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Food security is recognized as an inherent human right, enshrined within the

principles of the Agenda 2030. The Global Report of Food Crises 2022 points

out 193 million people facing severe food insecurity across 53 countries, posing

challenges to decision-makers and institutions. Among the many causes of food

crises, violent conflict, economic shocks, and environmental pressures are the

most influential. In this work, we focus primarily on the conflict-related domain.

Finding a stable relationship between conflict and food insecurity is complex

for several reasons: first, the relationship is mutually reinforcing; second, the

full impact of conflict on food insecurity may take time to have an e�ect;

and third, conflict itself is a multidimensional phenomenon and can include

multiple types of violent events. This research set out to comparatively assess

the impact of di�erent types of violence on self-reported food insecurity in three

prominent food crisis contexts: Burkina Faso, Syria, and Yemen. A measure of

food-related classifying events was developed using a rules-based approach. The

analysis showed that this approach can e�ectively code and classify food-related

conflict in diverse contexts. By refining the search string, it becomes possible

to capture food-related conflict in various food systems. Our findings point out

that the new-build measure of food-related conflict is more strongly correlated

to subsequent self-reported insu�cient food consumption than other forms of

violence. The results demonstrate that this relationship is robust across a range of

data collection windows and across discrete time periods of analysis. In summary,

the research suggests that focusing on the use of food and food systems as tactics

in conflict can be highly valuable for understanding and addressing food insecurity.

KEYWORDS
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food-related conflict

1. Introduction

The 2022 Global Report of Food Crises points out alarming levels of hunger and in 2021

they surpassed all previous records with close to 193 million people acutely food insecure

and in need of urgent assistance across 53 countries (FSIN, 2022). Global food crises severely

compromise human wellbeing and pose significant challenges to policymakers and civil

society alike. Among the many causes of food crises, violent conflict, economic shocks, and

environmental pressures are the most influential. The pursuit of both freedom from hunger

and peace from violent conflict are central to achieving the UN Sustainable Development

Goals (SDGs). Specifically, Sustainable Development Goal 2 aims to eliminate hunger by

2030, while Goal 16 focuses on building peaceful and inclusive societies, recognizing that
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armed violence and insecurity hinder a nation’s development

(United Nations, 2022). To better prepare countries to tackle

future food and nutrition security crises, and to respond to the

social change impacting all citizens, and food-related conflict,

the implementation of preparedness plans plays a pivotal role.

The World Bank, in partnership with various UN agencies

and collaborators, actively engages in the development and

execution of Food Security Crisis Preparedness Plans. These plans

encompass collaborative monitoring initiatives that compile and

analyze data from diverse sources to detect early indicators of

food security crises, fostering coordination among humanitarian

and development organizations. Moreover, these plans establish

decision-making mechanisms, facilitating a unified and scaled-

up response in times of crisis. These collective efforts aim to

create a more comprehensive and effective response to food

crises, benefiting people in various countries and reducing their

vulnerability to future food security challenges, in alignment with

the 2030 Agenda for Sustainable Development (The World Bank,

2023).

In this work, we focus primarily on the conflict-related domain.

The Institute for Peace and Security Studies states that there is a

complex link between peace, conflict, and food security because

conflict not only causes loss of resources but also affects the

ability to produce, hampers the regular farming and non-farming

activities, and damages infrastructures (Africa Portal, 2021). The

relationship between conflict and food insecurity is complex first

because it is mutually reinforcing: conflict leads to food insecurity

and food insecurity in turn aggravates conflict. Second, conflict’s

effects are also long-lasting: the full impact on food security

may take time to become apparent and may last long after the

violence ends. Third, finding a stable relationship between the two

variables is complicated by the concurrent effects of the other

drivers—including economic shocks and climate factors—that

affect people’s vulnerability. Also, conflict itself is a complex and

multidimensional phenomenon: any single conflict may include

multiple violence tactics such as violence against civilians and

clashes between armed groups; conflict can involve prolonged

periods of civil or interstate war which disrupts the entire economy,

and/or violence specifically involving the food system.

The goal of this work is to build a comprehensive data-driven

framework to study the role played by different classes of conflict on

food insecurity through time. Efforts to explore conflict dynamics

on the level of food insecurity are crucial to contribute to the

growing body of research that demonstrates the value of analysis of

micro-dynamics of conflict (Cederman andGleditsch, 2009; Justino

et al., 2013). In classifying conflict, we define two main classes

of conflict: food-related conflict and non-food-related conflict,

together with other subclasses of conflict based on the event type.

In particular, this work addresses the following research questions:

(1) Is the new sub-type of events (food-related conflict) more or less

useful in understanding food security than the more conventional

measures?; (2) more generally, is there a class of conflict that shows

a predominant relationship with the level of food insecurity in

all contexts and over time?; (3) if not, which classes of conflict

influence food crises?; (4) How much the relationship changes

over time? To achieve these aims, we refer to previous research

conducted by Dowd (2022), in which she found that food-related

conflict is more strongly correlated to subsequent food crisis than

either general—or other sub-categories of—violent events across

the sample, pointing to the distinct profile of this modality of

violence.

Our analysis extends this study in several directions: (1) we

expand to a wider range of countries (Syria and Yemen in addition

to Burkina Faso) testing the methodological approach in a wider

sample beyond sub-Saharan Africa alone; (2) we classify events

in the two main classes (food-related events or non-food-related

events) and we refine not only the search terms accordingly, but

also the rule-based method employed in this work, that explore the

words included in the event description to infer the category of the

event; (3) we replace a count of the number of people estimated

by IPC to be in food crisis with self-reported insufficient food

consumption—a different measure of food insecurity; (4) we rely

on a measure of food insecurity with higher time resolution (daily

time series vs. semi-annual time series, the spatial resolution is the

same: admin1 level). Further, we adapt the model in several ways:

(5) we include different control variables such as the shocks in food

prices and we apply the non-negative matrix factorization method

to focus on the best subset of food items for each available admin;

(6) we verify if the general hypothesis on a single case by examining

separately each country; and (7) we explore whether the role played

by different measures of conflict change over time by performing

the analysis over time.

Since each driver of food insecurity reinforces the other creating

complex situations that are not easily resolved (Sleet, 2020), we

adopt a multidimensional approach and consider a multivariate

model that controls several potentially confounding factors that

explain food security levels. The bivariate model that considers only

the conflict variable suffers from omitted variables bias: if some

of the omitted variables are correlated with conflict as well, then

the coefficient on the conflict variable will be biased. To take this

into account, we include in the study information about economic

shocks and environmental pressures. Food price volatility is closely

connected to food availability, access to food, food utilization, and

stability over time (FAO, 1996, 2015). Price shock-related food and

nutrition insecurity may result in a less-than-adequate food supply

and undermine the resilience of low-income countries. Climate

change has led to droughts, floods, and many other unpredictable

events, resulting in crops not having enough water and wilting

and/or crops and infrastructure being destroyed (The Economist,

2023). The main purpose of this research is the focus on the role

played by the different subclasses of conflict, but we account for

these issues as cofactors.

The article is organized as follows. First, we introduce the

case study and descriptions of the data. Next, we present the

analytical strategy and the results. In the last section, we discuss the

implications of the key findings, followed by concluding remarks.

2. Materials and methods

2.1. Study area and data

This analysis encompasses three countries: Syria, Yemen, and

Burkina Faso. These cases were selected for a number of reasons.

First, empirically, our research focuses on countries experiencing

acute food insecurity driven by conflict, as well as the escalating
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impact of natural disasters, economic instability, and political

turbulence. Yemen, Syria, and Burkina Faso are all ranked among

the 2023 “hunger hotspots” of either the highest, or very high,

concern by the World Food Programme and Food and Agriculture

Organization (WFP and FAO, 2023). Second, geographically, our

study builds upon a prior study by Dowd (2022), which exclusively

focused on sub-Saharan African countries. Consequently, we opted

to broaden the geographic scope of our research. We decided to

expand the research to a wider range of countries including an

example of an African country, and critical countries in theMiddle-

East that allows us to test the methodological approach in different

regional contexts. Third, practically, the selection of Burkina Faso,

Syria, and Yemen as a case study is also based on the availability

of food security data, food prices data and environmental data

spanning several years with spatial resolution at admin level.

Following more than 10 years of high-intensity conflict,

an estimated 12.1 million people are in acute food insecurity

in the Syrian Arab Republic (WFP and FAO, 2023). Despite

improvements compared to earlier years of conflict, the security

situation in the Syrian Arab Republic remained fragile. Conflict in

Syria has severely impacted food security by damaging agricultural

land, causing fires, and leading to deliberate arson attacks.

Explosive weapons and attacks on farm workers further threaten

food production. Water infrastructure destruction worsens water

scarcity for crops. Additionally, the conflict disrupts food supply

chains, leading to bakery closures, risks at markets, and challenges

in providing humanitarian aid due to access issues and violent

attacks. Finally, these effects are compounded by rapid economic

deterioration and growing impacts of climate change (OCHA,

2022). Overall, it has devastating and long-lasting effects on food

security (Insecurity Insights, 2023). In this complex humanitarian

emergency, the civilian population has suffered enormously.

Yemen is one of the largest humanitarian crises in the world,

with 21.6 million people in need of humanitarian assistance. As

of May 2023, 10.1 million people (or 53% of the population)

are estimated to be in acute food insecurity (WFP and FAO,

2023). Ongoing insecurity, high and rising food prices, damage

to or destruction of productive assets and basic services, and

severe humanitarian access restrictions have all contributed either

directly or indirectly to a profound food crisis (USAID, 2019).

The conflict has particularly severely impacted Yemen’s agricultural

sector with grain crops most affected in terms of production

volumes (ACAPS, Food and Agriculture Organization of the

United Nations, International Organization for Migration, UN

Development Programme, 2023). Recent reporting highlights how

“Yemeni farms have faced repeated airstrikes and shelling over a

period of <3 years, intensifying the country’s already dire food

crisis [...] Fishing boats have been sunk, markets obliterated, flour

mills razed, and farmers have been attacked through bombing” as

reported by Norwegian Refugee Council (2020). This disruption

of essential resources affects millions of people. Coupled with

this, humanitarian access is particularly restricted in Yemen, with

bureaucratic impediments, generalized insecurity, and continued

to be challenging, with millions of people living in hard-to-reach

districts, with bureaucracy and conflict the main impediments to

meeting their humanitarian needs and the high number high levels

of violence against humanitarian workers and assets, all affecting

the ability to of populations to reach humanitarian assistance.

TABLE 1 Dataset characterization: the table reports space aspects with

the number of admins considered in each case study, the available time

window for each country, and the number of observations referring to

each World Food Programme survey.

Country No. of
admins

Time window No. of obs.

Burkina Faso 13 2019-07-15/2022-12-31 16,120

Yemen 22 2018-06-02/2022-12-28 36,674

Syria 13 2018-08-01/2022-07-20 18,415

Burkina Faso has faced a challenging and volatile situation

that has led to severe food insecurity on an unprecedented

scale. As of May 2023, 3.4 million people are estimated to

be in acute food insecurity (WFP and FAO, 2023). The crisis

has been progressively worsening since 2018, marked by a

consistent increase in the frequency and intensity of violence,

exacerbating the issues of food insecurity. The growing crisis

is closely tied to regionalized conflict encompassing multiple

actors and forms of violence across the Sahel. Food security

has been disrupted by large-scale displacement, abandonment

of agricultural land, and deliberate attacks on water sources

(Internal Displacement Monitoring Centre, 2023a). Climate shocks

further compound vulnerabilities and undermine resilience in a

country that has experienced rapid deforestation, desertification,

soil erosion, and periods of drought followed by severe flooding

(World Food Programme USA, 2023). Armed groups’ increasing

activity and expanding operational areas across the country have

severely impeded movement of both civilians and humanitarian

workers, while relief efforts have frequently been directly targeted,

severely disrupting delivery of humanitarian assistance (Internal

Displacement Monitoring Centre, 2023b). The three countries

reflected the worsening acute food insecurity due to conflict-

driven crises, with the growing severity of natural disasters and

economic shocks as drivers. Starting from all these considerations,

and considering the emergence based on the multidimensional

phenomenon, we set out to understand how different forms of

violence affect subsequent self-reported food insecurity in each of

these three contexts. To do so, we combine data from two primary

sources: the Word Food Programme (WFP) and The Armed

Conflict Location and Event Data Project (ACLED, Raleigh et al.,

2010). Thanks to these data sources we consider the three main

domains often identified as the most important drivers of food

insecurity: food insecurity data, environmental data, food prices

data from the Word Food Programme, and information about

conflict events from the ACLED dataset. The analysis is performed

for each country at the admin 1 level, the administrative boundaries

of the first sub-national level, and covers different time windows for

each admin based on data availability. Table 1 details our analysis’s

space and time resolution. The main variables included in the final

dataset are described below.

2.1.1. Prevalence of people with insu�cient food
consumption

The prevalence of people with insufficient food consumption is

the target indicator of the analysis and is based on a household-level
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indicator: the Food Consumption Score (FCS). The FCS is

computed starting from a survey of each available household.

The WFP surveys record how often, during the last 7 days,

people have consumed items from the different food groups: main

staples, pulses, vegetables, fruit, meat and fish, milk, sugar, oil,

and condiments (food group weights and thresholds are described

in WFP, 2008a). Each consumption frequency is then weighted

according to its relative nutritional importance to obtain the

FCS = 6wixi where wi is the weight of food group i and xi
the frequency of its consumption by the household, that is the

number of days for which the food group was consumed during

the past 7 days. Once the food consumption score is calculated,

each household is then assigned a food consumption group

(poor, borderline, or acceptable) based on standard thresholds,

eventually adapted based on specific consumption behaviors in the

country of interest (Martini et al., 2021). Finally, the prevalence

of people with insufficient food consumption is obtained as the

prevalence of households in the sample with poor or borderline

food consumption (IPC, 2019).

2.1.2. Conflict
We rely on the Armed Conflict Location and Event Data

Project (ACLED), an event-based dataset that collects information

on the dates, actors, locations, fatalities, and types of all reported

political violence and protest events. ACLED records six event

types: battles, violence against civilians, protests, explosions/remote

violence, strategic developments, and riots. We exclude from the

analysis records of non-violent events, strategic developments, and

non-violent protests because a broader range of non-violent actions

is beyond the scope of analysis. Also, we exclude all events coded

as riots because they are often associated with demonstrations

concerning food policy, governance, and economic management

rather than the target or setting of violence (Sneyd et al., 2013;

Dowd, 2022).

ACLED reports for each event the latitude and the longitude

and thanks to this information we match all events to the

corresponding first-level administrative unit code, and the

associated WFP dataset entry. Regarding the time dimension,

we consider the count of recorded violent events per admin 1

that took place in the 90 days preceding the survey with the

corresponding value of the percentage of people with insufficient

food consumption. We select a period of 90 days to consider

the impact of violent conflict on food security, which may take

some time to have an effect. Since extended exposure to violence

may undermine individual, household, and community resilience

to future violence shocks, increasing the number of people

experiencing food insecurity in subsequent cycles, we include a

measure that quantifies the past general level of violence. The

conflict-related variables extracted are listed and explained in

Table 2 and are involved in the first phase of correlation analysis.

2.1.3. Economic shocks in food prices
Price data and Alert for Price Spikes (ALPS) indicator are

publicly available on theWFP’s Economic Explorer platform (WFP,

2022a). The Alert for Price Spikes (ALPS) is an indicator based on

a trend analysis of monthly price data. In this study, we compare

the long-term seasonal trend of a commodity’s price series at each

market with the last observed price in the same market. The ALPS

provides a sense of the intensity of the price difference between

the trend and the market price: the higher the difference, the more

severe the alert (WFP, 2014). The ALPS can be applied to several

markets and food commodities within a country and within each

first subnational level (admin 1). For each commodity, we first

average its ALPS value over all markets in which it is available,

and then average over all commodities to attain the final value.

We apply a time window of 3 months by averaging within this

period to take into consideration that economic shocks take some

time to have an effect. We then carry out the Non-Negative Matrix

Factorization (NMF) on the ALPS data. The NMF method is an

unsupervised algorithm that allows to the selection of the most

suitable subgroups of food items to consider for each admin. We

better clarify this analysis in Section 2.2.

2.1.4. Environmental variables
The WFP’s Seasonal Explorer platform (WFP, 2022b) provides

open data related to rainfall, rainfall anomalies, the normalized

difference vegetation index (NDVI), and NDVI anomalies

computed from CHIRPS (Funk et al., 2014) and MODIS data

(MODIS Platform, 2000), at subnational level space resolution.

The rainfall anomalies indicator is defined as the ratio between

the amount of rainfall during the last 3 months and the historical

average of the amount of rainfall in the same period of the year.

The NDVI anomalies indicator is defined based on the last 10 days,

and we average within a 3-month time window.We do the same for

the two last indicators: rainfall and NDVI.

2.2. Methods

2.2.1. Food-related conflict classification
To construct a new measure of conflict that is directly related

to the food systems, food actors, and food resources, we classify

conflict into two classes: food-related conflict and non-food-

related conflict. We define food-related conflict as the category

of violent events directly connected to food system sites, food

actors, components of the food system, and the food supply

chain. In distinguishing between violent events and conflict more

widely, “events” refer to individual targeted acts of violence—for

example, an individual clash between parties to a conflict, or an

attack on civilians. These are distinguished from broader violent

conflict—often a long-running or geographically widespread series

of connected events or larger category of events (ACLED, Raleigh

et al., 2010).

Our classification methodology builds upon the prior research

conducted by Dowd (2022). In her work, she analyzed textual

descriptions of conflict events and applied a rule-based approach

to classify violent events in 16 sub-Saharan countries. We have

further refined this method to encompass a broader spectrum

of countries, characterized by different geographical locations

and contextual factors. This rule-based method is employed to

categorize events as either food-related or non-food-related. It

relies on the development of a set of rules that are derived from the
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TABLE 2 Detailed description of conflict-related variables: concept, definition, measure, and calculation.

Concept Definition Measure Calculation

Intensity of Measure that considers Conflict events Sum of all organized violence

conflict the general level of events (battles, violence against

violence, by looking at all civilians) 90 days preceding the

recorded event-types collection of food insecurity data

Conflict fatalities Sum of all organized violence

fatalities (battles, violence against

civilians) 90 days preceding the

collection of food insecurity data

Civilian Violence that involves Civilian victimization events Sum of all organized violence

victimization an organized armed group events coded as violence against

that inflicts violence upon civilians 90 days preceding the

unarmed non-combatants collection of food insecurity data

Civilian victimization

fatalities

Sum of all organized violence

fatalities related to violence against

civilians events 90 days preceding

the collection of food insecurity data

Battles Violence that involves Battles events Sum of all organized violence

a violent interaction between events coded as battles 90 days

two politically organized preceding the collection of

armed groups food insecurity data

Battles fatalities Sum of all organized violence

fatalities related to battles

events 90 days preceding the

collection of food insecurity data

Food-related Violence that involves food Food-related events Sum of all organized violence

conflict resources, infrastructure, events (battles, violence against

actors, and that is directly civilians) coded as food-related

related to the food system violence 90 days preceding the

collection of food insecurity data

Food-related fatalities Sum of all organized violence

fatalities related to food-related

violence events 90 days preceding

the collection of food insecurity data

Non food-related Violence that do not Non food-related events Sum of all organized violence

conflict involve the food supply events coded as non-food-related

chain and system violence 90 days preceding the

collection of food insecurity data

Non food-related fatalities Sum of all organized violence

fatalities related to non-food-related

violence events 90 days preceding

the collection of food insecurity data

(Continued)
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TABLE 2 (Continued)

Concept Definition Measure Calculation

Past exposure Measure of conflict intensity Past exposure to violence Sum of all organized violence

to violence by considering repeated events (battles, violence against

and/or extended exposure civilians) 365 days preceding the

to violence, looking at collection of food insecurity data

the past level of violence

expertise within the domain. These rules serve as the foundation

for assigning labels to specific events. To facilitate this classification

process, we utilize the descriptive event notes provided by the

Armed Conflict Location and Event Data Project (ACLED), which

offer narrative details describing each event. To distinguish between

food-related and non-food-related events, we have established

predetermined criteria primarily based on the wording contained

within the event description notes and guide our decision-making

process, following a series of “if... then...” rules.

The classification involves the process of searching for specific

words included in the text description which may refer to food

and food system. Specifically, this algorithm identifies events where

food system sites (such as farms, factories, markets, etc.), actors

(including farmers and pastoralists), or elements (such as livestock

or specific crops) are mentioned in the descriptions of violence.

When these references are present, the event is coded as food-

related. In a small number of cases, events in which one or more

key terms are present are nevertheless coded as non-food-related

where potential ambiguities in certain words that must be excluded

to prevent false positives. For example, the term “field” may be

mistakenly categorized as food-related, even though it can refer

to other contexts like an airfield or an oil field. Furthermore,

specific locational terms like “north of the market” may lead

to misclassifications, as they are mentioned solely as reference

points. More generally, events referring broadly to living standards,

living conditions, payments of wages, but with the absence of any

reference to food prices, the cost of food, access to or availability of

food are coded as non-food-related. However, if there is reference

to any of the food-specific terms (food prices, quality, availability),

then these would be food-related events. General insecurity such as

shelling, bombings, protests etc. in which there is no reference to

food, food systems or food system actors, or food system locations

are coded as non-food-related, even if these may have an indirect

effect on food security outcomes. This approach is taken because

the study’s primary objective is to focus on a narrower subset of

events that align with the specific concept of food-related conflict.

We improve the already employed method by adding new rules

during the classification process: (1) we create a list of exclusion

terms divided into three categories for building different rules:

unigrams, bigrams, and positional terms; (2) to avoid false positives

and classify events as non-food-related when they do not directly

occur in a place related to the food system, we add a rule that looks

for the association of a positional term with a search term related

to locations (e.g., near to the farm, near a field, on the north of a

market); (3) to avoid false negatives we consider the likelihood to

deal with the simultaneous presence of an ambiguous word and

relevant term. We find that for the majority of the cases when an

event includes at least one exclusion term, the event is not directly

describing food-related violence. However, there are two highly

relevant food-related terms that are definitely associated with food

resources (food and foodstuff ), and for this reason, we add a rule

that allows classifying the event as food-related even if there are

one or more exclusion terms. To clarify the classification process

we show some examples in Table 3.

Starting from a list of 31 search terms and six exclusion terms

(Dowd, 2022), we extend it and build a new list of 63 search terms

and 36 exclusion terms (without considering all the plurals of those

words): the full list of food-related words and exclusion terms

together with details about the applied method are reported in the

Supplementary material. We test the results by manually labeling

858 event notes, extracted randomly from the original dataset,

related to both classes. Firstly we make an inter-annotator test on

50 notes and we conclude a complete agreement on the manual

annotations. Then, we test the automatic rule-based method on

the subset of notes manually annotated. The results show high

precision and recall in both classes: precision = 93% in Food-

Related Class and precision = 99% in Non-Food-Related Class;

recall = 99% in Food-Related Class and recall = 91% in Non-Food-

Related Class.

Despite the development of extensive rules and resulting high

level of precision and recall reported above, it is important to

note that this approach has a number of limitations, discussed

further below. Critically, ACLED data is not specifically collected

with the purpose of recording food-related violence. As a result, it

is possible that the descriptive notes—although detailed—do not

capture the full universe of food-related violence that has taken

place, as these details may be lost in reporting or subsequent coding.

Nevertheless, in the absence of a dedicated dataset specifically

designed to record and monitor food-related violence, we maintain

that ACLED remains the most suitable source of data for analysis

of this important phenomenon.

2.2.2. Non-negative matrix factorization method
on shocks in food prices

In this research, we include as a control variable information

about shocks in food prices. As we described in the Section

2.1.3, we use Alert for Price Spikes (ALPS) indicator data from

WFP’s Economic Explorer platform. The indicator is available at

the admin 1 level and, depending on the admin, the ALPS data

can be available for one or more markets. For each registered

market, we have information for several food items that could

be different among areas and countries. Also, following the WFP

technical guidelines (WFP, 2008b), we consider different weights
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TABLE 3 Example of ACLED descriptive notes and classification.

Event note Key terms Exclusions terms Classification

On 13 November 2021, a landmine planted by an unidentified Farmer – FR event

armed group in Jamus Wiran in Aleppo detonated killing a Olive

farmer while he was harvesting his olive crops. Crops

On 13 February 2020, suspected Katiba Macina (JNIM) Foodstuff – FR event

militants attacked a school in the village of Moussakuy,

the militants fired in the air, burned electoral material,

and seized foodstuff from the canteen.

On 18 April 2022, pro-regime militias opened fire on two Shepherd – FR event

shepherd brothers on the outskirts of Qastal town in Hama Shepherds

countryside, which resulted in killing 1 of the shepherds, and Sheep

injuring the other, in addition to the killing of about 50 sheep.

Movement of forces: On 8 May 2021, Global Coalition have – Gas field NFR event

sent reinforcement of weapons and logistical supplies to

their base in Koniko Gas Field in Deir ez Zor countryside.

On 26 March 2022, UAE-backed anti-Houthi forces (coded market Qat NFR event

as Giants Brigade forces) shot and killed 1 qat merchant in

Harib market (Harib, Marib) after the merchant refused to

sell qat on credit.

On 9 April 2022, unidentified gunmen assassinated 1 young – Oil fields NFR event

man related to the leader of the Hadramawt uprising—Sheikh

Hassan al Jabri—in Al Ghurfah (Sayun, Hadramawt). The

source speculated that the reason behind the killing might be

retaliation for the take over of the oil fields in Hadramawt.

for commodities that belong to different categories (main staples,

pulses, vegetables, fruit, meat and fish, milk, sugar, oil, condiments),

based on the nutrient density of the food groups. In the early stage

of the research, we considered all the available food commodities

for each market and we weighted the average on markets to obtain

an aggregated variable at the admin 1 level.

Then, following the methodology applied in Kalimeri et al.

(2019), we propose an unsupervised framework able to extract for

each admin the group of commodities that is in best correlation

with the general trend of the shocks in food prices. The goals

are to: (1) avoid biases caused by considering all available food

items; (2) not select a priori a list of food items to consider in

the study; (3) build an aggregated price-related variable specific

for each admin; (4) explore whether the relationship between the

variable obtained after applying the unsupervised method and

the target variable improves. By using the monthly time series

of ALPS data for each food commodity (considering a single

admin) in the form of a matrix, we employ an approach based

on Non-negative Matrix Factorization (NMF) to extract latent

features of the matrix that correspond to linear combinations

of groups of food items (Cichocki et al., 2006). We can select

for each admin the latent component that better correlates with

the general trend of shocks in food prices time series obtained

in the first stage of the analysis. This component represents the

combination of food items that more closely represent the general

time series considering all available food commodities. We finally

update the prices-related variable with the new one that comes

out from the extracted linear combination. More details about the

applied methodology are available in the Supplementary material.

To evaluate whether the applied unsupervised method improves

the relationship between the food prices variable and the percentage

of people with insufficient food consumption, we compare the

two Pearson correlation coefficients. By considering all available

food items to derive shocks in the food prices variable we obtain

a Pearson correlation coefficient ρ = 0.15 (p-value = 0.00); after

applying the NMF method the Pearson correlation coefficient

between the newly constructed variable and the target is ρ = 0.31

(p-value = 0.00).

2.2.3. Prelimary admin selection, correlation
analysis, and feature selection

We first examine the descriptive statistics of all the variables

included in the study. Considering the statistics of conflict-related

variables, we notice that some admins show an average of zero

events over the entire study period. Since the purpose of the paper

is to characterize which groups of conflict are most correlated

with the trend of food insufficiency, it is useful to focus on how
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FIGURE 1

Correlation heatmap of conflict-related variables obtained by considering the number of events. All the p-values are statistically significant at 0.001

level.

FIGURE 2

Correlation heatmap of conflict-related variables obtained by considering the number of fatalities. All the p-values are statistically significant at 0.001

level.

the number of conflict fluctuates over time in regions that show

the presence of conflict. For this reason, we find it functional to

include a preliminary step with the aim to select only those admins

characterized by a certain level of conflict. In order not to be

too restrictive, we set a threshold th = 3, which means that only

admins with at least one conflict per month in the preceding 3-

month period are selected. More details and statistics of the admin

selection step are reported in the Supplementary material.

Together with the admin selection analysis, we explore

the correlation among the conflict-related variables, comparing

separately the categories that measure the number of events

and the ones that measure the number of fatalities. The two

correlation matrices presented in Figure 1 and in Figure 2 show

similar relationships among the subcategories. In particular, we

notice a perfect positive correlation between the number of non-

food-related violent events and the number of total violent events,

most likely due to the fact that the number of non-food-related

events is the most represented class, accounting for 90% of

total conflict. We get the same result for the non-food-related

fatalities and the total number of fatalities. Also, the number of

battles (both events and fatalities) has a strong relationship with

both non-food-related conflict and total conflict. The food-related

category shows a moderate correlation with the total conflict,

a weak correlation with the battles category and it shows a

stronger correlation with violence against civilians events, which

falls into a moderate correlation while considering the number

of fatalities. In order to assess the relative value of the different

conflict variables (which one is most useful for understanding the

food crisis), and to avoid multicollinearity problems due to the

noted relationships, we consider it valuable to run the models

separately to allow a direct comparison of how they perform.

Finally, we perform a correlation analysis for each country based

on the Variance Inflation Factor (VIF) and the Person correlation

coefficient, to detect highly collinear features among the initial

set of control variables. The feature selection step removes the

NDVI anomalies variable from all the country-specific datasets,

the rainfall anomalies and the NDVI variable from Burkina

Faso’s dataset, the NDVI from Syria’s dataset, and the rainfall

anomalies from Yemen’s dataset. Further details are reported in

the Supplementary material.
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TABLE 4 Panel regression models test selection.

Wald test Breusch-
Pagan LM
test

Hausman
test

Final model

H0 is not rejected H0 is not rejected Simple OLS

H0 is rejected H0 is not rejected Fixed-effect

model

H0 is not rejected H0 is rejected Random-effect

model

H0 is rejected H0 is rejected Fixed-effect and

random-effect

model

H0 is rejected H0 is rejected H0 is

rejected

Fixed-effect

model

H0 is rejected H0 is rejected H0 is not

rejected

Random-effect

model

2.2.4. Panel regression models
The complete dataset is a panel dataset, a combination of

cross-sectional and time-series data. We repeatedly observe admins

over different periods. The panel dataset leads to a more accurate

inference of model parameters and it has a greater capacity for

capturing the complexity of human behavior than a single cross-

section or time series data (Hsiao, 2007). To select the most

suitable model for the data, we conducted the recommended

tests to choose among: PooledOLS, Fixed-Effect Model, and

Random-Effect Model. More details on the models are reported

in the Supplementary material. Table 4 clarifies the model selection

process. Since both the Wald test and the Breusch-Pagan LM

test turn out to be significant and the Hausman test shows

a p-value lower than 0.05, which leads to rejecting the null

hypothesis, we select the Fixed-Effect model. Indeed, the individual

characteristics have an effect on the regressors because countries’,

but also admins’ conflict situations may be affected by their own

internal characteristics such as cultural characteristics, type of

government, political environment, etc. The entity and time-fixed

effects regression model is represented by the following equation:

Yit = αi + βXit + δt + ui + eit (1)

where Yit is the outcome variable (for entity i at time t); αi is the

unknown intercept for each entity (n entity-specific intercepts); β

is the coefficients that represents a common effect across entities

controlling for individual and time heterogeneity; Xit is a vector of

predictors (for entity i at time t); δt is the unknown coefficient for

the time regressors (t), ui is the within-entity error term; eit is the

overall error term.

3. Results

3.1. Time trends and spatial aspects of
insu�cient food consumption and
conflict-related variables

We based our study on daily sub-national time series of the

prevalence of people with insufficient food consumption in three

TABLE 5 Descriptive statistics at country level to understand the general

level of insu�cient food consumption (IFC, above), food-related conflict

(FR Conflict, central), and non-food-related conflict (NFR Conflict,

bottom).

Country IFC

Mean Std Max Min

Yemen 43.67 12.39 78.69 2.25

Syria 40.44 14.39 74.4 5.05

Burkina Faso 57.64 14.86 93.36 11.57

Country FR conflict

Yemen 0.69 1.59 15 0

Syria 2.09 3.69 25 0

Burkina Faso 1.81 3.59 24 0

Country NFR conflict

Yemen 39.50 54.87 358 0

Syria 63.24 68.59 377 0

Burkina Faso 14.00 20.28 101 0

We report the average value (Mean), the standard deviation (Std), the maximum value (Max),

and the minimum value (Min) for each country.

countries considered to be affected by high levels of food insecurity

and food crises (Burkina Faso, Syria, and Yemen). As mentioned

in Section 2.1, we have available different study periods for each

country, and for this reason, the time series length varies across

countries. Also, we do not have data for all administrative units

of a country. To better understand the structure and profile of the

data on which we work, we report in Table 5 a general statement of

the level of insufficient food consumption and the level of conflict

through brief descriptive statistics at the country level. Figure 3

shows the time trends of insufficient food consumption and of

the two new-build categories of conflict. For each country, we

select an example, and in particular, we report the time series

of the admin that shows the highest average of food-related

conflict, after having normalized by the population. Through

these plots, we can directly visualize the analyzed time series.

More granular graphs included in the Supplementary material

show the level of insufficient food consumption and conflict for

all admins of a country. Exploring the situation subnationally is

useful to highlight how dynamic the values are over time, and

how they differ across different sub-national units. To better

understand the spatial aspects of the phenomenon, we visualize

on a map the level of insufficient food consumption and the

intensity of food-related and non-food-related conflict (Figure 4).

Specifically, we plot the distribution of the averaged values of

percentage of people with insufficient food consumption in 2021,

by the admin, and the distribution of total number of food-related

and non-food-related conflict in 2021, normalized per 100,000

inhabitants of each admin. We use the year 2021 as an illustrative

example, but the spatial plots for all the years are provided in the

Supplementary material.
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FIGURE 3

Time series trends. The plots show the time series of percentages of people with insu�cient food consumption, food-related, and non-food-related

conflict, for a specific admin in each country.
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FIGURE 4

Spatial maps. The figure shows the level of food insecurity and conflict per each country: Syria (Top), Yemen (Middle), and Burkina Faso (Bottom).

The maps report the averaged level of the percentage of people with insu�cient food consumption in 2021 (left), the total number of food-related

(center), and non-food-related conflict events (right) per 100,000 persons in 2021.

3.2. Regression results

We run the panel regression model for each country

as described in Section 2.2.4, by including time-fixed effects

considering all the different month-year time periods. We do

not include in the model entity effects since the population

variable already takes into account them. To evaluate the role

played by different measures of conflict we run and compare

several models; each model includes one conflict-related variable

and all the controls. Tables 6–8 show the results related to the

event-based conflict categories for each country-specific dataset.

The results show that all categories of events have a statistically

significant and positive relationship to the percentage of people

with insufficient food consumption (except the sub-category of

violence against civilians in Yemen), but food-related conflict

has the strongest correlation. Food-related conflict has a strong

relationship with subsequent food crisis and this relationship is

stronger than considering total conflict or other sub-categories

of conflict. In particular, its coefficient is between four times

(Burkina Faso) and twenty times (Yemen and Syria) larger than

both total events and non-food related events. These results

further support the findings of Dowd (2022) on sub-Saharan

African countries and expand on these by considering separate

countries individually. We also test the hypothesis by comparing

the number of fatalities as a dependent variable, and as a measure

of conflict intensity, and the related results are reported in the

Supplementary material. For Syria and Burkina Faso, the results are

consistent with the principal test conducted using the number of

events, while for Yemen the regression coefficient is nearly zero for

all sub-categories.
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TABLE 6 Panel regression models summary for Yemen.

Yemen Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

R2 = 0.32 R2 = 0.32 R2 = 0.32 R2 = 0.32 R2 = 0.32 R2 = 0.32

Variable Coe�cients

const 42.812∗∗∗ 42.545∗∗∗ 43.343∗∗∗ 42.453∗∗∗ 42.537∗∗∗ 42.739∗∗∗

FRConflict 0.257∗∗∗

NFRConflict 0.006∗∗∗

VaC −0.056∗∗∗

Battles 0.008∗∗∗

Total conflict 0.006∗∗∗

Past conflict 0.004∗∗∗

Pop −6.996∗∗∗ −6.877∗∗∗ −6.639∗∗∗ −6.858∗∗∗ −6.881∗∗∗ −6.863∗∗∗

Rainfall −0.047∗∗∗ −0.065∗∗∗ −0.070∗∗∗ −0.069∗∗∗ −0.064∗∗∗ −0.058∗∗∗

NDVI 76.312∗∗∗ 76.710∗∗∗ 74.905∗∗∗ 76.979∗∗∗ 76.738∗∗∗ 76.070∗∗∗

ALPS 0.145 0.161 0.025 0.166 0.162∗∗ 0.102

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p< 0.05.

Each of the six models includes one conflict-related variable and all the control variables selected for the countries in the feature selection step. We report the regression coefficient and the

related p-values.

TABLE 7 Panel regression models summary for Syria.

Syria Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

R2 = 0.08 R2 = 0.1 R2 = 0.08 R2 = 0.1 R2 = 0.1 R2 = 0.1

Variable Coe�cients

Const 37.057∗∗∗ 36.057∗∗∗ 36.477∗∗∗ 36.343∗∗∗ 36.053∗∗∗ 36.915∗∗∗

FRConflict 0.323∗∗∗

NFRConflict 0.023∗∗∗

VaC 0.039∗∗∗

Battles 0.033∗∗∗

Total conflict 0.022∗∗∗

Past conflict 0.012∗∗∗

Pop 1.809∗∗∗ 1.862∗∗∗ 1.971∗∗∗ 1.822∗∗∗ 1.850∗∗∗ 1.788∗∗∗

Rainfall 0.062∗∗∗ 0.076∗∗∗ 0.075∗∗∗ 0.065∗∗∗ 0.076∗∗∗ 0.067∗∗∗

RainfallAnomalies −0.004 −0.004 −0.005 −0.004 −0.005 −0.005

ALPS 0.386∗∗ 0.414∗∗ 0.279∗ 0.474∗∗∗ 0.419∗∗ 0.266∗

∗∗∗p < 0.001, ∗∗p< 0.01, ∗p< 0.05.

Each of the six models includes one conflict-related variable and all the control variables selected for the countries in the feature selection step. We report the regression coefficient and the

related p-values.

3.3. Sensitivity analysis

We run a sensitivity analysis to test the robustness of the results.

The goal of the test is to explore whether the higher relationship

between the food-related conflict category and food insecurity is

robust across both short and medium-term periods. To achieve

this aim, we consider different time windows to construct the

conflict-related variables. In other words, we replace the number

of events that occurred in the preceding 90 days of each registered

value of insufficient food consumption with shorter and longer

windows. Aware that by comparing an increasing number of events

the regression coefficients decrease merely because a longer time

window is considered and much more events are captured, we

focus on catching the relative comparison of the conflict-related

variables across different ranges of data collection windows. The

test holds consistent results for all the countries: over longer or

shorter preceding periods, the food-related conflict class shows the

strongest relationship with the outcome compared to the most-

conventional conflict measures. Figure 5 shows the results. Also, we

test and verify whether the models remain stable across different

time windows, by including how the R-squared changes (detailed

visualizations are available in the Supplementary material).
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TABLE 8 Panel regression models summary for Burkina Faso.

Burkina Faso Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

R2 = 0.39 R2 = 0.42 R2 = 0.41 R2 = 0.40 R2 = 0.40 R2 = 0.41

Variable Coe�cients

Const 49.283∗∗∗ 45.167∗∗∗ 46.386∗∗∗ 47.368∗∗∗ 45.221∗∗∗ 48.407∗∗∗

FRConflict 0.912∗∗∗

NFRConflict 0.233∗∗∗

VaC 0.281∗∗∗

Battles 0.464∗∗∗

Total conflict 0.197∗∗∗

Past conflict 0.202∗∗∗

Pop 9.307∗∗∗ 10.060∗∗∗ 9.434∗∗∗ 10.560∗∗∗ 9.958∗∗∗ 10.105∗∗∗

Rainfall −0.447∗∗∗ −0.329∗∗∗ −0.393∗∗∗ −0.327∗∗∗ −0.338∗∗∗ −0.372∗∗∗

ALPS 5.831∗∗∗ 2.747∗∗∗ 5.517∗∗∗ −0.293 3.427∗∗∗ 1.772∗∗∗

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05.

Each of the six models includes one conflict-related variable and all the control variables selected for the countries in the feature selection step. We report the regression coefficient and the

related p-values.

3.4. Regression models through time

We run an additional analysis, focusing on the time dimension.

The aim is to explore whether in different time windows

and therefore phases of insufficient food consumption we have

different coefficients (and/or different significance of regression

coefficients) for some conflict variables than for others. To do

this, we take 6-month-long time windows over which we run

the panel regression with the different conflict variables we have

built. By running the separately several regressions model over

time we test the robustness of our analysis since we found

that the regression coefficient related to food-related conflict,

in general, has a strong relationship with the target also by

considering different subsets of observations. Also, by focusing

on narrower time windows we detect periods in which the

relationship between food-related conflict and the percentage of

people with insufficient food consumption particularly increases.

We perform the analysis separately for the three countries, and

since we have available different time periods for each of them,

we consider 6-month time windows that start and end differently.

Figure 6 reports the results separately per each country. The x-

axis refers to the starting dates of the 6-month time windows,

while the y-axis to the values of regression coefficients, and

has a different range for each country. To discuss some of

these points of interest, the second half of 2018 in Yemen

points out an outsized impact of food-related conflict on the

subsequent food crises, as well as the first half of 2020 in Syria

and from July 2019 to July 2020 in Burkina Faso. Through this

analysis we can also visualize periods in which the conflict-related

variable is not significant in the model, suggesting periods in

which probably other drivers play a higher role in the level of

food insecurity.

4. Discussion

Conflict’s impacts on food insecurity are complex and

multifaceted, not least because of the many forms and dynamics of

violence that take place within any given conflict. This research set

out to comparatively assess the impact of different types of conflict

on self-reported food insecurity in three prominent food crisis

contexts: Burkina Faso, Syria, and Yemen. The resulting analysis

found that a specific form of conflict—food-related conflict—is

more strongly correlated to subsequent self-reported insufficient

food consumption than other forms of conflict. Specifically, the

coefficient for food-related conflict is between four and 20 times

larger than the coefficient for non-food-related conflict, meaning

this sub-type of conflict has an outsized relationship to subsequent

food insecurity.

The findings build on and advance previous work on this topic

(Dowd, 2022) in several ways. First, the analysis more rigorously

tests temporal variations and finds the results robust to several

alternative specifications. In sensitivity analyses, we alter the time

window of recorded violence preceding the collection of food

security data. In doing so, we find that while the precise time

window with the highest coefficient varies by country, the overall

pattern holds: food-related conflict remains consistently more

strongly correlated to subsequent self-reported food insecurity,

than other forms of conflict. Thereafter, we run the regression on

distinct 6-month time windows in each country and the results

remain almost entirely unchanged: with the exception of a small

number of time periods in Yemen, the coefficient for food-related

conflict remains the most strongly correlated with subsequent

food insecurity.

Together, these results offer further support for the finding

that food-related conflict is a significant driver of food insecurity
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FIGURE 5

Sensitivity analysis. Each plot represents the results for a single country. More in detail, each plot shows the comparison among regression

coe�cients of di�erent forms of conflict by considering di�erent time windows to construct the conflict-related variables. In all three countries we

can observe that over longer or shorter preceding periods, the food-related conflict class shows the strongest relationship with self-reported food

insecurity.

and crisis. They demonstrate that this relationship is robust

across a range of data collection windows and across discrete

time periods of analysis. This is particularly significant in that

both violent conflict, and food insecurity, are dynamic and

can vary significantly over time in any given context. In other

words, the results demonstrate that the relationship between food-

related conflict and subsequent food insecurity is unlikely to

be driven by any particular, isolated window of time in which

either (or both) variables are particularly elevated (or depressed).

That the observed relationship between food-related conflict and

subsequent food insecurity persists across these variations attests

to the enduring importance of this form of violence in driving

food insecurity.

The research also advances previous analysis by substituting

an expert-derived estimate of the food crisis for a self-reported

measure of insufficient food consumption. This is important

for a number of reasons. While expert-derived estimates of

food crises remain the most widely used figures for assessing

food security needs, recent food security crises have shone a

spotlight on challenges in the consensus-based process leading to

the unavailability of figures (Buchanan-Smith and Sharp, 2021).

Furthermore, as food crisis estimates are regularly leveraged
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FIGURE 6

Regression model applied on multiple time windows. Each plot represents the results for a single country. More in detail, each plot shows the

comparison among the regression coe�cients for the conflict-related measures for each 6-month time window. For most of the time windows, in

all three countries, we can generally observe a higher regression coe�cient for food-related conflict than the other forms of conflict.

to mobilize policy and financial resources in humanitarian

response, estimates may be susceptible to potential biases and

politicization (Maxwell and Hailey, 2020). Lastly, food crisis

data are most widely collected and available for contexts in

which food insecurity is already elevated. This inhibits the

ability to understand the relationship between conflict and

food insecurity at lower levels of both phenomena. This

may skew analysis (and subsequent response) toward higher-

insecurity contexts, when early warning and early action at

lower levels of insecurity may be preferable. While this research

has focused on high-insecurity contexts in its analysis, in

leveraging self-reported food insecurity data, it demonstrates the

potential for monitoring, analyzing, and responding to signals

in this relationship at lower levels of both violent conflict and

food insecurity.

In addition, the research tests the relationship between food-

related conflict and subsequent food insecurity in a wider range

of geographic contexts than in past work. In expanding analysis
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beyond sub-Saharan Africa to both Yemen and Syria, the research

makes two key contributions.

The first, is methodological, in that the analysis demonstrates

that the rules-based approach to coding and classifying food-related

violence can be applied in diverse contexts. The search string can

be revised and refined to capture food-related violence in diverse

food systems. This points to its potential generalizability as a

method for capturing and coding food-related violence in diverse

food crises and indeed, globally. Scholars may find this valuable

in analyzing and comparing patterns of food-related conflict in

diverse conflict and food system contexts, while policymakers and

response agencies concerned with security and food crises in a

large number of regions may require an approach to identifying

food-related violence that is widely applicable.

However, it is important to acknowledge that the rule-based

method we employ does have certain limitations. As noted above,

the underlying source for event data is not specifically designed

for the purpose of capturing and monitoring food-related conflict,

and as such, may not capture a comprehensive account of all food-

related violence that has taken place in a given conflict. In the

absence of a dedicated data collection effort specifically concerned

with food-related conflict, we maintain that the ACLED dataset

presents the most suitable and valuable source for analysis of this

important phenomenon, but advise readers that the results may

under-report the true extent of food-related conflict. Beyond this,

our approach does not distinguish or weigh events based on their

duration, and it does not consider the impact of other forms of

violence related to food in the vicinity of administrative areas.

The introduction of these additional layers of complexity to the

process could potentially enhance our capacity to identify and

classify this subclass of events, ultimately refining the precision of

monitoring systems.

The second contribution is analytical, in that in analyzing a

wider range of contexts, the research finds support for the observed

relationship between food-related conflict and food insecurity

beyond a small number of countries alone. In other words, the

research lends support for the significance of this relationship more

widely, in contrast to food-related conflict being a function of

particular contexts, food systems, or conflict.

Empirically, it is important to note that food-related conflict as

a sub-type of conflict is relatively rare in our dataset, constituting

∼10% of all violence recorded in our three country cases.

However, it is likely that the methodology for coding this form

of conflict underestimates the true universe of violence involving

and targeting food and food sources (see Dowd, 2022 for further

discussion on this). Moreover, even if relatively rare, each instance

of this specific modality of violence is correlated to a greater

increase in the share of the population subsequently reporting

insufficient food consumption than other forms of conflict.

Consequently, although broader categories of violence such as

battles or violence against civilians are more frequent, food-related

conflict has an outsized relationship with food insecurity.

Taken together, the findings suggest that greater scholarly and

policy attention to contexts in which these tactics—specifically, the

targeting and leveraging of food and food systems in conflict—are

employed, could prove particularly effective in understanding and

responding to food insecurity. The conflict-hunger nexus has been

the focus of extensive research (Shemyakina, 2022), and specific

tactics such as the use of food as a weapon of war have been

highlighted in recent policy, humanitarian response, and legal

discourses (Global Right Compliance, 2019; Beltrami, 2020; Celis,

2022). However, to date, most data-driven analysis of conflict-

driven hunger has neglected to study specific attacks on food and

food systems. In leveraging an existing, large-scale, and open-access

dataset to identify and analyze this phenomenon, we highlight the

potential for data science to play an important role in tackling this

global challenge.

The study highlights the impacts of food-related conflict

on food security and underscores the need for collaborative

efforts to address the underlying causes and effects. The available

disaggregated data provides a unique opportunity to unpack the

temporal and spatial footprints of these overlapping challenges. The

presence of data at the local level empowers us to conduct extensive

analyses by integrating information from different sources. This

data availability assumes a crucial role in supporting the need

for multi-sectoral approaches to address the pressing challenges

posed by these crises. Data availability could be also enhanced

using the latest developments in large language models (LLMs),

which can be used to detect food-related violence events in textual

reports with a greater flexibility and nuance than the rule-based

approach used in this study. These can be utilized by early

warning mechanisms for food-insecurity such as the HungerMap

LIVE (WFP, 2020), which have advanced over the past decades

toward a better model for managing food crises, by leveraging

the power of big data to track and predict food-insecurity in

near real-time (Kemmerling et al., 2023). The in-depth analysis

conducted here focused on specific conflict subtypes could be taken

into account to enhance the evaluation of risks associated with

food insecurity. The results could be integrated into an early-

warning system that utilizes a machine learning model. This system

would focus on the specific subclass of food-related conflict as

the primary driver of food insecurity, rather than encompassing

all types of conflict events without prior selection. This, in turn,

could enhance existing systems for predicting food insecurity

and facilitate more proactive humanitarian efforts in fragile and

conflict-affected areas.
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