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ABSTRACT

The incidence of violent conflict in Nigeria rose steadily from 2016 to 2022. However, 
states across the country were not equally affected. Using novel survey data collected 
from Kaduna—a northern Nigerian state with the second-highest incidence of violent 
conflict out of Nigeria’s 36 states—this study examines the effect of exposure to violent 
conflict on households’ socioeconomic conditions. Regression analysis reveals that 
exposure to violent conflict, measured as the total number of conflict incidents within 
a 40-km radius of households' geolocations, significantly worsens socioeconomic 
conditions. Disaggregating the conflict exposure measure into its three main subcom­
ponents reveals a distinct pattern: while exposure to events classified as battles and 
violence against civilians worsens household socioeconomic conditions, conflict inci­
dents classified as explosions have no statistically significant effect. Finally, the main 
results are robust to alternative estimation methods and measures of conflict exposure.

1.  Introduction

Data from the Armed Conflict Location and Events Data project (ACLED) (Raleigh et al., 2010) show that 
the incidence of violent conflict in Nigeria rose steadily between 2016 and 2022. There were 3,318 incidents 
in 2022 alone, making it Nigeria’s most violent year since 1997.1 Besides contending with attacks perpetrated 
by the radical Islamist group Boko Haram, Nigeria struggles with deadly clashes between nomadic herders 
and sedentary farmers (Adelaja & George, 2019; Iyekekpolo, 2016; Koopmans et al., 2026). Kidnapping and 
banditry, especially in the country’s North-West geopolitical zone, are also on the rise (Idris et al., 2024; Tade 
& Momodu, 2023; Tuki, 2026a), while the secessionist struggle in the predominantly Igbo Eastern Region has 
persisted for over two decades, causing several fatalities (Lewis, 2023; Nche, 2023; Tuki, 2024a).

Paralleling these security challenges, the socioeconomic indicators of Nigeria’s population are similarly 
concerning. Data from the United Nations Population Division show that Nigeria had a life expectancy of 
55 years in 2020, one of the lowest in the world—only Lesotho, Chad, and the Central African Republic 
performed worse. According to the UN Inter-agency Group for Child Mortality Estimation, Nigeria’s infant 
mortality rate declined from 84.3 to 72.2 per 1,000 live births between 2010 and 2020; however, it still lagged 
behind the averages for Sub-Saharan Africa and the world, which stood at 50.3 and 27.4 per 1,000, respec­
tively.2 Poverty is also widespread: a 2019 survey found that 40.1% of the population lives below the poverty 
line of 137,430 naira (approximately US$361) per annum (Nigerian National Bureau of Statistics, 2020).

However, these aggregate, country-level statistics obscure substantial subnational variation. The incidence 
of violent conflict and poverty differs markedly across Nigeria’s 36 states. While the national poverty head­
count rate was 41% in 2019, it exceeded 85% in the states of Jigawa, Sokoto, and Taraba. In contrast, poverty 
rates in Lagos, Delta, and Osun were below 10% (Nigerian National Bureau of Statistics, 2020). This divide is 

https://doi.org/10.1080/15140326.2026.2714633
https://www.tandfonline.com
mailto:d.tuki@outlook.com
https://databank.worldbank.org/source/world-development-indicators
https://databank.worldbank.org/source/world-development-indicators
http://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog/?doi=10.1080/15140326.2026.2714633&domain=pdf
https://orcid.org/0000-0003-1097-3845


Figure 1.  Local government areas in Kaduna State. Notes: Panel A shows the administrative boundaries of the 23 local 
government areas (LGAs) (i.e., municipalities) that constitute Kaduna State. Panel B shows the location of Kaduna within Nigeria, 
the administrative boundaries of the states that make up Nigeria’s two major regions (i.e., the Northern and Southern regions), 
and the countries surrounding Nigeria.

largely regional, with the poorest states located in Northern Nigeria and the more affluent ones in the South. 
This same regional divide is evident in the incidence of violent conflict; ACLED data show that about 
two-thirds of the 22,188 violent incidents recorded in Nigeria between 1997 and 2023 occurred in the Northern 
Region.

Against this backdrop, this study draws on novel survey data collected in Kaduna—a northern state with 
the second-highest incidence of violent conflict among Nigeria’s 36 states—as part of the Transnational 
Perspectives on Migration and Integration (TRANSMIT) research project (TRANSMIT, 2025) to examine 
the effect of exposure to violent conflict on household socioeconomic conditions. To operationalise these 
concepts, I measure household socioeconomic conditions using a question in the TRANSMIT survey that 
asks respondents to assess the adequacy of their total household income in meeting members’ needs. 
Responses are recorded on a five-point Likert scale ranging from “0 = Money is not enough for food” to 
“4 = We can afford to buy almost anything.” To measure exposure to violent conflict, QGIS software is used 
to spatially match households’ geolocations with geocoded conflict data from ACLED and compute the total 
number of conflict incidents within a 40-km radius of each household.

The remainder of this study proceeds as follows: Section 2 describes the case study and discusses trends in 
violent conflict. Section 3 reviews the literature on the conflict-socioeconomic conditions nexus and outlines 
the hypothesis. Section 4 introduces the data, operationalises the variables used in the regression analysis, 
and specifies the model. Section 5 presents and discusses the results, while Section 6 concludes. 

2. Overview of the case study

The state of Kaduna was created in 1967—in the wake of the Nigerian Civil War—when the Nigerian military 
government divided the country into 12 states (Ikporukpo, 1986) (see Figure 1). Data from WorldPop indicate 
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3 Kaduna’s population was extrapolated from WorldPop’s gridded dataset using QGIS software because recent data on Nigeria’s population are 
unavailable from official government sources. Nigeria’s last population census was conducted in 2006.

Figure 2. Violent conflict incidents and fatalities in Kaduna State (1997–2023). Notes: Author’s compilation based on ACLED 
data. The figure visualises the incidence of violent conflict in Kaduna alongside the accompanying fatalities from 1997 to 2023. 
The dotted line which is associated with the y-axis on the left, shows the total annual fatalities, while the dashed line which is 
associated with the y-axis on the right shows the total annual incidents. The x-axis shows the year.

that Kaduna had a population of 9.3 million in 2020, making it Nigeria’s third most populous state after Lagos 
and Kano (Bondarenko et al., 2020).3 Mirroring Nigeria as a whole, Kaduna has a dyadic structure charac­
terised by a predominantly Muslim northern region and a predominantly Christian southern region. 
Moreover, its population is almost evenly split between Christians and Muslims, the country’s two major 
religious groups. Although there are no official government statistics on the religious composition of the state, 
TRANSMIT data suggest a distribution of approximately 56% Muslim and 44% Christian.

Kaduna had a poverty headcount rate of 42% in 2019, two percentage points higher than the national 
average (Nigerian National Bureau of Statistics, 2020). The agricultural sector is a major employer of labour 
in the state, with over 1.3 million households engaged in crop cultivation (Kaduna State Bureau of Statistics, 
2016). About 91% of these households cultivate crops either solely for subsistence or for a mix of subsistence 
and commercial purposes. Farmers rely heavily on rain-fed agriculture, and most farming occurs during the 
rainy season (Kaduna State Bureau of Statistics, 2016).

These socioeconomic conditions—particularly the heavy dependence on rain-fed agriculture—directly 
shape patterns of competition over land and water resources, which in turn fuel conflict in the state (Koopmans 
et al., 2026; Tuki, 2025). Most conflicts in Kaduna are intercommunal in nature—they involve culturally 
defined groups and are often characterised by cycles of reprisals (Scacco & Warren, 2021; Tuki, 2024b). Data 
from ACLED (Raleigh et al., 2010) indicate that there were 1,675 violent conflict events in Kaduna between 
1997 and 2023, resulting in 9,411 fatalities. Two prominent conflicts in Kaduna are the clashes between 
Christians and Muslims (Scacco & Warren, 2021; Suberu, 2013) and disputes between Fulani nomadic 
pastoralists and sedentary farmers (Tuki, 2026b). The latter stems from increasing competition over scarce 
land and water resources. This scarcity is partly driven by the adverse effects of climate change, such as drought 
and desertification, which have reduced pastureland and limited water availability. As a result, pastoralists 
are forced to travel longer distances in search of resources for their livestock (International Crisis Group, 
2017; Tuki, 2026b).

To illustrate the trajectory of violence in Kaduna, Figure 2 shows that both the incidence and intensity of 
violent conflict rose sharply between 2017 and 2021. The number of incidents increased from 29 in 2017 to 
421 in 2021—an increase of over 1,300%. Fatalities also rose from 123 to 1,215, representing an increase of 
888%. Both indicators declined steadily between 2021 and 2023. Notably, the highest peak in fatalities occurred 
in 2000, when only 14 incidents were recorded. By contrast, the 381 incidents in 2021 resulted in 1,201 

JOURNAL OF APPLIED ECONOMICS      3



fatalities. In proportional terms, this corresponds to 136 fatalities per incident in 2000, compared to 3 in 2021. 
The spike in 2000 was driven by deadly clashes between Christians and Muslims following the introduction 
of Sharia law by the state governor. While the Muslim population largely supported the policy, Christians 
strongly opposed it, and the resulting violence caused over 2,000 deaths (Harris, 2013; Human Rights Watch, 
2003; Scacco & Warren, 2021). The second-highest fatality peak occurred in 2011. This period coincides with 
the violence following the presidential elections, when Muslim supporters of the opposition candidate targeted 
Christians and burned churches, prompting retaliatory attacks against Muslims and mosques (Angerbrandt, 
2018; Human Rights Watch, 2011). Overall, the deadliest episodes of violence in Kaduna have been religiously 
motivated.

3. Literature review and hypothesis

Conflict can affect the socioeconomic condition of households through several mechanisms. It often leads to 
forced displacement and the destruction or depletion of household assets. These shocks can push households
—especially those that are already vulnerable—into poverty and food insecurity (Ibáñez & Moya, 2010; 
Mercier et al., 2020; Verwimp & Van Bavel, 2014). Where households rely on fixed assets such as land for 
their income and subsistence, displacement can sever access to these resources, thereby undermining their 
income-generating capacity (Mehler, 2005, p. 106). Even when displaced households are able to return after 
the conflict has ended, they may face additional risks, such as land contamination by landmines (Ibrahimli 
et al., 2025; Jaff, 2022; Ryken et al., 2017; Sobhani & Daneshmehr, 2025).

Beyond geographic displacement, conflict can still harm households directly through the injury or death 
of their members. Such losses increase vulnerability to poverty, particularly when the affected individual is 
the primary breadwinner. As income declines, households may finance consumption through savings; once 
these are depleted, fewer resources remain for investment, increasing the likelihood of falling into a poverty 
trap (Sachs, 2005, pp. 56–57). Conflict also alters household composition. Because men are more likely to die 
in violent conflict (McDonald et al., 2012), the male-to-female ratio tends to decline. This shift often leads to 
changes in gender roles and intra-household dynamics, with more women assuming household headship and 
engaging in activities traditionally performed by men in peacetime (Brück & Schindler, 2009, pp. 298–299). 
Consistent with this pattern, the TRANSMIT data used in this study show that 52 of the 67 respondents whose 
spouses had died were female.

In addition to disrupting household composition, conflict further constrains economic activity by creating 
an atmosphere of fear and insecurity in which livelihoods cannot easily be sustained (Collier & Duponchel, 
2013; Deininger, 2003). Household members may avoid farming or travelling to markets due to the risk of 
attack, thereby limiting economic participation and reducing income-generating opportunities. These effects 
compound pre-existing vulnerabilities, as agricultural households already face climate-related challenges such 
as droughts and rising temperatures that depress crop yields (Hassan et al., 2019; Thompson et al., 2010).

Another key pathway linking conflict to household welfare is health. Hoeffler and Reynal-Querol (2003) 
show that post-conflict mortality rates often remain as high as those observed during conflict, largely due to 
the destruction of health infrastructure and population displacement. Displaced populations frequently reside 
in overcrowded camps with poor sanitation, increasing their exposure to infectious diseases such as malaria 
(Anderson et al., 2011; Montalvo & Reynal-Querol, 2007). Conflict also weakens government capacity to 
control the spread of disease (Fürst et al., 2009). Of the 249 million malaria cases recorded globally in 2022, 
Nigeria accounted for 27% (World Health Organisation, 2023). Malaria exacerbates poverty by reducing 
school attendance, lowering labour productivity, and causing income losses through missed workdays. It also 
contributes to mortality, particularly among infants, which may induce higher fertility as a compensatory 
response (Rotondi & Rocca, 2022; Sachs, 2005, pp. 196–200). This resulting increase in family size can stretch 
household resources thin, ultimately deepening socioeconomic hardships (Datt & Jolliffe, 2005; Lanjouw & 
Ravallion, 1995).

Paralleling these health crises, conflict also disrupts human capital accumulation, particularly through its 
effects on education. Verwimp and Van Bavel (2014), in a study of Burundi, find that conflict exposure reduces 
the likelihood of completing primary education, mainly due to forced displacement. Beyond the destruction 
of educational infrastructure, insecurity discourages school attendance. In Kaduna State, for example, school­
ing has become increasingly risky due to the abduction of students for ransom by militia groups (Akinwotu 
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& Uangbaoje, 2021; Sadiq & Yaba, 2021). In response, the state government closed over 5,000 primary and 
secondary schools in 2021 (Obiezu, 2021; Sahara Reporters, 2021). Similar threats have been reported even 
in Abuja, Nigeria’s federal capital (Orjinmo, 2022; Vanguard, 2022). Lower educational attainment is asso­
ciated with reduced earning potential, which in turn lowers the opportunity cost of participation in rebel 
groups, thereby increasing the risk of conflict (Collier & Hoeffler, 2004; Collier et al., 2009). This points to a 
reinforcing cycle in which conflict and poor socioeconomic conditions mutually sustain each other.

While these dynamics operate at the household level, they are fundamentally reinforced at the macro level, 
where conflict slows economic growth, induces capital flight, and increases military expenditure. Higher 
military spending tends to crowd out investments in infrastructure and social services that are more conducive 
to long-term growth. Moreover, resources diverted toward armaments are often used to destroy existing 
infrastructure during conflict, resulting in a double loss (Collier et al., 2003, pp. 13–17). Even after conflict 
subsides, military expenditure may take years to return to pre-conflict levels (Collier et al., 2003, pp. 20–21). 
These macro-level effects are closely linked to micro-level dynamics, as aggregate outcomes ultimately rest 
on individual- and household-level conditions. As Burton, (1979, p. 64) notes, “A social system is made up 
of units that are themselves entities. Each of these units enacts many roles in the complex society in which it 
is a member.”

Building on the foregoing discussion, it is expected that households with greater exposure to violent conflict 
will report poorer socioeconomic conditions. This expectation underpins the main hypothesis that this study 
seeks to test:

H1: Exposure to violent conflict worsens the socioeconomic conditions of households in Kaduna.

4. Methods

4.1. Data

As part of the TRANSMIT research project (TRANSMIT, 2025), the WZB Berlin Social Science Centre 
conducted a large-scale survey in Kaduna State in 2021. A total of 1,353 respondents were interviewed across 
19 of the state’s 23 local government areas (LGAs). Four LGAs—Giwa, Birnin Gwari, Kauru, and Zangon 
Kataf—were excluded from the sampling frame due to security concerns that rendered them unsafe for 
enumerators.

To mitigate potential sampling bias arising from these exclusions, the sample was stratified by senatorial 
district, with observations drawn proportionally to each district’s population share. While each Nigerian state 
consists of three such districts, the exclusion of the four LGAs could still introduce bias. However, this concern 
is likely limited in the present study because the analysis focuses on the cumulative effects of conflict rather 
than exposure at a specific point in time. Although the excluded LGAs were inaccessible during the 2021 data 
collection, they are not among those with the highest cumulative levels of conflict. For context, data from 
ACLED indicate that between 1997 and 2021, Chikun (with 187 recorded events) and Kaduna North (with 
125 events) recorded the highest incidence of violent conflict, both of which were included in the sample.

In tandem with these sampling adjustments, the study also met all necessary institutional and ethical 
requirements. Prior to the implementation of the TRANSMIT survey, ethical approval was obtained from 
both the Ethics Review Committee at the WZB Berlin Social Science Centre (Application No. 2020/3/101) 
and the National Health Research Ethics Committee of Nigeria (NHREC). Section B of the Appendix provides 
a detailed discussion of the sampling strategy.

4.2. Measures

4.2.1. Dependent variable
Socioeconomic condition is derived from the question, “Which of the following statements best describes the 
current economic situation of your household?” The response categories are as follows: “0 = Money is not 
enough for food,” “1 = Money is enough for food, but not for other basics such as clothing, education, or 
sanitary products,” “2 = Money is enough for basics, but not enough for expensive durables such as a motor­
bike or power generator,” “3 = We can afford to buy some expensive durables like a motorbike or power 
generator,” and “4 = We can afford to buy almost anything.” For brevity and ease of interpretation, each 
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4 See: https://acleddata.com/.

Figure 3. Socioeconomic conditions of households in Kaduna State. Notes: The figure illustrates the socioeconomic conditions 
of households in Kaduna. The vertical axis displays the different categories of socioeconomic conditions, while the horizontal 
axis shows the percentage of respondents in each category. The figure is based on data collected in 2021 in the northern 
Nigerian state of Kaduna as part of the TRANSMIT research project.

category of socioeconomic condition was relabelled as follows: “0 = Very bad,” “1 = Bad,” “2 = “Average,” 
“3 = Good,” and “4 = Very good.”

Figure 3 visualises these responses using a bar chart. A glance at the figure indicates that most households 
in Kaduna are poor. Specifically, approximately 34% fall into the “very bad” category, indicating that about 
one in three households does not have enough money to meet its food needs. A further 42% fall into the 
“bad” category, suggesting that their incomes are sufficient to cover food needs but not other basic necessities. 
In contrast, only 5% of households report being in a “good” or “very good” socioeconomic condition, implying 
that just one in twenty households can afford expensive durable goods or almost anything they need.

Notably, the TRANSMIT survey consists of two sections—a household section and an individual section. 
The question from which the dependent variable is derived comes from the household section. All members 
of the household were allowed to participate in answering these questions. This design choice reflects the fact 
that the randomly selected respondent for the individual interview may not be the head of the household and 
may therefore lack sufficient knowledge of the household’s financial situation. Having established how the 
primary outcome variable is measured, the next section introduces the main independent variable used to 
predict these socioeconomic conditions.

4.2.2. Explanatory variable
Violent conflict is measured as the total number of conflict incidents occurring within a 40-km radius of a 
household’s dwelling (see Figure 4). This variable was constructed in QGIS by leveraging the georeferenced 
dimensions of both the TRANSMIT and ACLED datasets. Using data from ACLED (Raleigh et al., 2010), 
violent conflicts are defined as incidents classified into one of three categories: battles, violence against civil­
ians, and explosions/remote violence.4

Because the cumulative effect of violent conflict is central to this study, all incidents occurring within the 
buffer between 1997 and 2020 are included. Prior research shows that the effects of violent conflict tend to 
persist over time (e.g., Hong & Kang, 2017; Stojetz & Brück, 2023; Tuki, 2024a). The start year of 1997 reflects 
the earliest availability of the ACLED data, while the 2020 cut-off introduces a temporal lag to mitigate 
potential reverse causation, given that the outcome is measured in 2021. The explanatory variable is stand­
ardised to facilitate comparison across models.

While this temporal construction captures long-term exposure, the spatial measurement of conflict expo­
sure also warrants careful consideration. Buffers provide a more precise measure of exposure to violent conflict 
than LGA-level administrative boundaries. As illustrated in Figure 4, a household may be located in Kajuru 
LGA in Kaduna State, yet conflict incidents in neighbouring LGAs—such as Lere, Zangon Kataf, Kaura, 
Jema’a, and Sanga—as well as in the adjacent state of Plateau, may be geographically closer than some incidents 
within Kajuru itself. If LGAs were used as the unit of analysis, all households within a given LGA would be 
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Figure 4. Measuring exposure to violent conflict. Notes: The figure shows the 40-km buffer around the dwelling of a hypo­
thetical household and the geolocations of the violent conflict incidents. The figure was developed by the author using QGIS 
software.

assigned the same exposure value, reducing measurement precision and limiting variation in conflict expo­
sure. Furthermore, administrative boundaries in Nigeria, particularly at the subnational level, are often not 
clearly defined. The use of buffers mitigates these concerns by generating household-specific measures of 
exposure. Reflecting the pervasive nature of violence, all households in the sample experienced at least four 
violent conflict incidents within the 40-km buffer, while 37% experienced at least 50 incidents.

4.2.3. Control variables
Household size measures the total number of people living in the same housing unit who regularly share 
meals. This variable was included as a control variable because it may influence a household’s socioeconomic 
condition. For instance, large households may be socioeconomically worse off than smaller ones because 
resources need to be divided among more individuals (Datt & Jolliffe, 2005; Lanjouw & Ravallion, 1995). This 
is especially the case when most household members are dependents who do not contribute to household 
income.

Distance to hospital. This variable, which proxies the physical wellbeing of household members, measures 
the distance from household geolocations to the nearest healthcare facility in kilometres (km) as-the-
crow-flies. QGIS software was used to develop this variable. People who have good access to healthcare are 
likely to be in good physical health; people in good health are more productive, and are hence in a better 
position to contribute to household income (Asenso-Okyere et al., 2011; Badiane & Ulimwengu, 2013). The 
data containing the geolocations of all healthcare facilities in Nigeria were obtained from the Georeferenced 
Infrastructure and Demographic Data for Development (GrId3) database. The metadata defines a healthcare 
facility as “primary, secondary, and tertiary entities that provide medical and/or healthcare services and/or 
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5 This GRID3 healthcare facility dataset could be accessed here: https://grId3.gov.ng/.
6 The nighttime light dataset could be accessed here: https://eogdata.mines.edu/products/dmsp/.

Figure 5. Determining the precipitation level around the respondents’ dwellings. Notes: Panel A shows the 55 × 55 km 
precipitation grid cells within Nigeria’s administrative boundary. Panel B visualises the administrative boundary of Kaduna 
State and the geolocations of the households alongside the precipitation grid cells. The figure was developed by the author 
using QGIS software.

engage in the use generally of natural and/or artificial materials to create or dispense drugs.” The data were 
collected between November 2017 and December 2018.5

Nighttime light. This variable, which proxies the level of economic growth, measures the mean annual 
nighttime light within the 40-km radius of households’ geolocations in 2020 (Ghosh et al., 2021).6 Nighttime 
light is often used as a proxy for economic activity, especially when sub-national accounting data are unavail­
able (e.g., Mellander et al., 2015; Weidmann & Schutte, 2017; Weidmann & Theunissen, 2021). Since the raw 
dataset is gridded, the relevant statistic for the buffers were computed using QGIS software. The nighttime 
light pixels range from 0 to 63, with higher values denoting a higher level of economic growth. Research has 
found that economic growth can lead to lower levels of poverty via the mechanisms of labour demand and 
wage growth (Adams Jr, 2004; Roemer & Gugerty, 1997).

Precipitation measures the mean annual rainfall around the households’ dwellings in 2020 and in milli­
metres (mm) (Harris et al., 2020). Climatic conditions such as droughts or floods could worsen the socioe­
conomic condition of households by causing a decline in agricultural output. This is especially the case for 
households that rely on rain-fed agriculture for sustenance, an assertion supported by existing literature 
(Enfors & Gordon, 2008; Winsemius et al., 2018).

The local precipitation data are available in 55 × 55 km grid cells, with each grid cell having a unique 
precipitation value. Precipitation values at the centroids of all grid cells within Nigeria’s administrative 
boundary were estimated, as shown in Panel A in Figure 5. Subsequently, households’ geolocations were 
matched with the precipitation values of the nearest centroid, as shown in Panel B. Since the centroids are 
equidistant from each other, it follows that the geolocations of the households will fall within the grid cell of 
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7 To access the precipitation dataset visit: https://crudata.uea.ac.uk/cru/data/hrg/.

Table 1. Descriptive statistics.
Variable Number of observations Mean Standard deviation Minimum Maximum

Socioeconomic conditionΦ 1298 0.978 0.921 0 4
Violent conflict (30 km) 1353 76.608 70.076 1 191
Violent conflict (30 km)σ 1353 0 1 −1.079 1.632
Violent conflict (40 km) 1353 121.701 92.668 4 316
Violent conflict (40 km)σ 1353 0 1 −1.27 2.097
Violent conflict (50 km) 1353 167.285 116.306 7 492
Violent conflict (50 km)σ 1353 0 1 −1.378 2.792
Violence against civilians (40km) 1353 75.684 58.583 4 262
Violence against civilians (40km)σ 1353 0 1 −1.224 3.18
Battles (40 km) 1353 35.712 31.402 0 84
Battles (40 km)σ 1353 0 1 −1.137 1.538
Explosions (40 km) 1353 10.254 10.985 0 30
Explosions (40 km)σ 1353 0 1 −0.933 1.798
UCDP conflict (40 km) 1353 42.879 34.664 1 164
UCDP conflict (40 km)σ 1353 0 1 −1.208 3.494
Household size 1321 2.202 1.49 1 11
Distance to hospital (km) 1353 0.843 1.197 0.016 7.929
Nighttime light (30 km) 1353 1.406 1.696 0 4.035
Nighttime light (40 km) 1353 0.919 0.977 0.006 2.296
Nighttime light (50 km) 1353 0.675 0.666 0.006 2.61
Precipitation (mm) 1353 1055.555 37.606 976.167 1109.167
Φ is the dependent variable.
σ denotes variables that have been standardised.

the nearest centroid. Because the raw precipitation data are in NetCDF format, the precipitation values at the 
centroids were extracted using RStudio. The matching was done using QGIS software. The raw precipitation 
data were obtained from the Climatic Research Unit (CRU) at the University of East Anglia, UK. Version 
4.06 was used.7

Table 1 presents the summary statistics of the variables used to estimate the regression models.

4.3. Analytical technique

To examine the relationship between violent conflict and households’ socioeconomic conditions, I consider 
a model of the following general form:

γij = α0 + α1Violent conflicti + α2Λ′i + Π j + μi

In this equation, γi is the dependent variable which measures the socioeconomic condition of Household i, 
which is located in LGA j. Λ′i is a vector of control variables; α0 is the intercept, α1 and α2 are the coefficients 
of the explanatory and control variables, respectively. Π j denotes fixed effects (FEs) for the LGA in which the 
household is located; they account for time-invariant factors such as physical terrain, history, or cultural 
characteristics, that might confound the relationship between the explanatory and dependent variables. 
Finally, μi is the error term. Because the dependent variable is measured on an ordinal scale, the model was 
estimated using an ordered logit (Ologit) regression. This approach allows for an assessment of the association 
between the explanatory variable and each category of the dependent variable.

5. Results and discussion

5.1. Main results

Table 2 presents the results of regression models examining the relationship between violent conflict and the 
socioeconomic conditions of households in Kaduna. Control variables are introduced in a stepwise manner 
to mitigate potential multicollinearity and to ensure the results are not dependent on a specific combination 
of controls. In Model 1, which includes only violent conflict, the coefficient is negative and statistically 
significant at the 1% level. This finding supports Hypothesis 1, which posits that exposure to violent conflict 
worsens socioeconomic outcomes. Given that most households in Kaduna engage in subsistence agriculture 
(Kaduna State Bureau of Statistics, 2016), a plausible mechanism underlying this result is that violence 
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Table 2. Ordered logit models regressing socioeconomic condition on violent conflict.
Socioeconomic conditionΦ (1) (2) (3) (4)

Violent conflictσ −0.138*** −0.142*** −0.413*** −0.505***
(0.051) (0.051) (0.075) (0.183)

Household size 0.023 0.016 0.056
(0.038) (0.038) (0.04)

Distance to hospital (km) −0.125*** −0.036
(0.042) (0.056)

Nighttime light 0.23*** 1.546***
(0.086) (0.468)

Precipitation (mm) 0.005*** 0.00
(0.002) (0.003)

Intercept 1 −0.671*** −0.621*** 4.932*** 3.143
(0.059) (0.099) (1.892) (3.68)

Intercept 2 1.161*** 1.211*** 6.801*** 5.076
(0.065) (0.102) (1.899) (3.685)

Intercept 3 2.878*** 2.928*** 8.531*** 6.84*
(0.124) (0.144) (1.897) (3.68)

Intercept 4 3.827*** 3.878*** 9.484*** 7.799**
(0.192) (0.208) (1.9) (3.667)

LGA fixed effects No No No Yes
Observations 1298 1298 1298 1298

Pseudo R2 0.002 0.002 0.014 0.031

Log pseudolikelihood −1602.973 −1602.764 −1584.445 −1556.846
AIC statistic 3215.945 3217.528 3186.89 3169.693
BIC statistic 3241.788 3248.539 3233.407 3314.413
Φ is the dependent variable, robust standard errors are in parenthesis.
σ denotes variables that have been standardised. All models are estimated using an ordered logit regression. 

Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.
* p < 0.10.
** p < 0.05.
*** p < 0.01.

Figure 6. Predicted probabilities: violent conflict and socioeconomic condition in Kaduna. Notes: The figure, based on Model 
4 in Table 2, illustrates the effect of violent conflict on each category of socioeconomic condition. The vertical axis displays the 
predicted probabilities, while the horizontal axis represents the different levels of socioeconomic condition. Confidence 
intervals are set at the 95% level.

prevents households from accessing their farmlands due to displacement and the fear of victimisation 
(Abubakar, 2020; Akinfenwa, 2023; Odeniyi, 2024; Yaba, 2024). This leads to a decline in crop yields and in 
the income generated from the sale of surplus output, further worsening households’ socioeconomic condi­
tions. Notably, the main result remains robust after controlling for household size (Model 2), and persists 
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Table 3.  Ordered logit models regressing socioeconomic condition on the three main 
subcomponents of violent conflict.
Socioeconomic conditionΦ (1) (2) (3)

Violence against civiliansσ −0.41***
(0.144)

Battlesσ −0.764**
(0.308)

Explosionsσ 0.231
(0.429)

Intercept 1 3.362 2.386 −1.914
(3.689) (3.646) (3.229)

Intercept 2 5.295 4.317 0.01
(3.694) (3.651) (3.234)

Intercept 3 7.059* 6.08* 1.77
(3.69) (3.645) (3.226)

Intercept 4 8.019** 7.04* 2.729
(3.678) (3.631) (3.213)

Control variables Yes Yes Yes
LGA fixed effects Yes Yes Yes
Observations 1298 1298 1298
Pseudo R2 0.031 0.031 0.029
Log pseudolikelihood −1556.575 −1557.559 −1560.57
AIC statistic 3169.15 3171.117 3177.14
BIC statistic 3313.87 3315.838 3321.86
Φ is the dependent variable, robust standard errors are in parenthesis.
σ denotes variables that have been standardised. All models are estimated using an ordered logit 

regression. Control variables include household size, distance to healthcare facility, nighttime light, 
and precipitation.
Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.

* p < 0.10.
** p < 0.05.
*** p < 0.01.

when accounting for climatic conditions (i.e., precipitation) and the level of economic development (i.e., 
access to healthcare and nighttime light) in Model 3.

Building on these findings, Model 4 incorporates fixed effects for the LGAs in which the households are 
located. The negative and statistically significant coefficient for violent conflict persists. Notably, the Akaike 
Information Criterion (AIC) for this model (3,169) is lower than those observed in the preceding models, 
suggesting that Model 4 provides the best fit. Among the control variables, only nighttime light reaches 
statistical significance, with the variable’s positive coefficient indicating that households in areas with higher 
levels of economic development are more likely to report better socioeconomic conditions.

To aid the interpretation of the ordered logit results, the predicted probabilities for the full model (Model 
4) are plotted in Figure 6. The figure reveals that the effect of violent conflict on socioeconomic conditions is 
strongest for the “very bad” category relative to the other four categories. Moreover, this effect is positive for 
the “very bad” category but negative for all others.

Specifically, a one-standard-deviation increase in violent conflict raises the probability of a household being 
in a “very bad” socioeconomic condition by 11 percentage points. Importantly, being in a “very bad” socio­
economic condition implies that the household does not have sufficient resources to meet the basic food needs 
of its members. By contrast, a one-standard-deviation increase in violent conflict reduces the probability of 
households reporting a “very good” socioeconomic condition by 1.1 percentage points and lowers the prob­
ability of reporting a “good” socioeconomic condition by 1.5 percentage points.

5.2. Robustness checks

The measure of violent conflict employed in the main analysis is broad, as it combines incidents classified as 
battles, violence against civilians, and explosions into a single category. This approach may mask heteroge­
neous patterns, as the effect of violent conflict on households’ socioeconomic conditions might be shaped by 
the specific type of violence. Accordingly, the measure of violent conflict is disaggregated and separate models 
are estimated for each of these individual subcomponents, as displayed in Table 3.
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Figure 7. Predicted probabilities: Subcomponents of violent conflict and socioeconomic condition. Notes: Panel A, based on 
Model 1 in Table 3, illustrates the effect of violent conflict incidents classified as “violence against civilians” on each category 
of socioeconomic condition. Panels B and C show the corresponding effects for incidents classified as “battles” and 
“explosions,” respectively. The vertical axis displays the predicted probabilities, while the horizontal axis represents the different 
levels of socioeconomic condition. Confidence intervals are set at the 95% level.
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Table 4.  Ordered logit models using a measure of violent conflict with different buffers and 
an alternative data source.
Socioeconomic conditionΦ (1) (2) (3)

30 km 50 km 40 km

Violent conflictσ −0.491* −0.531***
(0.284) (0.157)

UCDP conflictσ −0.241**
(0.118)

Intercept 1 1.303 4.587 1.434
(4.024) (3.737) (3.578)

Intercept 2 3.223 6.522* 3.363
(4.027) (3.743) (3.583)

Intercept 3 4.982 8.286** 5.125
(4.022) (3.74) (3.577)

Intercept 4 5.941 9.245** 6.084*
(4.01) (3.73) (3.565)

Control variables Yes Yes Yes
LGA fixed effects Yes Yes Yes
Observations 1298 1298 1298

Pseudo R2 0.028 0.031 0.03

Log pseudolikelihood −1562.301 −1556.939 −1558.534
AIC statistic 3180.603 3169.878 3173.068
BIC statistic 3325.323 3314.598 3317.788
Φ is the dependent variable, robust standard errors are in parenthesis.
σ denotes variables that have been standardised. All models are estimated using an ordered logit regression. 

Control variables include household size, distance to healthcare facility, nighttime light, and precipitation.
Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.

* p < 0.10.
** p < 0.05.
*** p < 0.01.

The results in Models 1 and 2 show that incidents classified as violence against civilians and battles both 
have a negative effect on households’ socioeconomic conditions. By contrast, incidents classified as explosions 
have no statistically significant effect. This pattern likely reflects the relative prevalence of different forms of 
violence in Kaduna. Data from ACLED indicate that, of the 1,675 violent conflict incidents recorded in the 
state between 1997 and 2023, 62% (n = 1,043) were classified as violence against civilians, 30% (n = 497) as 
battles, and only 8% (n = 135) as explosions. In other words, because the first two forms of conflict are more 
widespread and occur more frequently, they exert a stronger negative impact on the well-being of households.

To aid the interpretation of the ordered logit results reported in Table 3, the predicted probabilities for 
each model are plotted in Figure 7. Panels A and B exhibit patterns similar to those observed in Figure 6: the 
effect of violent conflict is strongest in the “very bad” category of the outcome relative to the other four 
categories, and it is positive only in that category.

Specifically, a one-standard-deviation increase in conflict incidents classified as violence against civilians 
increases the probability of households being in a “very bad” socioeconomic condition by 8.6 percentage 
points, while reducing the likelihood of being in a “good” and “very good” condition by 1.2 and 1 percentage 
points, respectively. Likewise, a one-standard-deviation increase in incidents classified as battles raises the 
probability of households being in a “very bad” socioeconomic condition by 16.1 percentage points, while 
reducing the probabilities of being in a “good” and “very good” condition by 2.2 and 1.6 percentage points, 
respectively. Notably, battles appear to have a more severe impact on households’ socioeconomic conditions 
than incidents classified as violence against civilians. This is particularly striking given that incidents in the 
former category (battles) occur less frequently than those in the latter (violence against civilians). Consistent 
with the regression results, all confidence intervals in Panel C cross the horizontal line at zero, indicating that 
events classified as explosions have no statistically significant effect on households’ socioeconomic conditions.

Finally, three additional robustness checks are conducted. To assess whether the negative effect of violent 
conflict on households’ socioeconomic conditions observed in the main results is sensitive to the buffer size 
used to measure conflict exposure, alternative versions of the explanatory variable are constructed using 
buffers with radii of 30 km and 50 km. The models are then re-estimated using these measures. As shown in 
Models 1 and 2 in Table 4, both variables yield negative and statistically significant coefficients.
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Second, to ensure that the main results are not driven by the source of conflict data, an alternative measure 
of conflict exposure is constructed using data from the Uppsala Conflict Data Programme’s Georeferenced 
Event Dataset (UCDP-GED) (Sundberg & Melander, 2013).8 This variable captures the total number of 
conflict incidents within a 40-km buffer around households’ dwellings between 1989 and 2020. The 
starting year of 1989 is determined by data availability, as the UCDP-GED begins in that year, while the 2020 
cutoff introduces a lag in the measure. Notably, the UCDP-GED differs from ACLED in that it includes only 
incidents resulting in at least one fatality, whereas ACLED records all conflict events regardless of whether 
they result in fatalities. As shown in Model 3, the coefficient for the UCDP-based measure is also negative 
and statistically significant, providing further support for Hypothesis 1. Third, the results reported in Tables 2, 
3, and 4 are robust to the use of ordinary least squares (OLS) regression as an alternative estimation method 
(see Tables A1, A2, and A3 in the Appendix).

6. Conclusion

This study examined the relationship between exposure to violent conflict and the socioeconomic conditions 
of households in the northern Nigerian state of Kaduna. Regression analysis revealed that such exposure has 
a negative effect on socioeconomic conditions. Put differently, household socioeconomic conditions worsen 
as exposure to violent conflict increases. Disaggregating the measure of violent conflict into its three main 
subcomponents reveals a distinct pattern: the negative effect holds for households exposed to conflict events 
classified as battles and violence against civilians, whereas exposure to incidents classified as explosions has 
no significant effect. Notably, explosions constitute only a small proportion of conflict events in Kaduna, while 
battles and violence against civilians are more widespread and occur more frequently.

Although this study focused specifically on how exposure to violent conflict impacts the socioeconomic 
conditions of households, it is important to stress that the reverse is also plausible: poor socioeconomic 
conditions could increase the risk of violent conflict. This bi-directional relationship can lead to a reinforcing 
mechanism where each factor creates the conditions necessary for the other to occur. Consequently, policies 
geared towards reducing structural violence need to be pursued alongside those that seek to improve the 
socioeconomic conditions of the population. Such an approach is particularly important in the case of Kaduna, 
where 44% of the population lives below the national poverty line (Nigerian National Bureau of Statistics, 
2020).
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Appendices

Appendix A

Table A1. Replicating the results in Table 2 using OLS.
Socioeconomic conditionΦ (1) (2) (3) (4)

Violent conflictσ −0.047* −0.05* −0.179*** −0.247***
(0.026) (0.026) (0.034) (0.081)

Household size 0.018 0.014 0.032*
(0.019) (0.019) (0.019)

Distance to hospital (km) −0.058*** −0.014
(0.018) (0.024)

Nighttime lightσ 0.112*** 0.708***
(0.04) (0.187)

Precipitation (mm) 0.002*** 0.001
(0.001) (0.002)

Constant 0.977*** 0.938*** −1.624* −1.222
(0.026) (0.048) (0.836) (1.667)

LGA fixed effects No No No Yes
Observations 1298 1298 1298 1298
R-squared 0.003 0.003 0.03 0.073
AIC statistic 3469.741 3470.688 3441.413 3420.903
BIC statistic 3480.078 3486.194 3472.424 3550.117
Φis the dependent variable, robust standard errors are in parenthesis.
σdenotes variables that have been standardised. All models are estimated using ordinary least squares regression.

Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.
* p < 0.10.
***p < 0.01.

Table A2. Replicating the results in Table 3 using OLS.
Socioeconomic conditionΦ (1) (2) (3)

Violence against civiliansσ −0.193***
(0.063)

Battlesσ −0.403***
(0.136)

Explosionsσ −0.007
(0.182)

Constant −1.228 −1.034 1.279
(1.663) (1.661) (1.444)

Control variables Yes Yes Yes
LGA fixed effects Yes Yes Yes
Observations 1298 1298 1298
R-squared 0.073 0.073 0.067
AIC statistic 3420.926 3421.287 3429.276
BIC statistic 3550.14 3550.502 3558.49
Φis the dependent variable, robust standard errors are in parenthesis.
σdenotes variables that have been standardised. All models are estimated using ordinary least squares 

regression. Control variables include household size, distance to healthcare facility, nighttime light, and 
precipitation.
Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.

***p < 0.01.
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Table A3. Replicating the results in Table 4 using OLS.
(1) (2) (3)

Socioeconomic conditionΦ 30 km 50 km 40 km

Violent conflictσ −0.26**
(0.126)

Violent conflictσ −0.23***
(0.068)

UCDP conflictσ −0.111**
(0.051)

Constant −0.538 −1.508 −0.291
(1.833) (1.668) (1.612)

Control variables Yes Yes Yes
LGA fixed effects Yes Yes Yes
Observations 1298 1298 1298
R-squared 0.066 0.07 0.07
AIC statistic 3430.291 3424.767 3425.055
BIC statistic 3559.505 3553.982 3554.27
Φis the dependent variable, robust standard errors are in parenthesis.
σdenotes variables measured using buffers with a radius of 40 km. All models are estimated using OLS 

regression. Control variables include household size, distance to healthcare facility, nighttime light, and 
precipitation.
Abbreviations: AIC = Akaike information criterion; BIC = Bayesian information criterion.

** p < 0.05.
***p < 0.01.

Table A4. Distribution of violent conflicts across Nigeria’s states (1997–
2023).
State Frequency Percent Cumulative

Abia 202 0.91 0.91
Adamawa 533 2.40 3.31
Akwa Ibom 216 0.97 4.29
Anambra 517 2.33 6.62
Bauchi 222 1.00 7.62
Bayelsa 493 2.22 9.84
Benue 918 4.14 13.98
Borno 4593 20.70 34.68
Cross River 313 1.41 36.09
Delta 885 3.99 40.08
Ebonyi 286 1.29 41.37
Edo 404 1.82 43.19
Ekiti 152 0.69 43.87
Enugu 363 1.64 45.51
Federal Capital Territory 406 1.83 47.34
Gombe 110 0.50 47.83
Imo 437 1.97 49.80
Jigawa 101 0.46 50.26
Kaduna 1675 7.55 57.81
Kano 249 1.12 58.93
Katsina 953 4.30 63.23
Kebbi 125 0.56 63.79
Kogi 391 1.76 65.55
Kwara 213 0.96 66.51
Lagos 685 3.09 69.60
Nassarawa 362 1.63 71.23
Niger 742 3.34 74.58
Ogun 351 1.58 76.16
Ondo 309 1.39 77.55
Osun 310 1.40 78.95
Oyo 292 1.32 80.26
Plateau 960 4.33 84.59
Rivers 829 3.74 88.33
Sokoto 409 1.84 90.17
Taraba 568 2.56 92.73
Yobe 494 2.23 94.96
Zamfara 1119 5.04 100.00
Total 22,188 100.00

Note: Author’s estimations based on ACLED data (Raleigh et al., 2010).
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9 Each state in Nigeria consists of 3 senatorial districts, and each senatorial district comprises of LGAs.
10 To access the WorldPop population data visit: https://www.worldpop.org/.

Table A5. Annual distribution of violent conflicts across 
Nigeria (1997–2023).
Year Frequency Percent Cumulative

1997 108 0.49 0.49
1998 94 0.42 0.91
1999 142 0.64 1.55
2000 127 0.57 2.12
2001 96 0.43 2.56
2002 128 0.58 3.13
2003 175 0.79 3.92
2004 194 0.87 4.80
2005 98 0.44 5.24
2006 99 0.45 5.68
2007 178 0.80 6.49
2008 172 0.78 7.26
2009 156 0.70 7.96
2010 312 1.41 9.37
2011 266 1.20 10.57
2012 668 3.01 13.58
2013 704 3.17 16.75
2014 870 3.92 20.67
2015 834 3.76 24.43
2016 698 3.15 27.58
2017 865 3.90 31.48
2018 1290 5.81 37.29
2019 1499 6.76 44.05
2020 2600 11.72 55.76
2021 3232 14.57 70.33
2022 3318 14.95 85.28
2023 3265 14.72 100.00
Total 22,188 100.00

Note: Author’s estimations based on ACLED data (Raleigh et al., 2010).

Appendix B
Sampling strategy

As part of the Transnational Perspectives on Migration and Integration research project (TRANSMIT, 2025), the WZB 
Berlin Social Science Centre conducted a large-N survey in Kaduna State in 2021, interviewing a total of 1,353 households 
were interviewed. To select the interview locations, a multi-stage clustered random sampling design was employed. 
However, four of the state’s 23 local government areas (LGAs)—specifically Giwa, Birnin Gwari, Kauru, and Zangon 
Kataf—were excluded from the sampling frame due to security concerns, as high risks of intercommunal violence made 
them unsafe for enumerators.

Sampling was then operationalized spatially as follows: grid cells of 5 × 5 km, which were called precincts, were 
developed using QGIS software. These precincts were overlaid on a shapefile of the administrative boundaries of Kaduna’s 
senatorial districts and LGAs.9 Each precinct was comprised of smaller 0.5 × 0.5 km grid cells. Precincts were randomly 
drawn with replacement, with probabilities corresponding to the population sizes within them. From each of the selected 
precincts, smaller 0.5 × 0.5 km grid cells were randomly selected with probabilities corresponding to the population size 
within them. The smaller grid cells were drawn without replacement. Within each of the smaller grid cells, an average of 
12 households were interviewed. The households were selected using a random walk approach. The interviewee within 
each household, who was selected for the individual component of the survey, was chosen using a simple random draw. 
Respondents were at least 15 years old. Before minors were interviewed, consent was sought from the household head, 
and subsequently from the minors themselves. Only when both parties granted consent did the interview commence. 
Respondents were informed that participation in the survey was voluntary and that they could opt out of the interview 
at any time.9

To ensure that the exclusion of the four LGAs did not skew the sample, the sample was stratified according to 
population size across the senatorial districts. Samples were drawn within each senatorial district in proportion to their 
respective population shares. Due to the difficulty in obtaining recent population estimates from official government 
sources—given that Nigeria’s last population census was conducted in 2006—the population data used for sampling were 
obtained from the 2020 WorldPop gridded dataset (Bondarenko et al., 2020).10
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