 rural Kebeles in the districts 
were chosen randomly. A two-stage sampling technique was used. Secondly, a cluster sampling technique was used 
to choose households from each sub-kebele (“gouts”) of the selected kebeles. All households in the sub-kebele were 
selected. All eligible girls and women between the ages of 15 and 49 from the selected households were included in the 
study, except those who were seriously ill, paralyzed, deformed, or belonged to families experiencing grief or festivity 
during the data collection period.

Sample size

In the original study, the sample size was determined using OpenEpi version 3.03 (www.OpenEpi.com) to investigate mal-
nutrition seasonality in women [3]. About 54.7% of mothers had a BMI < 18.5 kg/m2 pre-harvest and 41.7% post-harvest. 
Parameters included 95% confidence, 80% power, 1:1 ratio of unexposed to exposed, design effect of 1.5, and 20% 
non-response rate, resulting in 904 women. The same study population was utilized for the regression analysis (using 

Fig 1.  Map of the study area in the Sidama Region and Ethiopia. Source: We have used the U.S. Geological Survey (USGS) (http://www.usgs.gov) 
for the base layer map, and we collected the geographic coordinate points of the homes in the study area.

https://doi.org/10.1371/journal.pclm.0000452.g001

http://www.OpenEpi.com
http://www.usgs.gov
https://doi.org/10.1371/journal.pclm.0000452.g001
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power rsquared Stata command) in the current study, where a minimum sample size of 806 was calculated for linear 
regression with an effect size (R2) of 0.10, P < 0.05, and ten covariates.

Data and variable description

In good years, agricultural activities are conducted for 8 – 9 months in the area; quarterly visits were made to each house-
hold. Enumerators gathered information on all births, deaths, and migrations at each house they visited. The household 
dietary diversity used the past 24 hours recall for 12 food groups and include cereals, roots or tubers, vegetables, fruits, 
meat or poultry, eggs, fish and seafood, pulses or legumes or nuts, milk and milk products, oil or fats, sugar or honey, and 
miscellaneous [14]. The level of physical activity was determined by administering the World Health Organization Global 
Physical Activity Questionnaire and estimating the metabolic equivalents (MET) and total energy expenditure (TEE) 
[15,16] We conducted a baseline census in June 2021 and then gathered quarterly data on household food insecurity, 
food habits, nutrition status, and sociodemographic characteristics. Weight in kilograms divided by height in square meters 
was used to create the outcome variable, body mass index (BMI). This study used data collected between June 2021 and 
June 2022. Household food security level was measured using questionnaires validated in different populations in South-
ern Ethiopia [17,18].

Climate, NDVI data, and crop production

In our study area, there is only one meteorology station per district, but there is no station at the Kebele level. Moreover, 
the data collection at these weather stations was not regular. Therefore, the precipitation, temperature, and Normalized 
Difference Vegetation Index (NDVI) data were downloaded from Google Earth Engine (accessed via https://earthengine.
google.com/signup). The temperature data was downloaded from the ERA5-Land monthly averaged data using GRIB for-
mat via the following link: https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=-
form. The monthly rainfall was obtained using the Climate Hazards Group InfraRed Precipitation (CHIRPS) [19] with a 
spatial resolution of 0.05 degrees. This study uses each Kebele’s average precipitation, temperature, and NDVI.

The NDVI, or normalized difference vegetation index, is used to assess crop health and plant growth by measuring 
greenness on the surface [20]. The remote sensing method, NDVI, tracks vegetation dynamics. It is computed using 
canopy reflectance in the near-infrared and infrared bands and is less reliant on soil characteristics [21]. We used the 
United States Geological Survey (USGS) [22] data server to obtain a retrospective time series of the NDVI with a monthly 
temporal resolution. Calculated from satellite imagery, it captures visible and near-infrared light wavelengths reflected by 
vegetation; NDVI measures the difference between these wavelengths. Where: NIR represents the reflectance values 
of the near-infrared wavelengths, and RED represents the reflectance values of the red wavelengths. This computation 
generates a value ranging from -1 to +1, with higher values indicating denser, healthier vegetation (closer to +1) and 
lower values signifying less vegetation or areas with non-vegetative cover (approaching -1) [23]. The average NDVI was 
obtained from the satellite using Sentinel-2 MSI (Multispectral Instrument, Level-2A), sensor: SENTINEL-2, and with a 
spatial resolution of 10 meters [19].

NDVI is effective for monitoring crops, with a strong correlation between early NDVI values and final yields [20]. 
This index can detect crop stresses from environmental changes such as droughts or diseases [24]. Unhealthy plants 
have lower NDVI values than healthy ones, making NDVI a valuable proxy for plant health. Thus, validated studies, 
also from Ethiopia, show a high correlation (between 0.5 and 0.8) between the NDVI index and crops such as maize, 
wheat, sugar cane, and potatoes [20,25,26]. NDVI is more readily available than expensive field studies and is thus 
beneficial in rural Ethiopia. Therefore, our study uses the NDVI index as a proxy for crop growth. However, NDVI 
values are influenced by seasonal changes and weather conditions, particularly rainfall and cloud cover, when using 
satellite data.

https://earthengine.google.com/signup
https://earthengine.google.com/signup
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=form
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Data analysis

Data were entered and cleaned using SPSS Version 26 (IBM Corp, Armonk, NY), and STATA Version 17 (Stata Corp, 
Texas, USA) software was used to analyze the data. Descriptive statistics, such as numerical summary measures and 
diagrams, were used to summarize the data. The wealth index was constructed using principal component analysis using 
household assets such as possession of farmland, animals, a mobile phone, an animal cart, a motorcycle, and housing, 
such as the type of roof, wall, and floor.

In this study, we used different models, such as multilevel linear and panel data models, to measure the predic-
tors of BMI. However, the direct, indirect, and total effect of climate variability and NDVI on BM were evaluated using 
mediation analysis. BMI, the outcome variable, was a continuous variable with a normal distribution, and therefore, a 
linear regression model was used to measure the predictors of BMI. As data were collected from several levels, we 
employed a multilevel multiple linear regression model to account for the dependency for mediation analysis. The 
intra-class correlation coefficient (ICC) was 0.08 for Kebele and 0.12 for households. Therefore, the effect of Kebele 
and household levels was accounted for in the final model. The model’s goodness-of-fit was checked using Akaike’s 
information criteria (AIC) and standardized root mean squared residual (SRMR) [27]. The path diagram was devel-
oped using the average change in women’s BMI as the outcome variable, measured four times over one year, and 
exposure variables such as one month lag in NDVI from the measured household food insecurity (HHFI) and two 
months lag in total rainfall from NDVI. This allowed us to measure the natural sequence of events and correspond to 
the conceptual framework.

The standard regression analysis, including the linear regression model, handles the time series effect but not the 
cross-sectional effect in modeling the data. Therefore, using standard regression for panel data could give a biased esti-
mate of a regression coefficient, and thus we used panel data modeling that can account for both effects.

Panel data analysis is a statistical method used to study the association between outcome and exposure variables in 
data obtained from a follow-up that involves both cross-sectional and time-series variations [28]. Fixed effect and random 
effect estimators are the two parameter estimates in panel data analysis. Of these two estimators, the one that could pro-
vide reliable estimate can be assessed using Hausman test approach. In our data, the Hausman test result was statisti-
cally significant (P < 0.001), and therefore we reported a fixed effect model.

Panel data modeling can be either a dynamic panel model that accounts for endogeneity, i.e., correlation between the 
model error term and predictor variables, or a static panel model that does not account for endogeneity [29]. In this study, 
we observed that lag-BMI was correlated with the error term, and therefore, the dynamic panel model, which accounts for 
endogeneity, was considered to be better than the static panel model. However, we observed that the Wooldridge test for 
autocorrelation (P-value = 0.513) showed no serial autocorrelation (requirement to run a dynamic model). Furthermore, the 
dynamic model was also a poor fit (the Arellano-Bond test was not estimated), which could be due to a small number of 
times of observation per individual (minimum 1 and maximum 4). Therefore, we reported the result of the static fixed panel 
model.

Mediation analysis was done to measure the direct and indirect effect of climate variability on BMI. A theoretical con-
ceptual framework developed by Phalkey et al. was used in the path analysis (Fig 2) [5]. However, the model in Fig 2 
may simplify the natural world as there are variables that will affect crop production, for example, soil characteristics and 
evaporation that we did not measure. Mediation analysis is a statistical technique used to examine how one variable 
(the predictor variables) affects another (the outcome variable) through one or more intervening factors [30]. A media-
tion or path analysis was done to measure the relationship between rainfall, crop production using NDVI as a proxy crop 
measure, and women’s nutritional status (BMI) after adjusting for the mediation effect of household food security. The 
mediation effect of HHFS was checked, and the observed regression coefficient of the exposure variable (NDVI) in the 
first model (without a mediator) increased from 0.42 to 0.66 in the second model (with a mediator variable). The general-
ized structural equation modeling (GSEM) [30] was used to measure the sequential mediation effect of household food 
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security status on women’s BMI after accounting for clustering at kebele and household. The final model was selected 
using the following steps: first, the unadjusted path model was fitted with NDVI (exposure), household food security score 
(mediator), and BMI (outcome) variable. Then, the entire mediation analysis model was fitted after adjusting for potential 
confounding variables. We measured the effects of sociodemographic variables to assess the potential impact of factors 
that indirectly or directly affect the pathway from precipitation/rainfall to nutritional status (BMI). These include household 
use of the government’s safety net program, use of health insurance, and wealth status, measured in June 2021, and we 
assumed it to be constant throughout the study period.

Results

Sociodemographic characteristics

Overall, 1057 women from 904 households living in nine Kebeles were followed and evaluated quarterly. The number of 
women assessed was 910 in September 2021, 903 in December 2021, 866 in March 2022, and 803 in June 2022. The 
number of women per Kebeles ranged from 99 women in Gonowa Bulano Kebele to 136 women in Sadamo Dikicha 
Kebele. About two-thirds (61.3%) of the women were living in households whose heads had attended formal education; 
15.8% of the heads of the households were employed or traders; only 10.9% of households were members of community-
based health insurance; 23.1% of households were beneficiaries of the safety net program; and 33.7% of the households 
were poor (Table 1).

Household food habits

Table 2 shows the foods recorded from 5225 meals during the study period. The table shows seasonal variations in using 
locally produced crops such as cereals, vegetables, roots and tubers, legumes, and fruits.

Household food insecurity and women’s nutritional status

The lowest household food insecurity score (4.0) in December coincides with the highest women’s mean BMI (20.6) for 
the same month. The mean (standard deviation, SD) BMI of the women was 20.2 (2.2) kg/m2 in September 2021, 20.6 
(2.2) kg/m2 in December 2021, 20.57 (2.3) kg/m2 in March 2022, and 20.3 (2.3) kg/m2 in June 2022. A statistically signifi-
cant difference in BMI was observed between September and December 2021 (t-test -4.4; P < 0.001). On the other hand, 
the median (interquartile range) of household food insecurity was 10.0 (6.0-16.0) in September 2021, 4.0 (0.0-9.0) in 
December 2021, 8.0 (4.0-13.0) in March 2022, and 11.0 (7.0-16.0) in June 2022.

Fig 2.  Conceptual framework adapted from the initially developed by Phalkey et al. [ 5].

https://doi.org/10.1371/journal.pclm.0000452.g002

https://doi.org/10.1371/journal.pclm.0000452.g002
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Table 1.  Sociodemographic and other characteristics of the study participants.

Description Frequency Percent

Name of Kebele

Sadamo Dikicha 136 12.9

Alawo Siiso 107 10.1

Furara Aldaada 128 12.1

Aldaada Deele 104 9.8

Kitawo Dambie 113 10.7

Gonowa Bulano 99 9.4

Sadamo cala 120 11.4

Qonsore Haranja 131 12.4

Hanja Goro 119 11.2

Household head education

No formal education 648 61.3

Grade 1–6 184 17.4

Grade 7–9 130 12.3

Grade >=10 95 9

Occupation of HH head

Employed and trader 167 15.8

Others 890 84.2

Community Based Health Insurance

Yes 115 10.9

No 942 89.1

Safety-Net Beneficiary

Yes 244 23.1

No 813 76.9

Wealth Status

Poor 356 33.7

Middle 392 37.1

Rich 309 29.2

https://doi.org/10.1371/journal.pclm.0000452.t001

Table 2.  Food type used across seasons among the study participants.

Season June 2021 September December March June 2022

Food type Total 1040
n (%)

Total 1053
n (%)

Total 1059
n (%)

Total 
1048
n (%)

Total 1025
n (%)

Cereals 860 (82.7) 689 (65.4) 1040 (98.2) 988 (94.3) 985 (96.1)

Vegetables 922 (88.7) 860 (81.7) 966 (91.2) 755 (72.0) 962 (93.9)

Roots and tubers 852 (81.9) 750 (71.2) 828 (78.2) 960 (91.6) 828 (80.8)

Oils and fats 746 (71.7) 487 (46.3) 741 (70.0) 766 (73.1) 842 (82.2)

Legumes, nuts and seeds 631 (60.7) 611 (58) 777 (73.4) 685 (65.4) 432 (42.2)

Sugar and sugar cane 30 (2.9) 184 (17.5) 164 (15.5) 172 (16.4) 190 (18.5)

Fruits 114 (11.0) 102 (9.7) 155 (14.6) 60 (5.7) 63 (6.2)

Meat 36 (3.5) 44 (4.2) 94 (8.9) 4 (0.4) 20 (2)

Eggs 14 (1.4) 17 (1.6) 16 (1.5) 1 (0.1) 1 (0.1)

Fish 9 (0.9) 17 (1.6) 5 (0.5) 0 (0.0) 2 (0.2)

https://doi.org/10.1371/journal.pclm.0000452.t002

https://doi.org/10.1371/journal.pclm.0000452.t001
https://doi.org/10.1371/journal.pclm.0000452.t002
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Monthly rainfall, temperature, and NDVI

As shown in Fig 3, the total monthly rainfall varied over the months. During the study period, the monthly total rainfall 
peaked between July and October 2021 and mid-February and April 2022 (biannual). In our data, the NDVI value ranges 
from 0.09 (nearly absence of green vegetation or no crop yield) to 0.6 (dense green vegetation). In general, the quarterly 
NDVI data does not refer to four-time crop production. A high NDVI value was observed following the high rainfall (twice 
a year). The average monthly NDVI was high between August and November 2021. There was a positive correlation 
between NDVI and one-month lag rainfall (r = 0.53; P < 0.001). The average monthly temperature was between 16 and 
22 degrees Celsius (Fig 3).

Predictors of body mass index in multilevel multivariable model

In the multilevel multiple regression analysis, after controlling for potential confounders, the NDVI and household wealth 
index were positively associated with women’s BMI. An increase in the household food security (HHFS) score was posi-
tively associated with BMI, but the age of the women was negatively associated with BMI. The change in BMI was higher 
among household heads who attended primary education compared. Moreover, a higher body mass index was observed 
among those not members of CBHI and non-beneficiaries of the safety net program (Table 3).

Fig 3.  Monthly NDVI, rainfall and temperature in the study area.

https://doi.org/10.1371/journal.pclm.0000452.g003

https://doi.org/10.1371/journal.pclm.0000452.g003
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Panel data modeling

In the fixed effect panel model, a unit increase in NDVI over time was associated with a change in BMI by 0.57 kg/m², 
and a unit increase in HHFS over time was associated with a change in BMI by 0.02 kg/m². These findings are similar to 
the multilevel linear model and mediation analysis. Even though a unit increase in TEE over time was associated with a 
change of 0.06 kg/m², this change does not look large (Table 4).

Mediation analysis

The mediation analysis, using the multilevel linear regression model, shows (Table 5 and Fig 4,) on average, a unit 
increase in NDVI was associated with a direct effect of an increase in women’s body mass index by about a coefficient of 
0.67, 95% CI (0.23 to 1.11). The indirect impact of NDVI on BMI via household food insecurity was -0.21, 95% CI (-0.28 
to -0.13). The proportion of total effect medicated was 43%. Similarly, an increase in household food security score (0.06 
m/kg2 (95% CI 0.04 to 0.07)), total energy expenditure (0.17, 95% CI (0.06 to 0.27)), and household wealth index (Coeffi-
cient 0.18, 95% CI 0.11 to 0.26) were positively associated with women’s BMI. The BMI of the women was higher among 
household heads who had attended primary education. Furthermore, women’s BMI was lower among CBHI. An increase 

Table 3.  Multilevel regression model to measure association between BMI, outcome variable, and different covariates.

Variables β coefficient (95% CI) P-value

Age in years -0.01 (-0.02 - -0.001) 0.023

NDVI$ 0.72 (0.27 - 1.17) 0.001

HHFS# 0.52 (0.37 – 0.68) <0.001

Household safety net beneficiary

Yes 1:00

No 0.26 (0.07 - 0.45) 0.006

Total energy expenditure in a day 0.18 (0.07 – 0.30) 0.001

Community based health insurance member

Yes 1:00

No 0.43 (0.19 - 0.67) 0.001

Household wealth status 0.18 (0.10 - 0.26) <0.001

Household head education attended 1–6 grade

No 1:00

Yes 0.48 (0.27 - 0.68) <0.001

Household head occupation

Employed/trader 0.22 (0.01 - 0.44) 0.033

Others 1:00

$:Average Normalized Difference Vegetation Index (lag two months); #: Average household Food security score.

https://doi.org/10.1371/journal.pclm.0000452.t003

Table 4.  Fixed panel data estimation of the predictors of BMI.

BMI β Coefficient (95% Confidence Interval) P-value

NDVI 0.67 (0.45, 0.88) <0.001

HHFS 0.02 (0.01, 0.03) <0.001

TEE 0.02 (-0.03, 0.08) 0.58

BMI: Body Mass Index; NDVI: Normalized Difference Vegetation Index; HHFS: Household Food Security; TEE: Total Energy Expenditure.

https://doi.org/10.1371/journal.pclm.0000452.t004

https://doi.org/10.1371/journal.pclm.0000452.t003
https://doi.org/10.1371/journal.pclm.0000452.t004
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in women’s age was negatively associated with their BMI. No significant association was observed between the safety net 
beneficiary and the household head’s occupation.

NB: Categorical variables coded as CBHI (0 = no, 1 = yes), Safety net (0 = no, 1 = yes) TEE: Total energy expenditure in 
kilo calories a day.

Discussion

As we hypothesized, our study shows a direct effect of rainfall on the NDVI and an indirect effect of the NDVI via HHFS 
on women’s BMI. Using a cohort design, we ensured a temporal relationship between the main exposures preceding the 

Table 5.  Mediation analysis of the direct, indirect, total, and proportion of total effect mediated on women’s BMI (outcome variable).

Effect of Outcome Direct effect (95% CI) Indirect effect 
(95% CI)

Total effect (95% CI) Proportion of total 
effect mediated

NDVI$ BMI via HHFS 0.66 (0.22 to 1.10)** -0.20 (-0.28 to 
-0.13)***

0.46 (0.01 to 0.90)* 0.43

HHFS# BMI 0.06 (0.04 to 0.07)*** 0.06 (0.02 to 0.09)***

CBHI& BMI via HHFS -0.50 (-0.74 to -0.27)*** -0.99 (-1.54 to 
-0.44)***

-0.36 (-0.60 to -0.13)** 2.75

HH@ head education 1 to 6 BMI via HHFS 0.67 (0.47 to 0.87)*** 1.10 (0.66 to 
1.55)***

0.76 (0.56 to 0.96)*** 1.45

Safety net BMI -0.15 (-0.33 to 0.02) -0.15 (-0.33 to 0.02)

Wealth status BMI via HHFS 0.18 (0.10 to 0.26)*** 0.02 (-0.01 to 0.06) 0.18 (0.11 to 0.27)*** 0.11

Occupation BMI via HHFS -0.19 (-0,41 to 0.01) 0.15 (-0.04 to 0.34) -0.24 (-0,46 to -0.03)* 0.63

Age BMI -0.01 (-0.02 to 0.003)* -0.01 (-0.02 to 0.003)*

RF## NDVI 0.0036(0.003 to 0.004)***

TEE§ BMI via NDVI 0.17 (0.06 – 0.27) ** -0.02 (-0.04 to 
0.01)

0.17 (0.07 – 0.28)** 0.12

$: Normalized Difference Vegetation Index; #: Household food security score; &: Community Based Health Insurance; @: Household; ##: Rainfall. The 
final model was selected using AIC, §: Total energy expenditure in kilo calories a day.

https://doi.org/10.1371/journal.pclm.0000452.t005

Fig 4.  Path diagram showing the relationship between changes in women’s BMI measured quarterly between June 2021 and June 2022) and 
lag in rainfall, NDVI, and HHFS.

https://doi.org/10.1371/journal.pclm.0000452.g004

https://doi.org/10.1371/journal.pclm.0000452.t005
https://doi.org/10.1371/journal.pclm.0000452.g004
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mediator and the outcome. Thus, the mediation analysis enabled us to assess likely causality and reduce confounding. 
Furthermore, our relatively short research shows that climate variability is a stress multiplier to factors that indirectly or 
directly affect nutrition and health, such as wealth, health insurance, education, and workload.

Our analytical model accounted for data clustering at the Kebele and household levels to obtain a precise measure 
of the coefficients’ standard error. We adjusted for potential confounding effects of important sociodemographic vari-
ables. The time sequence of the occurrence of exposure, mediator, and outcome variables was used to build a mediation 
analysis model, adding evidence to claim for cause links between climate variability and crop production, household food 
security, and malnutrition.

The advantage of studying in smaller areas is that it enables us to address details obtained through household studies. 
Even if this may limit the generalization of the findings, the study area is representative of drought-prone and subsistence 
farming rural communities in Ethiopia, a country with repeated episodes of climate variability and change, crop failures, 
and famines.

Although NDVI data correlates well with food production, future studies should validate the use of remote sensing with 
the variety of foods produced on local farm plots. Furthermore, our study used self-reports while measuring HHFS, which 
might introduce measurement bias as participants, might have reported a household’s food insecurity with the expecta-
tion of getting food aid. However, earlier and repeated validation studies from similar areas in Ethiopia assessed the food 
insecurity measuring tool as reliable [17,18].

Another limitation is that our mediation model simplifies the real world. However, our approach represents an improve-
ment from previous correlational analysis as we put the variables in a clear time frame with some events preceding the 
intermediary and outcome.

Furthermore, there are variables that we did not measure that affect crop production. Thus, we may have missed 
potential residual confounders. The strength of our study is that it represents a random sample of households. We have 
taken the estimation of sample size and in the analysis (multilevel analysis) to minimize such a bias. Moreover, no multi-
collinearity was found during our assessment of the multicollinearity problem. However, as we did not collect these (hid-
den) variables, we still believe our crude model is correct as it agrees with previous findings.

Our study confirms earlier results from Ethiopia and Africa that rainfall was associated with NDVI, a proxy for crop 
production, and that crop production, household food security, and wealth were correlated to an increase in women’s BMI 
[31–34]. Unlike previous studies in southern Ethiopia, we did not find an association between using the safety net pro-
gram (SNP) and women’s BMI [35]. Similarly, we did not demonstrate any effect of the Safety Net program. However, the 
number of persons using health insurance and the safety net program was small, and an inadequate sample size could 
explain the lack of associations in our study. On the other hand, our mediation model improved when including these 
variables.

The need for longitudinal data is a severe constraint for researchers in countries such as Ethiopia. Our study demon-
strates that it is possible to retrospectively access valid climate data from publicly available sources and combine them 
with relatively short-duration studies.

Conclusion

Climate variability, crop production, and household food security could be causally linked to women’s nutritional sta-
tus, suggesting that rural people depending on rain-fed subsidence farming for crop production are vulnerable to the 
impact of climate variability. Government interventions such as education, CBHI, and safety net could help mitigate 
the effect of climate variability. In the current study area, mitigating climate variability through improving house-
hold food security, wealth status, and educational status could reduce the climate variability stress in the affected 
populations.
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