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I. Introduction 

An emerging economics literature causally links exposure to violence to changes in a variety of 

behavioral parameters.2 While individually compelling, the collective empirical results are 

strikingly mixed with varying magnitudes and even opposing signs on key parameter estimates. 

This led a recent review of the literature to label this research “inconclusive” (Schildberg-Hörisch, 

2018). By examining the implications of using measures of exposure to violence that aggregate 

experientially, across types of individual exposure, and geographically, across individuals within 

a given location, we propose a way to reconcile the seemingly contradictory findings of the existing 

empirical literature and raise questions regarding the widespread use of aggregate measures of 

exposure. 

The economics and mental health literatures measure exposure to violence in very different 

manners. Whereas the former relies almost exclusively on aggregate measures, the older and more 

established mental health literature on violence and trauma emphasizes not only exposure (or its 

frequency) but also the differences between types of exposure. (Betancourt et al. 2008, 2010, 2012; 

Macksoud and Aber, 1996; Mollica et al 1998). While methodological concerns have been raised 

in the economics literature (Moya 2018; Rockmore 2017), particularly with respect to geographical 

aggregation of exposure, the implications of aggregation across types of exposure as well as across 

individuals within a given location remain empirically unstudied. The implications may be 

important as the few studies that report both individual and community exposure reveal strong 

differences.3 

Aggregation may affect coefficient estimates in two distinct ways. First, when geographically 

defined indicators of exposure to violence are used (as in much of the literature), the estimated 

effect is a weighted average of the exposed (or more violence-affected) population and the 

unexposed (or less violence-affected) population, with the weights reflecting the prevalence of 

 
2 This includes risk aversion (Callen et al. 2015; Moya 2018; Jakiela and Ozier 2018; Nasir et al. 2017; Voors et al. 
2012), time preferences (Imas et al. 2015; Voors et al. 2012), trust/social preferences (Cassar et al. 2013; Luca and 
Verpooten 2015; Rohner et al. 2013; Voors et al. 2012), and hopelessness (Moya and Carter 2018). 
3 For example, community level exposure is always significant in Voors et al. (2014), but individual level exposure is 
not significant at conventional levels of significance (10 percent or lower). The results for individual exposure in 
Callen et al. (2014) are notably weaker than those for exposure in administrative records and are not statistically 
significant in the baseline specification.  



exposure within the local population (Moya 2018). Since the resulting estimate is a weighted 

average, it does not necessarily reflect the actual experience of any specific sub-population.  

To use the language of the impact evaluation literature, the current literature uses an intent-to-treat 

(ITT) approach to measuring exposure to violence: everyone in a ‘violent’ area is considered to be 

‘treated’. The effect of exposure to violence (i.e. the local average treatment effect (LATE)), 

however, will be different since only a fraction of individuals in an area are actually exposed to 

(even random) violence. 

In many samples, the correlation between the aggregate and individual measures of exposure is 

quite low, suggesting that estimated coefficients primarily reflect the experience of the unexposed 

population.4 More broadly, aggregate measures impose a strong assumption of homogeneity of 

effects and obscure the potential importance of the timing, severity, and duration of individual 

exposure on the impacts of violence, i.e., the intrinsically heterogeneous effects arising from the 

nature of each individual’s relationship to the violence that occurs. 

Second, the few studies with individual-level measures of exposure to violence use a single 

variable for (direct) exposure (e.g., total number of violent acts experienced, or even just a binary 

exposure measure).5 Since the mental health literature finds that outcomes vary with the type(s) of 

exposure experienced, the estimated effect of a single individual-level measure depends on the 

joint distribution of the underlying types of exposure. As Betancourt et al. (2010) notes “a single 

total exposure score… may mask important dynamics related to the most severe forms of violence 

exposure … [and therefore] it is important to distinguish between forms of violence that are 

frightening – but widespread – from those that are … distinctly toxic” (p. 1089). 

Drawing on the literature on trauma and mental health, and using an unfortunate natural 

experiment created by a period of intense, widespread and near-random violence in northern 

Uganda, we examine the implications of using aggregate measures in the context of estimating 

impacts on risk preference parameters. We use a unique individual-level panel data set collected 

by the authors that distinguishes between exposure to 25 different (direct and indirect) acts of 

 
4 The correlation between self-reported and aggregate measures of exposure is only 0.12 in Callen et al. (2014) and 
0.01 in Voors et al. (2012) (as reported in an earlier version of Moya (2018)). Rockmore (2017) finds a correlation of 
0.44. 
5 Studies sometimes have measures of violence against property. The only economics studies to more ‘fully’ 
disaggregate exposure are the studies drawing on the first round of this survey. 



violence, thereby allowing us to study four dimensions of direct and indirect exposure: direct 

personal suffering, perpetration, or witnessing of violence oneself, or indirect experience through 

family members’ direct suffering. 

Using these disaggregated measures, we estimate individual-specific changes in risk preferences 

based on the respondent’s individual-specific exposure. The resulting distribution of estimated 

effects reveals considerable and previously unidentified heterogeneity, both in terms of magnitude 

and sign (i.e., risk aversion vs. risk seeking), arising from the near-random within-population 

variation in individuals’ experience of violence. This contrasts with the existing literature, which 

estimates a single, uniform “average” effect for all exposed individuals. Since the average effect 

depends on the distribution of individual experiences, the magnitude of the estimated effects 

should vary across contexts and samples even if the effect of a given type of exposure remains 

unchanged. More broadly, since we find that particular forms of exposure result in increased risk 

seeking while others in increased risk aversion, the signs of the estimated average effects may 

similarly change with sample composition.  

We then examine the implication of using aggregate geographical measures of exposure to 

violence. By decomposing the overall distribution into the separate underlying distributions for 

abducted (i.e., highly exposed) and non-abducted (i.e., less exposed) respondents, we reveal the 

(statistically) distinct distributions and average effects between each cohort. As the relative 

proportions of the groups shift, so does the estimated effect of the geographically aggregated 

exposure variable. Because they ignore interpersonal variation in the experience of violence, these 

measures may not accurately represent the heterogeneous responses of subpopulations 

experiencing different types of exposure to violence. 

Notably, we address the non-random attrition arising from selection into violence. Since pre- and 

post- violence samples and estimates of behavioral parameters rarely exist6, researchers typically 

rely on the supposed “exogeneity” of violence (after controlling for observables) to identify the 

effect of exposure. This standard method estimates non-random selection into violence using a 

‘post-exposure to violence’ sample. Survival bias is an important and unavoidable problem with 

this approach, however, as samples only include those individuals who survived the violence. 

 
6 While these do not exist for political violence, these do exist for criminal violence, such as in Mexico (Brown et al. 
2017; Nasir et al. 2017), and violence from natural disasters (Hanaoka et al. 2018). These studies measure exposure 
using aggregate geographical measures of violence.  



Consequently, analyses based on post-exposure data cannot fully establish the exogeneity of 

(selection into) violence if survival is non-random.7 As described below, our data are unique in 

that they are largely representative of the pre-exposure sample. Analysis of the first round of the 

panel data established the exogeneity of abductions (Blattman and Annan 2010); we re-confirm 

the exogeneity of abductions in the second round data. We further use the bounding approach of 

Lee (2009) to examine the potential impact of selective attrition between the first and second 

rounds of the survey. 

The remainder of the paper is organized as follows. Section II describes the context in northern 

Uganda. Section III describes the data and sample attrition. Section IV explains the methodology. 

Section V presents the results before concluding in section VI. 

II. Conflict and Trauma in Northern Uganda 

Beginning with the emergence of the Lord’s Resistance Army (LRA) in 1986, northern Uganda 

experienced relatively sustained violence until the LRA was pushed out of the country in 

2005/2006. While the conflict was primarily located in the Acholi sub-region of northern Uganda, 

it gradually spread, especially after 2002. Anecdotal evidence and representative data suggest that 

the attacks were fairly widespread as the percent of communities suffering an attack in 1992, 1999 

and 2004 was 16, 25 and 25 percent, respectively (Ssewanyana et al. 2007).  

Unable to obtain support from the local population, the LRA sustained itself by raiding villages, 

schools and internally displaced persons’ (IDP) camps to abduct youth, primarily boys aged 12 to 

16 (Blattman and Annan, 2010). These abductions were widespread. Estimates of the total number 

of children abducted during the conflict range from 20,000-25,000 with more recent estimates 

placing the number as high as 60,000-80,000 (Blattman and Annan, 2009; Lomo and Hovil 2004; 

Pham et al. 2007). Using the first round of the panel data we analyze, Blattman and Annan (2010) 

and Berber and Blattman (2010) find that roughly 25% of males aged 14 to 30 were abducted for 

at least two weeks and 40% for at least one day. Abducted youth typically serve a variety of roles 

with boys typically serving as soldiers, and porters and girls as forced “wives” and cooks.8 Data 

 
7 Some researchers propose more sophisticated methods. For instance, see Bellows and Miguel (2009) and Verpoorten 
(2001). 
8 Using a non-representative sample of 330 former child abductees, Klasen et al. (2010, p. 19) find the following tasks 
assignments: “41.8% were assigned primarily front-line tasks, e.g. fighting, looting, abducting civilians (55% for boys 
and 26.8% for girls), 28% performed mainly logistic tasks, e.g. carrying loads, spying, escorting commanders (34.3% 



from reception centers suggest that abductions were also heavily concentrated in the three Acholi 

districts (Pham et al. 2005). 

III. Conflict Intensity, Timing of Surveys and the Data   

The conflict between the LRA and the Ugandan military began in 1986 and ended in 2006 when 

the LRA was pushed out of the country. During this period, the conflict went through several 

phases. Widespread abductions and violence against citizens began to escalate in 1991 with the 

arming of local village groups by the Ugandan army (UPDF) and again in 1994 as peace talks 

failed and the government of Sudan increased its support for the LRA. LRA activity in northern 

Uganda peaked from 2002 to 2004 after the UPDF drove the LRA from its camps in Sudan. After 

2004, the LRA was substantially weaker and was ultimate pushed from Uganda in 2006. The 

number of attacks and abductions fell in 2005 and ceased in Uganda after 2006.9, 10  

This paper relies on data from a household panel survey. The first round of the survey was fielded 

in 2005, while the LRA was still active in northern Uganda although the frequency of attacks and 

abductions were decreasing. Consequently, the data from the first round captures the conditions 

near the end of the conflict. The survey covers eight sub-counties in the Districts of Kitgum and 

Pader, two of the most violence-affected districts in northern Uganda. Due to the insecurity, the 

sample sub-counties were not randomly selected. The counties were chosen to represent the 

diversity of the area (e.g. LRA activity, size, presence of IDP camps, distance from towns, etc) 

(SWAY Codebook 2013).  

The sampling frame was created based on World Food Programme food distribution lists for 2002 

and 2003. By this time, most of the population had taken up residence in IDP camps and relied on 

food aid (as did many non-displaced households). The massive displacement was partially 

voluntary and, after 2002, part of a deliberate government strategy to deprive the LRA of targets 

(Fiala, 2015). It is estimated that over 90 percent of population of two of the three Acholi districts 

(Gulu and Kitgum) migrated from the districts (Pham et al. 2005). A preliminary survey was used 

to establish complete household rosters for 1996. This particular year was chosen for two reasons. 

 
for boys and 20.8% for girls), and 27.7% were assigned domestic chores, e.g. cooking, caring for younger children 
(10.1% for boys and 47.7% for girls).”  
9 This section draws on Annan et al. (2006) and Beber and Blattman (2013). 
10 The LRA continues to be active in parts of the Central African Republic, the Democratic Republic of Congo, and 
Sudan. 



Most importantly, this was the year of the first presidential election since 1980 and is therefore 

well remembered in this population. Second, this pre-dated more than 90 percent of the abductions 

in the area and therefore could be used as a reasonable baseline for pre-abduction household 

rosters. The final sample is representative of young men residing in these 8 sub-counties in 1998 

and born between 1976 and 1992 (i.e. aged between 13 and 29 years at the time of the first survey 

and thus prime age abduction targets). 

We fielded the second round of the survey in 2013 and attempted to follow up with all of the first 

round respondents. During the first round survey, more than 60% of the respondents were in IDP 

camps and another 10% were outside of the original districts. With the expulsion of the LRA and 

the ensuing peace, individuals were once again able to freely move around the country and the IDP 

camps were closed. To track the respondents, the enumeration teams used information on the 

names of family members and the native villages as recorded in the first survey round. The village 

of every respondent was visited and enumerators attempted to locate the respondents. Respondents 

who were present were surveyed. Respondents who were not present at the time or did not show 

up received a second visit from the enumeration teams. Insofar as a possible, we attempted to track 

individuals who had moved from their native village based on information obtained in the village. 

But we were unable to obtain sufficient information to track some individuals further. We 

prioritized individuals in the Acholi districts, who were near other respondents and in major cities 

such as the capital, Kampala. 442 of the 741 youths in the first survey round were successfully re-

interviewed (59.4%),11 implying an attrition rate of roughly 4.5% per year.  

As with any panel survey, one needs to be concerned about the possibility of selective attrition. 

This is perhaps particularly true when the phenomenon we wish to study, violence, could well be 

a cause of non-random attrition. In order to test for non-random attrition, we estimate the following 

weight least squares logit using the weights and data from the 1st survey round: 

 (1) 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 = 𝛼𝛼𝑖𝑖 + 𝛽𝛽1𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝑖𝑖 + 𝛽𝛽2𝐷𝐷𝐴𝐴𝐸𝐸𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 + 𝛽𝛽3𝐿𝐿𝐴𝐴𝐿𝐿𝑎𝑎𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 + 𝛽𝛽4𝑋𝑋𝑖𝑖 + 𝜀𝜀𝑖𝑖 

 
11 Of the 299 who were not re-interviewed, 32 were either dead or mentally incapable of participating in the survey, 
16 were unwilling to participate or the family refused to provide the information for them to be tracked, and 14 were 
out of the country. Consequently, we were able to track another 8.3% of the sample but they were not willing or able 
to participate in the survey. The remaining 239 were not in the original villages and there was insufficient information 
to track them further or they were unknown in the villages.  



where 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 is a binary variable equal to one if respondent i was in round 1 but not in round 

2, and zero otherwise.12 Exposure is a vector that contains a binary variable for being abducted 

and four separate indices for exposure to violence: personally suffered, witnessed, suffered by the 

family of the respondent, and perpetrated by the respondent. These are the primary variables of 

interest, construction of which is explained below. Distress is an index of psychosocial distress 

experienced by the respondent, described in the Appendix.  Location is a vector of binary variables 

for residing in an IDP camp or outside of the original districts.  X is a vector of control variables.13 

Attrition analysis confirms that the attrition between the rounds was not random.14 Among the 

primary variables of interest, the statistically significant estimates indicate that former abductees 

are only half as likely as non-abductees to appear in the second survey round (as in Blattman and 

Annan 2010), while each additional violent act suffered raised the likelihood of not being re-

interviewed by 27 percent. Among the other variables, respondents who did not reside in the 

original districts were much less likely to be re-interviewed (-78 percent).  

We examine the potential effects of this differential attrition using the bounding approach of Lee 

(2009). This methodology constructs upper and lower bounds for the treatment effect. Since the 

treatment needs to be binary, we focus on abduction since it greatly increases exposure to violence 

(see Table 2). The bounds are constructed by trimming the distribution of risk attitudes by the 

difference in attrition rates between rounds 1 and 2 for the abducted and never-abducted as a 

proportion of the retention rate of the abducted. The results are presented in Appendix Table A8. 

The signs of the upper and lower bounds never differ from those of the untrimmed ATE. This 

suggests that even with the least favorable selective attrition, higher exposure to violence still has 

the predicted effects on outcomes. 

Following Blattman and Annan (2010), we create weights to correct for selective attrition (and to 

account for the sampling weights). In particular, we estimate weighted least squares (WLS) 

 
12 While we include every respondent who was interviewed in the attrition analysis, we subsequently drop two 
individuals who are in prison from the analysis as their circumstances are so different from the remainder of the 
sample. 
13 The control variables include literacy, education level, skill type of employment, a health index, any serious injury, 
being married, the respondent lost his mother, father or both parents, binary variables for age group, a scale of comfort 
living with the family, and a set of interactions between specific camps and age groups. 
14 Detailed results from the attrition analysis are available upon request. 



regressions using the inverse of the nonparametric estimate of the propensity score (Hirano et al. 

2003). The weights (𝑤𝑤𝑖𝑖) are defined as: 

 (2) 𝑤𝑤𝑖𝑖 = 𝑤𝑤(𝑇𝑇𝑖𝑖, 𝑣𝑣𝑖𝑖 ,𝑃𝑃𝑖𝑖) = 𝐸𝐸𝑖𝑖 ∙ 𝜋𝜋𝑖𝑖1 ∙ 𝜋𝜋𝑖𝑖2 ∙ ( 𝑇𝑇𝑖𝑖
�̂�𝑒(𝑣𝑣𝑖𝑖)

+ 1−𝑇𝑇𝑖𝑖
1−�̂�𝑒(𝑣𝑣𝑖𝑖)

) 

where 𝐸𝐸𝑖𝑖,𝜋𝜋𝑖𝑖1,𝜋𝜋𝑖𝑖2 are the sample and attrition weights for round 1 and 2, respectively. T is the 

treatment indicator (here abduction=1), and �̂�𝐸(𝑣𝑣𝑖𝑖) is a non-parametric estimate of the propensity 

score based on information (𝑣𝑣𝑖𝑖) from the respondents or from the families of absentees in the first 

round. The difference between the weights developed by Blattman and Annan (2010) for round 1 

and the weights we develop for round 2 arise due to updating based on the attrition rate between 

the first and second rounds, 𝜋𝜋𝑖𝑖2. 

IV. Empirical Strategy 

Using weighted least squares (WLS), we estimate variants of the following regression: 

(3) 𝑅𝑅𝐴𝐴𝐸𝐸𝑅𝑅𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝑖𝑖 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝐴𝐴𝐸𝐸𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 + 𝛽𝛽3𝑋𝑋𝑖𝑖 + 𝐸𝐸𝑖𝑖 

where 𝑅𝑅𝐴𝐴𝐸𝐸𝑅𝑅𝑖𝑖 are the risk preferences over three domains – gains, losses, and ambiguity15 – elicited 

from person i during the second survey round following Binswanger’s (1981) method, and 

therefore directly comparable to Moya (2018). The Appendix details the elicitation method and 

variable construction. 

𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝑖𝑖 is a vector of variables for person i’s exposure to violence in the first survey round.16 

Following the mental health literature, we measure exposure to violence along different 

experiential dimensions (Macksoud and Aber, 1996; Mollica et al 1998). The mental health 

literature typically uses a ‘dose-response’ model to understand the relationship between exposure 

to trauma and post-traumatic stress disorder (PTSD) and other forms of mental illness. The ‘dose’ 

can refer to the number of events experienced (as in Moya 2018). But the effect of violence may 

vary across types of exposure, thus the mental health literature typically groups violence by ‘types’ 

 
15 There are six categories of risk attitudes for the gains and ambiguity domain. Due to a mistake in the survey 
instrument, a category was repeated in the losses domain resulting in only five distinct categories. 
16 Since the conflict ended soon after the 1st survey, there was minimal further exposure to violence subsequently. 
Only 13 individuals (2.86% of the sample) in the second survey round reported “spending any time with the LRA”. 
This number likely overestimates the frequency of abductions and violence since some Ugandans visited abducted 
relatives during the 2006 truce, so that they might have spent time with LRA members, not as conscripts, but rather 
as voluntary visitors 



and uses additive indices of exposure (Mollica et al. 1998).17 We follow the previous work in 

northern Uganda (Blattman and Annan 2010) and create separate indices for the violence 

received18, witnessed19, perpetrated,20 or to the respondent’s family21 (not necessarily perpetrated 

nor witnessed by the respondent). The indices are the sum of binary22 indicators for whether or not 

an individual reports experiencing/witnessing/perpetrating a particular act of violence. Each 

individual has an index of each type, reflecting that individuals can have experienced violence in 

any of several ways.  

Measurement error may exist, especially if one doubts the truthfulness of respondents, particularly 

regarding violence perpetrated. But there was little direct incentive for respondents to lie. Not only 

were the answers confidential, but it is widely understood and accepted in local communities that 

abducted individuals had no choice but to commit violent acts, so social opprobrium is (perhaps 

surprisingly) minimal.23  

𝐴𝐴𝐴𝐴𝐴𝐴𝐸𝐸𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖  is a vector with information regarding the abduction experiences of the individual. As 

we describe below, we analyze both the full sample and the sub-sample of individuals who reported 

being abducted. In the full sample, the vector is just a scalar, binary indicator for whether or not 

an individual reported being abducted by the LRA. In the abductee sub-sample, the vector contains 

 
17 It is difficult to know ex ante of data analysis which events are more severe than others. Rather than substituting 
our judgment, we disaggregate the events and considering them separately, thereby allowing the coefficient estimates 
to reflect which types of exposure are, on average, more severe in their impacts. 
18 The six categories are: Someone shot bullets at you or your home; You received a severe beating to the body by 
someone; Someone attacked you with a panga or other weapon; You were tied up or locked up as a prisoner; You 
received a serious physical injury in a battle or rebel attack; You were forced to carry heavy loads or do other forced 
labor. 
19 The six categories are: You heard gun fire regularly; You witnessed beatings or torture of other people; You 
witnessed a killing; You witnessed a massacre; You witnessed the setting of houses on fire with people inside; You 
witnessed the rape or sexual abuse of a woman. 
20 The eight categories: You were forced to steal or destroy someone else’s property or possessions; You were forced 
to kill an opposing soldier in battle; You were forced to beat or cut someone who was a family member or friend; You 
were forced to beat or cut a civilian who was not a family member or friend; You were forced to kill a family member 
or friend; You were forced to have sex with a woman; You were forced to step on or otherwise abuse the bodies of 
dead persons; You were forced to betray a family member or friend, placing them at risk of death or injury.  
21 The five categories are: A parent was murdered or died violently; A parent disappeared or was abducted; Another 
family member or friend was murdered or died violently; Another family member or friend disappeared or was 
abducted; A family member received a serious physical injury from combat or landmine. 
22 The use of binary measures mirrors the mental health literature and addresses their concern that respondents may 
not accurately assess the frequency of relatively common violence (Betancourt 2010). 
23 A quarter of the sample reported being forced to kill someone. Blattman and Annan (2008) report that 94% of the 
returning abductees reported feeling accepted by their communities at the time of their return. This is not to say that 
persecution does not happen but rather that communities are generally understanding and accepting of returning 
abductees, regardless of what they did while conscripted by the LRA. 



controls for the age at time of longest abduction, the log of the length of the longest abduction (in 

months), and the number of years which have elapsed between the second round interview and the 

respondent’s return from the most recent abduction.24 As we subsequently discuss, the duration of 

abduction serves as a proxy for the agency of individuals with respect to violence. 

𝑋𝑋𝑖𝑖 are a set of pre-violence (1996) and first round covariates for person i.25 Similar to Moya (2018), 

we also control for earnings from the last practice round in the lotteries. We also follow Blattman 

and Annan (2010) by including binary controls for year and (subcounty) location of birth and 

interactions of the two. We similarly also include interactions for the age group and specific IDP 

camp indicator (from Round 1). The mean zero, iid, normal error term, 𝐸𝐸𝑖𝑖, is clustered at the 

location level. 

The 𝛽𝛽1 vector contains the coefficient estimates of interest, describing the effect of exposure to 

violence on individual risk preferences. As written, equation (2) relies on the assumption that there 

is no endogenous selection into exposure to violence. If certain types of individuals are selected 

into violence, this could bias the estimates of 𝛽𝛽1. 27F

26 We start the analysis by carefully interrogating 

that assumption. 

Random Selection into Violence 

Anecdotally, there are reasons to believe that there was little or no endogenous selection into 

violence in northern Uganda. The LRA viewed itself as different from the rest of northern Uganda 

and had an ideology which aimed to “purify” northern Uganda of corruption and witchcraft 

through violence (Allen and Schomerus 2006; Branch 2010; Finnström 2003; Titeca 2010). 

Consequently, once the LRA attacked an area, everyone was at risk of exposure to violence. 

Moreover, the LRA typically did not target particular locations. According to interviews of junior 

 
24 Most abductees are only abducted once. The highest number of abductions in the sample is three.  
25 The remaining pre-violence characteristics are educational attainment of each parent, household size, household 
land holdings, household cattle holdings, other livestock holdings, and whether the father and mother were alive in 
1996. The remaining first round characteristics are IDP camp residence, being located outside of the original districts, 
education levels, job skill category, literacy, a health index, a binary variable for any serious injury, a binary variable 
for being married, an index for family connectiveness, whether the father and mother are alive in round one, and age-
location interactions. 
26 More broadly, some omitted variable may be correlated with both first round exposure and risk preferences. Ideally, 
pre-violence (and pre-round 1) measures of risk preferences would be included as controls. However, these measures 
do not exist. As we discuss in the following paragraphs and formally show in Table 1, substantial qualitative and 
quantitative evidence supports the apparent randomness of selection into violence and abduction. Consequently, any 
omitted variable should be post-exposure. 



officers from the LRA by Blattman and Annan (2010, p. 887): “targets were generally unplanned 

and arbitrary; they raided whatever homesteads they encountered, regardless of wealth or other 

traits.” Rather than operating as a conventional army, the LRA was often just small roaming bands 

looting households and abducting citizens to carry loot or to serve as conscripts. This does not 

mean, however, that the location of attacks was completely random as it depended on the location 

of LRA bases and where particular units of the LRA were at any given time. Indeed, Rockmore 

(2017) finds that attacks can be predicted by the proximity to recent LRA attacks.  

Using retrospective pre-violence indicators for household wealth, parents’ occupation and 

education, and indicators for whether their father, mother, or neither were alive, Blattman and 

Annan (2010) examine whether these indicators predict abduction by Round 1. We replicate their 

results in column (1) of Table 1. Each entry is the coefficient estimate for abduction after 

controlling for the pre-violence indicators.  

As can be seen, only two pre-violence characteristics are correlated with abduction. The first is the 

year of birth. This reflects both variation in the abduction levels over time and the LRA’s 

preferences for certain age groups. For instance, infants are not useful to carry loot nor as forced 

soldiers. While adults are useful for the former, they are less useful in the latter role as they are 

more difficult to indoctrinate and manipulate (Berber and Blattman 2013). Young men were 

therefore targeting for abduction and conscription.  

The second significant factor is the size of the household in 1996. This is driven by households 

with more than 25 members (Blattman and Annan 2010). These types of households are extremely 

rare. In the 2002 Uganda Census, households of more than 25 members make up less than 0.1 

percent of northern Uganda households. Consequently, after controlling for the age of the 

individual, abduction appears essentially random.27  

Column (2) of Table 1 shows that, despite the smaller sample, these abduction patterns are 

qualitatively identical in the Round 2 data. The only difference is that the estimated coefficient for 

having a father who is a farmer is also statistically significant, although very small, thus with little 

practical effect. This shows that abductions were exogenous. More broadly, this also suggests that 

exposure to violence was also largely exogenous. Attacks from the LRA were the primary source 

 
27 Only 3 households in our sample had 25 or more household members in 1996. Their exclusion from the sample 
does not affect any of the reported results. 



of exposure to violence for the non-abducted. Since these attacks were generally accompanied by 

abductions, the exogeneity of abductions implies that attacks (and hence exposure to violence) 

were also largely exogenous in the full sample.28  

In the analysis that follows, we mainly use the full sample for more precise coefficient estimates. 

But we also use the subsample of abducted individuals as a robustness check to address prospective 

lingering concerns about endogenous selection into exposure to violence. Once abductees were 

under the control of the LRA, their likelihood to experience, witness and perpetrate violence 

dramatically increases because the LRA used violence to control and indoctrinate abductees. But 

to a large extent, this exposure was random. If a captive was with an LRA group that raided further 

villages, encountered the Ugandan army, or in which another captive tried to escape (none of which 

are under the control of an abductee), they would be exposed to additional violence. Similarly, 

commanders had differing reputations for the violence to which they subjected their abductees.  

The seeming randomness of exposure to violence among abductees is visible in Appendix Table 

A5 which examines the effect of pre-abduction characteristics29 on abductees’ exposure to 

violence. The columns represent the mean levels of exposure for the ‘low’ and ‘high’ value of the 

variables (which approximate the bottom and top half of the distribution), respectively. With few 

exceptions, exposure to violence is seemingly uncorrelated with pre-war characteristics. Older 

abductees experience a greater variety of violence directly, likely reflecting the previously 

discussed use of violence of control abductees. This would presumably be a greater concern with 

older and therefore more potentially more independent and mature abductees. The only other 

significant variable was the father’s educational level which is correlated with both fewer and more 

types of violence witnessed.  

More broadly, we should randomly expect some statistically differences in individuals and the rate 

in the table (3/36) roughly approximates what might be expected. We also perform joint F-tests on 

the entire set of pre-abduction characteristics for each the indices of violence (using a linear 

probability model). With the exception of the index of violence received, we are unable to reject 

the null hypothesis that the estimated coefficients for the characteristics all equal zero. For the 

 
28 The length of abductions is likely also exogenous. Bauer et al. (2018) find that it is not correlated with any pre-war 
characteristics which supported by Pham et al.’s (2007) study of returnees. 
29 These characteristics are the age at the time of abduction, the household size, the occupation of the father (whether 
or not a farmer), the educational attainment of the parents, and household wealth (size of cattle and land holdings). 



index of violence received, the inability to reject the null hypothesis is caused by the age of 

respondent at the time of abduction, which is expected. 

Abductees therefore differ from the general population in that they are exposed to substantially 

higher levels of exogenously determined violence. These levels can be seen in Table 2. In column 

(1), each entry is the estimated coefficient relating abduction to a specific form of violence after 

controlling for pre-treatment covariates.30 Since abduction is exogenous, we can interpret this as 

the causal estimates of the average treatment effect (ATE) of abduction on the particular dependent 

variable. Abduction has a statistically significant positive effect on all types of exposure to 

violence.  

Although individuals are randomly abducted and have little control over the violence experienced 

during their abduction, over time, post-abduction exposure to violence (especially violence 

perpetrated) may become endogenous, perhaps especially among boys eventually trained to use 

and given guns. While we have information on who was given a gun, this choice is likely 

endogenous. Using the first round of the data, Beber and Blattman (2013) show that younger 

abductees (less than 12 years old) were the least likely to receive guns and waited the longest to 

receive them (roughly 10 months). Unfortunately, there are not sufficient observations to further 

limit the sample to the younger abductees.31  

Consequently, there remains potential for some endogenous exposure to violence, particularly with 

respect to the violence perpetrated. This concern is likely partially mitigated by the particular 

context. LRA soldiers who did not follow orders (whether to perpetrate a crime or otherwise) were 

typically killed. We further mitigate this concern by controlling for the log of the length of the 

longest adduction (in months) in the abductee subsample estimations. This serves as a proxy for 

the agency of individuals with respect to violence and is likely exogenous (Bauer et al. 2018 and 

Pham et al 2007). 

V. The Effects of Aggregation of Measures of Exposure to Violence 

 
30 The covariates are age and location binary variables, age and location interactions, and pre-violence individual and 
household characteristics.  
31 There are only 66 abductees who were 12 or younger at the time of their longest abduction. Of these, only 50 were 
abducted for less than 10 months, the average duration that age group waited to receive a gun.   



To investigate the effects of exposure to violence on risk preferences, we estimate ordered logits32 

for each risk domain (gains, losses and ambiguity) using equation (3). We start by exploring the 

effect of aggregating across the different types of violence experienced by an individual, 

underscoring a key point of the psychology literature, that the nature of one’s relationship to a 

violent event fundamentally shapes one’s behavioral response(s). Then we explore the 

consequences of aggregating individual experiences across respondents within a geographically 

defined community. 

Experiential Aggregation of Individual Measures of Exposure 

Following the mental health literature, we first use the disaggregated measures of exposure to 

violence (Table 3). In both the full and abducted sample (Panels A and B, respectively), the 

estimated coefficients for exposure are highly significant. In particular, the specific type of 

exposure matters and these effects vary across risk domains. In the full sample, each type of 

violence only affects one type of risk attitude. A similar story emerges in the restricted sample 

with the exception of the index for violence received which affects both risk attitudes for gains 

and losses.  

Due to the structure of the sample and the need to correct for weighting, we have relatively few 

degrees of freedom.33 Consequently, our test for the equality of the coefficients for the four indices 

of exposure to violence is relatively underpowered. Despite this, most of the estimated coefficients 

are statistically different at the 10 percent level and all are statistically different at the 13 percent 

level. 

In general, receiving violence (whether to the respondent or to his family) leads to increased risk 

loving attitudes, while witnessing or perpetrating violence to greater risk aversion. While this is 

broadly true, it is not true for each and every of the underlying violence indicators. When the 

indices are fully decomposed (see Appendix Table A6), no specific patterns emerges. This further 

underlines the problems with aggregating violence indicators and trying to make general 

statements about responses to ‘violence’. Rather, the effects of violence on risk aversion and likely 

other behavioral parameters depends on the specific type of exposure. 

 
32 The results are qualitatively unchanged with the use of an ordered probit. 
33 In our case (i.e. when ‘svy’ is used in Stata), the degrees of freedom are the difference between the number of PSU 
(24) and the number of strata (3), or 21. 



The use of controls from the first round (post-violence) matches the methodology from the main 

studies in the literature (Callen et al. (2015), Moya (2018), Voors et al. (2012)). The use of post-

treatment controls raises some concerns, however. Appendix Table A7 replicates the results from 

Table 4 after omitting all of the round 1 variables. The results for the main sample are essentially 

unchanged. Most but not all of the results for the abducted sample do not change. Consequently, 

the inclusion of the post-treatment controls does not materially change the underlying results, 

obviating that concern one might have from the existing literature. 

Although the mental health literature highlights the importance of disaggregating the types of 

exposure, it does not allow us to attribute distinct results to specific mechanisms. The distinct 

effects of different forms of violence on risk attitudes have not been carefully studied. More 

broadly, although the effects of exposure on subsequent mental health vary across types of 

exposure, no clear pattern emerges across studies. In part, this is because the effect of exposure 

(and any ex-post responses) is likely context-specific. Certain studies even suggest that the effects 

of particular trauma may even depend on subjective assessments of the threat or the ‘worst’ 

experience (Braun-Lewensohn et al., 2009; Santacruz and Arana, 2002).  

Similarly, emotions may play an important role as anxiety and fear increase risk aversion while 

anger reduces it in laboratory experiments (Lerner and Keltner, 2001; Lerner and Tiedens, 2006; 

Lerner et al., 2015; Raghunathan and Pham, 1999). Since emotional responses to exposure may 

vary across settings and individuals, and are unmeasured in our survey, we cannot identify specific 

mechanisms in our setting nor infer the specific responses to violence (i.e., neither the magnitudes 

nor signs) in other settings. Rather, our results highlight that exposure is not a homogenous 

treatment. There are many ways in which people may experience violence and these unobservably 

varied treatments have quite varied impacts on (or, at a minimum, associations with) subsequent 

risk preferences.  

Similar to the existing literature, we next aggregate the exposure variables into a single measure 

of total exposure.34 We re-estimate Table 3 after replacing the disaggregated measures of exposure 

with the single measure. The previously clear relationship between exposure and risk attitudes 

disappears in Table 4. With the exception of risk attitudes relative to losses, none of the estimated 

 
34 Although many studies use a binary measure of exposure, we cannot replicate this in our sample as less than one 
percent of the sample did not experience of any the measured types of violence. 



coefficients are statistically significant. This suggests that aggregate measures of violence may be 

misleading with respect to the strength of the statistical relationship between exposure and risk 

attitudes. 

More broadly, by using a single measure of exposure to violence, studies can only calculate an 

average effect and therefore do not measure any potential heterogeneity. Since we observe 

respondent-specific values for each of the four exposure types and abduction status, we are able to 

generate individual-specific changes in risk attitudes. The changes are the sum of the product of 

the estimated coefficients (𝛽𝛽1 and 𝛽𝛽2 from equation (3)), and the individual-specific history of 

exposure. Since the literature primarily examines risk attitudes over gains, we focus on the 

estimates from column (1) of Panel A in Table 3. The full distribution of the effects is shown in 

Figure 1 and reveals considerable heterogeneity.35 Although the average effect is negative (-0.22), 

close to 40 percent of the sample displays increased risk seeking attitudes.  

The distribution of effects also implies that different distributions of individual experiences could 

result in a positive average effect. That is, even if the effect of particular forms of exposure remains 

constant across settings, the estimated average effect could change signs. For instance, if those 

who received violence each experienced one additional type of violence, the estimated average 

effects on risk attitudes for gains would change from -0.22 to 0.03. An increase in the proportion 

of people experiencing violence would lead to a similar effect. This implies that the average 

estimated effect and its statistical significance should change across settings and samples (as in the 

current literature) and may not necessarily be a good indicator of the underlying effects of violence 

on risk preferences. 

Geographic Aggregation of Measures of Exposure 

When aggregate geographical measures of exposure to violence are used, the resulting coefficient 

estimates are population-weighted average of the affected and non-affected population. At some 

risk of oversimplification, the abducted and non-abducted samples can be considered as ‘high’ and 

‘low’ exposure samples, respectively. Figure 2 decomposes Figure 1 into the distributions for the 

 
35 The confidence intervals are generated based on Hall (1992) and Horowitz (2001). In particular, it corrects for 
asymptotic bias by allowing for undersmoothing (Fiorio, 2004). The intervals are bootstrapped with 1,000 replications. 
This also true of the confidence intervals subsequently generated in Figure 2. 



abducted and never abducted samples.36 Although there is significant overlap between the two 

distributions, the distribution of the abducted respondents is clearly more risk averse with a sample 

mean of -0.44 as compared to the -0.06 in the non-abducted sample. More precisely, using the 

Kolmogorov-Smirnov test, the equality of the two distributions is rejected at the one percent level. 

As with the overall sample (Figure 1), parts of each distribution in Figure 2 exhibit positive 

estimated effects, implying that risk seeking increases in a non-trivial part of each sub-population. 

Since the average effect is a linear combination of these samples, changes in the underlying sample 

proportions of the groups leads to changes in the overall distribution. This further underscores that 

the average estimated effect jointly depends on the underlying distributions of populations and 

experiences and the specific effects of different types of exposure. Any changes in the distribution 

would mechanically result in similar changes in the estimated effects. The variation in estimated 

coefficients in the literature partially originates from the aggregation of different types of effects 

and is amplified in studies using aggregate measures.  

Ex-Post Interventions 

As with any shocks, communities, households and individuals frequently engage in ex-post coping. 

In the context of exposure to violence, there are often formal and informal ways to help individual 

cope with and process the violence. This was true in Uganda. In turn, the estimated coefficients 

estimated earlier may reflect these interventions if these affect risk attitudes. Several formal 

rehabilitation centers and a variety of NGOs were created to assist returning abductees. Although 

the exact numbers are unknown, it is estimated that less than half of the abducted youths passed 

through the official reintegration centers and, of these, fewer than ten percent received follow-up 

care in their community (Annan et al. 2006; Allen and Schomerus 2006). Our field interviews 

suggest that participation in rehabilitation was largely determined by the length of abduction37, 

how they escaped and who received the abductees upon their return. Individuals captured by the 

Ugandan government forces (the UPDF) often went to rehabilitation centers while individuals who 

escaped on their own often did not. The important implication is that many abductees never 

received psychological support or mental health treatment. 

 
36 For comparability to Figure 1, we use the coefficients from Panel A of Table 4 for both the abducted and non-
abducted samples. An alternative approach would be to use the coefficients from Panel B for the abducted sample. 
These generate qualitatively similar results. 
37 Those abducted less than several months typically did not seek nor receive counseling. 



Similarly, Ugandans used and adapted traditional practices to deal with widespread exposure to 

violence and surge of former combatants. These including ceremonies to ‘cleanse’ youth from 

spirits (cen) and ‘stepping on the egg’ (Nyono Tong Gweno) to welcome people back into the 

community (Annan and Blattman 2006; Baines 2005). These ceremonies may have both direct 

effects on affected individuals as well as indirect since these were important ‘milestones’ that 

allow the community to ‘officially’ welcome abductees back into the community and alleviated 

potential concerns regarding evil spirits (Refugee Law Project 2005). 

Since these might have potentially mitigated or otherwise modified the effect of violence on risk 

attitudes, we investigate their potential effects in Table 5 by including binary measures for whether 

or not an abductee went through a reception center, received counseling, participated in a cleansing 

ceremony, or whether they stepped upon an egg after returning. We also control for whether or not 

an abductee passed through the Uganda Army (UPDF). We focus on the abducted sample since 

they were substantially more likely to have had both formal and informal interventions. The first 

column under each type of attitude presents the ‘original’ effects (from Table 3) while the second 

column include the additional variables. In general, the interventions are associated with changes 

in risk attitudes. These results are consistent with interventions mitigating the effects of exposure 

to violence and, more generally, conflict. These interventions, however, are clearly endogenous so 

it is not possible disentangle causality from correlation.38 More broadly, the earlier results remain 

largely unchanged. 

Effects of Time 

Similar to other studies that look over long time horizons (e.g., Kim and Lee 2014), we find that 

exposure to violence has lasting effects on risk preferences. We cannot, however, explicitly rule 

out that our estimates at least partially capture the effect of post-exposure circumstances and 

shocks. It is reassuring that our results are robust to the inclusion of the ex post interventions 

measured above and that the estimates are qualitatively similar across the general and abducted 

samples, since these would result in very different post-violence circumstances. There exist a 

 
38 Abducted individuals who passed through the Ugandan army (UPDF) were three times more likely to report passing 
through a reception center (61.4 vs 20.1 percent respectively). Additionally, with the exception of one case, counseling 
only occurred among individuals in reception centers (64.4 percent). While we control for passing through the UPDF, 
participation in specific interventions is likely correlated with the mental health and general appearances of returning 
abductees, neither of which is observed in the data. Consequently, it is not possible to control for selection into specific 
interventions although the inclusion of the variable for passing through the UPDF may reduce this. 



number of reasons that we may not capture the ‘pure’ effect of exposure to violence including the 

unmeasured post-exposure circumstances. Arguably, the net effect of the exposure to violence and 

subsequent events is more important for formulating policy and for understanding why estimates 

vary across settings since there is no ‘pure’ effect in the real world. 

VI. Conclusion 

Our results raise questions regarding the existing literature’s focus on ‘average’ effects and the 

widespread use of geographical measures of exposure to violence as a proxy for individual-level 

experiences. Because aggregate measures ignore interpersonal variation in the experience of 

violence, these measures may not accurately represent the heterogeneous responses of 

subpopulations experiencing different types of exposure to violence. With the possible exception 

of violence perpetrated39, this heterogeneity of experiences is likely not unique to northern 

Uganda. This suggests that the use of spatially aggregated indicators of violence misrepresents 

populations that are intrinsically heterogeneous in their experience of violence, and in ways that 

matter to elicited risk preferences.  

We further find that the effects of violence on risk aversion may be highly context-specific, and 

even person-specific based on the nature of one’s relationship to the violence to which one was 

exposed. Individuals may experience violence both directly, to themselves or their family, or 

indirectly, as witnesses, or they might perpetrate violence, or some combination of these. The 

heterogeneous effects of different forms of exposure to violence mean that individuals’ risk 

preferences may change in markedly different ways in the same setting. Aggregate measures of 

risk exposure that fail to differentiate among different experiences of violence necessarily mask 

such heterogeneity.  

More broadly, the variation across settings and samples in the individual-specific experiences of 

violence and the sample-specific proportion of different ‘types’ of people, as defined by their 

individual experience of violence, will naturally lead to variation in coefficient estimates of the 

impact of exposure to violence on risk preferences, potentially even to different signs for these 

estimates. It is therefore not surprising that the literature does not find a consistent result of 

violence on risk attitudes (or many other outcomes). 

 
39 Similar rates likely exist in Liberia, Rwanda, and Sierra Leone. More broadly, this is likely more common in long 
civil wars. 
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Table 1: Difference in Conditional Means between Abducted and Non-Abducted 
Sample Full Round 1 Full Round 2 
Year of birth 1.27** 1.26** 
Indicator for father a farmer -0.01 -0.07** 
Household size in 1996 -1.51*** -1.27*** 
Landholdings in 1996 -1.46 -2.15 
Indicator for top 10% of landholdings -0.02 -0.04 
Cattle in 1996 6.21 4.78 
Other livestock in 1996 2.07 -1.58 
Indicator for plow ownership in 1996 -0.01 0.05 
Indicator for uneducated father 0.02 0.05 
Father’s years of schooling -0.06 -0.13 
Indicator for uneducated mother -0.01 -0.07 
Mother’s years of schooling -0.12 0.25 
Indicator for paternal death before 1996 0.03 0.03 
Indicator for maternal death before 1996 0.02 0.02 
Indicator for orphaning before 1996 -0.02 -0.01 
Each estimate uses pre-violence data on household wealth, parents’ occupation and education, and 
whether their parents were alive as controls.  All estimates are weighted by inverse sampling and 
attrition probabilities. Clustered by location. 

*,**,*** significant at the 10, 5, and 1 percent levels respectively 
 

  



Table 2: Average Treatment Effect of Abduction on Mental Health 

    
Average 

Treatment 
Effect 
(ATE) 

Non-
Abducted 

Mean 

ATE as 
% of 
mean 

Round 1 
Outcomes   
Psychosocial outcomes (Round 1)       
  Index of psychosocial distress 0.60*** 3.65 16% 
  Indicator for top quartile of distress 0.11*** 0.18 62% 
Exposure to Violence (Round 1)       
  Index of violence received 2.68*** 1.02 263% 
  Index of violence witnessed 1.70*** 2.12 80% 
  Index of violence perpetrated  1.72*** 0.05 3547% 

  
Index of violence experienced by 
family 0.38*** 1.99 19% 

Round 2 
Outcomes         
Psychosocial outcomes (Round 2)       
  Index of psychosocial distress 0.27 3.68 7% 
  Indicator for top quartile of distress 0.00 0.22 1% 

Each entry represents a separate WLS regression. The controls are age and location dummies, age and location 
interactions, pre-treatment individual and household characteristics. Weighted by inverse sampling and attrition 
probabilities and inverse abduction propensity score. 

*,**,*** significant at the 10, 5, and 1 percent levels respectively 
 

  



 



 

 

 

 

 

  



 

 

  



Figure 1: Estimated Effect of Exposure to Violence on Risk Attitudes 
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Figure 2: Effect of Exposure to Violence: Disaggregated by Abduction Status 
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Appendix 

Description of Risk Games 

Each lottery had a pair of outcomes: one outcome if a red chip was drawn and a separate outcome 

if a blue chip was drawn from an opaque bag. Different lotteries correspond with different levels 

of risk aversion. More risk averse respondents should selected less risky lotteries with lower 

expected payoffs. The opposite should be true of risk loving respondents.  

The risk attitudes of respondents were gauged over three domains: gains, losses and ambiguity. 

For the gains and losses domains, respondents knew that there was a 50 percent chance of drawing 

either color chip since they personally placed five red and five blue chips in the bag. The difference 

between the gains and losses domain was due to the payoff structure of the lotteries. (see Appendix 

1 for the wording of the games and the exact payoffs). In the gains domain, all payoffs were non-

negative and the expected value was positive for every lottery. In the losses domain, at least one 

payoff in each lottery was negative and the expected payoff of each lottery was negative.40 When 

testing for the ambiguity domain, we used the same payoff structure as over gains but introduced 

uncertainty regarding the likelihood of drawing a red or blue chip. This was achieved by the 

respondent blindly adding 4 chips of unknown color to 3 blue and 3 red chips. These new chips 

were selected from a pile of four red and four blue chips. Consequently, the probability of drawing 

a chip of either color could vary between 30 and 70 percent. 

Each respondent played the games individually with an enumerator. Respondents were required to 

play at least one practice round (and could play as many as they wanted) for each risk domain. 

Additionally, they were encouraged to ask questions to make certain that they understood the odds 

and, more generally, the structure of the game. The potential (net) payoffs ranged from 0 to 10,800 

Ugandan Shillings (Sh) or roughly $0 to $4.15.41 To put this into perspective, roughly 70 percent 

 
40 To avoid respondents leaving the survey after losing money (and thereby being harmed by their participation), they 
were told that if they agreed to play the game, they would be given 5,000 shillings. Since the highest loss was -5,000 
shillings, the worst monetary outcome was leaving the game with zero earnings. But since they were given the 5,000 
shillings, the losses domain entailed real losses relative to their state ex ante of the lottery choice, but not real losses 
ex ante to their agreement to participate in the game. 
41 A variety of behavioral parameters were elicited in different games. Since the project budget did not permit payoffs 
for every game, participants were told that one of the games would be chosen at random after the survey and their 
choices during the survey and their draw after the survey in that game determined the actual payoff. Consequently, 
they should have treated each game as if their answers determined the payoff. 



of respondents reported 10,000 or fewer shillings of income for themselves in a typical week. So 

maximum payoffs were relatively substantial and respondents had a strong incentive to make 

certain that they understood the game and to choose carefully.  

Questions from Survey: 

Read: In this first group of questions, you have the same chance to win either amount. If we play 
this game, we will put 5 blue balls and 5 red balls in a bag. If you choose the red ball, you will get 
the red amount. If you choose the blue ball, you will get the blue amount. 
 
Win Blue Red 
A 2,000 2,000 
B 600 5,000 
C  0 5,800 
D 1,600 3,000 
E 500 5,500 
F 1,000 3,500 
 
In this set of questions, some of the choices can result in you losing money. Since we do not want 
you to lose money from the survey, if we play this game I will give you 5,000 shillings to begin 
with. You will then have to pay out losses from this amount. You will get any remaining money 
including anything extra you win. Again, we will have 5 blue and 5 red balls in a bag. You will 
have an equal chance for either a red or blue ball. 
 
Win Blue Red 
A -5,000 4.500 
B -2,500 -100 
C  3,200 1,200 
D -4,000 2,700 
E -4,500 4,000 
F -5,000 4,500 
 
In the previous groups of questions, you had an equal chance to get a red or blue ball since there 
were 5 blue and 5 red balls. While we will have 10 balls again in the bag, you will not know how 
many red or blue balls there are in the bag. We will begin with 3 blue and 3 red balls. We will then 
blindly and randomly add 4 balls to the bag. You will then draw the ball from the bag. 
 
Win Blue Red 
A 2,000 2,000 
B 600 5,000 
C  0 5,800 
D 1,600 3,000 
E 500 5,500 
F 1,000 3,500 
 



The following maps answers to the questions to particular risk categories. For risk attitudes over 

gains, respondents who answer ‘A’ were coded as 1 (most risk averse) while those who answered 

‘C’ were coded as 6 (least risk averse). Due to a mistake, two answers (A, F) in the question for 

losses had the same answer. Consequently, it only has 5 possible categories.  

Category Gains Losses Uncertainty 
1 A B A 
2 D C D 
3 F D F 
4 B E B 
5 E A, F E 
6 C   C 

 

 

Description of Mental Health Measure 

Mental health is measured using a series of questions from the Northern Ugandan Child and Youth 

Psychological Adjustment Scale (MacMullin and Loughry 2002), which was specially designed 

and validated for the context. Following Blattman and Annan (2010), we create a scale using an 

additive index of a subset of 17 questions where each symptom is scaled according to its intensity 

(often=1; sometimes=2/3; rarely=1/3). The second round used 16 questions since 1 question was 

no longer age appropriate (number 2 below). Consequently, the first round scale is limited to the 

same 16 questions for comparability across waves.  

• Are you jumpy? 
• Are you in constant fear of losing your family? (dropped) 
• Do you feel lonely? 
• Do you worry about too many things? 
• Do you feel like you do not treasure your life? 
• Do you feel unloved? 
• Do you think that everything you do is wrong? 
• Do you cry when you remember bad things from the past? 
• Do you have difficulty concentrating? 
• Do you feel helpless? 
•  Do you keep to yourself when you are worried? 
•  Do you have restless nights? 
•  Do you think about bad things from the past? 



•  Are you easily irritated? 
•  Do you have nightmares? 
•  Do you feel sad? 
•  Do you find life difficult whether you are at home or elsewhere? 
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