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A B S T R A C T

Households living in conflict-affected areas are vulnerable to violence and crime perpetrated by various types
of actors. By exploiting variation in the timing, intensity, and spatial distribution of attacks against households
in Nigeria, this study finds that becoming a victim leads to higher food insecurity and decreased food and non-
food consumption. Property crimes are more detrimental to consumption and food insecurity than violence
is. The findings remain robust to accounting for conflict in the geographical proximity to the household. Our
results indicate that information on victimization can be used for building safety nets in conflict-affected areas.
1. Introduction and motivation

Up to two-thirds of the world’s extreme poor are estimated to be
living under fragility and conflict by 2030 (Corral et al., 2020). To
solve the food insecurity issues of tomorrow, understanding of the
relationship between food insecurity and conflict is crucial.

Households in conflict-affected areas can experience many types
of violence and crime. In addition to being attacked by the main
actors of the conflict, such as militants or insurgents, households are
more vulnerable to criminal activity as a consequence of weakened
law enforcement. While research shows that armed conflict has severe
consequences for households (Blattman and Miguel, 2010; Verwimp
et al., 2019), less is known about how households directly become
victims of crime and violence in conflict situations. Furthermore, the
implications of victimization on food insecurity remain understudied
due to lack of longitudinal data on attacks against households.

In this paper, we present microeconomic evidence on the effects of
victimization on household food insecurity and consumption. Using up
to six rounds of panel data over a span of seven years before, during,
and after a large increase in conflict in Nigeria, we exploit the variation
in the timing, intensity and location of attacks against households to
analyze the effects of victimization on household food insecurity and
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consumption. Since collecting face-to-face interviews in fragile areas
can be unsafe both to the enumerators and respondents, information
on the attacks was collected over the phone. Our study is unique in
that we can differentiate between the extensive and intensive margins
of victimization using detailed data on the attacks. Furthermore, we can
differentiate between physical violence and property crime, as well as
between attacks by different perpetrators.

Existing studies on victimization document the effects of attacks on
households on child nutrition (Minoiu and Shemyakina, 2012, 2014),
and on household economic outcomes (Rockmore, 2016). Our study
contributes to this literature by shedding light on the near-term impacts
on household welfare. Our panel data structure allows us to employ
household fixed effects to control for time-invariant household charac-
teristics. Our results thus shed light on the mechanisms underlying the
broader literature that documents a relationship between civil conflict
and child nutrition (Bundervoet et al., 2009; Akresh et al., 2011, 2012;
Verwimp, 2012; Minoiu and Shemyakina, 2012, 2014).

We find that victimization leads to over 10 per cent decrease in
consumption per capita at the extensive margin, similar in magnitude
to Rockmore (2016). We also find that one additional attack leads to
a 3–4 percent decrease in consumption per capita with both food and
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nonfood consumption being affected. Poor households are more likely
to stay poor after becoming victimized, whereas non-poor households
manage to prevent themselves from falling into poverty.

We also study food insecurity as it captures a more volatile measure
of household economic well-being. We find a strong and robust positive
effect of victimization on food insecurity: one attack alone can push
a household from low to medium food insecurity. While the evidence
on conflict and household food insecurity remains mixed (Mercier
et al., 2020; Brück et al., 2019b; Dabalen and Paul, 2014; D’Souza and
Jolliffe, 2013) our finding is in line with evidence from Nigeria using
regional conflict measures (George et al., 2019).1

Another contribution of our study is to distinguish between the
ffects of different types of victimization to understand how different
ypes of attacks (physical violence or property crime) and perpetrators
criminals, insurgents or actors in communal clashes) affect welfare.
hile a lawless situation may give rise to both politically and econom-

cally motivated attacks against households, the consequences of these
ttacks may be different depending on the objective and motivation
f the perpetrators. Insurgents typically justify their acts by political
r religious motivations towards a larger societal goal. Communal
iolence, on the one hand, often arises from disagreements about the
istribution of resources within a community; it might also be fueled by
thnic, religious, or political arguments. Finally, crimes committed in
onflict-affected areas might be motivated by purely personal economic
ains. On the other hand, it is possible that given that different actors
ace similar constraints to maximizing the expected utility of their
cts, the consequences of their acts may also be similar. Whether the
onsequences of crimes perpetrated by different actors differ is thus an
mpirical question that we examine.

Nigeria provides a suitable context to study the effects of different
ypes of victimization due to the various ongoing conflicts. Nigeria is
he largest economy and the most populous country in Africa, and has
een a sharp rise in violent conflict during the last decade. Although
he Boko Haram insurgency has gained vast attention from interna-
ional media, the long-standing militant and criminal activity in the
il-producing south and the increased tensions between herders and
armers also pose important threats to national security.

We find that attacks on property, such as theft or the destruction of
ssets, are more detrimental to food insecurity and consumption than
hysical violence is. We find that livestock losses are an important
echanism, which could be a direct result of livestock theft, or an

ndirect result, if productive assets are sold as a coping mechanism.
hysical violence can directly affect the capability of adult household
embers to provide for one’s household if a member of productive

ge is injured or killed. However, estimates on property crime are
tatistically more significant than estimates on violence. The effects also
ary by perpetrator such that insurgent attacks are most detrimental
o consumption, and both insurgent and criminal attacks increase food
nsecurity. We do not find similar results for the victims of communal
lashes, that is, events related to the farmer–herder conflict.

We run several robustness checks to assess the validity of our
indings. Our results are robust to a large number of both household
pecific as well as geographical time-varying controls, and to selecting
ontrol variables using LASSO machine learning techniques (Belloni
t al., 2013). We also show that our results are robust to including
onflict-related fatalities in the geographic proximity of the household
n our models. Given that our model is a differences-in-differences
ramework, we test for parallel trends by conducting placebo tests,
hich we find to hold.

This paper also highlights the importance of data collection in
ragile areas. Since collecting face-to-face survey data can be difficult
or respondents if they are perceived to be providing information to the

1 For a comprehensive review on food insecurity and conflict, see Martin-
hields and Stojetz (2019).
2

i

government, we focused on telephone surveys. The victimization data
was collected over the phone from a sample of households that were
part of a panel study collected between 2010 and 2016.2 Information
n outcome variables and household characteristics before, during, and
fter the conflict comes from the panel study. We have complemented
hese data with annual telephone survey data on the recall of vic-
imization dating back to 2010. Collecting data over the phone was
onsidered a strong alternative to face-to-face interviews because close
o 90 percent of all households in the study regions had phones.

The paper proceeds as follows: Section 2 presents literature on
ictimization, and Section 3 discusses the evolution of conflict in the
tudy region. Section 4 presents the data, and Section 5 presents the
mpirical framework. Section 6 presents the results. Finally Section 7
iscusses policy implications and Section 8 concludes.

. Literature on victimization

While the literature on the consequences of conflict on households
s broad, and examines several outcomes (Verwimp et al., 2019) finding
ffects on schooling, poverty, child malnutrition and labor market
utcomes, among others; the literature on victimization, the study
n direct attacks against households in conflict situations, remains
arrower.

The evidence on victimization on welfare outcomes shows negative
ffects: Minoiu and Shemyakina (2012, 2014) find reduced child health
nd nutrition outcomes in the context of the civil war in Cote d’Ivoire,
ith larger and statistically more significant estimated impacts when
xperiencing property crime than when experiencing violence. Rock-
ore (2016) finds in the context of Uganda, that while the experience

f insecurity and as well as direct exposure to violence both reduce
ousehold consumption, the effects of direct exposure are larger.

There is also evidence on human capital and labor market effects.
he seminal study by Blattman and Annan (2010) finds that abducted
x-combatants in Uganda face persistent setbacks in their human cap-
tal formation leading to reduced earnings and lower psychological
ell-being. In the context of Turkey, Kirbis and Nelson (2022) find that
ictimized individuals are more likely to become entrepreneurs, but are
lso highly likely to fail in business activities. In Afghanistan, Callen
t al. (2014) find that fearful recollections trigger changes in risk and
ertainty preferences more for victimized individuals than for others,
nducing a stronger preference for certainty.

Our contribution to the literature relies on distinguishing between
ifferent types of attacks against households, and by types of perpetra-
ors, akin to recent work on victimization and political participation
y Douarin et al. (2021) and heterogeneous effects on risk preferences
epending on the type of conflict exposure by Rockmore et al. (2017).
iven that these heterogeneous effects observed in this nascent litera-

ure on the types of victimization, and on perpetrator identities, more
esearch can be done to understand the consequences of different types
f conflict exposure.

. Conflict in Nigeria

With more than 180 million inhabitants, Nigeria is the most popu-
ous country and the largest economy in Africa. Ethnicity and religion
ave played a role in the history of conflict in Nigeria at least since
ndependence.3

2 The panel study is the General Household Survey of Nigeria (the GHS). It
s part of the Living Standards Measurement Study, or LSMS, data set by the

orld Bank.
3 The Biafran war between 1967 and 1970 was particularly cruel, resulting

n an unprecedented humanitarian crisis.
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Since the transition from military to civilian rule in 1999, violence
in different regions has taken various forms. The north has experienced
high levels of religious and ethnoreligious violence. The North Central
region has experience a recent rise in clashes between farmers and
herders. The Niger Delta region has experienced a local insurgency
that has mutated into criminality and maritime piracy (Nwankpa, 2014;
Marc et al., 2015).

Since 2010, the three geopolitical regions that have been most
affected by conflict are the North East, the North Central, and the South
South. These regions have all seen an increase in conflict levels since
2010. In the North East, conflict is largely attributable to Boko Haram.
The violent radicalization of Boko Haram members and the resulting
military operations have affected nearly 15 million people since 2009.
Boko Haram’s tactics have included multiple modes of attack, including
suicide bombings, the seizure and destruction of entire villages, the
destruction of basic services, forced displacement, abductions, sexual
violence, and forced recruitment.

Since the start of the insurgency in 2009 until 2018, an estimated
20,000 people were killed. Nearly 2.1 million people fled their homes
during the height of the conflict, of which 1.7 million remained dis-
placed in 2018, a vast majority of them being internally displaced
within Nigeria (IOM, 2018). An estimated 200,000 people were es-
timated to reside in neighboring countries in 2017 (OCHA, 2018).
Our data indicate that 49 percent of households in the North East
had experienced victimization between 2010 and spring 2017. The
perpetrator was most often reported to be an insurgent (in 72 percent
of the cases). Hence, Boko Haram activity was clearly felt by a large
fraction of households.

The herder–farmer conflict in the North Central region centers
around agricultural households and nomadic cattle-herding groups who
come into conflict over land and water access. Since 2013, communal
clashes between these two groups have increased. Farmland has been
destroyed and forcefully occupied, livestock stolen, and crops damaged.
The conflict has intensified as many northern herdsmen have moved
their herding routes towards the south. There have been multiple push
factors in the north: the Boko Haram insurgency, the growth of human
settlements, and the degradation of pastures due to droughts. The
death toll has been increasing, with 2500 fatalities recorded in 2016
alone (ICG, 2017).

Our data indicate that 25 percent of households in the North Central
region experienced at least one attack between 2010 and 2017. The
most common perpetrators of the events are pastoralists or nomads (45
percent), followed by insurgents (21 percent).4 This indicates that the

oko Haram has been active in the North Central region as well, but to
lesser degree than in the North East.

In the Niger Delta – the South South region – several militant
roups, targeting primarily the oil industry, have caused disruptions to
he oil-led economy. The conflict has long historical roots; some form
f violent conflict has been ongoing since independence. Most recently,
he conflict has been related to demands for a more equitable redistri-
ution of oil resources as well as concerns related to environmental
egradation. In 2009, amnesty was declared to militants (Nwankpa,
014; Ajodo-Adebanjoko, 2017), but new militant groups have emerged
ince, and fatalities have increased. In the Niger Delta region, 22
ercent of households in our data reported at least one attack between
010 and 2017, comparable to victimization intensity in the North
entral region. Bandits and criminals were the most common type of
erpetrators (42 percent of cases).

4 The household survey data does not include nomadic households. There-
ore, we only capture one side of the violence in the herder–farmer conflict —
amely, the events where the perpetrator was a pastoralist and not the side
here the perpetrator was a farmer.
3

p

4. Data

4.1. Data sources

We combine the General Household Survey (GHS) panel data with
a telephone survey on household victimization conducted during 2017
among a subset of the GHS households. The three waves of the GHS
were collected in 2010–11, 2012–13, and 2015–16. They include two
visits each: a post-planting visit during fall and a post-harvest visit in
the spring.5

The telephone survey on victimization was administered to 717
of the GHS panel households selected from the second visit of wave
3.6 The telephone survey elicits information on whether households
had become victims of violence, property-related crimes and other
conflict-related incidents since 2010 based on participants’ recall of
the period between January 2010 and May 2017, for each calendar
year.7 The survey covered the three most conflict-affected geopolitical
zones within 16 states of Nigeria.8 Households from local government
areas (LGAs) with high conflict exposure were oversampled.9 Conflict-
affected areas were oversampled to assure a decently high number
of victimized households. A random sample might have resulted in
an insufficient sample of victimized households, which would have
restricted the scope of the analysis. Due to the oversampling, the sample
drawn was not representative at the level of the geopolitical zone, as
in the GHS. Indeed, there is geographical clustering of victimization: of
the 717 households across 99 LGAs, victimization was concentrated in
52 LGAs — almost half (47) of the LGAs did not have any victimiza-
tion.10 Even though the conflict was widespread in these areas, the GHS
panel data set contains a low fraction of households that have migrated
during the data collection. All households in the telephone survey had
lived in their LGA of residence during the entire time.

To account for the sampling biases, we use probability weights
throughout. This renders the estimates representative at the geopo-
litical zone level (North East, North Central, and South South), as
is the case with the GHS. The weights used were constructed using
the wave 3 GHS panel weights as a benchmark, adjusting for the
probability of being in the sample. The weights correct for biases from
the oversampling, for nonresponse, and for the fact that a minority of
the households surveyed in wave 3, visit 2, did not have a phone or did
not provide a phone number. The mobile phone penetration rates are
close to 90 percent in all three regions, however.11 In Appendix E we
show that the results are robust to unweighted regressions.

4.2. Descriptive statistics

Victimization has increased in all regions since 2010. Fig. 1 shows
the share of household victimized in each state over the years 2010,
2012, 2014 and 2016. The peak of victimization in the North East
occurred in 2014, with a decrease from 2014–16, while in the North

5 The GHS dataset is collected by the National Bureau of Statistics of Nigeria
n collaboration with the Living Standards Measurement Study - Integrated
urveys on Agriculture (LSMS-ISA) project by the World Bank https://www.
orldbank.org/en/programs/lsms/initiatives/lsms-ISA#29.
6 The GHS waves include between 4500 and 5000 households, the sample

ize of wave 3 s visit is 4579.
7 Brück et al. (2015) outline survey procedures for measuring conflict

xposure in LSMS surveys.
8 The telephone survey was conducted between March and May 2017. Ap-

endix A, Section 2, provides additional information on the survey procedures.
ppendix B outlines information on how the geopolitical zones were selected.
9 High conflict exposure was defined as more than 10 conflict events during

012–14 recorded in the ACLED database (Raleigh et al., 2010).
10 There is an average of 7.24 households per LGA.
11 The mobile phone penetration rate is 84 percent in the North East, 90
ercent in the North Central, and 83 percent in the South South.

https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#29
https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#29


Food Policy 115 (2023) 102404H. Kaila and A. Azad
Fig. 1. Victimization over time and space. Note: The maps show the share of households victimized in a given year.
Sources: Based on telephone survey data collected by the World Bank and the National Bureau of Statistics (NBS).
Central and South South zones victimization rates increased steadily
reaching a peak in 2016. Fig. 2 shows us the evolution of attacks be-
tween 2010 and spring 2017. Fig. 2(a) displays the data of all attacks as
well as property crime and violence.12 While we separate victimization
by property crimes and physical violence, our main variable of interest
encompasses all types of attacks against households. Robberies and
theft carry the risk of a physical altercation, and the fear associated
with that risk. From 2012 onward, the level of household victimization
has increased substantially.

Fig. 2(b) displays the mean number of attacks per year by the most
common types of perpetrators: insurgents, bandits and criminals, and
pastoralists and nomads. Attacks by insurgents peaked in 2014, the
most violent year of the Boko Haram insurgency. The number of attacks
involving bandits and criminals is increasing over time. The number
of attacks involving pastoralists and nomads increased in 2013, and
remained at that level. The decrease in 2017 is not representative of the

12 The violent attacks include the killing of a household member, whether
any household has suffered physical aggression (with or without a weapon),
and whether any household has become injured/disabled after a direct
attack. The property attack variable includes reports of any household mem-
ber robbed (money or assets), household dwelling suffered from robbery,
Household dwelling burned down/destroyed/seriously damaged/occupied,
household land occupied/expropriated/made unproductive, and household
assets intentionally destroyed/seriously damaged.
4

entire year but only until May 2017. It is meaningful to study the per-
petrator and the type of event separately because both violence as well
as attacks on property are perpetrated by all types of perpetrators.13

There are potential limitations in measuring victimization. Recall
bias can occur if past attacks are not remembered as well as more recent
attacks. To address this issue, we compare the time distribution of vic-
timization to the conflict intensity from the ACLED database. Figure B-1
in appendix B displays the time distribution of attacks; the vertical axis
shows what fraction of all attacks between 2010 and 2016 for the data
set in question happened in each specific year. This yields a meaningful
comparison between our data set and the ACLED which does not suffer
from recall bias, as ACLED uses newspaper reports on conflict events
and fatalities. However, the qualitative differences between the datasets
implies that we cannot compare the level of conflict and victimization
across the data sets, which is why we compare the trends. We can see
that the time trend in both conflict events and fatalities in the ACLED is

13 Although violence is most often perpetrated by insurgents (30.5 percent
of all violent attacks between 2010 and 2016), bandits and criminals and
pastoralists and nomads are often reported as perpetrators of violence (18.5
percent and 22.8 percent, respectively). Similarly, whereas attacks property
are most often perpetrated by pastoralists and nomads (38.7 percent), 20.5
percent and 22.3 percent of property crime is perpetrated by insurgents and
bandits and criminals, respectively.
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Fig. 2. Mean number of attacks per household over time. Note: The year 2017 only contains data until spring 2017.
Sources: Based on telephone survey data collected by the World Bank and the National Bureau of Statistics (NBS).
similar to the time trend of victimization. Although it is impossible to
fully rule out recall bias, we do not consider it a major obstacle for our
analysis because the conflict intensities have evolved similarly across
the data sets. Any presence of recall bias, however, would bias our
estimates downward.

We also compare the spatial distribution of the attacks between our
data set and the ACLED over the course of 2010 to spring 2017, which
was used as our basis for selecting the most appropriate geopolitical
zones for the telephone survey. By comparing figures B-2a (the number
of events in ACLED) and B-2b (household victimization in the telephone
survey), we can see that also the geographical patterns across the
geopolitical zones are similar in the two data sets.
5

Given that our outcomes are measured at the household level, we
would ideally want to capture victimization of all household members.
However, given that most of the respondents are male, events experi-
enced by female household members might be underreported, which is
supported by the fact that we have almost no reports on sexual violence
(For evidence on Boko Haram on gender-based violence, see Ekhator-
Mobayode et al. (2020)). We also have low reports of police or military
violence; which may also be an underestimate given that the survey was
administered by the government.

The data show that many attacks reported in the survey were
not reported to anyone in the community, including community and
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Fig. 3. Marginal effects of main outcome variables. Note: The medium food insecure
threshold is CSI = 3. The threshold of poverty is the log of the real per capita poverty
line in 2010, 51 482.14 Naira. Marginal effects are based on regressions in Tables 2
column 3, Table 5 column 3.

religious leaders as well as authorities.14 Given that the number of
attacks reported in our survey is much higher than the number reported
to authorities, we believe that despite our concerns of underreporting,
our respondents show trust in the enumerators. Indeed, the households
were visited multiple times by the survey teams since 2010 and prior
to the telephone survey, which surely helped build trust. However, in
the presence of any underreporting our victimization measure and our
results would be downward biased.

The evolution of the consumption levels is displayed in figure A-1a.
Consumption per capita has been increasing in all three regions, but
the increase is especially rapid in the South South. Poverty is derived
from the consumption measure such that the poverty line is US $ 1.90
per capita per day consumption.

Food insecurity can be either transitory or chronic (World Bank,
1986). The former is associated with periods of intensified pressure
caused by shocks, such as natural disasters, economic collapse, or con-
flict; the latter refers to problems of continuing low incomes. Food in-
security is measured using the reduced coping strategies index (hence-
forth CSI) by Maxwell and Caldwell (2008), and figure A-1b, shows
the evolution of the CSI over time. The CSI is designed to answer

14 Among victimized households, 77 percent in the North East, 34 percent
in the North Central, and 26 percent in the South South had not reported the
most recent attack to any authority.
6

the question ‘‘What do you do when you don’t have enough food
and don’t have enough money to buy food?’’ The CSI measures how
often during the previous seven days a household had to resort to
any given coping strategy, based on the idea that the more people
have to cope, the greater their food insecurity.15 The CSI is a suitable
tool to track and monitor trends in food insecurity within the same
population. The index takes values from 0 to 56, with 0 denoting
no food insecurity and 56 denoting extreme food insecurity. We have
displayed a categorical version of the variable in order to show which
fraction of the households are to some extent food insecure. During
each visit, over 20 percent of households suffer either from medium
or high food insecurity, with a slight increase over time.16 The average
food insecurity in the sample is 2.87, not highly food insecure (Table 1,
panel b).

Summary statistics are presented in Table 1, panels a and b, for
the wave-based consumption analysis and for the round-based food
insecurity analysis, respectively. All summary statistics are weighted.
We can see that 25 percent of the sample were poor, with the highest
poverty incidence and lowest consumption per capita being in the
North East, whereas the reverse holds true in the South South.17 In
any given wave, the households experienced on average 0.21 attacks
per wave, with the highest incidence being in the North East and the
lowest in the South South. We can see that attacks on property are
more common than violence, and both of those attack types are most
common in the North East.

Attacks perpetrated by insurgents are the most common in the North
East (0.35 events per household per wave; see Table 1, panel a), but
they also occur in the North Central. Attacks by bandits and criminals
occur in each region, but they also are most prevalent in the North East.
Attacks by pastoralists and nomads are most prevalent in the North
Central (0.15 events per household per wave), but they occur in the
two other regions as well.

We also study mental health as an additional outcome variable.
We use the Center for Epidemiologic Studies Depression Scale (CES-D)
available in wave 3 (Jamison et al., 2018). The 10-item scale has been
shown to strongly predict clinical diagnoses of depression and anxiety
disorders (Weissman et al., 1977). The score takes values from 0 to
30, higher values reflecting poor mental health, where 10 denotes a
threshold level for significant depressive symptoms. The CES-D score
was the highest in the North East, although the mean values are similar
across regions (Table 1, panel c). Poor mental health is a strong concern
as 28 percent of respondents report values exceeding the threshold of
depression.18

Household size is largest in the North East and smallest in the South
South, and the fraction of female household heads is lowest in the North
East and highest in the South South. Similarly, household heads are

15 The questions of the CSI index, followed by the weight given to each
question in parenthesis: Rely on less preferred foods (1), Borrow food or rely
on help (2), Limit portion size (1), Restrict consumption by adults for children
to eat (3), Reduce number of meals (1). Our module includes questions using
the second version of the CSI referred to as the ‘‘reduced’’ CSI. The advantage
of the reduced CSI relative to the original context-specific CSI is that it
performs better in comparing across different context. The module has been
shown to correlate just as well with other food insecurity indicators as the
original index. This is important for our study, given that there are large
differences across different regions in Nigeria. We use the abbreviation CSI
to indicate the ‘‘reduced’’ CSI. The construction of the index is also explained
in detail in Appendix A.

16 For consistency, data from wave 1, visit 1, are omitted from this figure
because they are omitted from the analysis.

17 Note that although these means are weighted, they are based on a
subsample of households in each of the three regions. Therefore, they do not
necessarily correspond fully to the poverty incidence of each region reported
in the poverty analysis done using the full GHS.

18 See Jamison et al. (2018) for more analysis with these data.



Food Policy 115 (2023) 102404H. Kaila and A. Azad
Table 1
Summary statistics.

Pooled North East North Central South South

Mean sd Mean sd Mean sd Mean sd

a. Wave based sample
Consumption per capita (ln) 11.5 0.74 11.3 0.67 11.4 0.74 11.7 0.73
Poverty status 0.25 0.43 0.36 0.48 0.29 0.45 0.15 0.35
Food consumption (ln) 11.1 0.76 11.0 0.70 11.0 0.77 11.2 0.77
Non-food consumption (ln) 10.0 0.94 9.62 0.83 9.91 0.93 10.4 0.91
Health expenditures (ln) 3.42 3.57 2.54 3.21 3.68 3.55 3.75 3.72
Education expenditures (ln) 6.17 3.71 5.40 3.41 6.54 3.50 6.34 3.99
Any attack 0.076 0.26 0.15 0.35 0.073 0.26 0.032 0.18
Attacks 0.21 0.96 0.43 1.37 0.21 1.01 0.064 0.42
Attacks violence 0.035 0.27 0.058 0.31 0.029 0.32 0.025 0.19
Attacks property 0.089 0.43 0.15 0.52 0.12 0.54 0.021 0.18
Insurgents 0.10 0.68 0.35 1.27 0.026 0.28 0 0
Bandits/criminals 0.024 0.19 0.046 0.22 0.012 0.16 0.020 0.20
Pastoralists/nomads 0.056 0.54 0.015 0.18 0.15 0.90 0.0024 0.070
Asset index 0.050 0.31 −0.029 0.34 0.041 0.28 0.11 0.30
TLU (ln) 0.29 0.67 0.77 1.01 0.22 0.45 0.048 0.31
HH size 6.49 3.70 8.54 4.42 6.37 3.42 5.29 2.75
HH head male 0.84 0.36 0.95 0.21 0.88 0.33 0.74 0.44
HH head age 50.1 15.0 47.9 13.4 49.8 14.9 51.6 15.9
HH head years of education 7.34 5.65 5.98 5.57 7.32 6.11 8.21 5.10
Area of residence 0.36 0.48 0.27 0.44 0.41 0.49 0.37 0.48
Hh head monogamous 0.57 0.49 0.47 0.50 0.59 0.49 0.63 0.48
Hh head polygamous 0.21 0.41 0.45 0.50 0.22 0.42 0.059 0.23
Hh head formerly married 0.17 0.37 0.043 0.20 0.14 0.35 0.27 0.44
HH head employed 0.87 0.34 0.84 0.37 0.91 0.28 0.85 0.36

Observations 2151 516 825 784

b. Wave-visit based sample
Coping Strategy Index (CSI Score) 2.87 5.54 1.79 3.86 2.40 5.37 3.94 6.33
Attacks 0.13 0.69 0.26 0.97 0.13 0.74 0.039 0.32
Attacks violence 0.021 0.20 0.035 0.22 0.018 0.25 0.015 0.14
Attacks property 0.053 0.30 0.091 0.37 0.073 0.36 0.013 0.14
Insurgents 0.058 0.49 0.21 0.91 0.016 0.22 0 0
Bandits/criminals 0.014 0.14 0.028 0.16 0.0071 0.11 0.012 0.15
Pastoralists/nomads 0.034 0.39 0.0091 0.11 0.091 0.65 0.0015 0.054
HH size 6.50 3.72 8.61 4.45 6.36 3.41 5.28 2.76
HH head female 0.16 0.37 0.049 0.22 0.13 0.33 0.26 0.44
HH head age 50.3 14.9 48.0 13.1 50.2 14.7 51.9 15.9
HH head years of education 7.37 5.67 6.02 5.58 7.31 6.14 8.27 5.12
Rural 0.64 0.48 0.73 0.44 0.59 0.49 0.63 0.48
Hh head monogamous 0.57 0.50 0.47 0.50 0.59 0.49 0.62 0.49
Hh head polygamous 0.21 0.41 0.44 0.50 0.22 0.42 0.057 0.23
Hh head formerly married 0.18 0.38 0.046 0.21 0.15 0.36 0.27 0.45
HH head employed 0.87 0.34 0.84 0.37 0.91 0.28 0.84 0.36
Asset index 0.057 0.32 −0.027 0.35 0.050 0.29 0.12 0.31

Observations 3550 860 1377 1313

c. CES-D 7.64 5.40 8.97 5.63 6.00 4.35 8.16 5.71

Observations 717 175 276 266

Notes: Weights used in all calculations. sd = standard deviation; ln = natural logarithm; HH = household; CES-D = Center for Epidemiologic Studies Depression Scale.
least educated in the North East and most educated in the South South.
Twenty-one percent of all households in the sample are polygamous,
with the highest share of polygamous households in the North East and
the lowest in the South South (Table 1, panels a and b). These summary
statistics illustrate the differences between Nigeria’s poorer north and
relatively wealthier south.

5. Empirical specification

5.1. Panel data sets

We construct two panel data sets for the two outcome variables,
consumption per capita and food insecurity. Figure D-1 in appendix D
illustrates the timing of the measurement of the outcome variables in
relation to the telephone survey on victimization.

For consumption, we have data from three waves that have two
visits each; post-planting and post-harvest. The consumption aggregate
is readily constructed as the median of the consumption level of those
7

two visits, that is measured at three points in time (2010–11, 2012–
13, and 2015–16) and adjusted by household size. The CSI, comprises
the seven-day recall questions administered during each visit of the
GHS — that is, altogether six times during the panel. For simplicity,
we talk about rounds to refer to the wave-visit frequency using six
points in time. Given that we are interested in the lagged victimization
to alleviate concerns of reverse causality, we are dropping the CSI in
2010 from the analysis because no information on victimization exists
for 2009. Figure D-2 illustrates the timing of the merge between the
outcome variables and the victimization data for the wave-based and
the round-based panels.

5.2. Empirical model

We run a fixed effects model of the following form

𝑌𝑖,𝑟,𝑡,𝑤 = 𝛼𝑖 + 𝛽
𝑡−1
∑

𝐴𝑡𝑡𝑎𝑐𝑘𝑠𝑖,𝑗 + 𝛾𝑋𝑖,𝑟,𝑡,𝑤 + 𝜃𝑤 + 𝜏𝑟,𝑤 + 𝜀𝑖,𝑟,𝑡,𝑤 (1)

𝑗=𝑤−1
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where 𝑌𝑖,𝑟,𝑡,𝑤 is either (log) consumption per capita or the CSI in
household 𝑖 in region 𝑟 in year 𝑡 and the corresponding wave (or
ound) 𝑤.19 Household fixed effects capturing time-invariant household
haracteristics are denoted by 𝛼𝑖, and wave or round fixed effects as
𝑤.20 The variable ∑𝑡−1

𝑗=𝑤−1 𝐴𝑡𝑡𝑎𝑐𝑘𝑠𝑖,𝑗 records the number of attacks for
ach household 𝑖 for each time period 𝑗, where 𝑗 is the number of years

between the previous round 𝑤 − 1 and the previous year 𝑡 − 1 (in case
the last visit of the previous wave or round took place before 𝑡−1). Our
attack measure captures the intensity of victimization as measured by
the number of events the household reported in the telephone survey.

5.3. Threats to identification

While household fixed effects capture all time-invariant household
characteristics, we also control for time-varying household and geo-
graphic characteristics, 𝑋𝑖,𝑟,𝑡,𝑤. The household controls are household
head gender and age, household head education in years and employ-
ment status, and dummies for different marital statuses (Table 1). We
display results both with and without controls because some controls
could be ‘‘bad controls’’, that is, directly affected by victimization. We
control for geographical time-varying factors at the household level,
such as temperature and precipitation, which could directly affect our
outcome variables (listed in table A.1). We also control for conflict in
the geographical vicinity, at the 20 km radius of the household. This
is a dummy variable taking the value one for any fatal incident (using
the same recall as for the household attacks) as recorded in the ACLED
database. Finally, we consider that there may be regional trends that
correlate with the intensity of victimization, which we account for by
using region-time trends 𝜏𝑟,𝑤 (region-wave with the wave-based panel
and region-round in the round-based panel). We cluster our standard
errors at the LGA level to account for spatial correlation.

Our analysis might be confounded if households receive assistance
from informal safety nets after an attack. Therefore, we also remove
households that reported any assistance after the most recent attack
(from the telephone survey) as well as households that reported having
received either cash or in-kind transfers in the GHS panel. Just 6
percent reported any assistance.

Even though the fixed effects remove the time-invariant household
characteristics, we are interested in examining whether the targeting
of households was systematically driven by household characteristics.
We do so by investigating differences across households that were
victimized and those that were not victimized by running a t-test with
our outcome variables of interest and with a number of household and
geographical characteristics. We find that in 2010–11, households that
had become victims at any time during the survey differed little from
the victimized households. The results are reported in table C-1, where
Panel a compares household characteristics, and panel b household
location-specific geographical characteristics.21 Panel a shows that in
the first round, there are no statistically significant differences in the
poverty status, level of consumption per capita, and the CSI between
households that had been victimized between 2010–17 and households
that had not. There are a couple of statistically significant differences,
for example, larger households and polygamous households were more
likely to have been victimized. This is unsurprising because the attack
variable includes several types of attacks where a single household

19 Since wave captures in each case a median of two measures in separate
alendar years, the notation does not overlap with that of the calendar year,
hich is the frequency at which the attack data was collected. The correct

nterpretation of the notation 𝑤 in relationship with the calendar year is to
onsider that wave 1 corresponds to the year 2011, wave 2 to 2013, and wave
to 2016.

20 In the consumption analysis for the three waves, and in the food insecurity
nalysis for the six rounds.
21 The summary statistics and the description of the geographical variables
8

re presented in tables A-1 and A-2.
member is the victim (such as a household member being robbed or
a household member being injured). Larger households (a variable
that correlates strongly with polygamy) mechanically are more likely
to report such events because these households have more members.
Further, at the 10 percent significance level there are also differences
in the variables household head being employed and household head
years of education, suggesting slightly higher employment and edu-
cation among heads from non-victimized households. From panel b,
we can see that the geographical characteristics of victimized and not
victimized households vary in 2010–11, as we might expect given the
geographical clustering of the attacks. These variables are related to
exogenous conditions such as rainfall and temperature.

Additionally, we explore the conditional targeting of attacks in
Table C-2 using wave 1 observable characteristics of households as
well as geographical covariates as predictors of violence. Two of the
geographic variables remain statistically significant, indeed suggesting
geographical variation in victimization as also shown in Table C-1.
None of the other coefficient estimates are statistically significant in
this model.

Due to these observed differences, we cluster the standard errors
at the LGA level even though our variable of interest, household
victimization, varies at the household level. We also control for all
geographical variables listed in table C-1, panel b.22 We control for
all household demographic characteristics in table C-1 (household size;
household head gender, age, and years of education; area of residence;
and dummies for marital status and employment status).

Table C-1 panel a also shows that the main outcomes of interest,
household food insecurity and consumption per capita, were not ex ante
correlated with victimization. Thus, even though attacks are clustered
geographically, the targeting of households within a given LGA seems
to be less systematic. While this is the case, it is not required for iden-
tification because household fixed effects absorb the location-specific
time-invariant differences across households.

As a robustness check, we consider an alternative recall specifica-
tion, where we estimate the effects of only period 𝑡 − 1 attacks on
outcomes at time 𝑡. Because the data was not collected across evenly
paced time intervals, doing so makes the specification more uniform
cross the waves. The specification is described in Section 6.4.3, and
llustrated in figure E-1.

. Results

.1. Food insecurity

Table 2 shows the results from estimating the effect of victimization
n the CSI and its components. The index is a weighted sum of its
omponents taking values from 0 to 56, while all of its components
ake values between 0 and 7, indicating the amount of days in the last
eek a household had resorted to a specific strategy.

We find that a additional attack leads to a 0.34–0.38 increase in
he CSI (Table 2, columns 1–3). Given that a mean household has a
SI of 2.9, that is, just below the threshold level of 3 ’medium food

nsecurity’, just one attack can push the mean household from low
o medium food insecurity. This is close to the average effect, as the
ean household reported 0.87 attacks in total over the period 2010–
7. Results are robust to adding controls (geographical and household
pecific, as listed in table C-1) and region-survey round fixed effects
hat capture region-specific time trends (Table 2, columns 2 and 3,
espectively). Fig. 3(a) illustrates the marginal effects of the regression
n Table 2 column 3 showing how just one attack can push the mean
ousehold over the threshold of ‘‘medium food insecurity’’.

22 The summary statistics of the geographical variables are presented table
A-1.
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Table 2
The effect of victimization on food insecurity: intensive margin.

CSI Rely on less preferred foods Borrow or rely on help Limit portion size Restrict adult consumption Reduce number of meals

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)
Assistance=0

Attacks 0.388∗∗ 0.336∗∗ 0.346∗∗∗ 0.284∗∗ 0.088∗∗∗ 0.052∗ 0.007 0.013 0.065∗ 0.071∗∗ 0.050∗∗ 0.048∗∗ 0.069∗∗ 0.054∗∗

(0.150) (0.143) (0.120) (0.132) (0.026) (0.031) (0.012) (0.012) (0.034) (0.029) (0.024) (0.023) (0.035) (0.023)
Conflict 0.485 0.568∗ 0.478 0.450 0.132 0.140 0.013 0.005 0.069 0.068 0.042 0.051 0.133∗∗ 0.107∗

(0.302) (0.297) (0.300) (0.293) (0.091) (0.103) (0.020) (0.019) (0.054) (0.053) (0.046) (0.044) (0.066) (0.058)
Controls No Yes Yes Yes No Yes No Yes No Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No No Yes Yes No Yes No Yes No Yes No Yes No Yes

N 3550 3468 3468 3253 3550 3468 3550 3468 3550 3468 3550 3468 3550 3468
R-Squared 0.014 0.029 0.039 0.040 0.007 0.028 0.015 0.053 0.021 0.036 0.006 0.026 0.011 0.029
Mean of dep. var. 2.869 2.857 2.857 2.849 0.926 0.921 0.092 0.091 0.507 0.506 0.262 0.262 0.468 0.462

Notes: Dependent variable is the CSI and the components of that index. The weights of the index are denoted in parenthesis: Rely on less preferred foods (1), Borrow food or rely on help (2), Limit portion size (1), Restrict consumption by adults
for children to eat (3), Reduce number of meals (1). The variable ‘‘Attacks’’ denotes the number of attacks household has been experienced. All regressions include household fixed effects. In column 4, households that report having received assistance
have been removed from the sample. Data used are from the six visits of the GHS and a telephone survey on victimization. All regressions are conducted using weights. Controls include all household and geographical variables listed in appendix table
C.1. Standard errors clustered at the local government area level. Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.
Table 3
The effect of victimization on food insecurity: extensive margin.

CSI Rely on less preferred foods Borrow or rely on help Limit portion size Restrict adult consumption Reduce number of meals

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)
Assistance=0

Any attack 1.472∗∗∗ 1.385∗∗∗ 1.294∗∗∗ 1.035∗∗ 0.315∗∗∗ 0.189 0.010 0.017 0.248∗∗ 0.260∗∗∗ 0.205∗∗ 0.191∗∗ 0.274∗∗∗ 0.238∗∗∗

(0.509) (0.522) (0.484) (0.499) (0.109) (0.123) (0.034) (0.035) (0.095) (0.091) (0.095) (0.093) (0.102) (0.083)
Conflict 0.499 0.579∗ 0.486 0.455 0.135 0.141 0.013 0.007 0.071 0.070 0.044 0.052 0.135∗∗ 0.107∗

(0.301) (0.296) (0.300) (0.292) (0.091) (0.104) (0.020) (0.019) (0.054) (0.053) (0.046) (0.044) (0.067) (0.058)
Controls No Yes Yes Yes No Yes No Yes No Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No No Yes Yes No Yes No Yes No Yes No Yes No Yes

N 3550 3468 3468 3253 3550 3468 3550 3468 3550 3468 3550 3468 3550 3468
R-Squared 0.015 0.030 0.040 0.040 0.007 0.028 0.015 0.053 0.022 0.036 0.007 0.026 0.012 0.030
Mean of dep. var. 2.869 2.857 2.857 2.849 0.926 0.921 0.092 0.091 0.507 0.506 0.262 0.262 0.468 0.462

Notes: Dependent variable is the CSI and the components of that index. The weights of the index are denoted in parenthesis: Rely on less preferred foods (1), Borrow food or rely on help (2), Limit portion size (1), Restrict consumption by adults for
children to eat (3), Reduce number of meals (1). All regressions include household fixed effects. In column 4, households that report having received assistance have been removed from the sample. Data used are from the six visits of the GHS and
telephone survey for conflict. All regressions are conducted using weights. Controls include all household and geographical variables listed in appendix table C.1. Standard errors clustered at the local government area level. Significance: *** p < 0.01;
* p < 0.05; * p < 0.1.
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Some households may have received assistance from informal safety
ets to overcome the consequences of attacks. In column 4 of Table 2
e removed households that reported having received any assistance
fter the most recent event from the sample, reducing the coefficient
stimate to 0.28 units in the CSI. The result remains significant at
he 5 percent level. This suggests that households that received assis-
ance were perhaps slightly more affected by the adverse events than
ouseholds that did not receive assistance.

Columns 5–14 in Table 2 show that households change their coping
trategies after an attack, particularly those that reduce food consump-
ion: limiting portion sizes, restricting adult consumption so children
an eat, and reducing the number of meals. Interestingly, households
o not increase their borrowing of food or their reliance on help, in
ine with the low level of assistance received. These variables take
alues from 0 to 7. We can see for instance that an additional attack
ncreases the amount of days reducing the number of meals by 0.05.
his might seem small, but given that the households are resorting to
hese multiple coping strategies simultaneously, the cumulative effect
s captured by the CSI.

Next, we investigate the results on the extensive margin. Table 3
epeats the analysis presented in Table 2, such that the variable ‘‘Any
ttack’’ takes value 1 if household has experienced at least one event
n period 𝑡 and zero otherwise. We can see that victimization leads
o 1.3–1.5 units increase in the CSI (columns 1–3). The coefficient
stimates are over three times the magnitude of those of the intensive
argin: This is consistent with the mean number of cumulative attacks

xperienced between 2010–17 being close to three. We find that the
esults when removing households who had received assistance remain
imilar to those on the intensive margin. Similarly, at the extensive
argin we do not see an increase in borrowing or relying on help, but
e do see an increase in all other coping strategies. Finally, both the

ignificance and magnitude of the results change little when including
ontrol variables.

Note that in conflict-affected areas, conflict might affect the food
nsecurity of all households to some extent. These results illustrate the
dded effect of being attacked. Evidence suggests that in areas with
ctive Boko Haram insurgency, food production has decreased (Ade-
aja and George, 2019). In these areas, markets might operate less
9

fficiently, resulting in disruptions to food supply. Finally, net-buyer
ouseholds that rely on markets as their main source of food may have
xperienced lower purchasing power resulting from lower income or
ncreased food inflation, which has been documented a concern for food
ccess (Azad and Kaila, 2018). We have therefore included the variable
onflict that captures the presence of any fatal event reported in the
0 km radius of the household (as recorded in the ACLED database)
o the models. While the coefficient estimates are positive, they are
tatistically significant only for the ’reduce number of meals’ outcome
ariable. This indicates that indeed attacks against households have a
trong effect over and above conflict in the geographical proximity.23

In Table 4 we show results by event type and across perpetrators.
Attacks on property include robbery of dwellings and individuals,
dwelling or land being destroyed or occupied, and household assets
being destroyed. Violent attacks include killings, injuries, and physical
aggression.24 It is important to note that robberies carry a risk of
physical violence, even when it is not realized, and the results should
be interpreted keeping this in mind.

The most commonly reported perpetrators are insurgents, bandits
and criminals, and pastoralists and nomads.25 It is possible that the
same household has been exposed to different types of attacks perpe-
trated by different actors. In our empirical specification we therefore
compare households that have experienced, for example, attacks on
property (and possibly other attacks) with households that have not
experienced attacks on property (but might have experienced other

23 In Section 6.3.2 we explore the interaction effect of conflict and attacks
against households further.

24 The rest of the categories include any household member being a victim
of: sexual violence, forced work, kidnapping/abduction, restricted from going
to school or seeking health care, or being made a refugee or being internally
displaced. Limitations to the gender perspective of the telephone survey are
discussed in Azad et al. (2018).

25 There are other perpetrators in the data, such as individuals and the
military. Their frequencies, however, are so low that we do not consider these
groups in our analysis. See appendix A for details on the categories and on
how these questions were asked in the survey.
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Table 4
The effect of victimization on food insecurity by event and perpetrator type.

Event type Perpetrator type

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

Attacks property 0.769∗∗ 0.691∗∗∗

(0.314) (0.231)
Attacks violence 0.609 0.509

(0.373) (0.336)
Insurgents 0.552∗∗∗ 0.462∗∗

(0.160) (0.177)
Bandits/criminals 1.981∗∗∗ 1.997∗∗∗

(0.625) (0.585)
Pastoralists/nomads −0.034 0.053

(0.071) (0.084)
Conflict 0.494 0.488 0.502 0.509∗ 0.490 0.489 0.533∗ 0.537∗ 0.514∗ 0.518∗

(0.301) (0.300) (0.303) (0.301) (0.300) (0.300) (0.299) (0.299) (0.301) (0.300)
Controls No Yes No Yes No Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No Yes No Yes No Yes No Yes No Yes

N 3550 3468 3550 3468 3550 3468 3550 3468 3550 3468
R-Squared 0.013 0.039 0.012 0.038 0.014 0.039 0.015 0.041 0.011 0.037
Mean of dep. var. 2.869 2.857 2.869 2.857 2.869 2.857 2.869 2.857 2.869 2.857

Notes: Dependent variable is the CSI and the components of that index. The weights of the index are denoted in parenthesis: Rely on less preferred foods (1),
orrow food or rely on help (2), Limit portion size (1), Restrict consumption by adults for children to eat (3), Reduce number of meals (1). All regressions include
ousehold fixed effects. Data used are the six visits of the GHS and a telephone survey on victimization. All regressions are conducted using weights. Controls
nclude all household and geographical variables listed in appendix table C.1. Standard errors clustered at the local government area level. Significance: *** p <
.01; ** p < 0.05; * p < 0.1.
Table 5
The effect of victimization on consumption per capita: intensive margin.

Consumption (ln) Nonfood (ln) Food (ln)

(1) (2) (3) (4) (5) (6) (7) (8)
Assistance=0

Attacks −0.035∗∗∗ −0.046∗∗∗ −0.036∗∗∗ −0.031∗∗ −0.045∗ −0.046∗ −0.029∗∗ −0.031∗∗

(0.013) (0.011) (0.013) (0.013) (0.023) (0.024) (0.014) (0.014)
Conflict 0.000 0.021 0.006 0.021 −0.041 −0.026 0.020 0.016

(0.043) (0.044) (0.047) (0.049) (0.061) (0.053) (0.054) (0.058)
Controls No Yes Yes Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No No Yes Yes No Yes No Yes

N 2125 2084 2084 1953 2125 2084 2125 2084
R-Squared 0.162 0.222 0.239 0.244 0.108 0.156 0.131 0.210
Mean of dep. var. 11.499 11.502 11.502 11.487 10.012 10.014 11.071 11.075

Notes: Dependent variables are household log consumption per capita and log per capita consumption split into food and nonfood consumption. The variable
‘‘Attacks’’ denotes the number of attacks the household has been experienced. All regressions include household fixed effects. In column 4, households that report
having received assistance have been removed from the sample. Data used are from the three waves of the GHS and a telephone survey on victimization. All
regressions are conducted using weights. Controls include all household and geographical variables listed in appendix table C.1. Standard errors clustered at the
local government area level. Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.
attacks).26 This allows us to compare the magnitude of different types
of attacks.

In columns 1–4 in Table 4, we report the results on the most
common types of attacks, property attacks and violence. Columns 5–
10 show results split by the perpetrator. We can see that attacks on
property lead to increased food insecurity more than violence does, by
0.7 units in the CSI. The results are strongest for bandits/criminals (an
increase of 1.9 units, columns 7–8) and insurgent attacks (0.46 units,
columns 5–6). The conflict variable is marginally significant in these
specifications, consistent with the estimates in Tables 2 and 3.

26 We have also run the analysis so that we are dropping from the com-
arison group in each regression the households that have experienced other
ttacks, such that the comparison is between attacks of violence and no attacks,
nd attacks on property no attacks, and so forth. The results are similar and
re available from the authors by request.
10
6.2. Consumption

Table 5 shows the results for estimating the relationship between
victimization and (log) consumption per capita. We can see that one
additional attack decreases consumption by 3.5–4.6 percent (columns
1–3). In column 4, we removed households that reported having re-
ceived assistance. We can see again that the magnitude drops slightly,
to 3.1 percent. This is consistent with the food insecurity results:
households that received any assistance at some point had been harder
hit. Columns 5–8 in Table 5 disaggregate the results between food
and nonfood consumption. Both forms of consumption are affected by
victimization. Fig. 3(b) illustrates the marginal effects of the regression
in Table 5 column 3. We can see that while there is a notable decrease
in per capita consumption, even six attacks in a given period do not
push the mean household below the poverty line. This is in line with
poverty transition results in Section 6.3.1.

Table 6 repeats the analysis of Table 5 for the extensive margin.
At the extensive margin victimization leads to 11 percent decrease in
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Table 6
The effect of victimization on consumption per capita: extensive margin.

Consumption (ln) Nonfood (ln) Food (ln)

(1) (2) (3) (4) (5) (6) (7) (8)
Assistance=0

Any attack −0.116∗∗ −0.146∗∗ −0.109∗ −0.098 −0.142∗ −0.128 −0.110 −0.115
(0.057) (0.057) (0.056) (0.060) (0.078) (0.085) (0.074) (0.074)

Conflict −0.001 0.018 0.003 0.019 −0.043 −0.031 0.019 0.015
(0.043) (0.044) (0.047) (0.049) (0.060) (0.053) (0.054) (0.058)

Controls No Yes Yes Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No No Yes Yes No Yes No Yes

N 2125 2084 2084 1953 2125 2084 2125 2084
R-Squared 0.161 0.220 0.237 0.243 0.107 0.154 0.131 0.210
Mean of dep. var. 11.499 11.502 11.502 11.487 10.012 10.014 11.071 11.075

Notes: Dependent variables are household log consumption per capita and log per capita consumption split into food and nonfood consumption. The variable
‘‘Any event’’ takes value 1 if household has experienced at least one event in period 𝑡 and zero otherwise. All regressions include household fixed effects. In
column 4, households that report having received assistance have been removed from the sample. Data used are from the three waves of the GHS and telephone
survey for conflict. All regressions are conducted using weights. Controls include all household and geographical variables listed in appendix table C.1. Standard
errors clustered at the local government area level. Significance: *** p < 0.01; ** p < 0.05; * p < 0.1.
consumption per capita (column 3). As with food insecurity, also here
the coefficient estimates are between three and four-fold to those of the
intensive margin, albeit measured with less precision.

For reference, studies on militant and terrorist activity find similar
effects: Rockmore (2016) finds a 16 percent decrease in consump-
tion among households victimized during the militant activity of the
Lord’s Resistance Army (LRA) in Northern Uganda while Abadie and
Gardeazabal (2003) find a 10 percent decrease in GPD per capita as a
consequence of terrorist activity in the Basque country.27 Our results
build upon these studies by providing household panel data evidence
combined with detailed information on attacks against households at
the extensive and intensive margin. Table 7 reports the results from a
model with events split by the type (columns 1–4) and the perpetrator
(columns 5–10). Columns 1 and 2 show that the decrease in consump-
tion per capita is driven by attacks on property, with a 8.7–9.2 percent
decrease for an additional attack. The coefficient estimates for violence
are negative, but they are not statistically significant.

In columns 5–10 we split the attacks by perpetrator. The results are
strongest for the insurgent attacks leading to a decrease in consump-
tion per capita by more than 4 percent, and the result is statistically
significant at the 1 percent level. The results are slightly stronger when
controls and region-survey wave fixed effects are added. Although the
attacks in which the perpetrator is reported to be a bandit/criminal
or a pastoralist/nomad are not statistically significant, they are of the
negative sign. The result indicates a stronger effect of victimization in
areas where Boko Haram has been active. The conflict variable is not
statistically significant in most specifications and close to zero.

6.3. Additional results

6.3.1. Poverty transitions
Next, we investigate whether poor households are more likely

to stay in poverty after having experienced attacks and, conversely,
whether nonpoor households are more likely to fall to poverty after an
attack. We address this question by estimating models of the following
form

𝑃𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤∣𝑛𝑜𝑛−𝑝𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤=1
= 𝛼 + 𝛽

𝑡−1
∑

𝑗=𝑤−1
𝐴𝑡𝑡𝑎𝑐𝑘𝑠𝑖,𝑗 + 𝛾𝑋𝑖,𝑟,𝑡,𝑤 + 𝜃𝑤 + 𝜆𝑙 + 𝜀𝑖,𝑟,𝑡,𝑤 (2)

27 In contrast, Serneels and Verpoorten (2015) find that households living
n high-violence localities during the Rwandan genocide in 1994 had 28
ercent lower consumption levels in 2000 than households in localities with
o conflict.
11
and

𝑁𝑜𝑛 − 𝑃𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤∣𝑛𝑜𝑛−𝑝𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤=1
= 𝛼 + 𝛽

𝑡−1
∑

𝑗=𝑤−1
𝐴𝑡𝑡𝑎𝑐𝑘𝑠𝑖,𝑗 + 𝛾𝑋𝑖,𝑟,𝑡,𝑤

+ 𝜃𝑤 + 𝜆𝑙 + 𝜀𝑖,𝑟,𝑡,𝑤 (3)

We split the sample across the poverty status in wave one (𝑤 = 1).
The variable 𝑃𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤∣𝑛𝑜𝑛−𝑝𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤=1

takes the value 1 if a household
i in the LGA 𝑙 that was non-poor in wave 1 switched to poor in
either of the subsequent waves and 0 if the household stayed non-
poor. Similarly, the variable 𝑁𝑜𝑛 − 𝑃𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤∣𝑛𝑜𝑛−𝑝𝑜𝑜𝑟𝑖,𝑙,𝑡,𝑤=1

takes the
value 1 if a household that was poor in wave 1 became non-poor in
either of the subsequent waves and 0 if it stayed poor throughout.
The variable 𝜆𝑙 denotes LGA fixed effects, and the rest of the variables
are as previously noted, also controlling for conflict in the geographic
vicinity as previously. We use a linear probability model to estimate
the specifications above.

The transition probabilities between being poor and non-poor are
presented in table C-3. While there is persistence in staying non-
poor across the waves, there is movement to both directions. For
example from wave 1 to wave 3 it was more likely for a household
to move from poverty to being non-poor (51.2 percent) than staying
poor (48 percent). The results on poverty transitions (table C-4) show
that becoming a victim is preventing a household from graduating
out of poverty (columns 1–3), while it does not affect the likelihood
of falling into poverty. At this threshold, both property crime and
violence have statistically significant impacts. As previously, we also
find that insurgent attacks are more likely preventing households from
graduating out of poverty than other type of attacks. The coefficient on
the conflict variable is statistically insignificant, although the same sign
as the attack variables, consistent with the estimates on consumption.

6.3.2. Victimization and conflict
Next, we analyze whether the effects of victimization vary across

localities that have experienced conflict related fatalities and localities
that have not. We use the variable Conflict that denotes whether there
were any fatalities in a 20 km radius from the surveyed cluster using
data from ACLED.28 The results are presented in tables C-5 and C-6.
We can see from column 1 that the inclusion of the Conflict indicator
does not change the coefficient estimates from the comparable models
in column 3 in Tables 2 and 5, the coefficient estimates of victimization

28 The recall period is the same as for the victimization measures illustrated
in Appendix D.
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Table 7
The effect of victimization on consumption per capita by event and perpetrator type.

Event type Perpetrator type

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

Attacks property −0.087∗∗ −0.092∗∗

(0.038) (0.035)
Attacks violence −0.024 −0.038

(0.033) (0.029)
Insurgents −0.040∗∗ −0.049∗∗∗

(0.020) (0.015)
Bandits/criminals −0.067 −0.051

(0.073) (0.072)
Pastoralists/nomads −0.039 −0.028

(0.024) (0.020)
Conflict 0.001 0.015 −0.006 0.008 −0.003 0.012 −0.006 0.007 −0.003 0.010

(0.044) (0.046) (0.043) (0.046) (0.043) (0.046) (0.043) (0.046) (0.043) (0.046)
Controls No Yes No Yes No Yes No Yes No Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Region-round FE No Yes No Yes No Yes No Yes No Yes

N 2125 2084 2125 2084 2125 2084 2125 2084 2125 2084
R-Squared 0.162 0.236 0.158 0.233 0.161 0.236 0.159 0.233 0.159 0.233
Mean of dep. var. 11.499 11.502 11.499 11.502 11.499 11.502 11.499 11.502 11.499 11.502

Notes: Note: Dependent variables are household log consumption per capita and log per capita consumption split into food and nonfood consumption. All regressions
nclude household fixed effects. Data used are from the three waves of the GHS and a telephone survey on victimization. All regressions are conducted using
eights. Controls include all household and geographical variables listed in appendix table C.1. Standard errors clustered at the local government area level.
ignificance: *** p < 0.01; ** p < 0.05; * p < 0.1.
are similar when conflict exposure is accounted for. Furthermore, the
variable Conflict only has a weak statistically significant relationship
with food insecurity, a finding in line with George et al. (2019), but
not with consumption. Odd-numbered columns from column 3 show
this relationship for different types of attacks and perpetrators.

We also interact the conflict indicator with victimization. Our re-
sults point to a significant interaction effect: victimization is more
detrimental outside the areas that have experienced conflict, and less
detrimental in areas with conflict (even numbered columns in tables C-
5 and C-6). This implies that in areas with poorer security, victimization
leads to a smaller decrease in consumption and a smaller increase in
food insecurity. It could be that households residing close to active
armed conflict had already adjusted to the lower security situation.29

Overall, our results show that victimization has an independent effect
on food insecurity and consumption per capita even when conflict in
the geographical proximity is accounted for.

6.3.3. Health and education expenditures
To understand what is driving the results on the nonfood con-

sumption expenditures, we look at two key components: health and
education expenditures per capita. The results are presented in table
C-7. We find that attacks overall do not have an effect on these
expenditures (columns 1 and 2). Disaggregated results show, however,
that when perpetrators are nomads, there is a statistically significant in-
crease in health expenditures by 21.8 percent. Attacks on property lead
to a decrease in education expenditures by as much as 39 percent. The
disaggregated results show that households increase their health expen-
ditures after certain attacks, which comes at the expense of decreased
education expenditures, a heterogeneity masked in the aggregate con-
sumption result in Table 5. The fact that insurgent attacks are not

29 This result is at odds with Minoiu and Shemyakina (2012, 2014), who
ind that victimization in conflict-affected areas is more detrimental than
lsewhere. The important difference in our definitions of victimization and
onflict is that while Minoiu and Shemyakina (2014) consider victimization
s acts related to the civil war, we consider all kinds of crime, perpetrated by
arious type of actors. Also our conflict indicator is time-varying and defined
ore locally, thus related to more recent eruptions of conflict at the proximity
12

o the household.
significant for these variables might be indicative of the poor situation
of health care and education in regions with high Boko Haram activity.
In these areas, schools and health care centers have been attacked
by insurgents, which has led to lower educational attainment (Bertoni
et al., 2019). While the conflict variable remains insignificant for these
specifications, as for those of the total consumption per capita, the signs
of the coefficients are negative.

6.3.4. Mental health
Food insecurity has been shown to be related to poor mental health,

in various dimensions. Food insecurity leads to psychosocial stressors,
such as uncertainty about procuring food, tension within households
from inability to provide food, shame and guilt.30 Recent research also
shows that malnutrition is a mechanism leading to long-term negative
mental health as a consequence of conflict (Singhal, 2019).

In table C-8 we investigate the relationship between attacks that
occurred between 2010–16 and the mental health as measured by the
log CES-D score in 2016. Given that we do not have a panel structure
for this analysis and are therefore unable to control for time-invariant
unobserved household characteristics, the results should be interpreted
as exploratory. The odd-numbered columns of table C-8 present the
results without controls. We find that an additional attack is related to a
4.6 percent higher CES-D score. This result is significant at the 5 percent
level and is perfectly robust to adding controls. The marginal effects
of column 4 are displayed in figure C-1. We can see that while being
exposed to conflict increases the CES-D score, even the 6th event does
not yet push the mean respondent over the threshold of depression.

Differentiating between attacks on property and violence we find
that one additional violent attack is related to a 17–18 percent higher
CES-D score, and this result is significant at the 1 percent level (table C-
8, columns 5–6). We do not find a statistically significant relationship
between property crime and mental health. Our results suggests that
although violence seems to have a relatively weak effect on economic
outcomes, there are consequences from violence on mental health.

30 For details, see Trudell et al. (2021) for a systematic review.
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6.3.5. Mechanisms
We investigate potential mechanisms that may lead households to

become food insecure and reduce their consumption after an attack.
We investigate whether the households lose assets as a consequence
of victimization. The results are presented in Table C-9. We find that
victimization leads to a reduction in a households asset holdings in
the form of livestock holdings, but not durable household assets. We
measure livestock holdings by constructing a variable for Tropical
Livestock Units and durable assets by constructing an asset index using
factor analysis.31 Indeed, livestock is a productive asset, while not all
durable assets are necessarily used in a productive manner. Losing
livestock can be detrimental to consumption directly via reduced food
consumption, or indirectly through losses in income generated by sales
of livestock by-products. We also investigate whether victimization led
to decreased productivity of crop production by creating a variable for
total agricultural output (in tons) and land area for crop production.32

hile the coefficient estimate on output is negative, we do not find
tatistically significant evidence on either channel. The results are
resented in Table C-10.

.4. Robustness checks

.4.1. Alternative CSI
In the main analysis, we have used the CSI with five items, a

easure considered to be valid across different contexts. The GHS food
nsecurity module has a sixth item, ‘‘Limit the variety of foods’’, that can
e included in the index. We have therefore conducted the analysis with
n index that includes this additional item (in the construction of the
ndex, this item takes the lowest weight, 1). The results are presented
n appendix table E-1. We can see that the results are statistically
ignificant at the one percent level, and they are similar to those in
able 2. The results on the additional item separately (columns 5 and
) are statistically significant at the 5 percent level.

.4.2. Using LASSO to select controls
Next, we use a machine learning technique LASSO to select the

ontrol variables in our regressions (Belloni et al., 2013). This allows us
o consider a large number of potential controls, the inclusion of which
ould be considered overfitting if implemented in an OLS framework,
s LASSO performs a model selection check based on the best predictors
f out outcome variables in order to select a set of covariates that
re jointly correlated with the variables of interest.33 The results are
resented in tables E-2 and E-3, and they can be considered as a
obustness check for Tables 2 and 4, and 5 and 7, respectively.34 We

31 The weight of each animal in the TLU is denoted in parenthesis: camel
1) horse (0.8) cattle (0.7), pigs (0.20), sheep and goats (0.1) turkey (0.03)
uck (0.03), poultry (0.01), rabbits and hares (0.02), guinea fowl (0.03). The
urable asset index is the first factor of a latent variable model using dummies
or the ownership of the following assets: radio, television, refrigerator, sewing
achine, computer, stove, bicycle, motorcycle, car, generator, iron, fan, and

ed or mattress.
32 This information is available in the post-harvest visits of the GHS and
ence we use the 3-wave panel for the analysis.
33 We use the double-selection linear regression LASSO where all the vari-
bles have been transformed to demeaned variables to correspond to the fixed
ffects framework in our main regressions. We use cross-validation (CV) to
elect an optimal value of the LASSO penalty parameter for all LASSOS. Our
esults are robust to using a plugin iterative formula instead. The results are
lso robust to using Partialing-out (Belloni et al., 2012; Chernozhukov et al.,
015a,b) and cross-fit partialing-out LASSO linear regression (Chernozhukov
t al., 2018) instead of the double-selection model. Results are available from
he authors by request. Note that also standard errors are not clustered and
he regressions are not weighted.
34 Columns 2 in table E-2 (table E-3) corresponds to column 3 in Table 2

Table 5), and columns 3–7 in table E-2 (table E-3) correspond to columns 2,
, 6, 8, and 10 in Table 4 (Table 7).
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can see that among the 177 controls considered for the food insecurity
analysis, between 14 and 33 are chosen. Similarly 6–18 controls are
chosen for the consumption analysis from the 174 considered. We can
see that all the results are robust to using the LASSO machine learning
technique to select controls that are best predictors.

6.4.3. Alternative lag structure of conflict
In our main specification, the number of years of recall on attacks

varies across waves because the outcome variables are not measured
at even time intervals. This can be problematic because food insecurity
and consumption are measured using the same recall period. Due to
this discrepancy, we run a robustness check where the lag structure of
victimization is uniform across the waves. This model takes the form

𝑌𝑖,𝑟,𝑡,𝑤 = 𝛼𝑖 + 𝛽𝐴𝑡𝑡𝑎𝑐𝑘𝑠𝑖,𝑡−1 + 𝛾𝑋𝑖,𝑟,𝑡,𝑤 + 𝜃𝑤 + 𝜀𝑖,𝑟,𝑡,𝑤 (4)

where Attacks in 𝑡−1 denotes attacks occurred during the previous year
of the second round of each specific wave in the case of consumption
and, in the case of food insecurity, the previous calendar year. This
specification has its own drawback because we are omitting the peak
year of the Boko Haram insurgency (2014). The timing is illustrated in
figure E-1.

Tables E-4 and E-5 present robustness checks for the results on
food insecurity (Tables 2 and 4) and consumption (Tables 5 and 7),
respectively. Overall, our main results remain unchanged with the
alternative lag structure. The effects are even slightly stronger for food
insecurity, suggesting a strong immediate effect. The effects of violence
are stronger, when violence is only restricted to events in the close past.
Overall, the check suggests that the effects of the attacks further in the
past might be diminishing over time, perhaps indicating recovery from
the initial shock.

6.4.4. Placebo checks
Future victimization should not affect current outcome variables.

Therefore, we run the placebo tests on the effect on victimization in
period 𝑡 + 1 on outcomes in period 𝑡. The prior is that we should not
find a statistically significant relationship between these variables if
parallel trend assumptions hold. Table E-6 displays these checks for
Tables 2 and 4 on food insecurity, and table E-7 for Tables 5 and 7
on consumption.35 All the coefficient estimates are close to zero and
not significant at the conventional levels.36

6.4.5. Unweighted results
We also run our main results without weights. Tables E-8 and E-9

present robustness checks for the results on food insecurity (Tables 2
and 4) and consumption (Tables 5 and 7), respectively. The results are
qualitatively similar when weights are not used.

7. Policy implications

It is estimated that in North East Nigeria alone, 10.6 million people
were in need of some kind of humanitarian assistance in 2020, an
increase from the already high 7.9 million in 2019 due to the intensify-
ing conflict exacerbated by the effects of the global pandemic (OCHA,
2021). This puts pressure to the Nigerian government and donors to
increase assistance.

Our results have implications for targeting of conflict assistance, but
with important limitations. Our descriptive results show that ex-ante,
household that experience attacks and households that do not, are not
significantly different. This implies that household characteristics may

35 To be specific, columns 1–3 in E-6 (table E-7) correspond to columns 2–4
in Table 2 (Table 5) and columns 4–8 correspond to even numbered columns
in Table 4 (Table 7).

36 One coefficient estimates on food insecurity is statistically significant at
the 10 per cent level, but of the reverse sign to our main results.
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be poor predictors of who have experienced largest setbacks, and infor-
mation on victimization can play an important role in understanding
this, especially given that our results also show that victimized house-
holds are affected more than households residing near conflict attacks,
who are not directly impacted. Furthermore, our results also show
that the extensive and intensive margin differ such that more attacks
lead to worse food insecurity and consumption outcomes: households
that have experienced attacks multiple times may be in more need.
In sum, information on victimization can be used to help identify
households who have suffered large setbacks, but other information
is required to identify the poorest and those in most need. Indeed,
in contexts of fragility, Brück et al. (2019a) and Schnitzer (2019)
show that some targeting methods may be better for differentiating the
chronically poor from those suffering from transitory poverty. One key
limitation of the policy implications of our study is the lack of evidence
on the modalities of assistance. Given large market imperfections in
fragile settings, the modality also matters: whether cash or food aid
is more efficient in reducing food insecurity depends on what kind of
constraints households face in their choices of own production and at
the markets (Brück et al., 2019a; Schwab, 2019).

In practice, prioritizing emergency aid in fragile settings may be
infeasible and difficult to justify. While emergency aid is being deliv-
ered to conflict-affected areas in Nigeria, the insecurity in Nigeria is
characterized by low-intensity conflict situations that have continued
for several years without developing into a war. In such insecure
settings, governments’ counterinsurgency policies can seek to gain the
’hearts and minds’ of the population by service provision or social as-
sistance, with the objective of improving the attitude of the population
towards the government and reducing sympathies towards insurgents.
In India, the National Rural Employment Guarantee Scheme (NREGS)
has been shown to contribute to violence reduction (Fetzer, 2020; Kaila
et al., 2020; Dasgupta et al., 2017). Crost et al. (2016) found that the
introduction of a conditional cash transfer program reduced conflict in
the Philippines.37

In West Africa, shock responsive social protection is being designed
nd piloted in several settings affected by fragility and low-intensity
onflict (World Bank, 2020). While these insurance mechanisms are
esigned for covariate shocks, such as anomalies in climatic condi-
ions affecting farming output, our paper shows that such idiosyncratic
hocks as victimization also matter in regions with active conflict. This
alls for investigating targeting mechanisms employed in development
rograms implemented in conflict settings.

. Conclusions

In this paper, we have analyzed the relationship between victimiza-
ion and household welfare using panel data from Nigeria. By exploiting
ariation in the timing and intensity of victimization, we find that
ttacks against households negatively affect household consumption
nd increase food insecurity, and that this effect operates independent
f conflict in the geographical proximity. Just one additional event can
ush a household from low to medium food insecurity, and becoming
ictimized decreases consumption per capita by over 10 percent. Loss
f productive assets, namely livestock, is an important intermediary
utcome. Meanwhile very few households received any assistance to
ope with the shock.

We also find that attacks on property are more detrimental to
onsumption and food insecurity than violence is. Both violence and

37 However, the evidence is mixed, as studies also find negative effects
f some development policies for violence reduction, for example, through
nsurgents capturing assistance or sabotaging programs (Crost et al., 2014).
ecurity policy may be needed to complement development policy (Kaila et al.,
020).
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property crime are perpetrated by several actors: by insurgents, crimi-
nals, and in clashes between farmers and herders. We find that attacks
by insurgents are detrimental to the key outcomes of interest. Our
key results are conducted using a household fixed effects panel re-
gression and are robust to a placebo tests and several sensitivity and
specifications tests.

This paper contributes to the study of extreme poverty by focusing
on an increasingly important societal issue keeping people food inse-
cure in the 21st century — fragility, conflict and violence. More than
half of the world’s poor were estimated to be living under fragility and
conflict in 2020, and this share will be increasing significantly (Corral
et al., 2020). The nexus of poverty and conflict is thus of increasing
importance for policy makers and academics aiming to understand
underlying mechanism of poverty today and in the future.
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