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ABSTRACT: Forced migration across national boundaries is a global phenomenon, but research 
on the effects of refugee settlement on host populations has been limited to case studies. We 
examine nutrition outcomes for people residing near refugee camps in a multi-country difference-
in-differences framework across the expanse of sub-Saharan Africa (SSA). We use new data on 
the precise locations and years of establishment of refugee camps in SSA merged with geocoded 
microdata from the Demographic and Health Surveys to estimate highly localized effects. We find 
that being within 10 kilometers of a camp decreases children’s weight-for-age z-scores by 10 
percent of the sample mean, opposite the camps’ effects on overall health for children, which 
improves. Results indicate that children with married household heads experience improved 
nutrition outcomes near camps and that camps cause a decline in local vegetation, suggesting that 
camp employment opportunities and resource strain are part of the explanation. 
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SECTION 1: INTRODUCTION 
 
Although the migration of refugees to Europe and the United States currently dominates the 

headlines, most refugees in the world obtain asylum in developing countries that share a border 

with the refugee’s nation of origin. Such host countries may require that a significant share of the 

refugee population live in camps, which are usually located in rural and peripheral areas (Alix-

Garcia et al., 2018). Host communities, which live in close proximity to these encamped refugee 

populations, are often marginalized and poor. The reception of a sudden influx of people, and the 

accompanying shock associated with camp construction and increased humanitarian investment 

into services and infrastructure, have many potential effects on local communities. But our 

knowledge on how these shocks impact hosts remains limited. Despite the fact that many countries 

in sub-Saharan Africa (SSA) have experienced refugee population inflows over the past half a 

century, research quantifying the effects of such inflows has remained limited to a collection of 

case studies in Tanzania, Kenya, and Uganda, leaving the issue unexplored on a wide geographic 

scale.  

The primary focus of our study is how the arrival of refugees and their presence in a 

managed camp affects the nutritional outcomes for people in the host communities nearby. 

Chambers (1986) first called attention to this issue by highlighting anecdotes on food market 

disruptions that took place in Zambia, Zaire, and Sudan as early as the 1960s. He suggests that the 

influx of people into a locality may result in a sharp increase in demand for food products that 

outpaces local supply, resulting in food shortages and malnutrition problems. At the same time, 

refugee camps managed by the United Nations High Commissioner for Refugees (UNHCR) often 

receive food aid through the World Food Program (WFP) and other relief agencies. Such food aid 
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may offset the spike in demand somewhat, but since refugees often sell their in-kind aid to 

diversify consumption, these provisions may also spill over into local markets outside the camp.    

Aside from price changes, impacts on the labor market could also result in changes in hosts’ 

nutritional status. A newly arrived refugee population may constitute an increase in the supply of 

unskilled labor (driving wages down and local unemployment up), but refugees are also consumers 

who use a combination of savings, earnings, cash-based assistance, and in-kind support to make 

purchases in local markets. Aside from this, humanitarian actors may purchase in-kind assistance 

from local markets to reduce transportation costs. As long as the production of relevant goods and 

services is labor-intensive, we would expect positive gains in hosts’ employment and wages as a 

result. Furthermore, the construction, maintenance, and service provision to the camp, and a 

camp’s contingency of aid workers that relocate to the area, may draw on local labor, resulting in 

an increase in paid employment and higher wages for those in neighboring areas (Alix-Garcia et 

al., 2018).3 This may result in increased access to food, with nutrition benefits for local households.  

Thus, a refugee population influx may result in a variety of impacts on local markets that 

consequently influence food consumption and nutritional outcomes. If prices rise suddenly due to 

a spike in demand, then nutritional outcomes will fall, but if wages and employment increase, then 

hosts may be able to maintain or even improve their nutritional outcomes. Given these contrasting 

dynamics, the net effect of refugee camp establishment on the nutritional status of hosts in the 

local economy remains unclear.  

Empirical analyses of the effects of refugees on hosts have been limited to case studies 

focusing on small regions within countries, or even the immediate locality around one refugee 

 
3 The net effect on employment is the subject of a paper we are writing concurrently with this piece (Anti and Salemi, 
2018). We explore employment in a limited way here to inform our results, but a full exploration is located in this 
second paper. 
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camp, which compromises external validity. To our knowledge, there are only a small selection of 

studies from the field of economics that examine the effects of camps on host nutrition by way of 

changes in prices and consumption. The first is Alix-Garcia and Saah (2010), which looks at food 

prices and household wealth for hosts near refugee camps in northwest Tanzania. They find that 

proximity to refugee camps results in large increases in the prices of non-aid food items and a 

measurable but less dramatic effect on food aid items such as maize and legumes, meaning that 

the price of certain staple goods did not change substantially for hosts. The second paper comes 

from Alix-Garcia et al. (2018) and exploits nighttime lights remote sensing data to examine the 

effect of the Kakuma refugee camp in northwest Kenya on the economic activity of its immediate 

locality. Their findings suggest that household consumption is 25 percent higher near the camp 

than in areas further away. More recently, Kreibaum (2016) looks at the effects of refugee 

settlements in southwest Uganda, a country where refugees are allocated a plot of land within a 

designated “settlement” area and are granted free mobility and the right to participate in the labor 

market. She finds statistically weak evidence of increased host consumption in response to refugee 

settlement proximity. 

To our knowledge, efforts to directly examine the nutritional impacts of refugee camp 

proximity have been limited. In the biology literature, Gengo et al. (2017) examines the body mass 

index (BMI) and skinfold thickness in a cross-section of hosts living near Kakuma Camp. They 

find that residents near the camp had higher skinfold thickness than those farther away, but they 

could not find a statistically significant relationship between proximity to Kakuma and BMI. Baez 

(2011) studies the impacts of refugee camps on the health and nutrition outcomes of host 

communities in northwestern Tanzania. He shows a decline in children’s and adults’ 
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anthropometrics, an increase in the prevalence of infectious diseases, and higher childhood 

mortality.  

We extend this literature in several ways. First, we apply the African Refugee Dataset 

(ARD), a novel source of data covering all known refugee camps in SSA between 1999 and 2016 

(Anti et al., 2019). For each camp, the ARD identifies the years of operation and geographic 

coordinates for all camps in the region. Using the ARD, we provide the first estimates of refugee 

camps’ impacts on host populations’ nutritional status across the entire region of SSA. We do this 

by merging the ARD dataset with georeferenced survey data from 26 countries in the Demographic 

and Health Surveys (DHS). This allows us to measure the precise distance of each DHS cluster 

from its closest refugee camp. We then estimate the effects of the proximity to a camp in a multi-

period spatial DID framework.  

We find evidence that the establishment of a refugee camp results in a decline in weight-

for-age and height-for-age z-score indicators for all children under the age of six. We also find an 

increase in the Rohrer’s index (a measure of body mass) for men within close proximity to refugee 

camps, despite no impact on the Rohrer’s index of women. The measurable effects for children 

under the age of six are economically significant, representing a decline in weight-for-age z-scores 

by ten percent of the mean and a fall in height for age z-scores by eight percent of the mean for 

children living within 10 kilometers of a refugee camp. This is consistent with the notion that 

refugee camps result in food shortages which on net with other potentially beneficial effects of the 

camp result in a decline in nutritional measures for hosts.  

To explore relevant mechanisms, we use remote sensing measures of vegetation indices 

and find evidence that local vegetation declines in clusters near camps. This finding suggests that 

new pressures on natural resources, such as arable land, may drive the nutritional outcomes. The 
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positive change in the Rohrer’s index for adult men implies an improvement in their food security 

position. Gendered selection of workers into employment opportunities resulting from camps may 

explain the discrepancy between outcomes for men and women, however while male employment 

increases around camps, it does not increase greater than female employment, suggesting that 

factors such as intra-household bargaining, are contributing to this finding.  

The remainder of this paper proceeds as follows. Section 2 describes and discusses the data 

we use and presents descriptive statistics. Section 3 outlines our empirical strategy and discusses 

threats to identification. Section 4 presents and discusses estimation results, robustness checks, 

and potential mechanisms. Section 5 concludes and provides suggestions for future research.   

 

SECTION 2: DATA  

2.1 African Refugee Data (ARD) 
 
There has previously been no continent-wide geo-referenced dataset publicly available on refugee 

camps in SSA.4 We construct the ARD to fill this gap, which covers the period from 1999 to 2016. 

The ARD provides information on refugee camps’ geographic locations and years of operation. 

The data focus on refugee camps over other forms of refugee residence, such as the transit centers 

asylum-seekers are often housed at upon arrival to a host country, the informal settlements that 

refugees sometimes create for themselves, or other “known refugee locations.”5 

We build the ARD using various sources publicly available from the UNHCR and widely 

used geospatial databases. The primary resource we use is the list of locations where known 

 
4 The Georefugee Dataset (Fisk, 2014) contains measures of refugee populations by subnational district in sub-Saharan 
Africa from 2000-2010. However, it does not contain precise camp locations, only counts of refugee populations at 
the first sub-national administrative unit for each country.  
5 “Known refugee locations” in the sources we used to build the ARD primarily represent clusters of refugees living 
in villages or cities, though other less conventional modes of residence may be lumped into this category. Such 
locations are geo-identified in UNHCR data in various ways, sometimes as the city or village, but at other times as 
the district.  
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“People of Concern” (POC) have been residing as reported in the UNHCR’s annual Statistical 

Yearbooks from 1999 to 2016 (except for the 2001 yearbook),6 supplemented with the UNHCR’s 

POC map from 2018 (UNCHR, 2018). This list is the most complete available set of information 

on the locations where refugees (and other people of concern, such as internally displaced people) 

have been located.  

We find the geographic location (longitude and latitude) for each camp using a variety of 

sources. The primary resource for this is the UNHCR’s own POC map, which provides locations 

of these populations in 2018. While the POC map contains locations for camps in existence in 

2018, it does not contain information on camps that have closed before that year. Thus, we search 

for camp locations using the geonames.com database, or through the Google Earth database, when 

we cannot find the location in the POC data. We geolocate the camps based on the camp’s name, 

as we assume that the camp is named after its closest town or village. This assumption may not 

always hold, as camps could be named after a close-by feature like a river or valley that shares its 

name with a distant village also adjacent to that feature. To address this concern, we cross reference 

the location obtained through geonames.com and Google Earth with camp positions reported in 

UNHCR operational maps available intermittently starting in the early 2000s, or some other 

resource indicating the geolocation of the camp when possible, such as an annual public report on 

the camp. For camps that opened prior to 1999, we are not able to obtain the date using the 

Statistical Yearbooks. For these locations we use a variety of news sources, academic reports, and 

NGO reports to identify the year that the refugee camp became active in that location.  

We list the resources used to date, locate, and confirm the geocoordinates of each 

individual camp in the ARD itself, which is available in this paper’s supplemental materials. A 

 
6 The 2001 yearbook adopted a different format than all the others and omits the Persons of Concern Locations table.  
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more complete description of the steps involved in creating the ARD is available in Appendix 

Section A.1.7 Figure 1 displays the spatial distribution of refugee camps in the region, showing 

how the locations changed or stayed constant over the period from 1999 to 2016. The figure 

reflects the spatial trends of conflict over this period of time. For example, we see the decline in 

the prevalence of refugee camps in Sierra Leone and Angola as conflicts in those regions stabilized 

over the period. At the same time, refugee camps in eastern Chad and eastern Cameroon become 

much more prevalent over the period in response to violence in Darfur and the Central African 

Republic. Meanwhile, the multitude of camps in the Great Lakes region of eastern Africa remained 

relatively stable over the period, reflecting the protracted displacement of certain refugee groups 

(such as the Congolese) due to entrenched conflict and insecurity in the home country. 

[Figure 1] 

2.2 Demographic and Health Surveys (DHS) 
 
We use the geocoded survey data available from the Demographic and Health Surveys (DHS) to 

measure nutrition outcomes for people across SSA as they relate to respondent proximity to one 

or more of the refugee camps contained in the ARD. The DHS are nationally representative 

repeated cross-sections that collect representative samples on respondent health, nutritional status, 

and fertility. They also identify other characteristics such as respondent age, employment, family 

structure, educational attainment, and (in some years) how long the respondent has lived in their 

current residence. The DHS are widely used in social science research. Within the literature on the 

effects of refugees and refugee camps, Alix-Garcia and Saah (2009) employ the DHS to examine 

the impacts of refugees in Tanzania, and Tatah et al., (2016) use the DHS to study refugee 

settlement and changes in host population health service provision in Cameroon.  

 
7 We are currently writing a separate paper describing the ARD based on this appendix material. See Anti et al. (2019).  
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Aside from the reliable sampling strategy and the relevance of the variables included, the 

DHS offer other advantages for our current study. Because they omit institutionalized populations, 

the DHS does not include any respondents who reside in a refugee camp (Carr-Hill, 2013), which 

helps us mitigate spillovers of refugee camp residents into the host sample. While the DHS are 

primarily concerned with tracking the health of women and children, about a third of the surveys 

(Pullum et al., 2017) collect detailed information on male respondents as well, which we exploit 

for our analysis. Additionally, the DHS team has collected data for countries all over sub-Saharan 

Africa, and for many countries several years of cross-sections exist, so our study is not restricted 

to a particular region or time. Moreover, the DHS data are designed to facilitate harmonization 

across countries and time, and for this study we merge the 62 country-year datasets in SSA that 

include GIS information.    

For many of the surveys conducted in recent decades, the DHS data contain the longitude 

and latitude of the survey’s primary sampling units, known as “clusters.” For the purposes of 

anonymity, the DHS randomly displaces its clusters’ geographic locations five to ten kilometers 

from the actual location, resulting in measurement error in our independent variables of interest in 

our analysis. However, this simply attenuates any estimates since the error is purely random. With 

this in mind, we measure the linear distance between the DHS cluster and the nearest refugee camp 

for each year from 1999 to 2016.  

One challenge we encountered in our data preparation related to the classification of 

administrative areas such as districts, since countries over this time implemented decentralization 

policies or redistricted their administrative units in some way. To deal with this, we use 

administrative maps available through maplibrary.com to assign a subnational administrative unit 

to the DHS cluster based on its geolocational position. For clusters that are located outside of their 
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country’s borders through the random displacement mentioned above we simply impute that 

cluster’s subnational administrative unit by assigning it its closest one within the country to which 

it belongs.  

Figures A.1 and Figure A.2 in the Appendix show the country representation in both the 

children’s and women’s sample that is considered treated within five kilometers of a camp. We 

see that although Rwanda holds the largest representation, as one would expect from its population 

density and proximity to conflict in the eastern DRC, it is far from a majority and the treated 

sample contains observations from 17 countries from across different regions of the continent. 

Table 1 contains the summary statistics for the entire DHS sample of respondents within 100 km 

of a camp between 1999 and 2000. It also reports on those living within five kilometers of an 

operational camp, within 20 kilometers of a camp location (operational or non-operational), and 

those we use as a comparison group living in clusters beyond 20 and up to 100 kilometers away 

from a camp location. The descriptive statistics suggest that mean age and years of education, 

along with the gender distribution, do not vary much by distance to the nearest camp. However, 

respondents close to the camp do tend to be more rural/urban than those farther away. The z-score 

variables are marginally lower for respondents within 20 kilometers of a camp compared to those 

farther away. 

[Table 1] 

 Figure 2 displays the spatial distribution of the DHS clusters within 100 kilometers of a 

refugee camp between 2000 and 2016 in West Africa (for clarity we are only showing one region 

of the continent, as an example). We use these clusters within a 100 km buffer from a refugee 

camp for our analysis. As Figure 2 illustrates, this sampling method captures a large share of the 

DHS clusters, some of which appear in the repeated cross-section before the nearest camp opening, 
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while others appeared after. For further reference, Figures A.3 and A.4 in the Appendix show the 

spatial distribution for the DHS clusters in the sample for Central and East Africa and Central and 

Southern Africa.  

[Figure 2] 

 

SECTION 3: EMPIRICAL STRATEGY 

3.1 Spatial Difference-in-Differences (DID) at 10 and 15 Kilometers 

We first exploit the repeated cross-sectional structure of the DHS data and the variation in camp 

locations over time to implement a multi-period DID estimation. For this method, we compare 

respondents whose cluster lies within a certain distance to the nearest refugee camp to those outside 

of that distance over time. Establishing a binary cutoff requires that we consider how host and 

refugee mobility influences how respondents access markets and institutions. We follow previous 

literature and note that in studies of mining in SSA (Benshaul-Tolonen, 2018; Kotsadam and 

Tolonen, 2016) and literature on the commuting distance of people in SSA (Kung et al., 2014), 

which suggest that localized agglomeration effects are generally within zero to 20 kilometers.8 For 

this reason, we designate those 20-100 km away from camps as the comparison group and evaluate 

several distance buffers from the camps in separate DID frameworks. 

 We estimate the following specification using ordinary least squares (OLS), 

!"#$%& = () + (+,-./#,1 × 34567#% +	(9,-./#,1 +	:;" + <$ + =$∗% + ?@% + A$& + B"#$%&, (1) 

 
8 Various studies have suggested different cutoff distances. Shafer (2000) suggests around five kilometers for Tanzania 
and Ghana. Kung et al. (2013) and Aidoo et al. (2013) show findings from Ivory Coast and Ghana that suggest a five 
to 15 kilometers distance, respectively. Bunte et al. (2018) use a 20 kilometers distance. Benshaul-Tolonen (2018) 
uses 10 kilometers, and Kotsadam and Tolonen (2016) use 20 kilometers.  
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where !"#$%& is a nutritional outcome of an individual F in DHS cluster G and second sub-national 

unit H sampled in year 5 during month I.9 The ,-./#,1 variable is a binary indicator equal to one 

if the observation is within a given distance buffer (denoted as K) of the nearest refugee camp in 

any year between 1999 and 2016 and equals zero otherwise. The 34567#%  variable is a binary 

variable equal to one if the observation comes from a survey year after the nearest camp is 

operational and before the camp is disbanded (if relevant). The ,-./#,1 × 34567#%  interaction 

term is the DID measure of interest. It is equal to one if the individual is in a DHS cluster that is 

within K kilometers of an operating refugee camp the year the respondent was surveyed and equals 

zero otherwise. Therefore, the coefficient estimate (+ measures the impact of being located within 

K kilometers of a refugee camp assuming parallel trends in the outcome variable hold for those 

within and outside of the distance cutoff and controlling for additional covariates. 

The ,-./#1 variable accounts for time-invariant unobservable variables associated with 

selection into being close to a refugee camp. Additionally, we control for ;", a vector of individual 

controls that includes the respondent’s sex, age, household size and whether the respondent’s 

household is in a rural or urban area. The vector also includes the education level, age, and gender 

of the respondent’s household head.  

We include a series of fixed effects to account for time-variant and time-invariant 

heterogeneity across years of the DHS surveys and administrative units. First, we include <$, a 

vector of fixed effects at the second sub-national administrative level, and =$∗%, a vector of linear 

time trends that is also at the second sub-national administrative level. Next, ?@% is a vector of 

interaction terms between the first sub-national administrative level, such as a préfecture (in 

francophone SSA) or department, and the survey year dummies. Finally, A$&  is a vector of 

 
9 The second sub-national administrative unit would correspond to a district or prefecture in most countries.  
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interactions between month dummies and the second sub-national administrative level. These 

fixed effects control for regional seasonality (Berazneva and Byker, 2017). 

The nutritional outcomes that we use throughout this paper for children are height-for-age 

z-score (HAZ), weight-for-age z-score (WAZ), and weight-for-height z-score (WHZ) for all 

respondents below the age of six. We use the variables provided by the DHS, which they calculate 

in reference to the distribution of a healthy child population and multiply by 100.10 The z-score 

measures for children each measure distinct dimensions of malnutrition and poor health related to 

food insecurity. Low HAZ, known as “stunting,” is the result of inadequate nutrition for an 

extended period of time, while low WAZ, known as being “underweight,” is a reflection of both 

current and acute, as well as chronic malnutrition. Having a low WHZ, known as “wasting,” is a 

measure of current acute malnutrition (INDEPTH, 2008).  

For adults, we look at the blood hemoglobin (Hbg) and the Rohrer’s index. Hbg is a 

biomarker recommended by the World Health Organization (WHO) as an indicator of anemia, a 

condition that results from vitamin and mineral deficiencies, especially iron deficiency (Pullum et 

al., 2017). The Rohrer’s index is a measurement of leanness similar to BMI and is defined as, 

LMℎ767OP	QRH6S" = 	
.-PP"
ℎ6FTℎ5"

U .																																																																																																																	(2) 

The Rohrer’s Index is preferable to BMI measures because it yields valid comparisons across all 

body types, even the very tall and very short. Table A.1 contains all variables, their precise 

definitions and sources. 

 
10 Our pre-analysis plan included examining child blood hemoglobin levels (Hbg), although we do not present them 
due to the uniform null results. These results are available upon request. Including these in our set of results does 
change the calculation of the Benjamini-Hochberg q-values in the regressions using the z-score variables. In complete 
transparency, the Benjamini-Hochberg q-values for all the z-score variables are below the 90 percent confidence level 
when we include Hbg in the calculations. 
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 In order for equation (1) to estimate the causal relationship between refugee camps and 

local nutrition outcomes, the timing and location of refugee camps must be exogenous to local 

nutrition trends. Based on key informant conversations,11 we have learned that refugee camp 

placement depends on several factors. The first is the region’s proximity to the conflict or natural 

disaster in the neighboring country that prompted the refugee flow. Host governments tend to place 

camps close to the point at which asylum-seekers are crossing the border into the host country, but 

also strive to maintain the UNHCR standard of keeping camps at least 50 km from the border due 

to protection concerns. Of additional concern is land availability and tenure: camps tend either to 

be placed on uninhabited government-owned property, or host governments acquire uninhabited 

communal land through negotiation with the groups who collectively manage the territory. Host 

governments and UNHCR site planners also consider multiple factors related to the logistics of 

camp management, including topography, road networks, access to preexisting services and 

infrastructure, and the availability of water via boreholes, rivers, or other natural resources. Prior 

to camp construction, these variables are generally time-invariant and the specification should 

control for them through the inclusion of the ,-./#,1 variable.  

The specification also accounts for policy changes and other year-specific shocks by 

controlling for the survey year fixed effects and unobserved variables that trend smoothly within 

second sub-national administrative units over time, captured by the linear time trends specific to 

the second sub-national administrative unit. We additionally account for the regional seasonality 

of nutrition through the inclusion of the month-second subnational administrative unit fixed effect. 

Growing seasons and periods of acute hunger can vary at a relatively localized level within SSA 

 
11 During the summer of 2019, Colette Salemi spoke with government ministry representatives, UN professionals, and 
other relevant non-governmental workers to learn more about how stakeholders obtain land for refugee camps and 
about the characteristics of refugee-host co-residence. These meetings took place in capital cities in Kenya, Uganda, 
Rwanda, and Tanzania. When our paper refers to key informant conversations, we are referring to this fieldwork. 
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(see HarvestChoice (2010) for the variation in the growing season over the continent), hence our 

decision to use the second sub-national unit for this fixed effect rather than the first sub-national 

administrative unit.  

Another more serious threat to identification in this approach is treatment-induced 

migration. We find evidence in our own data of migration towards refugee camp areas. This may 

be due to the improved access to water, schools, and medical care for hosts living alongside 

refugees as a consequence of the camp’s creation, or because of economic growth in the camp area 

and resulting job opportunities. We follow Kotsadam and Tolonen (2016) and Benshaul-Tolonen 

(2018) and address this problem through a robustness check in which we restrict the sample to 

respondents who have not moved since the arrival of a camp within 20 kilometers.   

 The range of the distances to camps is large (from close to zero to over 945 kilometers). 

We follow Benshaul-Tolonen’s (2018) analysis of localized effects of mining in SSA and limit the 

sample to observations that are within 100 kilometers of a camp between 1999 and 2016, since we 

think it is more plausible that the parallel trends assumption, necessary for internally valid DID 

estimates of treatment effects, holds between areas within close proximity to a camp and those 

close by but not within the immediate proximity. We cluster standard errors at the DHS cluster 

level in all estimations to account for the lack of independence between individuals in each cluster. 

Our analysis looks at several outcome variables, which generates a concern of false positives under 

multiple hypothesis testing. To avoid this, we provide the Benjamini-Hochberg corrected q-value 

along with the naïve p-value from the regression, which controls for the false discovery rate. We 

prefer it over the Bonferroni correction because it involves less risk of a false negative than the 

Bonferroni correction, allows for more statistical power (Fink et al., 2013), and works well when 

outcomes of tests are correlated (Benjamini and Yekutieli, 2001; Genovese and Wasserman, 2002).   
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3.2 Heterogeneous Distance Bands 

We extend the DID specification above to examine whether there are heterogeneous effects by 

distance to a respondent’s closest refugee camp. To do this, we construct four five-kilometer wide 

distance bands around refugee camp locations and estimate the following specification using OLS, 

!"#$%& = () +XYZ
Z

,-./#,Z × 34567#% +	X[Z
Z

,-./#,Z +	:;" + <$ + =$∗% + ?@% + A$&

+ B"#$%&,																																																																																																																															(3) 

where all variables are defined as before and the set P is composed of the distance bands, measured 

in kilometers, so that P ∈ {[0, 5], (5, 10], (10, 15], (15, 20]}. This specification yields estimates 

for each five-kilometer band around a camp, keeping those between 20 and 100 kilometers away 

as the reference group in the DID setup. The estimated coefficients, ∑ ŶZZ  provide estimates of the 

impact of the establishment of a refugee camp for each of the distance bands in P under the 

assumptions necessary for internally valid DID estimates.  

We expect the effects of the camps to be more intense and measurable within closer 

proximity, so if the effect dissipates over space, it provides confidence in our estimates. Following 

the previous literature of using 20 kilometers as the cutoff distance for the DID specification leads 

us to consider the threat of a Stable Unit Treatment Variable Assumption (SUTVA) violation, 

since we are unsure of the point at which the effect of the refugee camp fully diminishes over 

space. To address this, we include specifications of equation (3) adding those in the distance bands 

from 20 to 25 and 25 to 30 kilometers from camps, redefining our treatment group as those from 

30 up to 100 kilometers away as the comparison group, in our main results.  

3.3 Event Study Specification 

There is reason to suspect that the nutrition effects of refugee camps are not consistent over time. 

If there is some positive demand shock, it is possible that over a relatively long time period, local 
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food markets will adjust to accommodate the increased demand. Thus, the negative effects may be 

limited to an undefined shorter period of time after the establishment of the camp. To examine the 

effects of refugee camps on host community nutrition outcomes over time, we amend equation (2) 

to estimate an event study. This specification is as follows, 

!"#$%& = () +Xfg
g

,-./#,[)hi] × jF.6g +	XkZ
Z

,-./#,Z × 34567% +X[l
l

,-./#,l +	:;"

+ <$ + =$∗% + ?@% + A$& + B"#$%&,																																																																																	(4) 

where all variables are defined as in equations (1) and (3). The vector jF.6g is a set of binary 

variables identifying whether the observation is treated within a certain time period relative to the 

establishment of the camp within zero to five kilometers from its location. We choose aggregate 

time bands since the treated sample is relatively small and aggregating the time periods provides 

more power for the estimation. For example, for the child outcomes, we use four-year time periods 

so that 7 is defined as 7 ∈ {[−12,−8], [−7,−3],			[1, 4], [5, 9], [10, 13], [14, 20]}. Here, the 

effects are measured relative to the period from two year to zero years before the establishment of 

the refugee camp. Note that we adjust the set 7 for the event study specifications based on data 

availability. We drop observations from locations that are in areas nearby a disbanded camp to 

avoid contaminating our estimates from some lingering agglomeration effect. We simply build on 

the specification in equation (3) to be consistent with its estimate, so the set P is now the set of 

distance bands other than the zero to five-kilometer band such that P ∈

{(5, 10], (10, 15], (15, 20]}, and the set 6  is the complete set of distance bands such that 6 ∈

{[0, 5], (5, 10], (10, 15], (15, 20]}. The OLS estimates of ∑ fgg  are our coefficients of interest 

in this specification and provide measures of the effect of being located within five kilometers of 

a refugee camp over time, for periods both before and after the establishment of the refugee camp.  
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This specification additionally helps us evaluate the validity of the parallel trends 

assumption necessary for the causal inference of the DID estimator (Angrist and Pischke, 2009). 

If the estimated effects of proximity to a refugee camp are similar in the pre-treatment and post-

treatment periods, the results indicate there is no treatment impact. If there are measurable 

differences in between treated and untreated groups in the coefficients in the pre-treatment period, 

then this is an indication that the parallel trends assumption is violated. However, if estimated 

effects in the pre-treatment period are statistically insignificant or close to zero, then it is evidence 

that the parallel trends assumption, at least in the pre-treatment period, holds.  

3.4 Mechanism Analysis 

We explore the mechanisms driving our results in several ways. First, we use alternative health 

data available in the DHS to inform and explain results that we obtain. We do this by examining 

whether refugee camps have similar effects among other health outcomes available in the DHS. 

The outcomes we use are the incidence of coughing, fever, or diarrhea among children in the past 

two weeks. If the results are in the same direction as the nutrition effects, it is suggestive that 

refugee camps have some broader effect on health, likely through the construction of health 

infrastructure and service provision that spill over into improvements in anthropometric measures. 

If the signs are in opposing directions such that alternative health measures are improving while 

nutrition outcomes are declining, this implies that food market disruptions are the driving force 

behind the results.  

Second, we use remote sensing data to examine the hypothesis that resource use is the 

mechanism driving any effects of the refugee camps we find. We focus on changes in the 

Normalized Difference Vegetation Index (NDVI) of the areas of the DHS clusters. NDVI is an 

indicator of surface reflectance captured in satellite imagery and is commonly used as a measure 
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of the healthy vegetation and forest cover on the surface of the Earth. It is formally defined in our 

case as,  

qrsQ#% =
qQL#% − L#%
qQL#% + L#%

,																																																																																																																													(5) 

where qQL#% is a DHS cluster’s (G) near infrared band at time 5, and L#% is a cluster’s red band at 

time 5. The resulting metric is bounded between -1 and 1 and is then rescaled to have a range 

between -10,000 and 10,000. Negative values generally reflect water and anything over 6,000 

indicates dense vegetation associated with heavy forest, which is not where population centers are 

generally located. Thus, the actual range for the majority of our data is between 0 and 5,000. The 

data we use for this come from National Oceanic and Atmospheric Administration’s Climate Data 

record, which is a global dataset available for every day from 1982 through 2019 and has a 

resolution of 0.05 degrees (Vermote et al., 2014). We measure the average NDVI for all pixels 

within a 20-kilometer radius of each DHS cluster for each year between 1999 and 2016.  

Using this we estimate the following DHS cluster-level multi-period DID specification,  

qrsQ#%$t = u) + u+,-./#,1 × 34567#% + u9,-./#,1 + ;# + v% + wt∗% + <$ + B#%$t,												(6) 

where all variables that appear in previous regressions are defined as before and qrsQ#%$t is DHS 

cluster G’s average NDVI within a 20-kilometer radius in the year observed. The vector v% is year 

fixed effects, wt∗% is country-level linear time trends, and <$ are second sub-national region fixed 

effects. The variable ;# is an indicator for whether the cluster is in a rural area. Our parameter of 

interest is u+, which indicates the effect of camp proximity on a DHS cluster’s NDVI measure. If 

it is negative, this indicates that camp proximity results in a decline in forest cover and vegetation 

in nearby DHS clusters. We cluster the standard errors at the country level.  

 We also examine heterogeneity in the effects of the refugee camp by the respondent’s 

marital status or the marital status of a child’s household head. Heterogeneous results by marital 
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status provide insight into whether employment opportunities generated by the camp are 

improving nutrition outcomes for some populations, since households with married heads are in a 

better position to seek employment on the camp if the opportunity arises. For this we amend 

equation (1) to the following,  

!"#$%& = y) + y+,-./#,1 × 34567#% × z-77F6H" +	y9,-./#,1 × z-77F6H"

+ {+,-./#,1 × 34567#% +	{9,-./#,1 +	|z-77F6H" + :;" + <$ + =$∗% + ?@%

+ A$& + B"#$%&,																																																																																																																			(7) 

Where y+ estimates the impact of the presence of a refugee camp on a nutrition outcome for those 

who are married or children who have a married household head. If it is positive and statistically 

significant, it is an indication that labor market opportunities are in fact responsible for 

heterogeneous outcomes within the treated population.  

 Last, we consider the role of changes in employment opportunities. Although a full analysis 

of the effects of a refugee camp on the local labor market is beyond the scope of this paper and is 

the subject of further work in our research agenda related to this subject (see Anti and Salemi, 

2018), camp-generated employment is a likely mechanism behind our results. Therefore, we 

incorporate the labor market impacts of the camps. We do this by constructing a binary variable 

for whether an adult respondent is employed at the time of the survey. We then use this as an 

outcome variable in our estimation with a specification with the form of equation (3)	by replacing 

the married household head indicator with the adult respondent employment indicator. We are less 

concerned with rural seasonal effects of rural employment and follow Kotsadam and Tolonen 

(2016) and omit the month-second sub-national unit fixed effects. 

 

SECTION 4: RESULTS 
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4.1 DID Main Results 
 
All mentions of statistical significance in this discussion refer to the naïve measures. We discuss 

the implications of the Benjamini-Hochberg procedure on statistical inference in Section 4.5.  We 

first estimate equation (1) for children between the ages of zero and six, using different distance 

bands around camps from five to 20 kilometers. We expect the effects to be strongest closest to 

the camp. Table 2 contains the results of estimating equation (1) using the cutoffs of 10 and 15 

kilometers around a camp and the z-score variables.12 We see statistically significant negative 

coefficients for the WAZ and the HAZ outcomes at both thresholds. 

[Table 2] 

The estimates indicate that being within 10 kilometers of an active refugee camp results in 

a decrease of 11.33 WAZ for children relative to a healthy population. This is economically 

significant as it is about 10 percent of the mean WAZ for the sample. We also see that being within 

10 kilometers of a camp results in a decrease of 11.201 HAZ for children, although this estimate 

is statistically significant at only the 10 percent level. This is about 8 percent of the magnitude of 

the sample mean for HAZ. Results for adults with equation (1) show null results for women, but 

strong positive gains for men’s Rohrer’s index within 10 kilometers of a camp. These results can 

be found in Table A.1 in the Appendix. 

Table 3 contains the results of estimating equation (3) for the sample of children. The 

estimates are consistent with our expectations, as the effect is strongest closer to the camp and 

dissipates monotonically over space out to 20 kilometers. This is illustrated in Figure 3. Within 

five kilometers of a refugee camp, children’s WAZ declines by 15.41, 13.7 percent of the sample 

mean. The HAZ declines by 16.93 in areas within five kilometers of an active refugee camp, about 

 
12  The five-kilometer threshold results in a negative coefficient with statistical significance at the ten percent 
confidence level for the WAZ outcome.   
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12 percent of the sample mean. These results are significant at the 5-percent and 10-percent level 

respectively.  

[Figure 3] 

[Table 3] 

The estimates for the adult sample are in Table 4 and show strongly statistically significant 

coefficients for men. The results suggest adult men living within five kilometers of a refugee camp 

have higher Rohrer’s index levels than those farther away. For women, we see that they have a 

lower Rohrer’s index within the five-kilometer distance to the camp, although this coefficient is 

statistically insignificant and small relative to the average Rohrer’s index for the sample mean. We 

initially suspected that the strong positive statistical significance for the men is related to work 

opportunities related to the camp: if such opportunities are gendered and limited such they do not 

spill over to women and children to correct for the negative effects of the refugee camp’s arrival, 

then we may expect gains for men despite null or negative outcomes for women and children. The 

results that we discuss in Section 4.4 however suggest this is not the case. It is also worth noting 

that the estimated coefficients in the regression using Hbg for the women’s sample are statistically 

significant, positive and dissipate over space as expected starting in the six- to 10-kilometer zone 

near a camp. Interestingly, the area closest to a camp is negative and statistically insignificant.  

[Table 4] 

4.2 Event Study Results 

While the specification in equation (3) provides insight into how the effects of refugee camps 

change over space, the specification outlined in equation (4) offers insight into how the effects of 

refugee camp establishment change over time. Figures 4 through 7 display the results of the event 

study regressions outlined in equation (4) for the z-score variables for all children and women’s 
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Rohrer’s index. These figures all display confidence intervals reflective of the naïve p-values, 

although the statistical significance is mostly robust to the Benjamini-Hochberg adjustment. 

Figures 5 and 6, which display the WAZ and HAZ outcomes, show statistically insignificant 

coefficients in the pretreatment periods with a negative estimate in the period immediately 

following the establishment of a refugee camp. In the case of the WAZ outcome, this coefficient 

is statistically significant at the 10-percent level, while it is significant at the one percent level for 

the HAZ outcome. The event study for the WHZ outcome shows null results in all post-treatment 

periods.  

[Figures 4 through 7] 

This suggests that the establishment of refugee camps results in negative food security 

outcomes for children in local communities. The estimates of the establishment of a refugee camp 

on both children’s WAZ and HAZ show a pattern of strong effects over the post-treatment period. 

The magnitude of the coefficient estimates decrease relative to the initial establishment of the 

camp, which suggests some degree of recovery, but they stay statistically significant and negative 

well into the later time periods.  

 Figure 7 shows the event study chart for the adult women, which follows a similar pattern 

of statistically insignificant estimates in the pretreatment periods with clearly negative effects in 

the post-treatment period. The results suggest that the establishment of a refugee camp led to a 

period of deteriorating nutritional outcomes for women within a five-kilometer distance to the 

camp and is consistent with the negative food security effects we find for the subsample of 

children. Figure 8 shows the event study for the Rohrer’s index of the adult men. Due to data 

limitations we are only able to calculate one pre-treatment coefficient, which complicates our 
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efforts to establish the trend prior to camp opening. We then see mostly positive effects after the 

refugee camp is established.  

4.3 Migration 

Treatment-induced migration based on unobservable variables is the primary threat to 

identification that would violate the assumption of parallel trends in the post-treatment period 

because we are using repeated cross-sectional data. While stories of internal migration into areas 

with refugee camps are rare, it is conceivable that if refugee camps result in economic growth 

(Alix-Garcia et al. 2018), or if refugee camps result in greater access to services for hosts, that 

there could be selective migration of those intending to take advantage of opportunities provided 

by the camp. Also, it is possible that refugee populations not in camps would settle within close 

proximity to the camp in an effort to be close to family or friends located in the camp.  

We investigate this empirically with our data by constructing a binary variable equal to one 

if an individual has moved to their village and zero otherwise. We then use this as the dependent 

variable in a regression specification identical to equation (3)  but with the month-second 

subnational administrative unit fixed effects removed, since we are less concerned about 

seasonality of migration into refugee camp regions. Table 5 contains the results, which indicates 

that in-migration to the five-kilometer zone around refugee camps is occurring. 

[Table 5] 

 We believe it is less credible that non-camp refugees are moving close to refugee camps to 

be close to friends and family. For one, countries that have pursued a policy of encampment have 

attempted to keep refugees in camps with few exceptions (often made on the basis of health, 

protection, or education needs). In countries where refugees have free mobility in and out of camps, 

those with the skills and resources needed to live outside of the camp (and forego a considerable 
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amount of humanitarian assistance) will likely seek greater opportunities in the more prosperous 

urban areas of the country, instead of staying in the peripheral and remote villages that sit near 

camps.  

The 2018 POC map provides some insight into whether it is indeed common for non-

planned refugee settlements to be located within close proximity to refugee camps, since it contains 

precise locations for non-camp refugee settlements. We find indeed that refugee camps are quite 

remote relative to their closest non-camp refugee settlement. The average distance from each camp 

to its closest non-camp settlement is 153.3 kilometers, and it is rare for a camp to have a non-camp 

refugee settlement nearby. Only 5.6 percent of camps have non-camp refugee settlements within 

five kilometers, and 9.7 percent of camps have non-camp refugee settlements within 10 kilometers. 

Over 97 percent of non-camp refugee locations are located beyond 10 kilometers from a refugee 

camp. Figure A.5 in the Appendix contains a map displaying these relationships in Central Africa. 

Since we do not have panel data, we first follow Benshaul-Tolonen (2018) and Kotsadam 

and Tolonen (2016) and limit the sample to non-migrants. There is no migration information for 

child respondents, so we instead limit the sample to those whose household heads have never 

moved. Tables A.2 and A.3 contain the results of these estimations using our preferred 

specification outlined in equations (1) and (3). We see that the results for children hold in sign, 

and although statistical significance is weaker, it is still present for several of the estimates, 

especially the WAZ outcome. The magnitude of the coefficients is actually larger, as one would 

expect if the inward migration is driven by the work opportunities for hosts related to the camp 

and its population. Table A.4 in the Appendix contains the results of the adult outcomes using this 

same restriction. The coefficients for the men’s Rohrer’s index hold despite the reduction in sample 

size, at least when we use the 20-kilometer threshold for the cutoff.  
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To further check against refugee mobility within host country contaminating our results, 

we also use data available in the ARD on non-camp refugee locations. We measure whether a DHS 

cluster is within 20 kilometers of a non-camp refugee location, and if they are we remove 

respondents in that cluster from the sample. Table A.5 contains the results. They show that 

essentially the main results hold in magnitude and sign. The same pattern of a declining size of the 

effect is present, although we only see weak statistical significance on the closest coefficient, and 

this is not robust to the Benjamini-Hochberg correction.  

4.4 Mechanism Analysis Results 

Table 6 shows the results of the regression using other indicators for child health as outcome 

variables. Within the zero- to five-kilometer region around active refugee camps, there is no 

statically significant effect on the prevalence of cough or diarrhea, and the point estimates are 

negative. We see a statistically significant negative effect on fever among children, suggesting that 

regarding illnesses with fever as a symptom, children are actually experiencing improved health. 

We examine this in an event study framework and illustrate the results in Figure 9, which shows 

these effects appear to be delayed and show up only in the later years in the sample.  

We interpret this to be the effect of health services provision through the camp. As many 

key informants pointed out, humanitarian programming in response to forced displacement is 

increasingly considering the needs of host populations through policies aimed at including hosts 

as beneficiaries in aid funding. Hence, when a camp is established, stakeholders may invest in the 

preexisting health infrastructure such that it can better serve hosts and absorb refugees, or they 

create new, shared health services catering to both populations. The delay in timing relative to the 

establishment of the camp is consistent with the notion that health services would take time to 
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establish only after basic infrastructure and habitability need are met in the early years of camp 

establishment. 

[Table 6] 

 Table 7 shows the results of estimating equation (6) on the average NDVI for clusters in 

the dataset. It indicates that being within 10 kilometers of an active camp reduces a cluster’s NDVI 

by between 60 and 70 index points, or 2.6 to 3.1 percent of the sample average. This change in 

vegetation may be the result of the clearing of forest or farmland for the camp area as well as new 

service infrastructure. The decline may also be due to market disruptions or coping strategies 

involving clearing vegetation for farmland or energy. Regardless, it is consistent with the story 

that vegetation declines in regions close to refugee camps, the same area where we are finding 

negative effects on child nutrition. 

[Table 7] 

 Table 8 shows the heterogeneous effects on children by marital status of the child’s 

household head. We see that children with married household heads do significantly better than 

those that do not. Across all three measures, the effect of the camp for children with unmarried 

household heads is negative and statistically significant. The effect of the camp with a married 

household head is positive across all three and statistically significant at the one-percent level for 

the WAZ and the HAZ measures. This is consistent with the notion that camps are providing 

income-generating opportunities, since it is likely that households with married household heads 

are in a better position to take advantage of those opportunities. Table A.7 contains the results for 

adults, which are generally null and indicative that marital status is not a factor in differential 

outcomes across adults. 

[Table 8] 
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 Table 9 contains the results of adapting equation (3) with an outcome variable measuring 

whether a respondent is employed at the time they were surveyed. Columns (7-9) contain the 

results among the sample of adults for which we have a Rohrer’s index measure, while columns 1 

through 6 contain the results for the entire sample. While it indicates strong statistically significant 

positive effects on employment in in areas close to the camp, around four to eight percentage points 

depending on the sample and specification, it does not suggest that employment gains 

disproportionately favor men. Thus, we do not see this as an explanation for the relatively large 

statistically significant effect on the men’s Rohrer’s index. This is an interesting result by itself, 

which we explore in more detail in upcoming work, but for now we use it to rule out heterogenous 

employment by sex as a mechanism for the effects of refugee camps on the men’s Rohrer’s index.  

[Table 9] 

4.5 Discussion 

Overall, the results consistently estimate negative nutritional outcomes for children and benefits 

for adult men in close proximity to the camps. The results for women close to refugee camps are 

inconclusive, although the event study suggests that for some period of time, refugee camps have 

negative effects. Event study charts suggest that the econometric results are not the product of pre-

treatment trends. We have included the Bengamini-Hochberg q-values as an added robustness 

check and to account for the possibility of Type I error. Admittedly, they render some of our 

significant results insignificant, or at least diminish confidence in the estimates. However, even 

with the Bengamini-Hochberg correction, much of the statistical significance holds, including in 

our preferred specification (outlined in equation (3)). Additionally, the trends exhibited by our 

coefficients over space and over time are consistent with what we would expect to find if there is 

an effect of refugee camps on local nutrition outcomes. Coefficient estimates from equations (3) 
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and (4)  suggest that our estimates are not spuriously produced through looking at multiple 

outcomes. Our robustness checks signal to us that migration, either through those looking for work 

on the camps, or through the arrival of other refugees settling outside of camps, are not driving the 

overall results.  

We believe these results describe a cohesive story on the impacts of the arrival of a refugee 

camp in SSA. In correspondence with the information shared by key informants, our findings 

suggest that refugee camps in SSA place a strain on the local economy to service the large influx 

of people and their consumption needs but also bring employment opportunities and improved 

public services. While this nets out positively for male adults, children - in particular those that are 

part of households with one parent or few adults - are still vulnerable. Humanitarian food support 

is generally not extended towards host communities,13 however, we recommend that future policy 

planning by host governments, UNHCR, and its partner agencies consider nutritional 

vulnerabilities among host community children in response to camp creation. 

 

SECTION 5: CONCLUSION  

The organization of refugee populations into camps is a phenomenon that takes place throughout 

the developing world. To our knowledge, this study is the first attempt to quantify the economic 

effects of refugee camps on host populations on a scale beyond highly localized case studies. In 

the process of carrying out this research, we have developed a novel dataset on all the known 

locations of refugee camps in SSA between 1999 and 2016, which allows for a new level of broader 

continent-wide investigation of the effects of camps on hosts without sacrificing the advantage of 

 
13 Key informants pointed out that host communities share many services with refugees, with the exception of food 
assistance. Country planning reports corroborate this observation: these reports discuss services and interventions that 
include host community members, and food security interventions only target refugees (UNHCRd - UNHCRg, 2019).  
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previous work focused on examining highly localized effects. We draw on previous work on the 

proximity to resource extraction to examine the effects of refugee camps on the nutritional 

outcomes of children and adults in refugee camp host communities using a DID empirical strategy 

and investigate the mechanisms behind these results.  

The results indicate that refugee camps cause a decrease in child WAZ and HAZ measures 

in host communities for the camps. For many host countries, including hosts in service provision 

in the proximity of refugee camps is an important component of policy planning, but this support 

rarely includes food assistance for host households. Our results suggest that policymakers should 

carefully consider to increase food security programming for children in refugee camp host 

communities in their planning.14  

 Our newly created ARD allows for further exploration of the refugee phenomenon across 

SSA. This study does not explore outcomes by variations in the size of a camp in terms of land 

area or population counts, preferring to look at the dichotomous state of there being a camp in 

some proximity to an individual or not. Future research could take the size and scale of the camp 

into account to refine these estimates. Although only use tangentially in this paper, future studies 

of refugee impacts can also take advantage of the information in the ARD on refugee settlements 

outside of camps. There is reason to suspect that the impacts of these settlements are distinct from 

those associated with refugee camps since the infrastructure of the camp is not present to segregate 

refugees from the local community, and because out-of-camp refugees generally do not receive as 

much (or any) humanitarian support, spillovers from the activities of international aid institutions 

are likely for hosts. Additional opportunities exist in employing remote sensing imagery on 

 
14  The UNHCR does in fact currently take host communities’ food and nutrition needs into account. See 
https://emergency.unhcr.org/entry/254103/food-security-in-camps for details. Nevertheless, key informant interviews 
with humanitarian stakeholders in East Africa in 2019 indicate that host households are generally excluded from food 
assistance programs but are included in education, health, and WASH programming. 
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forestation, cropping patterns, and nighttime lights to examine resource use changes and economic 

growth patterns related to FDP settlement on a broad spatial scale. 
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SECTION 7: CHARTS AND FIGURES 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Camp Location Over 1999-2016. Data from the African Refugee Dataset. Note: this is the same figure as in Anti and Salemi (2018)  
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Figure 2: DHS Cluster locations within 100 kilometers of a Refugee Camp, West Africa 2000-2016. Maps for East, and Central/Southern Africa are located in the Appendix. 
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Figure 3: Effects of Proximity to Refugee Camp on Weight-for-Age Z Score by Distance. Naïve confidence intervals at the 5 percent 
level displayed. Note: this is a graphical illustration of the results contained in Table 3, column 4. 
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Figure 4: WAZ Event Study.  
Grey lines represent confidence interval at 5 percent. 

Figure 5: HAZ Event Study. 
Grey lines represent confidence interval at 5 percent. 
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Figure 6: WHZ Event Study. 
Grey lines represent confidence interval at 5 percent. 
 

Figure 7: Women's Rohrer's Index. 
Grey lines represent confidence interval at 5 percent. 
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Figure 8: Men's Rohrer's Index. 
Grey lines represent confidence interval at 5 percent. 
 

Figure 9: Incidence of Fever in Previous 2 Weeks Event Study. 
Grey lines represent confidence interval at 5 percent. 
 



	 41 
	

SECTION 8: TABLES 
 

Table 1: Sample Summary Statistics 

Variable Whole Sample Within 20 km of Camps Treated by Camps within 5 km Control Group (>20 km and 
<=100 km from Camp) 

Obs. Mean Obs. Mean Obs. Mean Obs. Mean 
Age 1,514,921 21.78 262,668 21.65 12,861 21.10 1,252,253 21.81 
Sex 1,514,997 0.51 262,671 0.52 12,860 0.51 1,252,326 0.51 
Yrs. Education 1,507,562 2.83 261,567 2.79 12,780 2.79 1,245,995 2.83 
Rural 1,515,016 0.72 262,674 0.68 12,861 0.54 1,252,342 0.73 
HAZ 134,495 -141.68 22,547 -145.52 1,114 -141.41 111,948 -140.91 
WHZ 137,133 -30.37 23,104 -32.73 1,123 -31.52 114,029 -29.90 
WAZ 134,495 -112.17 22,547 -115.90 1,114 -112.52 111,948 -111.42 
Women’s Hgb 122,408 122.37 21,281 123.76 886 125.85 101,127 122.07 
Men’s Hgb 41,538 140.26 6,544 141.56 208 143.20 34,994 140.02 
Women’s Rohrer’s  186,567 1,422.03 32,015 1,411.96 1,564 1,415.98 154,552 1,424.12 
Men’s Rohrer’s 38,470 1,254.16 9,004 1,257.84 303 1,319.37 29,466 1,253.04 
Year Between ’00 and ‘05 1,388,403 0.14 233,024 0.09 9,247 0.09 1,155,379 0.16 
Year Between ’05 and ‘10 1,515,016 0.19 262,674 0.24 12,861 0.46 1,252,342 0.18 
Year Between ’10 and ‘16 1,515,016 0.68 262,674 0.68 12,861 0.48 1,252,342 0.68 
Treated within 5 km 1,515,016 0.01       
Treated within 10 km 1,515,016 0.02       
Treated within 15 km 1,515,016 0.04       
Treated within 20 km 1,515,016 0.06       
Camp 5 km 1,515,016 0.03       
Camp 10 km 1,515,016 0.07       
Camp 15 km 1,515,016 0.12       
Camp 20 km 1,515,016 0.17       
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Table 2: Children Anthropometric Measures Homogenous Distance Bands 
  (1) (2) (3) (4) (5) (6) 
VARIABLES WAZ HAZ WHZ WAZ HAZ WHZ 
              
!"#$%,'( × *+,-.%/ -11.330**, †† -11.201*, † -6.020    

 (4.620) (6.000) (4.225)    
B-H q-values [0.042] [0.059] [0.154]    
!"#$%,'( 0.408 4.796 -1.709    

 (2.899) (3.687) (2.480)    
       

!"#$%,'0 × *+,-.%/    -7.698**, † -10.767**, † -0.954 

    (3.731) (4.911) (3.478) 
B-H q-values    [0.059] [0.059] [0.784] 
!"#$%,'0    2.756 7.995** -1.721 

    (2.549) (3.277) (2.338) 

       
Dep. Var. Mean -112.166 -141.593 -30.420 -112.166 -141.593 -30.420 
Observations 134,060 134,060 136,692 134,060 134,060 136,692 
R-squared 0.127 0.146 0.124 0.127 0.146 0.124 
Note: Robust standard errors clustered at the DHS cluster level in parentheses 
All regressions include controls as outlined in equation (1). Their estimated coefficients are omitted. 
*** p<0.01, ** p<0.05, * p<0.1 
Benjamini-Hochberg q-values in brackets 
††† q<0.01, †† q<0.05, † q<0.1  
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Table 3: Children Anthropometric Measures 
  (1) (2) (3) (4) (5) (6) 
VARIABLES WAZ HAZ WHZ WAZ HAZ WHZ 
              
!"#$%,[(,0] × *+,-.%/ -15.407**, † -16.931*, † -6.966 -16.639**, † -17.471*, † -8.181 

 (6.969) (9.028) (6.416) (7.168) (9.327) (6.572) 
B-H q-values [0.081] [0.092] [0.278] [0.06] [0.092] [0.213] 
!"#$%,(0,'(] × *+,-.%/ -11.871**, † -14.775*, † -2.767 -13.182**, † -15.495*, † -3.985 

 (5.668) (7.923) (5.254) (5.868) (8.247) (5.422) 
B-H q-values [0.093] [0.093] [0.598] [0.075] [0.09] [0.462] 
!"#$%,('(,'0] × *+,-.%/ -3.581 -8.085 2.950 -4.893 -8.796 1.740 

 (4.650) (5.695) (4.373) (4.944) (6.142) (4.628) 
!"#$%,('0,6(] × *+,-.%/ -0.419 0.169 0.260 -1.888 -0.622 -1.091 

 (3.895) (5.211) (3.633) (4.288) (5.850) (3.984) 
!"#$%,(6(,60] × *+,-.%/    -2.989 -0.990 -3.743 

    (3.995) (5.047) (3.810) 
!"#$%,(60,7(] × *+,-.%/    -2.500 -1.848 -1.141 

    (3.375) (4.342) (3.140) 

       
Dep. Var. Mean -112.166 -141.593 -30.420 -112.166 -141.593 -30.420 
Observations 134,060 134,060 136,692 134,060 134,060 136,692 
R-squared 0.127 0.147 0.124 0.127 0.147 0.124 
Note: Robust standard errors clustered at the DHS cluster level in parentheses 
All regressions include controls as outlined in equation (3). Their estimated coefficients are omitted. 
*** p<0.01, ** p<0.05, * p<0.1 
Benjamini-Hochberg q-values in brackets 
††† q<0.01, †† q<0.05, † q<0.1  
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Table 4: Adult Nutrition Outcomes 
  (1) (2) (3) (4) (5) (6) 

Sample All Men Women 

VARIABLES Hgb Rohrer’s Hgb Rohrer’s Hgb Rohrer’s 

        

!"#$%,[(,0] × *+,-.%/ 0.738 -8.449 3.040 54.365***, ††† 0.067 -22.479 

 (1.064) (13.478) (1.988) (16.894) (1.223) (15.377) 
B-H q-values [0.531] [0.531] [0.26] [0.002] [0.956] [0.288] 

!"#$%,(0,'(] × *+,-.%/ 1.819**, † 2.376 0.705 14.935 3.292***, ††† -1.777 

 (0.884) (8.977) (1.876) (12.240) (0.910) (10.377) 
B-H q-values [0.80] [0.791] [0.707] [0.444] [0.000] [0.846] 

!"#$%,('(,'0] × *+,-.%/ 1.157* 6.970 0.027 11.013 1.888**, †† 3.382 

 (0.688) (7.552) (1.787) (10.033) (0.778) (8.837) 
B-H q-values [0.186] [0.356] [0.988] [0.544] [0.03] [0.7] 

!"#$%,('0,6(] × *+,-.%/ 1.196 1.038** 1.656 5.798 2.060*** -4.266 

 (8.243) (0.523) (1.412) (9.517) (0.656) (9.642) 
!"#$%,(6(,60] × *+,-.%/ 0.605 0.594 2.004 9.676 1.360** 1.196 

 (6.388) (0.444) (1.342) (8.093) (0.604) (8.243) 
!"#$%,(60,7(] × *+,-.%/ 15.292* 0.201 1.534 -3.243 0.422 0.605 

 (7.904) (0.647) (1.279) (7.048) (0.514) (6.388) 

 
      

Dep. Var. Mean 118.355 1,395.018 54.365 1,253.298 122.367 1,421.905 

Observations 34,922 50,636 37,411 35,233 121,925 185,816 

R-squared 0.262 0.252 0.186 0.177 0.176 0.178 
Note: Robust standard errors clustered at the DHS cluster level in parentheses 
All regressions include controls as outlined in equation (3). Their estimated coefficients are omitted. 
*** p<0.01, ** p<0.05, * p<0.1 
Benjamini-Hochberg q-values in brackets 
††† q<0.01, †† q<0.05, † q<0.1 
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Table 5: Inward Migration 
  (1) (2) 

VARIABLES Migrated Migrated 

      
!"#$%,[(,)] × ,-./0%1 0.107*** 0.105*** 

 (0.039) (0.040) 
!"#$%,(),3(] × ,-./0%1 0.017 0.015 

 (0.030) (0.031) 
!"#$%,(3(,3)] × ,-./0%1 0.024 0.022 

 (0.024) (0.025) 
!"#$%,(3),4(] × ,-./0%1 -0.018 -0.020 

 (0.019) (0.021) 
!"#$%,(4(,4)] × ,-./0%1  -0.004 

  (0.022) 
!"#$%,(4),5(] × ,-./0%1  -0.002 

  (0.016) 

   
Dep. Var. Mean 0.503 0.503 

Observations 225,005 225,005 

R-squared 0.187 0.187 
Note: Robust standard errors clustered at the DHS cluster level in parentheses. 
Although not shown, all estimations include controls discussed related to equation (3) except for the 
seasonality fixed effects. 
*** p<0.01, ** p<0.05, * p<0.1 
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Table 6: Alternative Health Outcomes for Children 

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

VARIABLES Cough Binary Fever Binary Diarrhea Binary Cough Binary Fever Binary Diarrhea Binary 

        

!"#$%,[(,)] × ,-./0%1 -0.016 -0.071***, †† -0.028 -0.021 -0.068**, †† -0.029 

 (0.026) (0.027) (0.023) (0.027) (0.027) (0.023) 
B-H q-values [0.533] [0.027] [0.336] [0.442] [0.036] [0.315] 

!"#$%,(),3(] × ,-./0%1 -0.013 -0.008 0.019 -0.017 -0.006 0.019 

 (0.023) (0.023) (0.019) (0.024) (0.024) (0.020) 
!"#$%,(3(,3)] × ,-./0%1 -0.015 -0.021 -0.012 -0.019 -0.019 -0.013 

 (0.018) (0.018) (0.015) (0.019) (0.019) (0.016) 
!"#$%,(3),4(] × ,-./0%1 -0.004 0.003 -0.010 -0.010 0.004 -0.011 

 (0.015) (0.016) (0.013) (0.017) (0.018) (0.014) 
!"#$%,(4(,4)] × ,-./0%1    -0.009 0.018 -0.004 

    (0.015) (0.016) (0.013) 
!"#$%,(4),5(] × ,-./0%1    -0.006 -0.012 0.004 

    (0.014) (0.013) (0.012) 

 
      

Dep. Var. Mean 0.278 0.281 0.179 0.278 0.281 0.179 

Observations 120,368 120,406 120,428 120,368 120,406 120,428 

R-squared 0.151 0.139 0.101 0.151 0.139 0.101 
Note: Robust standard errors clustered at the DHS cluster level in parentheses 
All regressions include controls as outlined in equation (3). Seasonality fixed effects are included. Their estimated coefficients are omitted. 
*** p<0.01, ** p<0.05, * p<0.1 
Benjamini-Hochberg q-values in brackets 
††† q<0.01, †† q<0.05, † q<0.1 
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Table 7: Refugee Camp Impact on Normalized Difference Vegetation Index (NDVI) 

  (1) (2) (3) (4) 
VARIABLES Cluster Avg. NDVI 

          
!"#$%,[(,)] × ,-./0%1 -62.972** -66.822** -66.613**  

 (27.158) (27.512) (28.450)  
!"#$%,(),3(] × ,-./0%1 -66.983*** -71.147*** -71.027***  

 (18.343) (20.181) (21.523)  
!"#$%,(3(,3)] × ,-./0%1  -16.632 -16.452  

  (19.546) (20.952)  
!"#$%,(3),4(] × ,-./0%1  0.589 -8.617  

  (17.609) (22.235)  
!"#$%,(4(,4)] × ,-./0%1   11.264  

   (18.905)  
!"#$%,(4),5(] × ,-./0%1   7.025  

   (14.668)  
!"#$%,[(,3(] × ,-./0%1    -63.188*** 

    (20.423) 

     
Dep. Var. Mean 2,264.292 
Observations 11,393 11,393 11,393 11,393 
R-squared 0.916 0.916 0.916 0.916 
Note: Robust standard errors clustered at the country level in parentheses 
Regressions control for all variables discussed regarding equation (6) although they are not shown. 
*** p<0.01, ** p<0.05, * p<0.1 
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Table 8: Heterogeneous Camp Effects by Household Head’s Marital Status 

  (1) (2) (3) 
VARIABLES WAZ HAZ WHZ 

        
!"#$%,[(,3(] × ,-./0%1 × 9"00:/;	=>?@/ℎ>B;	=/";C 26.016***, ††† 29.870***, ††† 11.141 

 (8.242) (10.402) (8.159) 

 [0.006] [0.006] [0.172] 
!"#$%,[(,3(] × 9"00:/;	=>?@/ℎ>B;	=/";C -12.381** -11.022 -7.929 

 (5.566) (6.786) (4.942) 
!"#$%,[(,3(] × ,-./0%1 -32.627***, ††† -35.040***, ††† -16.317**, †† 

 (8.011) (9.826) (8.249) 

 [0.000] [0.000] [0.048] 
!"#$%,[(,3(] 10.590** 14.718** 4.656 

 (5.269) (6.743) (4.857) 

    
Dep. Var. Mean -108.393 -134.927 -30.271 
Observations 97,240 97,240 98,977 
R-squared 0.132 0.143 0.120 
Note: Robust standard errors clustered at the DHS cluster level in parentheses 
All regressions include controls as outlined in equation (7). Seasonality fixed effects are included. Their estimated coefficients are omitted. 
*** p<0.01, ** p<0.05, * p<0.1 
Benjamini-Hochberg q-values in brackets 
††† q<0.01, †† q<0.05, † q<0.1 

 
 
 
 
 
 
 
 
 
 
 
 



	 49 
	

Table 9: Employment Near Refugee Camps 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Sample All Men Women All Men Women All Men Women 

VARIABLES Employed 

                 

!"#$%,[(,)] × ,-./0%1 0.052** 0.064** 0.041* 0.058*** 0.070*** 0.047* 0.087*** 0.081** 0.080** 

 (0.021) (0.026) (0.024) (0.021) (0.027) (0.025) (0.026) (0.033) (0.031) 
!"#$%,(),3(] × ,-./0%1 0.008 -0.004 0.012 0.014 0.003 0.018 0.046*** 0.034 0.052** 

 (0.014) (0.021) (0.017) (0.015) (0.022) (0.018) (0.018) (0.030) (0.021) 
!"#$%,(3(,3)] × ,-./0%1 0.018 -0.002 0.022* 0.024** 0.005 0.028** 0.040*** 0.022 0.044*** 

 (0.012) (0.018) (0.013) (0.012) (0.019) (0.014) (0.015) (0.026) (0.017) 
!"#$%,(3),4(] × ,-./0%1 0.003 -0.030* 0.014 0.010 -0.022 0.021 0.021 0.002 0.031** 

 (0.011) (0.016) (0.012) (0.012) (0.017) (0.013) (0.013) (0.024) (0.015) 
!"#$%,(4(,4)] × ,-./0%1    0.015 0.025* 0.011 0.019* 0.035** 0.016 

    (0.010) (0.015) (0.011) (0.012) (0.018) (0.013) 
!"#$%,(4),5(] × ,-./0%1    0.010 -0.002 0.015 0.016* 0.009 0.022* 

    (0.008) (0.012) (0.010) (0.010) (0.014) (0.012) 

          

Sample Restricted to Those 
with Rohrer’s Index  

No No No No No No Yes Yes Yes 

Dep. Var. Mean 0.738 0.814 0.708 0.738 0.814 0.708 0.724 0.854 0.699 

Observations 415,076 116,023 299,051 415,076 116,023 299,051 209,849 33,827 176,022 

R-squared 0.227 0.295 0.246 0.227 0.295 0.246 0.254 0.265 0.254 
Note: Robust standard errors clustered at the DHS cluster level in parentheses. 
Although not shown, all estimations include controls discussed related to equation (3) except for the seasonality fixed effects. 
*** p<0.01, ** p<0.05, * p<0.1 
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SUPPLEMENTAL APPENDIX 
 

When the Camp Comes to Town: African Refugee Camps and Host Outcomes  
 

Sebastian Anti and Colette Salemi 
Dept. of Applied Economics, University of Minnesota – Twin Cities 

August 23, 2019 
 

SECTION A.1: DETAILS ON THE AFRICAN REFUGEE DATA (ARD) 
 
Identifying refugee camps across SSA and their time periods of operation is not a trivial task. The 

underlying data sources are numerous, yet no single one is perfect and complete. Sources also 

contradict each other routinely. This appendix outlines the process through which we built the 

ARD dataset and how we prioritized information and made decisions over which information was 

the most reliable.  

The dataset contains four major components: (1) the list of camps, (2) the times the camps 

were operational, (3) the geolocational coordinates (longitude and latitude) of each camp, and (4) 

decisions over which information is prioritized in the presence of contradictions. We discuss the 

development of each below.  

A.1.1 List of Camps 

We develop the list of refugee camps from three sources: (1) the UNHCR’s Statistical Yearbooks 

from 1999 to 2016, (2) The UNHCR’s Person of Concern (POC) Map from 2018 (UNHCRc, 

2018), and (3) UNHCR operational maps published sporadically from 2000 to 2016. We first 

collected every location listed as having a refugee camp in SSA in the Statistical Yearbooks from 

1999 to 2016. These Statistical Yearbooks contain detailed lists of each location where people of 

concern are residing around the world, and the status of their location (i.e. whether they are settled 

in a planned refugee camp, informal settlement, or some other type of location). Although 

extremely informative, there is reason to view them as incomplete since they are the result of data 
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gathering within a relatively decentralized administrative system and fluid operational 

environment. To address this, we supplement this information with several other sources. We 

cross-referenced this list derived from the Statistical Yearbooks with those sites listed in the POC 

Map. The POC map is a map published by the UNHCR in 2018 that documents all locations where 

people of concern were residing in that year. It is useful as a snapshot of the refugee camps active 

in that year and their geocoordinates. We added locations in the POC Map that were not mentioned 

in the Statistical Yearbooks for us to check later. We then listed all the locations noted as refugee 

camps in the UNHCR’s operational maps that were available since the early ‘00s. The operational 

maps are a large collection of maps the UNHCR have published over time. They are an extremely 

rich source of data on the locations and timing of camps over this period, although they are also 

not by themselves a complete record of camps over this period.  

We again added any locations that were not contained in the first two sources. In this 

process, we noticed that although the Statistical Yearbooks appear to be the most complete, they 

often mislabeled locations as camps when in reality the entry was for a general administrative area. 

For example, Montserrado is mentioned as a refugee camp in Liberia over a long stretch of time. 

However, research into an actual camp by this name using the UNHCR operational maps and news 

reports revealed no specific camp location by that name. Although it did reveal that a county in 

Liberia by that name did receive a large refugee influx at some point. We identified these types of 

entries and removed them from the analysis since they did not result in an actual camp being 

constructed and administered by the UNHCR. 

A.1.2 Operational Times 

We determined the times the camps were operational in two primary ways. First, if the camp was 

contained in the Statistical Yearbooks, we simply checked for the year the entry first appeared in 
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the yearbook and the year the entry last appeared in the yearbooks. If the entry appeared early in 

the period, around 1999 to 2003, we checked secondary sources such as news reports, academic 

papers, the World Food Program’s (WFP) Refugee Geonode dataset, and UNHCR reports to 

determine when the camp opened, out of concern that the camp had been in operation before the 

data gathering process for the Statistical Yearbooks became reliable. For those locations not 

identified in the UNHCR Statistical Yearbooks, we relied entirely on secondary sources to date 

the opening and closure of the camps. The POC dataset contains dates for its entries, which, we 

confirmed with the UNHCR, is supposed to be the date the location entered into the UNHCR’s 

administrative system. Upon further inspection, we found this data to be highly unreliable. Spot-

checking revealed that for some countries the dates were relatively accurate (for example 

Cameroon and Ethiopia), and totally inaccurate for others. As a result, we declined to use any date 

information from the POC dataset. All sources that we consulted to ascertain the best approximate 

starting and ending dates for the camps can be found in the AR dataset file. 

A.1.3 Spatial Data 

Spatial data came from three primary sources. First, the POC map contains the locations of camps 

that were active in 2018. So for any camps from this period that were still operational at that time, 

we took the locations from this resource. Second, the WFP Refugee Geonode dataset also contains 

longitude and latitude for a number of camps, both that were still in operation and those that were 

closed over this period of time, and this allowed us to fill in a lot of the spatial information that the 

POC map missed due to it being a snapshot in time in 2018. Still, we found the WFP dataset to be 

lacking itself as a comprehensive resource, so for those camp locations for which we still had no 

locational information we used Google Earth, and geonames.com to locate the camps based on 

their name assuming they are named after the place where they are located. Of course this 
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assumption is dubious, as it may be the case that a camp’s closest village is actually very distant, 

or the camp is named after a river or a physical feature that shares its name with a distance village. 

To reduce this type of measurement error, we attempted to verify the locations of these camps 

using the UNHCR operational maps we mention above, or some other resource that indicated the 

camp’s position. Any camp that was still left after this process we used some other secondary 

source to locate.  

A.1.4 Cleaning and Prioritization Decisions 

It is worth restating that the underlying sources for this dataset are reflective of an operational 

environment that is uncertain and extremely fluid as well as a data gathering process through and 

institutional structure that is highly decentralized. This leads to, understandably, contradictions 

such as inaccurate and incomplete lists of refugee camp locations across official documents, and 

contradictions in opening and closing dates. First, to address mislabeling of camps in the dataset 

we examined each entry to verify that there was indeed a camp in that location. The most common 

entry mistake we could identify this way was a mislabeling a regional administrative unit as a 

camp. An example of this is the Montserrado example we mention above. Another common 

inaccurate entry was labeling a transit center a camp. Transit centers are a different type of refugee 

location and not the focus of this current study, so we remove these entries from the dataset, 

although we do plan to build this dataset in the future to include other types of locations at which 

refugees and internally displaced people are located. 

 Sometimes there was a discrepancy between camp opening and closing information. If this 

is the case, we prioritized the date that had the most sources to validate it. If each date has the same 

number of sources, we prioritized the date that came from news reports, or academic papers since 

these are most likely to be the result of direct intentional inquiry by the reporter or researcher. If 
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there is no other source for the opening and closing date of a camp, we use the information derived 

from the UNHCR Statistical Yearbooks.  
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SECTION A.2: SUPPLEMENTAL APPENDIX SOURCES 

None 
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SECTION A.3: APPENDIX FIGURES 
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Figure A.1: Country Representation in Child 5-km Treated Sample
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Figure A.2: Country Representation in Adult 5-km Treated 
Sample
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Figure A.3: DHS Clusters within 100 km of Refugee Camp at any time between 2000-2016, Central and East Africa. Data from DHS. 
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 Figure A.4: DHS Clusters within 100 km of Refugee Camp at any time between 2000-2016, Central and Southern Africa. Data from DHS. 
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Figure A.5: Refugee Camps and Relationship to Non-Camp Refugee Settlements, Data from UNCHR's POC Data. 
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SECTION A.4: APPENDIX TABLES 
 

Table A.1: Variable Definitions and Sources 
Variable Name Definition Source 

Dependent Variables 
Height-for-age, z-score Z-score compared to the average height- 

for-age from a healthy population 
DHS, various countries 2000-2016 

Weight-for-age, z-score Z-score compared to the average weight- 
for-age from a healthy population 

DHS, various countries 2000-2016 

Weight-for-height, z-score Z-score compared to the average weight- 
for-height for age from a healthy 
population 
 

DHS, various countries 2000-2016 

Hemoglobin in blood A measure of vitamin and mineral 
consumption. Measured in deciliters of 
hemoglobin (a protein) in an individual’s 
blood.  
 

DHS, various countries 2000-2016 

Rohrer’s Index ("#) Also known as a “corpulence index.” 
Measure of leanness. Defined for an 
individual % as, 

"#& = 	
)*++&
ℎ-%.ℎ/&0

. 
This is preferred to body mass index 
because it is comparable even for people 
very tall and short. 

DHS, various countries 2000-2016 

Explanatory Variables 
Distance to Refugee Camp Vector, in km from respondent’s DHS 

cluster to closest refugee camp in the 
DHS survey year 
 

Measured using DHS spatial data, 
and Spatial Refugee Dataset 

Year Year of DHS survey DHS, various countries 2000-2016 

HH Head Years of Education Years of education of the identified head 
of the household 

DHS, various countries 2000-2016 

HH Head Sex Binary variable equal to one if household 
head is male, zero otherwise 

DHS, various countries 2000-2016 

HH Size  Number of members of the household DHS, various countries 2000-2016 
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HH Head Age Age in years of the head of the household DHS, various countries 2000-2016 

Age Age in years of respondent DHS, various countries 2000-2016 

Rural Binary variable equal to one if DHS cluster 
is urban, zero otherwise 

DHS, various countries 2000-2016 

District Second subnational administrative unit Measured using DHS, various 
countries 2000-2016, and shape 
files from maplibrary.org (Map 
Library) 
 

Province First subnational administrative unit Measured using DHS, various 
countries 2000-2016, and shape 
files from maplibrary.org  (Map 
Library) 
 

Notes: The DHS contains administrative units for observations, however, this is not consistent over time. For 
example certain countries have initiated redistricting or decentralization policies over the period from 2000 to 
2016. To obtain a consistent region over which to define district and province fixed effects, we define the 
administrative unit relative to a DHS cluster’s position on shape files available through maplibrary.org. Clusters 
randomly displaced by DHS outside of the borders of the country to which it belongs were assigned membership 
in the closest administrative region within its country.  
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Table A.1: Adult Outcomes at 10 and 15 km Thresholds 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Sample All Women Men All Women Men All Women Men All Women Men 

VARIABLES 
Hbg Hbg Hbg 

Roher’s 

Index 

Roher’s 

Index 

Roher’s 

Index 
Hbg Hbg Hbg 

Roher’s 

Index 

Roher’s 

Index 

Roher’s 

Index 

                          

!"#$%,'( × *+,-.%/ 0.506 0.833 -0.429 -4.838 -10.771 24.740**, ††       

 (0.682) (0.690) (1.035) (7.451) (8.447) (10.074)       

B-H q-values []0.516] [0.227] [0.679] [0.516] [0.227] [0.028]       

!"#$%,'( -0.414 -0.560 -0.204 7.197 7.664 4.445       

 (0.398) (0.423) (0.577) (4.771) (5.270) (7.022)       

             

!"#$%,'0 × *+,-.%/       0.482 0.786 -0.487 2.173 -2.105 14.455* 

       (0.534) (0.554) (0.828) (5.733) (6.690) (8.058) 

B-H q-values       [0.705] [0.310] [0.556] [0.705] [0.753] [0.146] 

!"#$%,'0 
      -0.071 -0.366 0.450 -1.947 -0.290 -5.815 

       (0.349) (0.372) (0.515) (3.871) (4.319) (5.893) 

             

Observations 243,773 163,896 79,762 221,081 185,816 35,233 243,773 163,896 79,762 221,081 185,816 35,233 

R-squared 0.353 0.270 0.548 0.213 0.178 0.177 0.353 0.270 0.548 0.213 0.178 0.176 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (1). Their estimated coefficients are omitted. 

*** p<0.01, ** p<0.05, * p<0.1 

Benjamini-Hochberg q-values in brackets 

††† q<0.01, †† q<0.05, † q<0.1 
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Table A.2: Children Anthropometric Measures – 10- and 15-km Thresholds – HH Head Never Movers 

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

VARIABLES WAZ HAZ WHZ WAZ HAZ WHZ 

              

!"#$4,10 × *+,-.4, -11.419* -5.153 -10.680*    

 (6.573) (8.353) (6.080)    

B-H q-values [0.123] [0.537] [0.123] 
   

!"#$4,10 -1.604 0.199 -0.398    

 (3.956) (4.978) (3.439)    

!"#$4,15 × *+,-.4,    -13.619**, †† -13.009* -5.339 

    (5.430) (7.361) (5.163) 

B-H q-values    
[0.036] [0.116] [0.301] 

!"#$4,15 
   4.192 8.411* -1.606 

    (3.489) (4.595) (3.165) 

       

       

Observations 50,039 50,039 50,828 50,039 50,039 50,828 

R-squared 0.133 0.154 0.132 0.133 0.154 0.132 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (1). Their estimated coefficients are omitted. 

*** p<0.01, ** p<0.05, * p<0.1 

Benjamini-Hochberg q-values in brackets 

††† q<0.01, †† q<0.05, † q<0.1 

 

 

 

  



	 64 
	

Table A.3: Children Anthropometric Measures – Heterogeneous Distance Bands– HH Head Never Movers 

  (1) (2) (3) (5) (6) (7) 

VARIABLES WAZ HAZ WHZ WAZ HAZ WHZ 

              

!"#$4,[0,5] × *+,-.4, -20.622* -13.177 -16.049 -20.870* -11.643 -17.151* 

 
(10.583) (13.952) (9.944) (10.948) (14.419) (10.254) 

B-H q-values [0.153] [0.345] [0.161] [0.141] [0.419] [0.141] 

!"#$4,(5,10] × *+,-.4, -20.433**, †† -14.347 -12.262 -20.576**, † -12.926 -13.251 

 
(8.384) (11.434) (7.919) (8.694) (12.011) (8.179) 

B-H q-values [0.045] [0.210] [0.183] [0.054] [0.282] [0.158] 

!"#$4,(10,15] × *+,-.4, -15.036**, † -16.085*, † -3.453 -15.167** -14.695 -4.395 

 
(6.909) (8.694) (6.634) (7.398) (9.418) (7.093) 

B-H q-values [0.09] [0.096] [0.603] [0.12] [0.179] [0.536] 

!"#$4,(15,20] × *+,-.4, -9.967 -4.665 -7.771 -10.226 -2.836 -9.127 

 
(6.225) (8.567) (5.909) (6.725) (9.437) (6.422) 

!"#$4,(20,25] × *+,-.4,    0.425 0.723 0.901 

    (7.376) (8.881) (7.326) 

!"#$4,(25,30] × *+,-.4,    -1.976 7.277 -7.803 

    (6.101) (7.679) (5.763) 

       

Observations 50,039 50,039 50,828 50,039 50,039 50,828 

R-squared 0.133 0.154 0.132 0.133 0.154 0.132 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (3). Their estimated coefficients are omitted. 

*** p<0.01, ** p<0.05, * p<0.1 

Benjamini-Hochberg q-values in brackets 

††† q<0.01, †† q<0.05, † q<0.1 
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Table A.4: Adult Outcomes with Never Movers 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Sample All 
Men Women 

VARIABLES Hbg Hbg 

Rohrer’s 

Index 

Rohrer’s 

Index 

Hbg Hbg Rohrer’s 

Index 

Rohrer’s 

Index 

Hbg Hbg Rohrer’s 

Index 

Rohrer’s 

Index 

                          

!"#$%,[(,0] × *+,-.%/ -0.082 -0.172 -26.330 -22.262 3.108 3.264 110.817*** 86.659 -1.673 -2.154 -34.638 -33.485 

 
(2.884) (2.911) (29.217) (29.590) (4.657) (4.743) (32.718) (54.106) (3.171) (3.288) (29.467) (30.135) 

!"#$%,(0,'(] × *+,-.%/ -2.683 -2.756 -6.187 -2.172 -5.869 -5.592 33.914 30.340 -2.275 -2.823 -10.232 -6.818 

 
(1.893) (1.938) (18.171) (19.037) (4.237) (4.292) (41.329) (41.093) (1.960) (2.067) (18.628) (19.673) 

!"#$%,('(,'0] × *+,-.%/ -1.417 -1.523 3.510 7.538 -4.190 -3.940 50.084*** 30.444 -0.807 -1.258 -1.355 1.654 

 
(1.293) (1.370) (16.078) (17.014) (2.772) (2.863) (18.271) (46.955) (1.433) (1.568) (16.198) (17.380) 

!"#$%,('0,;(] × *+,-.%/ 1.471 1.464 0.315 4.824 1.623 1.787 -13.793 -23.382 1.548 1.252 -3.262 1.387 

 
(1.209) (1.281) (19.798) (20.738) (2.649) (2.820) (53.321) (65.671) (1.297) (1.394) (20.067) (21.167) 

!"#$%,(;(,;0] × *+,-.%/  
-0.175 

 
8.432 

 
2.027 

 
8.293 

 
-0.843 

 
5.598 

 

 
(1.263) 

 
(15.139) 

 
(2.683) 

 
(60.308) 

 
(1.302) 

 
(15.402) 

!"#$%,(;0,<(] × *+,-.%/  
-0.005 

 
9.850 

 
-2.123 

 
-45.383 

 
-0.023 

 
13.861 

 

 
(1.065) 

 
(11.915) 

 
(3.002) 

 
(45.913) 

 
(1.157) 

 
(12.067) 

 

            

Observations 34,922 34,922 50,636 50,636 7,518 7,518 4,393 4,393 27,368 27,368 46,214 46,214 

R-squared 0.262 0.262 0.252 0.252 0.197 0.197 0.276 0.277 0.172 0.174 0.214 0.216 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (3).  
*** p<0.01, ** p<0.05, * p<0.10 
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Table A.5: Child Nutrition Outcomes – Clusters Omitted due to Proximity with Refugee Locations 

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

VARIABLES WAZ HAZ WHZ WAZ HAZ WHZ 

              

!"#$4,[0,5] × *+,-.4, -12.394* -14.335 -4.278 -14.398* -15.958* -5.573 

 
(7.190) (9.206) (6.574) (7.415) (9.573) (6.758) 

B-H q-values [0.179] [0.179] [0.515] [0.144] [0.144] [0.410] 

!"#$4,(5,10] × *+,-.4, -7.887 -9.738 -0.536 -10.001 -11.628 -1.819 

 
(5.852) (8.112) (5.459) (6.089) (8.512) (5.654) 

!"#$4,(10,15] × *+,-.4, -1.423 -6.614 4.995 -3.528 -8.517 3.758 

 
(4.905) (5.939) (4.537) (5.237) (6.462) (4.829) 

!"#$4,(15,20] × *+,-.4, 0.624 1.496 0.987 -1.687 -0.622 -0.326 

 
(4.077) (5.372) (3.772) (4.508) (6.072) (4.144) 

!"#$4,(20,25] × *+,-.4,    -4.829 -2.703 -4.587 

 
   (4.153) (5.275) (3.961) 

!"#$4,(25,30] × *+,-.4,    0.245 0.608 0.247 

 
   -3.351 -4.859 0.330 

    (3.541) (4.500) (3.240) 

       

Observations 130,260 130,260 132,852 130,260 130,260 132,852 

R-squared 0.127 0.145 0.125 0.127 0.145 0.125 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (3).  
*** p<0.01, ** p<0.05, * p<0.1 

Benjamini-Hochberg q-values in brackets 

††† q<0.01, †† q<0.05, † q<0.1 
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Table A.6: Children Alternative Health Measures – Heterogenous Distance Bands – Never Mover HH Heads 

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

VARIABLES Cough Binary Fever Binary Diarrhea Binary Cough Binary Fever Binary Diarrhea Binary 

              

!"#$4,[0,5] × *+,-.4, 0.011 -0.072** 0.003 0.003 -0.067* -0.004 

 
(0.038) (0.036) (0.030) (0.039) (0.037) (0.031) 

B-H q-values [0.93] [0.126] [0.930] [0.939] [0.213] [0.939] 

!"#$4,(5,10] × *+,-.4, 0.004 -0.015 0.011 -0.003 -0.010 0.004 

 
(0.034) (0.033) (0.025) (0.035) (0.034) (0.027) 

!"#$4,(10,15] × *+,-.4, -0.011 -0.045* -0.001 -0.018 -0.040 -0.008 

 
(0.028) (0.027) (0.024) (0.029) (0.029) (0.026) 

!"#$4,(15,20] × *+,-.4, 0.006 0.007 -0.015 -0.003 0.008 -0.023 

 
(0.024) (0.027) (0.021) (0.026) (0.029) (0.022) 

!"#$4,(20,25] × *+,-.4,    -0.018 0.052* -0.018 

 

   (0.025) (0.027) (0.022) 

!"#$4,(25,30] × *+,-.4,    -0.008 -0.044* -0.001 

    (0.024) (0.023) (0.022) 

 

      

Dep. Var. Mean 0.296 0.319 0.187 0.296 0.319 0.187 

Observations 45,901 45,910 45,916 45,901 45,910 45,916 

R-squared 0.157 0.144 0.105 0.157 0.144 0.105 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (3). Their estimated coefficients are omitted. Seasonality fixed effects are not included. 

*** p<0.01, ** p<0.05, * p<0.1 

Benjamini-Hochberg q-values in brackets 

††† q<0.01, †† q<0.05, † q<0.1 
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Table A.7: Adult Heterogenous Effects by Marital Status 

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

 Women Men 

VARIABLES Rohrer’s Index Hbg Rohrer’s Index Hbg 

         

!"#$4,[0,10] × *+,-.4, × ="..>-?> -1.876 0.617 2.570 0.936 

 (12.222) (1.969) (15.212) (0.862) 

!"#$4,[0,10] × ="..>-?> 8.030 -1.228 3.870 -0.953* 

 (7.492) (1.075) (8.596) (0.569) 

!"#$4,[0,10] × *+,-.4, -11.232 0.703 22.861** 0.691 

 (10.692) (1.862) (10.849) (0.857) 

!"#$4,[0,10] -1.143 0.899 3.072 -0.317 

 (6.741) (0.972) (7.278) (0.589) 

 
    

Observations 134,620 35,783 35,210 97,599 

R-squared 0.170 0.187 0.179 0.178 

Note: Robust standard errors clustered at the DHS cluster level in parentheses 

All regressions include controls as outlined in equation (7). Their estimated coefficients are omitted. 

*** p<0.01, ** p<0.05, * p<0.1 

	
 
 
 
 
 
 


