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Abstract:  

Ethiopia is highly vulnerable to droughts due to its geographic features and the effects of 

climate change. Droughts contribute to child undernutrition by disrupting food security, yet little 

is known about the extent to which social protection systems can buffer these impacts. Using 

panel data from the Young Lives cohort study (2009–2017), we examined how drought exposure 

during early childhood influences adolescent nutritional outcomes and whether Ethiopia’s 

Productive Safety Net Program (PSNP) mitigates these effects. The dataset includes information 

on children’s anthropometric status, food aid participation, and historical community-level 

weather records. Droughts were defined using the Standardized Precipitation Index (SPI), with 

values below –1 indicating drought conditions. Associations were assessed using Generalized 

Linear Mixed-Effects Models (GLMMs), with bootstrapping to obtain robust standard errors. 

Results indicate that exposure to a 24-month drought is associated with both chronic and 

acute undernutrition, while 12-month droughts were associated only with acute undernutrition. 

Six-month drought was not associated with either outcome. Participation in PSNP significantly 

reduced the likelihood of undernutrition among children affected by prolonged (12- and 24-

month) droughts, suggesting a protective effect of sustained food assistance. 

These findings highlight the critical role of long-term social protection and food aid 

programs in buffering children from the nutritional impacts of climate shocks. Strengthening and 

expanding such programs will be essential for safeguarding child health and resilience in 

drought-prone settings amid a changing climate. 

Key Words: drought, climate change, child undernutrition, food aid, Ethiopia 

 

 

 

 

  



 

   

 

1. Introduction 

Climate change has increased the frequency and intensity of climate shocks worldwide. 

Climate shocks are extreme natural events that may occur rapidly, such as floods, or develop 

gradually over time, such as droughts. Droughts can be categorized into four broad types: 

meteorological, defined by a sustained period of below-average rainfall; agricultural, marked by 

insufficient soil moisture to support crop and pasture growth; hydrological, characterized by 

reduced surface and subsurface water resources; lastly, socioeconomic, occurring when water 

scarcity disrupts the supply of goods and services and altering livelihoods and economies 

(NOOA, n.d.; Wilhite et al., 2007; Wilhite et al., 2005). Ethiopia is highly vulnerable to droughts 

due to its geography, with the eastern regions receiving significantly less precipitation than the 

southern areas. During El Niño events, rainfall declines across the entire country (McSweeney et 

al., 2006). In Ethiopia, drought conditions are typically identified when seasonal precipitation 

decreases by 30% to 50% below normal levels (Mera, 2018). Such a decline in precipitation has 

significant implications for human health.  Droughts undermine all dimensions of food security, 

including food production availability,  utilization, and stability (FAO, IFAD, UNICEF, 2018). 

In 2016, during the main growing season, 75% of crops were lost due to drought, and 1 million 

livestock died (ACAPS, 2016). Disruptions to food security significantly increase the risk of 

undernutrition and associated health issues, especially amongst children. 

Previous research shows that droughts can contribute to increased rates of child 

malnutrition. This health disturbance can impair children’s growth, development, and even their 

future socio-economic status (Hirvonen et al., 2020). Undernutrition, a type of malnutrition, is 

the inadequate intake of nutrients, which can be manifested through chronic and acute forms. 

Stunting, a chronic form of undernutrition, results in low height-for-age and is typically caused 

by prolonged inadequate nutrition or recurrent illness. Acute forms of undernutrition typically 

result from sudden and severe weight loss, and are characterized by low weight-for-height 

(wasting) and low BMI (thinness) (DHS, 2021; UNICEF n.d.; Young Lives, 2018). As of 2022, 

34.4 % of children under 5 years of age in Ethiopia experienced stunting (Ritchie, 2022), and in 

2019, 7% experienced wasting (DHS, 2021). Important determinants of children’s nutritional 

status identified in the literature include place of residence, mother’s education level, household 

wealth, sex of child, and household size (Tekile, Woya, and Basha, 2019). Other causes for child 



 

   

 

malnutrition are maternal malnutrition, limited access to clean water and sanitation, and food 

insecurity (UNICEF, n.d.). There is also growing recognition that climate change significantly 

affects child nutrition. In Ethiopia, an agriculturally dependent country, droughts directly impact 

food production and household wellbeing. Droughts can result in reduced dietary diversity, food 

quality,  household incomes, and increased risk of infectious diseases due to deteriorating water 

quality (Dimitrova, 2021). Undernutrition remains a major threat to child health in Ethiopia. It 

has been estimated that one-third of child deaths in the country are due to undernutrition (Tekile 

et al., 2019). To address this issue, governments and humanitarian organizations have 

implemented food aid programs. In Ethiopia, the Productive Safety Net Program (PSNP) is a key 

initiative aimed at promoting child health by improving household food security and promoting 

child health during climate stress events.  

The PSNP was launched in 2005 as a result of a government review of Ethiopia’s 

emergency food aid system (IFPRI Ethiopia, 2021), and in its first year, it supported 

approximately 11% of the country’s population (Sabates-Wheeler and Devereux, 2010). The 

program distributes aid through two methods. Assistance through public works, where 

beneficiaries provide labor in exchange for aid, or through direct support in cases where physical 

labor can’t be provided. Additionally, the program is unique as it has different forms of food aid. 

It can provide aid in the form of cash transfer, direct food aid (grains and cooking oil), or a mix 

of both for every six months over five years (Debel et al., 2015; Sabates-Wheeler and Devereux, 

2010). Understanding the benefits of programs like the PSNP for child nutrition is crucial, 

especially as recurrent droughts put them at higher risk of undernutrition.  

This project will add to the existing literature on child undernutrition by exploring the 

contribution of climate shocks to nutritional health. More specifically, analyze how experiencing 

droughts in early life and adolescence impact child nutrition in Ethiopia and the extent aid 

programs, like PSNP, can mitigate these effects. The Young Lives dataset from the University of 

Oxford allows us to understand these relationships by tracking the same children over 15 years, 

collecting information on their health, household characteristics, PSNP participation, and 

community-specific weather data.  

2. Methodology:  

2.1. Data sources  



 

   

 

a. Young Lives Data 

The Young Lives Data is a longitudinal study by the University of Oxford aiming to 

understand the mechanisms driving poverty in low- and middle-income countries. The study 

began in 2002 and follows approximately 12,000 children through four countries: India, 

Ethiopia, Peru, and Vietnam. It collects basic information about the child participants, their 

household, and their community characteristics. The study has completed five waves, conducted 

every four years, with the most recent in 2016-17, and is working on publishing the data for the 

most recent wave. In each country, the children are grouped into the older cohort (starting 

average age of 8 years old) or the younger cohort (starting average age of 1 year old). 

Information on the older cohort was not included in the study as their starting age does not 

provide continuous data from their early childhood. This study focuses on Ethiopia’s younger 

cohort, composed of approximately 2,000 children and whose information from all rounds is 

included in the constructed data file. Out of the 214 available variables in the data, 34 were 

selected for analysis, centering around the child's nutritional status, demographics, parental 

literacy, household wealth, and food aid, among others. The data was organized using the 

packages “tidyverse” in R. Through the organization process, rounds 1 and 2 were excluded from 

analysis, as they don’t include information on food aid. Finally, the variable “aid” was created, 

which recorded if children received aid by identifying if children received aid through public 

works or direct support.  

b. Matched Climate Series Data  

The Young Lives database also provides a dataset with the weather information for all 26 

communities included in the Ethiopian cohort. This dataset is derived from the Terrestrial Air 

Temperature and Precipitation Gridded Monthly Time Series from the University of Delaware 

(UDel). It combines the monthly precipitation and temperature data for each community from 

1900 to 2017. An example for one community is provided in Appendix Figure A1. The 

precipitation data was used to calculate the Standard Precipitation Index (SPI) for each 

community over three different periods (6 months, 12 months, and 24 months) prior to the 

interview data. The “SPEI” package in R was applied to calculate the SPI values, which were 

linked to individual children based on their community ID to determine drought exposure. SPI 



 

   

 

values below -1 were classified as drought events and coded as 1, and all other values were 

coded as 0 for no drought. 

2.2 Data Analysis  

a. Regression Model 

To understand the relationship between drought, undernutrition, and food aid status, the 

Generalized Linear Mixed-Effect Model (GLMM) was used. This model extends the Generalized 

Linear Model (GLM) by incorporating both fixed and random effects, making it particularly 

useful for analyzing grouped data. The random effects account for unobserved heterogeneity at 

the child (childid) and community (commid) levels, reflecting repeated observations and 

clustering. The fixed effects include the primary variables of interest, drought exposure, child’s 

nutritional status in the previous survey round, child’s sex, religion, residence type (urban/rural), 

household size, sex of household head, parental literacy, and household wealth group. This 

model was conducted using the “lme4” package in R, and the resulting estimates represent the 

prevalence ratio (PR). The PR is the extent to which the children exposed to each factor are 

associated with the likelihood of experiencing stunting or thinning.  

b. Bootstrapping   

Bootstrapping was used to calculate robust standard errors by repeatedly resampling the 

dataset with replacement and re-estimating the model across 1000  iterations. This procedure was 

implemented using the “boot” package in R. The variability in the resampled estimates was used 

to derive 95% confidence intervals, which were then visualized using coefficient plots. This 

approach enhances the reliability of the PR by relaxing standard parametric assumptions. 

c. Assessing Heterogeneity Using the Wald Test  

The regression model described above was estimated separately for children who 

received aid and those who did not. This step assesses whether aid impact of drought differed 

between the two groups. A Wald test was then conducted to evaluate whether the differences in 

the effect estimates were statistically significant. Specifically, the Wald test compares the 

coefficients across the two groups using the following formula: 

Wald Test Equation:  



 

   

 

1. 𝑧 = (ఉ1−ఉ2)√(ௌா1)2+(ௌா2)2    

1ߚ ● = Coefficient for drought in the “Aid Received” model 

2ߚ ● = Coefficient for drought in the “No Aid Received” model 

1ܧܵ  ● = Standard error for 1ߚ  

2ܧܵ ● = Standard error for 2ߚ 

݌ .2 − ݁ݑ݈ܽݒ = 2  (((ܼ)ݏܾܽ−)݉ݎ݋݊݌)

A resulting p-value less than 0.05 indicates a statistically significant difference in the 

drought effect between the two groups. 

 

3. Results: 

There are a total of 9,995 data entries for the young cohort from rounds conducted 

between 2009 and 2017. Out of the total entries, 5,552 include complete information for stunting, 

and Table 1 summarizes them by child and household information. In rounds 3 to 5, there are a 

total of 1,405 observations of stunting in children. Round 4 recorded the highest stunting 

prevalence with 39% of the observations, followed by 33% and 28% from Rounds 5 and 3, 

respectively (Table 1). The child information in Table 1 indicates that 62% of observed cases 

were boys and only 38% were girls, and 80% belong to a Christian religious group. From the 

household information, it's shown that stunted children primarily live in rural areas (76%), have 

a male household head (76%), a household size of 6-10 people (59%), and are in the medium 

wealth group (46%).  Additionally, 24% of stunted children had moms without literacy skills, 

and 54% had dads without literacy skills.  

A similar trend is observed for the total of 5,532 cases with complete data for thinning. 

Table 1 shows that out of the total cases, 1,812 experienced thinness in rounds 3 to 5.  Almost 

half the children were classified as thin in Round 4 (42%), while 36% and 22% were classified as 

thin during Rounds 5 and 3, respectively. More than half of the cases were boys (59%) from a 

Christian religious group (84%). Based on the household information,  most of the children 

classified as thin live in a rural area (71%), in a household of 6 to 10 people (59%), belong to a 

medium wealth group (42%), and have a male-headed household (77%). The children also had 

29% and 61% of moms and dads, respectively, without literacy skills.  



 

   

 

Table 1.  Prevalence of stunting and thinning in the Young Lives younger cohort 

(Rounds 3 to 5). Total cases are broken down by round, type of residence, child’s sex, child’s 

religion, parent’s literacy status, household size, and the household’s wealth index. 

 



 

   

 

Table 2.  Food aid status among Young Lives young cohort participants (Rounds 3 to 5). 

The table demonstrates the distribution of children who received support from the Productive 

Safety Net Program (PSNP), categorized into those who received any aid (left column), direct 

support only (middle column), and public works support only (right column). Rows indicate 

receipt of aid during different drought periods and the recipient’s household characteristics 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

   

 

Table 2 describes the cases of children who received any form of food aid from PSNP. A 

total of 1,194 cases of children receiving aid either by direct support or public labor were 

recorded. Among these, 34% received aid during a 12-month drought period, followed by 15% 

during a 6-month drought, and 14% during a 24-month drought. A similar trend is observed for 

direct support and labor aid. Most of the direct support was distributed during a 12-month 

drought (30%), and 16% was distributed for both a 6-month and a 24-month drought. The 

distribution of aid through public works was 35%, 16%, and 15% for a 12, 6, and 24-month 

drought, respectively. The direct support program assisted 33% of children who were stunted, 

and 37% of children classified as thin. Overall, 30% of the children receiving any form of aid 

experienced stunting, and 35% thinness. A total of 89% of the children who received any form of 

aid resided in rural areas, compared to 11% in urban areas. Aid was more common among 

children from households with 6-10 members (58%) and those in the medium wealth group 

(50%). Additionally, children whose mothers were literate were more likely to receive aid as 

compared to children whose fathers were literate. For example, 83% of children who received 

any form of aid lived in households with moms who are literate, versus 45% of children in 

households with literate dads. This trend can also be observed in individuals across the different 

types of aid received. For direct support, maternal literacy was 87%, and paternal literacy was 

only 40%. While for public work aid, maternal literacy was 83%, and paternal literacy was  45%.  

 

 

 



 

   

 

 

Figure 1. Associations between drought exposure and undernutrition outcomes (stunting 

and thinness). The y-axis shows the prevalence ratio and 95% confidence intervals. Each graph 

panel shows the results for a specific drought period: 6 months (left), 12 months (center), and 24 

months (right). 

 

Figure 2. Associations between drought exposure and undernutrition outcomes (stunting 

and thinness), stratified by food aid status. The y-axis shows the prevalence ratio and 95% 

confidence intervals. Each panel shows the results for a specific drought period: 6 months (left), 

12 months (center), and 24 months (right). 

 

The results from the GMLER model and bootstrapping are shown in Figures 1 and 2. In 

Figure 1, exposure to a 6-month drought was associated with a 5% increase in the prevalence of 

stunting (PR = 1.05 with 95% CI: 0.908-1.213) and an 8% increase in the prevalence of thinness 

(PR = 1.08 with 95% CI: 0.942-1.227). A 12-month drought was not associated with an increase 

in the prevalence of stunting (PR = 1.00 with 95% CI: 0.863-1.176), but it was associated 12% 

increase in thinness prevalence (PR = 1.12 with 95% CI: 0.991-1.262).  Lastly, exposure to a 24-

month drought was associated with a 30% increase in the prevalence of stunting (PR = 1.30 with 

95% CI: 1.086-1.555) and a 27% increase in the prevalence of thinness (PR = 1.27 with 95% CI: 

1.084-1.496). The impacts of droughts on the prevalence of nutritional status were not 



 

   

 

statistically significant for 6-month and 12-month droughts. The changes in prevalence during 

the 24-month drought are associated with high statistical significance.  

In Figure 2, this same relationship is assessed by food aid status. Exposure to a 6-month 

drought among children who received aid did not affect the prevalence of stunting (PR = 0.970 

with 95% CI: 0.696-1.352) or thinning (PR = 1.037 with 95% CI: 0.761-1.414). Similarly, 

exposure to a 6-month drought did not affect the prevalence of stunting and thinness among 

children who did not receive food aid  (PR = 0.835 with 95% CI: 0.641-1.088 for stunting and 

PR = 1.074 with 95% CI: 0.861-1.338 for thinness). Exposure to a 12-month drought was not 

significantly associated with the prevalence of stunting or thinness among children who received 

food aid. Among children who did not receive food aid, exposure to a 12-month drought showed 

a positive association with thinness, however, this association did not reach statistical 

significance. 

Lastly, exposure to a 24-month drought among children who received aid did not affect 

the prevalence of stunting (PR = 0.97 with 95% CI: 0.669-1.409) and thinness (PR = 1.02 with 

95% CI: 0.716-1.455). However, among children who did not receive aid, exposure to a 24-

month drought was associated with a substantial and statistically significant increase in stunting 

(24% increase; PR = 1.24, 95% CI: 1.026–1.501) and thinning (23% increase; PR = 1.23, 95% 

CI: 1.029–1.474). The Wald test did not indicate statistically significant differences between the 

aid and non-aid groups for any of the drought exposure periods (Table 4). 



 

   

 

 

Figure 3. Total number of cases from rounds 3 to 5 of children experiencing stunting or 

thinness, grouped by food aid status from the Productive Safety Net Program (PSNP). The light 

orange section represents the cases that are aid recipients, while the dark orange section 

represents the cases that are not aid recipients.  

 

Table 4. P-values from the Wald test assessing differences between aid and non-aid groups 

across the three drought durations (6 months, 12 months, and 24 months).  

  

 

 



 

   

 

In Figure 3, the total number of cases of stunting and thinness is displayed based on food 

aid status. Through rounds 3 to 5, there were a total of 1,405 observations of stunted children. 

However, only 360 of those, around 26%, received food aid from the PSNP program. In the case 

of thinness, there were 1,812 observations of children classified as thin, and only 23% of those 

received aid.  

 

4. Discussion: 

4.1. Droughts and Child Nutrition 

The most prevalent type of undernutrition among the study population is thinness. From 

Rounds 3 to 5, there are 1,812 cases of thinning compared to 1,405 stunting cases, as shown in 

Figure 3. Thinness is defined as low BMI for age, meaning droughts can have an acute effect on 

children's health by leading to a rapid weight loss. Stunting, by contrast, is a form of chronic 

undernutrition that affects a child’s linear growth, and there could be a lag between the period of 

drought exposure and the growth deficit experienced by the child. This is further explained by 

analyzing child undernutrition through different drought durations. By analyzing the Young 

Lives data, the study explored the relationship between short and long-term droughts and child 

malnutrition. Short-term droughts were identified for the 6-month period prior to the interview 

date, while 12 and 24 months were used to identify longer-term droughts. Of the three drought 

periods, the 24-month drought increased the prevalence of stunting and thinning among the 

young cohort. During this long-term drought, stunting increased by 30% and thinning by 27%, 

compared to the 5% for stunting and 8% for thinning during a 6-month drought (Figure 1). This 

finding demonstrates that the longer the duration of the climate shock, the more chronic the 

effects are on nutritional status. In other words, the findings suggest that the accumulation of 

drought periods has a greater impact on child undernutrition than the initial months of drought, 

indicating that adverse nutritional effects may emerge only after prolonged exposure. This 

finding is consistent with previous research, suggesting that exposure to droughts in early life 

can have a lasting impact on child nutritional outcomes later in life. For example, exposure to 

drought at the ages of 5 and 8 years was associated with changes in height-for-age z-scores at the 

age of 12 years (Bahru et al., 2019). This means children are not vulnerable to climate shocks 

just in their early childhood, but also in their adolescence. Therefore, it’s important to assist 



 

   

 

children exposed to droughts beyond the first few months of exposure and the first 5 years of 

life.  

 

4.2. Droughts, Child Nutrition, and Food Aid 

This study shows evidence for the potential of food aid to mitigate the impacts of drought 

on child nutrition. Receiving aid was associated with a lower prevalence of stunting or thinness 

amongst children exposed to prolonged drought. In contrast, among children who did not receive 

aid, long-term drought was associated with a 24% increase in stunting and a 23% increase in 

thinness. This finding provides evidence that the PSNP program in Ethiopia helps mitigate the 

adverse effects of climate shocks, particularly droughts, on child nutritional outcomes, consistent 

with previous research (Bahru et al., 2019). Child undernutrition can be alleviated by access to 

resources such as food aid. However, not all children impacted by climate shocks have access to 

this type of assistance. Only 26% and 23% of children suffering from stunting and thinness, 

respectively, receive food aid through the PSNP program. These low percentages may be 

attributed to underlying determinants of child undernutrition, including place of residence, 

household size, and parental literacy. As shown in Table 2, 83% of cases of children who 

received aid had literate mothers, and 45% of cases had literate fathers. This suggests that 

children with literate parents are more likely to access food aid (Wake et al., 2023). In particular, 

paternal literacy may increase the likelihood of receiving food assistance during climate shocks 

by increasing access to information. Additionally, previous studies have shown that PSNP can be 

beneficial for child nutrition in the short term by increasing their weight-for-height z-scores, thus 

reducing the prevalence of acute undernutrition (Debela et al., 2015). It is important that 

policymakers establish and support food aid programs such as PSNP, as these can safeguard the 

health and development of the younger population. 

 

4.3. Limitations and future work  

This study uses longitudinal survey data and climate data matched to the location of 

survey participants shared by the Young Lives Cohort Study conducted by the University of 

Oxford. While the longitudinal nature of the study is a major advantage, there are only 26 

communities included in the Ethiopian cohort, which may not be representative of the whole 

country. Additionally, some of the information was not collected in all survey rounds. For 



 

   

 

example, underweight data for children was only available in rounds 1 to 3, while information 

about food aid status was only available in rounds 3 to 5. This data discontinuity led to dropping 

underweight as an undernutrition parameter, and the analysis was restricted to survey rounds that 

included information on food aid. A further limitation of this study is that the PSNP program 

offers food aid in the form of direct cash payments, food distribution, and a mix of both. 

However, the Young Lives study does not clarify this information. The study only identifies two 

ways in which aid can be obtained, either through direct support or through public labor.  

Future research can expand this analysis by using the data collected by Young Lives in 

India, Peru, and Vietnam. This can provide important information on the variability of climate 

shocks' impacts on child undernutrition across countries. Additionally, future research can 

compare food aid programs and highlight characteristics that mitigate the relationship between 

climate shocks and child nutrition. In particular, the effectiveness of food aid delivered through 

cash payments, food distribution, or a mixture of both can be assessed. Such research can benefit 

policymakers by identifying strategies that maximize the benefits of food aid programs, such as 

the PSNP program in Ethiopia, during climate shocks. Future research could also focus on 

understanding the impacts of droughts on child nutrition during different seasons (e.g., 

agricultural and non-agricultural). This approach can help identify the most important 

mechanisms through which droughts impact child nutrition and inform the design of policies that 

are most effective in mitigating these impacts.  

 

5. Conclusion: 

As droughts increase in frequency and intensity, their impact on child nutrition is 

growing. Using Young Lives data for approximately 2,000 children from 2009 to 2017 in this 

study shows that long-term droughts lasting 24 months impact child undernutrition. This long-

term drought is associated with increased prevalence of both stunting and thinness, whereas 

shorter droughts of 6 and 12 months show no associations with these outcomes. Results also 

show that receiving aid during the 24-month drought period mitigates the impact of droughts on 

both stunting and thinness. This implies that Ethiopia’s delivery of food aid through the 

Productive Safety Net Program should be expanded to all children experiencing a drought. In the 

study sample, only 26% of the stunted children and 23% of the children experiencing thinness 

received any form of aid through PSNP.  This low number of aid distributions amongst children 



 

   

 

experiencing undernutrition indicates that the food aid distribution can be expanded.  By doing 

so, governments can improve the health of children. This can have significant implications, as 

good nutrition can improve the cognitive performance of children in school and hence the 

country’s future economic development. Although the Young Lives data has some limitations, it 

offers a valuable opportunity to analyze the relationship between droughts, child undernutrition, 

and food aid. Therefore, it is important that the University of Oxford continues to conduct this 

survey and that similar research leveraging recent weather data is conducted in other countries.  

 

  



 

   

 

6. Appendix:  

 

Figure A1. Weather plots showing the matched weather series for community ET10121. (Left) 

Monthly mean temperature, (middle) Monthly Total Precipitation, (middle) SPI-3, (right) SPI 6. 

 

  



 

   

 

Table A1. Summary of the rounds from the Young Lives data organized by the year of the 

survey.  

 

 

 

  



 

   

 

Table A2. Summary of the total cases from rounds 3 through 5 that experienced drought-based 

on the SPI value <-1 for each drought period of 6, 12, and 24 months. 

 

 

 

 

 

 

 

 

References: 



 

   

 

 

1. ACAPS. (2016). ACAPS Report: Ethiopia Drought and Food Insecurity [PDF]. 

Reliefweb https://reliefweb.int/report/ethiopia/acaps-briefing-note-drought-and-food-

insecurity-ethiopia-23-march-2016  

2. Briones, Kristine. (2018). A Guide to Young Lives Rounds 1 to 5 Constructed Files 

[PDF]. Young Lives. 

https://www.younglives.org.uk/sites/default/files/migrated/YL%20Technical%20Note%2

048%20A%20Guide%20to%20R1%20to%205%20Constructed%20Files.pdf  

3. Bahru, B. A., Bosch, C., Birner, R., & Zeller, M. (2019). Drought and child 

undernutrition in Ethiopia: A longitudinal path analysis. PLOS ONE, 14(6). 

https://doi.org/10.1371/journal.pone.0217821 

4. Hirvonen, K., Sohnesen, T. P., & Bundervoet, T. (2020). Impact of Ethiopia’s 2015 

drought on child undernutrition. World Development, 131, 104964. 

https://doi.org/10.1016/j.worlddev.2020.104964 

5. Mera, G. A. (2018). Drought and its impacts in Ethiopia. Weather and Climate Extremes, 

22, 24–35. https://doi.org/10.1016/j.wace.2018.10.002 

6. McSweeney, C., New, M., & Lizcano, G. (2006). UNDP Climate Change Country 

Profiles: Ethiopia. 

https://digital.library.unt.edu/ark:/67531/metadc226682/m2/1/high_res_d/Ethiopia.hires.r

eport.pdf  

7. Ritchie, H. (2022, February 4). What is childhood stunting?. Our World in Data. 

https://ourworldindata.org/stunting-definition 



 

   

 

8. Young Lives. (n.d.).Data & Research | Young Lives. https://www.younglives.org.uk/data-

research#:~:text=Our%20ground%20breaking%20longitudinal%20research,for%20studi

es%20of%20this%20kind. 

9. FAO, IFAD, UNICEF, WFP and WHO. 2018. The State of Food Security and Nutrition 

inthe World. Building Climate Resilience for Food Security and Nutrition. Rome,Italy  

https://openknowledge.fao.org/server/api/core/bitstreams/f5019ab4-0f6a-47e8-85b9-

15473c012d6a/content  

10. FAO. (2021).The impact of disasters and crises on agriculture and food security  

https://openknowledge.fao.org/server/api/core/bitstreams/30c0d98d-1c21-48ef-b5d9-

8d988e6fa6f2/content 

11. Nutrition and care for children with wasting. UNICEF. (n.d.). 

https://www.unicef.org/nutrition/child-

wasting#:~:text=Wasting%20is%20the%20most%20immediate,developmental%20delay

s%2C%20disease%20and%20death. 

12. Ethiopian Public Health Institute & Federal Ministry of Health. (2021, May). Ethiopia: 

Mini Demographic and Health Survey 2019. Rockville, Maryland, USA; The DHS 

Program. https://dhsprogram.com/pubs/pdf/FR363/FR363.pdf  

13. Tekile, A. K., Woya, A. A., & Basha, G. W. (2019). Prevalence of malnutrition and 

associated factors among under-five children in Ethiopia: Evidence from the 2016 

Ethiopia Demographic and Health Survey. BMC Research Notes, 12(1). 

https://doi.org/10.1186/s13104-019-4444-4 



 

   

 

14. Debela, B. L., Shively, G., & Holden, S. T. (2015). Does Ethiopia’s productive safety net 

program improve child nutrition? Food Security, 7(6), 1273–1289. 

https://doi.org/10.1007/s12571-015-0499-9 

15. IFPRI Ethiopia. (n.d.). https://essp.ifpri.info/productive-safety-net-program-psnp/ 

16. Wake, S. K., Zewotir, T., Lulu, K., & Fissuh, Y. H. (2023). Longitudinal trends and 

determinants of stunting among children aged 1–15 years. Archives of Public Health, 

81(1). https://doi.org/10.1186/s13690-023-01090-7 

 



  z =    (   𝛽 1 −   𝛽 2 )      ( S   E 1 ) 2 +    ( S   E 2 ) 2


    𝛽 1 =


    𝛽 2 =


  S   E 1 =


    𝛽 1


  S   E 2 =


    𝛽 2


  p − v a l u e = 2  ( p n o r m  ( − a b s  ( Z ) ) )

