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Abstract 

This paper presents a simple simulation framework for understanding and analyzing 

vulnerability to stunting. We utilize Demographic and Health Surveys merged with satellite 

data on climatic shocks. Children aged 0-5 years are grouped into three categories: consistently 

stunted, vulnerable, and non-vulnerable. The first group constitutes those who are stunted and 

will also be stunted in any hypothetical period.  Non-vulnerable are those whose likelihood to 

be stunted is zero. The vulnerable face a probability between 0 and 1 of being stunted. The 

probability is calculated as the share of years in which the child would be stunted, given the 

village level distribution of weather shocks over the period 2000-2013. We provide estimates 

of vulnerability to stunting in Burkina Faso, Northern Ghana, Mali, Northern Nigeria, and 

Senegal by aggregating over villages, districts and countries. 
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1. Introduction 

The 2030 Sustainable Development Goals (SDGs) offer a great opportunity for reorienting 

research and investment towards ending extreme hunger and malnutrition, which remains a 

huge barrier to growth in many developing countries. The SDGs aim to end all forms of hunger 

and malnutrition, as well as achieving food security and improved nutrition for people 

everywhere by 2030. In 2014, about 795 million people worldwide were chronically 

undernourished, often as a direct consequence of environmental degradation, drought and loss 

of biodiversity (FAO, IFAD and WFP, 2015).  Globally 161 million under-five years old were 

estimated to be stunted in 2013. The main factors affecting malnutrition are calories or proteins 

deficiency, but also poor hygiene, diseases, or limited access to clean water. All these factors 

impede the body’s ability to absorb nutrients from food and eventually result in manifestations 

of nutrient deficits such as stunting, wasting or being underweight. Stunting, the focus of this 

paper, is defined as low height-for age and is brought about by the cumulative effects of 

inadequate food intake and poor health conditions that result from endemic poverty (UNICEF, 

2009). Stunting is known to impede a child’s potential growth throughout the life cycle.  Sub-

Saharan Africa (SSA) is characterized by high stunting rates that often result from lack of 

access to reliable food systems due to adverse climatic conditions (Brown and Funk 2008; 

IPCC 20132).  Within SSA, the Sahel region, where about 15 million children are estimated to 

be stunted, stands out as a hotspot (Akombi, 2017). Part of the reason for higher rates of 

stunting in the Sahel is because the region is characterized by precarious socio-economic 

conditions and high volatility in rainfall (Sultan and Gaetani, 2016). The drying of the Sahel 

has been a steady process that began in the 1950s,  and constitutes one of the most consequential 

changes in observed global precipitation in the 20th century (Nicholson and Palao, 1993; Dai 

                                                           
2 Important climatic changes have affected Sub-Saharan Africa in the last 50 years. Each of the last three decades 
has been successively warmer at the Earth’s surface than any preceding decade since 1850 (IPCC 2013). 
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et al., 2004). From the 1970s, and through the 1990s, the region faced a prolonged and unusual 

dry spell. While there has been some recovery since the 1990s, rainfall variability remains high 

and, since 2000, there is yet no return to the relatively favorable precipitation trends of pre-

19703. Simulations regarding future conditions indicate that the Sahel is expected to experience 

a rapid increase in temperature and an even more erratic rainfall pattern (IPCC,2014). By 

shortening or rendering more uncertain the crop-growing cycle, these climatic changes  could 

lead to severe yield reduction (Cervigni, Valentini, and Santini 2013), thus threatening food 

production especially for subsistence farmers in the area. The Intergovernmental Panel on 

Climate Change (IPCC, 2014) points out that some of the major crops in Africa are highly 

sensitive to climatic changes and  that the current cropping areas for maize, millet and sorghum 

(some of the main staples produced in the Sahel) could become non-viable in the region4. In 

combination with large population growth rates, these patterns reflect an increasing risk of food 

insecurity for the region. 

Households in the Sahel region secure their livelihood mainly through rain-fed agriculture and 

on-farm activities. Climatic conditions and related shocks, thus, strongly influence their 

welfare. Given such a volatile environment and the uncertainty of climate change in coming 

decades, it becomes important to quantify the risks that endanger nutrition of these 

individuals/households to tailor policy interventions, which include prevention and mitigation 

strategies. For stunting, evidence suggests that pre-emptive intervention mechanisms tend to 

be some of the most effective (Shrimpton et al, 2001; Victora et al. 2010). Stunting, like other 

anthropometric indicators (e.g. wasting, BMI), is often modeled as a function of several child- 

and household-level characteristics such as sex, age, household wealth and parent’s occupation 

                                                           
3  According to  IPCC (2014) in Western Africa the average annual rainfall has dropped by an approximately 25–
50 mm each decade from 1951 to 2010 (IPCC 2014).  
4 Climate change is very likely to have an overall negative effect on yields of major cereal crops across Africa, 
though with strong regional variability in the degree of loss. Estimated yield losses at mid-century range from 
18% for southern Africa to 22% aggregated across sub-Saharan Africa. 
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that generate nutritional outcomes for children. In common usage it is conceptualized as either 

a binary outcome (stunted/non-stunted) or a height-for-age Z-score. It is normally calculated 

using cross-sectional surveys, and the most widely used data for this is the Demographic Health 

Surveys (DHS) that are typically collected every five years in each country. When modeled as 

a binary outcome, it requires setting a cut-off point for the height-for-age Z-score (HAZ), most 

often either at -2 or -3 standard deviation from the median of global height-for-age scores.  

Vulnerability to stunting, however, is conceptually different from stunting.  Vulnerability, as 

used here, is understood as expected stunting which by construction is an ex-ante measure that 

considers uncertainty of future outcomes. Therefore, a credible quantification of vulnerability 

relies on the derivation or recovery of a valid risk profile for each child (Calvo and Dercon, 

2005, 2013).  In the ideal case, it requires multiple observations per individual. But this is not 

often possible from existing anthropometric surveys, which provide a snapshot on malnutrition 

at a point in time, but don’t track individuals from one survey to another.   

The method we propose attempts to overcome these limitations from the available cross section 

data by developing a simple simulation framework for understanding and analyzing the concept 

of vulnerability to stunting induced by climatic shocks. We apply the framework to multiple 

rounds of DHS data merged with satellite data collected on precipitation and temperatures. The 

historical distribution of climatic shocks (2000-2013) in the location where the child lives, 

coupled with the estimated average effect of exposure to climatic variation on stunting are used 

to obtain a distribution of expected stunting status for each child. We show that in the West 

African Sahel region, a significant fraction of children that typically may or may not be counted 

as stunted at a given point in time, live under conditions that makes them vulnerable to stunting. 

Our results show that about 37 percent of children in the 5 countries in this study, are 

chronically stunted, and an additional 8 percent are vulnerable to stunting.  
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The rest of the paper is as follows. Next, we provide a background on the vulnerability 

literature, on the impact of shocks on stunting and finally a description of the set of data used 

for the analysis. We then present our estimation strategy and the results of our empirical 

analysis with the goal of understanding the effects of a shock on stunting and the distribution 

of stunted and vulnerable children. We close with a discussion on long-term strategies and 

policy implications for chronically deprived children. 

2. Vulnerability to stunting  

 

2.1 Vulnerability  

The concept of vulnerability in welfare analysis was first applied in the measurement and 

analysis of poverty. Poverty analyses generally focus on people who are currently poor. 

However, it was soon realized that such static measures of welfare outcomes did not fully 

account for the dynamic process of deprivation that characterizes the lives of many people in 

poor countries. The introduction of the concept of vulnerability sought to capture this dynamic 

and uncertain process (Dercon 2001; Hoddinott and Quisumbing, 2003).  

The literature on vulnerability can be roughly divided into four categories: vulnerability as the 

lack of ability to smooth consumption in response to shocks (Glewwe and Hall, 1998; Dercon 

and Krishan, 2000; Amin et al., 2003), vulnerability to expected poverty (Chaudhuri et al., 

2002; Chaudhuri, 2003; Christiansen and Subbarao, 2005; Zhang and Wan, 2009; Jha and Dang 

2010; Dang and Lanjouw 2014), vulnerability as expected utility (Ligon and Schechter, 2003) 

and an axiomatic approach that combines expected poverty with expected poverty depth (Calvo 

and Dercon, 2007, 2013; Dutta et al., 2011).  

The present study occupies the space between vulnerability to expected poverty (VEP) and the 

literature on chronic versus transient poverty (Duclos et al, 2010).  In VEP there is a basic 
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acceptance that vulnerability involves exposure to an adverse event that has not yet been 

realized. Second, there is a non-negligible probability that in the event of the shock there will 

be a loss of consumption or health. Lastly, a threshold that classifies households into vulnerable 

and non-vulnerable is defined. While adhering to these principles, our approach is similar to 

studies on chronic versus transient poverty (Foster, 2007; Hulme and Shepherd, 2003) in 

distinguishing between those who are consistently (chronically) stunted, and those who might 

be (transient) stunted if exposed to shocks. 

The methodological choices proposed in existing vulnerability studies are informed by the type 

of data that is available.  A desirable situation would entail having multiple observations (at 

least three) for the same individual/household (Skoufias and Quisumbing, 2003 and Landau et 

al., 2012). Although these types of datasets are not so common in developing countries 

(Ceriani, 2018), many cross sections are available.  Availability of multiple cross sections have 

led some studies to propose measures of vulnerability which are based on the construction of 

pseudo-panels from multiple rounds of cross-section data (Bourguignon et al., 2004; Dang and 

Lanjouw, 2014). Although pseudo-panels can be attractive, they rely on the assumption that 

the cross-section data contain information on all possible states of the world (Calvo and 

Dercon, 2013), by which we mean all possible shocks (and their probability distribution over 

time) which affect individual (or household) welfare.  That is difficult to verify and unlikely to 

be true even for a single shock. For example, climatic conditions in the Sahel region, as 

discussed before, are prone to changes over relatively short intervals and it is very possible that 

those prevalent during the survey years are very different from those prevailing in previous or 

following years. Moreover, we are not interested in all states of the world, but the influence of 

a specific state of the world – climatic shocks. Therefore, we follow an approach that explicitly 

models expected stunting from climate-related shocks, similar to Hill and Porter (2016) which 

looks at vulnerability to drought and prices in Ethiopia.  
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2.2 Climate shocks and anthropometric outcomes  

Several recent studies investigate the link between child anthropometric measures and weather 

shocks. Rabassa et al. (2014) describes the effect of weather shocks on children 

anthropometrics in rural Nigeria. Using the two most recent rounds of the Nigeria DHS, the 

authors show how rainfall shocks have a statistically significant and robust impact on child 

health in the short-run for both weight-for-height and height-for-age, and the incidence of 

diarrhea. Wang et al. (2009) analyzed the effect of extreme weather events, such as excess 

rainfall and extreme temperature increases on child mortality rates across 19 countries in Sub-

Saharan Africa. They find most reported impacts to be small, except for the incidence of 

diarrhea and weight-for-height malnutrition among children under the age of three, where 

reported impacts were of considerable magnitude. 

Skoufias and Vinha (2012) investigate the impacts of unusual weather conditions on stunting 

of children between 12 and 47 months of age in Mexico, using the 1999 National Nutrition 

Survey and meteorological data. They find that negative temperature shocks have negative 

impacts on height for children in higher altitudes and in the central and southern parts of the 

country. Using the Family Income and Expenditure Survey (FIES) and the Demographic and 

Health Survey, Anttila-Hughes and Hsiang (2013) document the effect of environmental 

disaster on economic and health outcomes in Filipino households. Their results show that 

although there is no evidence of rising infant mortality during or immediately after the exposure 

to climatic shock, typhoons cause infant mortality to increase the calendar year after the storm 

itself has passed. 
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2.3 Stunting  

Studies have shown that stunted growth (low height-for-age) has damaging irreversible effects 

on both physical and cognitive development since it hinders the affected children from reaching 

their educational and economic potential later in life (Black et al., 2013; Victora et al., 2008). 

What separates height-for-age from other commonly used anthropometric measures such as 

weight-for-age (underweight) and weight-for-height (wasting) is the long-term and irreversible 

effects resulting from temporary shocks. Whereas sudden weight losses caused by shocks can 

potentially be overcome, children who are stunted by the age of three are less likely to recover. 

Moreover, Currie and Vogl (2013) point out that the permanency of the effects enables the 

establishment of a link between shocks, stunting, and future outcomes (for example on school 

performance, Alderman et al., 2006; Leon, 2010).  

Overall, stunting is viewed as a condition that is primarily determined in the first 1000 days 

after conception. It is now believed that the failure of linear growth begins antenatally and 

continues over the first 24 months, with little apparent recovery thereafter (Victora et al., 

2010).  Measures and interventions promoting prenatal and postnatal baby growth as well as 

protecting and supporting the mother are found to have a positive effect up to 2 years of age, 

whereas there is no robust evidence on the causal link between catch-up growth after the first 

1,000 days and cognitive development (Sudfield, et al., 2015. Black et al, 2013, Kruger et al, 

2010, Barker et al, 1989). Furthermore, although children with low height-for-age at an age of 

two have been shown to have no weaknesses on daily living skills or social maturity, they fall 

behind in terms of motor skills and cognitive functioning (Casale et al., 2014).  The 

accumulating evidence on the critical importance of the first 1000 days have begun to inform 

policy (see also the campaign ‘Thousanddays’ on https://thousanddays.org/). 
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The focus on the first 1000 days does not ignore the  likely different risks across the different 

developmental stages from conception to the age of two (Prendergast and  Humphrey, 2014; 

Black et al, 2008). In our model we opt to use an average of the first 1000 days without 

differentiating the different risks between conception and other developmental stages for one 

main reason. Chances of catching up are much higher within rather than after the first 1000 

days. Children that caught-up from low height-for-age during infancy don’t show significant 

cognitive difference with those who were not stunted (Crookston et al., 2010).  Therefore, to 

simplify the analysis, we look at the overall effect of the entire period in order to isolate the 

impact of sequence of shocks which could have aggravated the height deficit.  

Although we focus on the first 1000 days, we do not discard from the analysis kids whose age 

at the time of the survey is above 24 months. DHSs have information on children from 0 to 5 

years of age. It is very possible that kids above 24 months might have experienced a shock in 

their first 1000 days which might have led to their present stunting condition. Keeping children 

between 2 and 5 years5 at the time of the survey in the analysis, allows us to gauge how climatic 

shocks that occurred during their early years (first 1000 days) could have affected their 

currently observed (or measured) heights. This inclusion makes the analysis more complete 

and more representative of the different climatic conditions in the region.  

In sum, while the literature which links weather shocks to anthropometric outcomes is gaining 

momentum, few studies explicitly extend this modeling to vulnerability. Moreover, existing 

studies on vulnerability, with few exceptions, predominantly use monetary measures of 

welfare, primarily consumption or income. When they are not using monetary measures, they 

usually use either assets or multidimensional poverty measures. To our knowledge, this is the 

                                                           
5 It is important to remember that available climatic data start in 2000. Therefore, for those above 2 years sampled 
in the first survey (2003) it was not possible to verify whether they experienced a shock in the first 1000 days.   

https://www.ncbi.nlm.nih.gov/pubmed/?term=Prendergast%20AJ%5BAuthor%5D&cauthor=true&cauthor_uid=25310000
https://www.ncbi.nlm.nih.gov/pubmed/?term=Humphrey%20JH%5BAuthor%5D&cauthor=true&cauthor_uid=25310000
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first attempt to model vulnerability to stunting, explicitly linking it to climatic shocks and, at 

the same time dealing with the lack of repeated information at individual level.   

3. Data and descriptive analysis  

Our analysis relies on Demographic and Health Surveys from five West African countries each 

having at least two rounds of geo-referenced data between 2000 and 2013. The data are 

representative at the national and regional levels. Geographic coordinates are available at the 

cluster (village) level. The analysis focuses on rural areas but the Appendix reports estimates 

combining urban and rural areas. The reason for this is twofold. First, prevalence rates in the 

sample considered are quite different: in rural areas stunting is at 42 percent and in urban areas 

at 29 percent. Second, climatic shocks tend to affect rural households more directly (e.g. 

through crops failure) whereas for urban dwellers the transmission mechanism is more indirect 

(e.g. through food prices or through increased exposure to vector borne diseases). Nonetheless, 

as discussed in the results section, the inclusion of urban areas does not alter the conclusions, 

but simply lowers the magnitude of the overall impact.   

Table 1. DHS Sample sizes of children ages 0-5  by countries and years used in the analysis 

 2003 2005 2006 2008 2010 2012 2013 Total 

Burkina Faso 9,130 - - - 7,026 - - 16,156 

North Ghana 1,096 - - 877 - - - 1,973 

Mali - - 12,498 - - 5,005 - 17,503 

North Nigeria 3,451 - - 14,854 - - 17,752 36,057 

Senegal - 3,291 - - 4,400 - - 7,691 

Total 13,677 3,291 12,498 15,731 11,426 5,005 17,752 79,380 

Rural 10,842 2,223 8,778 12,170 8,592 3,775 13,510 59,890 

Note: Urban areas are excluded from the analysis since, we argue, climatic shocks tend to affect rural households 
more directly (e.g. through crops failure) whereas for urban dwellers the transmission mechanism is more indirect 
(e.g. through food prices). Including urban areas, however, does not alter the conclusions, but lowers the 
magnitude of the estimates.  

Source: Demographic Health Survey (DHS) 
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The distribution of children aged 0-5 years across countries and rounds is shown in table 1. 

The indicator for the shock employed in this study is a composite climatic shock index that is 

based on greenness anomalies estimated by accumulated rainfall and temperature variations. 

Greenness anomalies can be defined as the lack of soil moisture required for plant growth. It is 

not, therefore a mere indicator of precipitation shortages but takes into account most of the 

circumstances leading to crop failure.  

In particular, we follow Fisker (2014) in using predicted greenness anomalies as our shock 

variable. The measure uses lagged monthly information on rainfall and temperatures to predict 

anomalies in the Normalized Difference Vegetation Index (NDVI) (Didan, 2018). We employ 

a tailored version of the West African climate data with a spatial resolution of 0.05*0.05 

degrees covering the months from February 2000 to December 2014. Figures 1 and 2 provide 

an overview of the key variables used for measuring weather shock. 

Figure 1. Yearly variation in weather indicators, all countries 

 
Note: Standardized anomalies on the vertical axis. Shock is the predicted greenness anomaly variable described 
in section 3.2. Negative values correspond to relative drought; positive to relative green conditions 

Source: Authors’ own computation using data from Didan 2018 
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A novel feature of the predicted greenness index is that the predicted NDVI anomalies leaves 

out all the variation in greenness caused by human activity. As an example, deforestation 

quickly reduces the greenness of an area without being associated with drought. 

Figure 2. NDVI, rainfall, and temperature; deviation from regional average by country 

 
Note: Regional average is equal 1 

Source: Authors’ own computation using data from Didan 2018 

For each DHS-cluster, monthly predicted greenness anomalies are estimated using a weighted 

average of the four nearest pixels from satellite observations. The weights of the equation are 

the inverse distances between the cluster and the weather observation. Therefore, more weight 

is assigned to data points that are nearer to the DHS cluster. We then proceed to calculate the 

shock variable individually for each child in our sample based on the average anomaly during 

the period that starts at their conception and ends by the time of the survey. Table 2 contains 

summary statistics for height-for-age, predicted greenness, and covariates used in the 

regressions.  

Table 2. Summary statistics of model variables 
Variables  mean Std Dev. min max 

Height-for-age  -1.5075 2.03295 -6 6 
Predicted Greenness Index 0.04283 0.71358 -2.6778 2.39741 
Child age (Months) 28.6107 17.2353 0 59 
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Child male (yes==1) 0.50831 0.49993 0 1 
Age of the HH head (Years) 43.149 13.1492 16 99 
Male HH headed (yes==1) 0.92307 0.26649 0 1 
HH members have secondary education 0.28717 0.45244 0 1 
Floor good (yes==1) 0.05806 0.23386 0 1 
Wall good (yes==1) 0.17645 0.3812 0 1 
Water source: river (yes==1) 0.13021 0.33653 0 1 
HH has electricity (yes==1) 0.26124 0.43931 0 1 
HH has flush toilet (yes==1) 0.0561 0.23012 0 1 
HH owns radio (yes==1) 0.72149 0.44827 0 1 
HH owns tv (yes==1) 0.24234 0.4285 0 1 
HH owns phone (yes==1) 0.03171 0.17522 0 1 
Pr(shock) 0.08174 0.07934 0 0.333 

 
Note: Units of observation are children aged 0-5 years 

Source: Authors own estimates based on various DHS rounds 

4. Models and estimation strategy 

The population of children aged below five can be split into three groups: (1) consistently 

stunted, (2) vulnerable and (3) non-vulnerable. We define the consistently stunted as those who 

are below the stunting threshold that is defined by the World Health Organization as two 

standard deviations below a global median of the distribution of height-for-age at the time they 

are observed in the survey as well as in all other years they could have been born within the 

period 2000 to 2013. On the contrary, non-vulnerable are not stunted, and would not be stunted 

in any other year they could have been born. The vulnerable are either stunted or not in the 

present period and face a probability between 0 and 1 (strict inequality) of becoming stunted 

in a hypothetical future period. Since we do not observe the height-for-age in every year 

between 2000 and 2013, this grouping will be done through predicted distributions of height-

for-age scores, as we explain below. 

Quantifying the size of the groups is done in two steps, where the first step involves estimating 

the effect of exposure to weather anomalies on a welfare-indicator. The effect of predicted 
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greenness anomalies on height-for-age is estimated using OLS on the entire sample of children 

from 0 to 5 years with the following equation for child 𝑖𝑖 in cluster 𝑐𝑐: 

𝑊𝑊𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑆𝑆𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖    (1) 

where 𝑊𝑊𝑖𝑖𝑖𝑖  represents stunting (height-for-age Z-score), 𝑋𝑋𝑖𝑖𝑖𝑖  is a number of explanatory 

variables at the individual and household level, and 𝑆𝑆𝑖𝑖𝑖𝑖 measures the child-specific exposure 

to climatic shocks in the period from conception and up to 1,000 days forward in time in cluster 

𝑐𝑐.  

Although we use objective measures of shocks, there is the possibility that the distribution of 

households over clusters is not random. They may have chosen to move to a cluster to avoid 

shocks in a particular space. In that sense, the distribution of the shock is not random. But the 

timing of shocks conditional on its distribution is random. Therefore, to control for the non-

randomness of shocks and the fact that in risky environments households would usually take 

actions ex-ante to minimize the downside losses of shocks, we introduce in the estimation 

model, the probability that a shock (i.e. a predicted greenness value of less than -1 SD) will 

occur using the historical record of shocks (Anttila-Hughes and Hsiang 2013; Dell et al. 2014; 

Hill and Porter 2016; Thomas et al. 2010) in the cluster where the household lives.  

The next step entails simulating the vulnerability status by calculating the probability of being 

stunted for each child in the sample. From the estimated parameter 𝛾𝛾, a defined threshold 𝑍𝑍, 

and the historical distribution of droughts in cluster 𝑐𝑐, we calculate vulnerability as: 

𝑉𝑉𝑖𝑖𝑖𝑖,𝑡𝑡+1 = ∑ 𝐼𝐼𝑁𝑁
𝑖𝑖=1 (Pr(𝑊𝑊𝑖𝑖𝑖𝑖𝑡𝑡 < 𝑍𝑍))    2) 

where 𝑍𝑍 is the malnutrition threshold 𝑊𝑊𝑖𝑖𝑖𝑖𝑡𝑡  is the predicted height-for-age for each child in 

cluster 𝑐𝑐 for each year, and 𝐼𝐼 is an indicator that denotes 1 if the expression in the bracket is 

correct, and 0 otherwise. To obtain the probabilities in equation (2), we use the historical 
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distribution of climatic shocks in each location and evaluate whether or not a child would have 

been stunted in each year based on the child's predicted height-for-age Z-score. The basic 

algorithm works as follows. For each child we have an actual observed height-for-age score 

(HAZ) in a given year – the years we have the data. To obtain a child HAZ in years without 

surveys, and where actual HAZ is not observed, we first estimate 𝛾𝛾, which is the coefficient on 

weather anomalies for all the pooled years from equation (1). Next, we obtain the predicted 

impact of the shock for each year when the child’s actual HAZ is not observed, 𝐻𝐻𝑍𝑍𝑡𝑡 = 𝛾𝛾𝑆𝑆𝑖𝑖𝑖𝑖. 

The predicted HAZ for years when the actual is not observed is the difference between the 

actual HAZ and the impact of the weather anomaly 𝐻𝐻𝑍𝑍𝑡𝑡. This algorithm allows us to construct 

HAZ scores for a child for each year we have observed climatic data (in this case 14 years).  

The probability in equation (2) is estimated as the share of years out of the total in which the 

child would have been stunted. Assuming that the climatic variation observed over the 14 years 

included in our data set is representative of the overall likelihood of experiencing a climatic 

shock in each location, this provides an estimate of the probability that a child will be stunted 

in a specific location.  

Our overall idea of vulnerability is perhaps best illustrated in matrix form. In table 3, a 

population of children is grouped into 4 individuals over 10 years (2000-2009): each row 

represents a child, whereas the columns define years in which the child could have, 

hypothetically, been born/observed. In some cases, (a) the children are non-vulnerable, since 

they are not stunted and no matter which year they would have been born (and thus observed), 

they would still not be stunted. Other children (b) are consistently stunted since no matter which 

year they would have been born in, they would be stunted. Finally, some children (c, d) are 

vulnerable to stunting at different probability levels depending on the share of counter-factual 

birth years they are predicted to being stunted. In this example child d is more vulnerable than 
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child c since there are more years where he or she would be stunted if they were born in those 

years. Finally, we could obtain the percentages of children vulnerable to stunting by 

aggregating the observations by groups and dividing by the total number. Therefore, 

consistently stunted are 25 percent, non-vulnerable, 25 percent and vulnerable, 50 percent. 

 

Table 3. Matrix form illustration of vulnerability 

 

   2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 Total  

Categories 

a 0 0 0 0 0 0 0 0 0 0 0 
b 1 1 1 1 1 1 1 1 1 1 1 
c 0 1 0 0 0 0 0 0 0 1 0.2 
d 1 1 0 0 0 1 0 0 0 1 0.40 

Source: Authors own elaborations 
 

5. Results  

The effects of predicted greenness anomalies on height-for-age on the sample of children aged 

0-5 years and living in rural areas6 are presented in table 4. As discussed in the data section, 

although the climatic shocks are expected to have a strong impact on rural areas, the effect 

when the sample also includes urban areas is not negligible (see Annex I for detailed results). 

Column 1 of table 4 includes results from a standard pooled OLS, column 2 adds country-year 

dummies while column 3 includes both country-year and province-year dummies. The 

inclusion of country (province) dummies is needed to control for a whole set of Sahel-specific 

explanatory factors other than shocks (Cornia et al., 2012) that might have influenced the level 

of height-for-age. Survey specific dummies in combination with province dummies also 

control for important shocks the Sahel region has experienced in the period considered; among 

                                                           
6 The effects on the full sample for both urban and rural areas are presented in Annex I. Results on the full sample are in line 
with results presented in table 4. 
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others, we recall the spike in international food prices in 2008/2009 that severely affected the 

Sahelian belt and the conflicts in Northern Nigeria and Mali. 

Overall, two main results are worth mentioning. First, the predicted greenness index, the 

indicator of weather anomalies, is always statistically significant. Column 3 results suggests 

that after controlling for all the variation in height-for-age that is attributable to differences in 

province-year averages, a drop by one standard deviation (-1 SD) in the predicted greenness in 

a relevant year results in 18 percent of a standard deviation decline in the height-for-age in 

rural areas.   

Second, all correlates on education and assets owned have the expected signs. All things being 

equal, children living in households with higher levels of education, better quality housing, and 

possession of basic assets have better anthropometric outcomes. This suggest, quite intuitively, 

that it is less likely to find a stunted kid in relatively well-off households but also that when 

faced by shocks wealthier and more educated households are more capable to adjust their 

caretaking practices.   

Table 4 Effect of a shock on height-for-age on the sample of children aged 0-5 years living in rural areas 

 (1) (2) (3) 

 Coeff. Std. Err. Coeff. Std. Err. Coeff. Std. Err. 

Predicted Greenness Index 0.061*** 0.019 0.068** 0.030 0.185*** 0.034 

Child age (Months) -0.028*** 0.001 -0.028**** 0.001 -0.027*** 0.001 

Child male (yes==1) -0.172*** 0.016 -0.174** 0.016 -0.175*** 0.016 

Age of the HH head (Years) 0.003*** 0.001 0.002** 0.001 0.001* 0.001 

Male HH headed (yes==1) -0.197*** 0.037 -0.136*** 0.037 -0.102*** 0.036 

HH members have secondary education 0.097*** 0.026 0.165*** 0.027 0.092*** 0.027 

Floor good (yes==1) 0.375*** 0.082 0.367*** 0.084 0.300*** 0.080 

Wall good (yes==1) 0.108*** 0.038 0.162*** 0.039 0.122*** 0.040 

Water source: river (yes==1) -0.060 0.037 0.032 0.037 -0.028 0.037 

HH has electricity (yes==1) -0.103** 0.044 -0.034 0.044 0.009 0.043 

HH has flush toilet (yes==1) 0.311*** 0.066 0.202*** 0.067 0.149** 0.066 

HH owns radio (yes==1) 0.063*** 0.023 0.039* 0.023 0.056*** 0.022 

HH owns tv (yes==1) 0.268*** 0.034 0.237*** 0.033 0.190*** 0.033 

HH owns phone (yes==1) 0.296*** 0.091 0.205** 0.092 0.252*** 0.093 
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Pr(shock) 1.248*** 0.187 0.301 0.201 -0.376 0.252 

Constant -0.751 0.064 -0.710 0.110 -0.089 0.234 

Observations 59 021 59 021 59 021 

R-squared 0.071 0.077 0.094 

Birth month Dummies Yes Yes Yes 

Country*year dummies No Yes Yes 

Province*year dummies No No Yes 
Note: The dependent variable is height-for-age Z-scores among 0-2-year-old children. 

Standard errors are clustered at the DHS cluster level. 
 
Table 5 summarizes the results of the vulnerability analysis7 for all the five countries included 

in our sample. As typically defined, stunting occurs when the associated Z-score lies below 

two standard deviations of the international reference median (column 1). In the table, the other 

three columns show the shares of children who are either consistently stunted, vulnerable to 

stunting, or non-vulnerable per our definitions. Therefore, comparing column 1 with a 

combination of other columns reveals the differences between the static and the vulnerability 

analysis.  

Table 5 Stunting and estimated groups by country, shares 

 Static 
Analysis  Vulnerability analysis  

 Stunted  Consistently 
stunted Vulnerable Non-vulnerable 

Burkina Faso 41.2 36.4 10.1 53.5 
Northern Ghana 38.4 32.1 14.3 53.6 
Mali 40.9 36.4 9.7 53.9 
Northern Nigeria 44.3 41.3 6.3 52.4 
Senegal 28.4 23.4 9.7 66.9 
Total 41.5 37.6 8.3 54.1 

Source: Authors calculations 
 

According to the results of the static/binary analysis shown in the first columns of table 5, 

Northern Nigeria has the highest prevalence of stunting (44.3%) and Senegal the lowest 

(28.4%). The vulnerability analysis confirms that Northern Nigeria has a high prevalence of 

consistently stunted, yet the group of children that are vulnerable to stunting is very low (6.3%). 

                                                           
7 The vulnerability shares have been computed using coefficients from column 3 of table 4. 
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By contrast, in Mali and Northern Ghana the number of consistently stunted is lower compared 

to Northern Nigeria, but the share of vulnerable is substantially higher, rising to between 9.7% 

and 14.3%, respectively. Senegal has the lowest share of consistently stunted, but a relatively 

large share of vulnerable in comparison.  

The spatial distribution of malnutrition and vulnerability to malnutrition is displayed in Figure 

4, where the color of each dot represents the status of the median child in each DHS cluster. 

Red dots indicate the consistently stunted category, yellow the vulnerable one, and green the 

non-vulnerable. The size of the dot is proportional to the number of observations in each 

cluster. The map provides granular information also on the within-country distribution of 

stunting. As it appears from the figure, there is a high concentration of consistently stunted and 

vulnerable in the upper belt of Norther Nigeria at the border with Niger in the North-Eastern 

part of Burkina Faso, and in the Eastern part of Mali at the border with Burkina. Lower levels 

of vulnerability are present in the Upper central part of Nigeria and along the Senegal’s coast. 

In the Western part of Mali and Northern Nigeria the picture is a bit more blurred since the 

areas with high density of vulnerable children are very close to those with limited vulnerability. 
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Figure 1 Spatial distribution of vulnerability to stunting 

 
Note: Colors indicate the status of vulnerability to stunting for the median child in each DHS-cluster. The sizes 
of the dots are proportional to the logarithm of the number of children in each village. 
 
 

6. Discussion 

 
The central idea of this paper is to analyze stunting using a method that goes beyond the static 

(binary) analysis. Our results suggest that there is much insight to be gained by doing so. We 

find compelling evidence that within countries and across time, there is considerable variability 

in impacts of rainfall shocks on stunting: the coefficient of shocks quadruples and becomes 

statistically significant once province and time (year of survey) is controlled for.  This suggests 

that relying on static estimates of stunting may provide a misleading picture regarding the size 

and the diagnosis of the problem. It may attribute an incorrect estimate to shocks to the specific 

climatic conditions prevailing in a given year, even though the conditions in the given year 

might not be necessarily representative of the ‘average’ conditions faced over more than a 

decade.  
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By contrast, the vulnerability results we propose can produce a risk profile that can be easily 

computed at different levels of geographic interest – national or provincial level and 

georeferenced on a map. Unlike the static analysis, it can identify children who are chronically 

stunted, those who are never stunted and those who are at risk of stunting. By distinguishing 

those who are chronically stunted from those vulnerable, it allows better targeting of different 

policies to different groups of children.  

The paper also proposes a more credible and intuitive way of measuring vulnerability in the 

absence of a long series of panel data.  Vulnerability analysis typically requires time series of 

welfare indicators and these are often not available. Our method overcomes some of these 

limitations by simulating for each child the number of stunting outcomes for the years we do 

not have actual observed data. Reconstructing a stunting ‘history’ of each child through 

simulated outcomes allows us to estimate probability distribution of stunting for each kid and 

by aggregation for each geographic area of interest.  These can be obtained by calculating the 

number of years when the child is stunted divided by the number of years in the ‘history’.  

In the specific context of Sahel where the precarious climatic conditions have a relevant impact 

on kids’ height-for- age it is reasonable to construct this type of vulnerability analysis relying 

on climatic information. It is possible, however, that in other regions of the world the link 

between climatic shocks and risk to fall below a well-being threshold (non-monetary or 

monetary) is not so significant. A promising line of research would certainly be to test our 

methodology with other well-being measures. Yet, we foresee two potential limitations. First, 

while climatic time series are generally accessible and linkable to geographic coordinates, for 

other potential drivers of vulnerability such as widespread price shocks, disease outbreaks or 

conflicts, data is not easily available or properly georeferenced. Second, as discussed in section 

2, our welfare measure shows a characteristic which makes it particularly suitable for our 

method:  stunting is practically irreversible. Therefore, if we have ten years and in four periods 
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we have shocks that cause stunting, the vulnerability to stunting will be at 40 percent 

irrespective of the sequence of years with shocks and periods without shocks. On the other 

hand, if we were to use another welfare measure such as wasting (low weight-for-age) the 

sequence is very important since if one period of shocks is followed by a good period the child 

might recover (Arndt et al., 2016). In other words, 4 years with shocks over 10 years do not 

necessarily indicate a probability of wasting of 40 percent while the same holds for stunting. 

7. Conclusions  

The concept of vulnerability has gained currency in well-being analysis because static 

approaches have been found to be too limiting in capturing the dynamic reality of poor 

populations: focusing on a fixed threshold leaves out a significant portion of the population 

who lives at a constant risk of deprivation. In the same spirit, our paper tries to overcome the 

limitations of available climatic shock/ malnutrition analyses by proposing a simple yet novel 

framework for understanding and analyzing vulnerability to stunting. Using the historical and 

spatial distribution of climatic shocks in five countries in the Sahel region, we measure 

vulnerability as the probability that a child in each location will be stunted.  

Climatic shocks, measured by predicted greenness anomalies, are found to have a significant 

impact on stunting. When this effect is used to calculate individual vulnerabilities, we find 

considerable heterogeneity across countries. Northern Nigeria has the highest prevalence of 

consistently stunted, defined as those that will be stunted in every year of the period considered. 

On the other hand, in Mali and Northern Ghana the number of consistently stunted is much 

lower compared to Northern Nigeria but the number of vulnerable to stunting is almost double.  

Senegal shows the lowest share of consistently stunted but a relatively large share of vulnerable 

in comparison.  
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These findings hold three important implications for targeting interventions such as social 

safety nets or other forms of permanent support to vulnerable households. First, many targeting 

programs are based on estimates of deprived populations obtained from a single point in time. 

Such estimates, however, are likely to be strongly influenced by the prevailing climatic 

conditions during the survey year. The method we propose provides a more long-term 

perspective on the distribution of chronically deprived population based on the prevailing 

climatic conditions in that area. Second, insecurity about future outcomes may easily lead to 

non-optimal livelihood strategies, so two regions with the same number of stunted in the static 

analysis may face very different conditions if the group of vulnerable is larger in one region 

than the other. A better targeting scheme would, as we propose, distinguish between those who 

are stunted, vulnerable, and non-vulnerable since decisions to intervene might differ 

substantially. 

Finally, we provide a regional perspective and we suggest to both donors and Sahelian 

countries a regional approach to the problem. Since regional climatic shocks are often of great 

magnitude and affecting multiple countries at the same time, the response goes beyond the 

capacity of individual countries and calls for a regional approach and for stronger coordination.    

ANNEX 1 
Table A1. Effect of a shock on stunting height-for-age on the sample of children aged 0-5 years for the full 
sample 

  

 Coeff. Std. Err. 

Predicted Greenness Index 0.147*** 0.029 
Child age (Months) -0.025*** 0.001 
Child male (yes==1) -0.171*** 0.014 
Age of the HH head (Years) 0.001* 0.001 
Male HH headed (yes==1) -0.117*** 0.029 
HH members have secondary education 0.130*** 0.021 
Floor good (yes==1) 0.227*** 0.046 
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Wall good (yes==1) 0.140*** 0.030 
Water source: river (yes==1) -0.059* 0.034 
HH has electricity (yes==1) 0.077** 0.031 
HH has flush toilet (yes==1) 0.235*** 0.042 
HH owns radio (yes==1) 0.051*** 0.020 
HH owns tv (yes==1) 0.215*** 0.026 
HH owns phone (yes==1) 0.126** 0.050 
Pr(shock) -0.284 0.218 
Constant   
Observations 78 092 
R-squared 0.097 
Birth month Dummies Yes 
Country*year dummies Yes 
Province*year dummies Yes 

Note: The dependent variable is height-for-age Z-scores among 0-2-year-old children.  
Standard errors are clustered at the DHS cluster level. 
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