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ABSTRACT 40 

Background: Nuanced measures of armed conflict exposure are essential for understanding its 41 

health impacts. Common approaches to operationalizing conflict, such as calculating event or 42 

fatality rates within administrative boundaries or using a fixed radius around events to capture 43 

their spatial influence, can obscure important spatial and temporal patterns of conflict. Using 44 

Mali as a case study, we constructed a conflict intensity measure based on kernel density 45 

estimation (KDE) and compared it with standard approaches by examining population exposure 46 

and associations with key reproductive, maternal, and child health (RMCH) outcomes.  47 

 48 

Methods: We compiled georeferenced conflict events from global datasets and used kernel 49 

density estimation (KDE) to create annual 10 × 10 km conflict-intensity surfaces for 2000–2024, 50 

aggregated to district and health-facility levels. We also measured conflict exposure as district-51 

level event and fatality rates, and the number of events and fatalities within 50 km of a facility. 52 

For selected years (2013, 2018, and 2023), we compared the proportion of population subgroups 53 

classified as exposed to conflict across approaches, using percent agreement and Cohen’s Kappa. 54 

We also examined associations between conflict measures and key RMCH indicators, using 55 

Spearman correlations and model-fit metrics (coefficient of determination (pseudo-R²) and 56 

Akaike Information Criterion (AIC)). 57 

 58 

Results: Across years, we found variability in the estimated proportion of the population 59 

exposed to conflict, depending on the conflict definition used. Agreement in classifying conflict-60 

affected population groups was on average moderate, with kappa values ranging from 0.37 in 61 

2023 to 0.77 in 2018. KDE revealed a log-linear dose-response relationship between conflict 62 



intensity and selected RMCH indicators in 2013 and 2018, with correlation coefficients ranging 63 

from 0.31 to 0.74. Standard approaches showed weaker relationships, with correlations between -64 

0.284 and 0.69. For most RMCH indicators, KDE produced higher pseudo-R² values and lower 65 

AIC values than the standard approaches in facility-level analyses. 66 

 67 

Conclusions: KDE showed stronger ecological associations with RMCH outcomes and better 68 

model fit at the facility level than the standard methods. Its performance across conflict settings 69 

and at finer spatial scales remains to be explored.  70 

 71 

KEYWORDS 72 
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BACKGROUND 74 

In 2024, the world saw 61 active state-based armed conflicts, the highest number since 1989 [1]. 75 

By the end of 2025, one in six people lived in conflict-affected areas [2] and 117 million had 76 

been forcibly displaced by armed conflicts [3]. These events have far-reaching negative impacts 77 

on individuals, communities, and societies, with significant consequences for health [4]. Beyond 78 

the direct health impacts of conflicts, such as injuries, trauma, and death [5], increasing evidence 79 

indicates that most health consequences attributable to conflicts result from indirect pathways 80 

[6], via the destruction of key infrastructure and equipment, disruption of medical supply chains, 81 

and loss of vital human resources for the provision of health services [6, 7]. Additionally, 82 

conflicts exacerbate health inequities by widening socioeconomic disparities and increasing 83 

communities’ exposure to overcrowding, poor nutrition, and inadequate water and sanitation [5, 84 

6]. The consequences of armed conflicts on health are particularly profound for vulnerable 85 

groups, including women of reproductive age and young children, with studies showing 86 

reductions in maternal and child health service utilization, increases in adverse birth outcomes 87 

such as low birth weight, and higher mortality rates among these populations [8, 9].  88 

 89 

Nuanced measures of conflict exposure are necessary to conduct research to support efficient 90 

planning and resource allocation for health programs and policies, as well as for humanitarian 91 

response. Measuring a multi-dimensional and subjective construct, such as conflict exposure, is 92 

challenging and best approached through primary data collection. Logistical and security 93 

constraints, however, often make conducting surveys and interviews infeasible. Consequently, 94 

there has been growing interest in using available secondary data on armed conflict to measure 95 

exposure and severity.  96 



 97 

Many studies have defined conflict exposure using a threshold number or population-98 

standardized rate of events (attacks, fatalities, or displaced people) within a specified area (a 99 

district or region)[10, 11]. Others have extended this approach by measuring conflict severity as 100 

the number or rate of conflict-related events, treated as a categorical or discrete variable [11–14]. 101 

Finally, studies with a focus on individual- or small-area impacts have used a fixed radius (50 102 

kilometers) around households or communities to determine the extent of their proximity to 103 

conflict [15–19]. Beyond enabling measurement of conflict presence and severity, this approach 104 

recognizes that conflict events may indirectly affect health-seeking behaviors and outcomes 105 

beyond their immediate locations.  106 

 107 

Although these approaches have been widely used, they suffer from drawbacks. The threshold of 108 

conflict-related event counts, or rates, used to determine exposure is subjective. Furthermore, 109 

relying on exposure measures based on administrative units may introduce the modifiable areal 110 

unit problem, meaning that summary measures are influenced by the spatial scale [20]. 111 

Conversely, the fixed-radius extent is determined by the researcher and assumes that all events, 112 

regardless of severity, have the same spatial influence (an event resulting in 100 casualties will 113 

affect an area in the same way as one causing no deaths). Further, the approach applies the same 114 

radius regardless of whether events occur in a remote, sparsely populated area or a densely 115 

populated area. Taking population size into account is important, as a conflict event may exert a 116 

distinct influence depending on an area’s population density.  117 

 118 



In response to these limitations, the use of kernel density estimation (KDE) to model both direct 119 

and indirect exposure to armed conflict continuously across space has been explored [21]. KDE 120 

is a smoothing method that transforms a point pattern of events into a continuous surface 121 

representing the density of those events [22]. This method has been extensively applied across 122 

various fields, ranging from epidemiology, to assess the spatial relative risk of health outcomes 123 

[23–25] to criminology, to support crime hotspot mapping and prediction [26, 27].  124 

 125 

In a recent study by Tapsoba, KDE was used to examine the effects of armed conflicts on infant 126 

mortality in Côte d’Ivoire and Uganda by comparing a KDE-generated conflict exposure with 127 

exposure based on residence within a fixed 50-km radius of a conflict event [21]. Using the KDE 128 

approach, infant mortality was six percentage points higher among Ivorian children and two 129 

points higher among Ugandan children exposed to conflict, compared to unexposed children. 130 

However, in both contexts, there was no statistically significant difference in infant mortality 131 

between children living within 50 km of a conflict event and those living farther away. This work 132 

highlighted that a more nuanced appraisal of the health impacts of conflicts could potentially be 133 

achieved using KDE.  134 

 135 

As evidence supporting the use of KDE to define conflict exposure remains limited, this paper 136 

aimed to examine whether KDE can improve the measurement of armed conflict dynamics for 137 

use in population health research. We first generated annual conflict intensity surfaces using 138 

KDE for Mali, a country that has been experiencing a complex, multifaceted, and highly 139 

dynamic conflict since 2012. We then compared KDE with the most common approaches to 140 

measuring conflict exposure and severity (the rate of conflict-related events or fatalities within 141 



administrative boundaries and a fixed radius around health facilities to count events or fatalities). 142 

Comparison consisted of examining how conflict exposure measures derived from these methods 143 

classified population groups exposed to conflict, as well as how they related to key reproductive, 144 

maternal, and child health (RMCH) outcomes.    145 

 146 

METHODS 147 

Study area 148 

This study was conducted in Mali, a landlocked country in West Africa situated on the Sahelian 149 

strip (Supplementary materials, section 1). The armed conflict, which started in 2012, is marked 150 

by terrorism, inter-ethnic violence, and political instability, and has had significant impacts on 151 

the well-being of civilians, limiting their access to basic social and health services [28–32].  152 

 153 

Overview of methods  154 

The operationalization of armed conflict exposure using KDE and standard approaches is 155 

summarized in Figure 1. 156 

 157 

 158 



 159 

Figure 1. Flow chart of the steps adopted to produce the conflict measures using kernel density 160 

estimation and the standard approaches, and testing their agreement and association with 161 

reproductive, maternal, and child health indicators.  162 

 163 



Data sources and processing 164 

1. Conflict events 165 

This study relied on publicly available georeferenced data on armed conflict events. The Armed 166 

Conflict Location and Event Data (ACLED) [33, 34] and the Uppsala Conflict Data Program 167 

(UCDP) [35, 36] are global references for conflict data. The UCDP adopts a strict definition of 168 

armed conflict, which must meet the threshold of 25 deaths annually to be included in the 169 

dataset. Recorded events are those that resulted in at least one fatality. In contrast, ACLED has a 170 

broader scope, capturing both events that led to and did not lead to fatalities, which is 171 

particularly relevant as some armed perpetrators purposefully terrorize populations without 172 

killing them [37]. For this study, we combined both datasets to include conflict events regardless 173 

of whether casualties occurred. Several steps were taken to merge the two datasets and ensure 174 

alignment of conflict event types captured (supplementary material, section 2). We restricted our 175 

datasets to events that occurred between 2000 and 2024 to capture the pre-conflict years as well 176 

as the different phases of conflict progression. The merged datasets included events with precise 177 

coordinates and the date of occurrence (day, month, and year). All duplicates (events sharing the 178 

same location, date, number of casualties, and similar event description) were merged. In cases 179 

where the duplicates had differing fatality counts, we used UCDP estimates, given UCDP’s 180 

thorough quality appraisal system, which makes it superior to ACLED in reporting fatality 181 

counts [38].  182 

 183 

2. Population size  184 

We used annual gridded population estimates at a 1x1 km resolution produced by WorldPop 185 

between 2000 and 2024, inclusively [39]. Their estimates are produced using machine learning 186 



methods applied to various geospatial covariates and satellite imagery to disaggregate population 187 

counts from census and other population-level microdata from areal units to 1x1 km grid cells. 188 

Details on the methods employed by the authors to produce the surfaces can be found elsewhere 189 

[39]. Population count surfaces were used at two distinct stages of analysis (Figure 1). Annual 190 

population count surfaces were first used to calibrate the KDE models for each year from 2000 to 191 

2024. Population count surfaces for selected years were subsequently used to estimate the total 192 

population, as well as the number of women of reproductive age (15-49 years) and children 193 

under 5 years old exposed to conflict. We selected three time points (2013, 2018, 2023). These 194 

points were chosen to represent populations exposed to different phases of the armed conflict 195 

progression, but also to align as much as possible with the available health indicators presented 196 

below. 197 

 198 

3. Reproductive, maternal, and child health indicators 199 

We used spatially interpolated surfaces of the coverage of key RMCH indicators generated by 200 

the Demographic and Health Surveys (DHS) Program [40, 41]. The surfaces, which are publicly 201 

available [42], were produced using a Bayesian geostatistical approach that combined DHS 202 

survey data with spatial datasets capturing population density, urbanization levels, and climate-203 

related characteristics; their construction is detailed elsewhere [40, 41]. The modeled surfaces for 204 

Mali were generated for years 2013 and 2018, using DHS 2012/13 and DHS 2018 data, 205 

respectively, at a resolution of 5 x 5 km, and captured the proportion of use of the following 206 

policy-relevant RMCH indicators: demand for family planning satisfied by modern methods, 207 

effective antenatal care (ANC) visits (defined as a minimum of four ANC contacts during 208 

pregnancy), institutional delivery, and third dose of diphtheria-tetanus-pertussis vaccine (DTP3) 209 



among children 12 – 23 months. We derived surfaces for lack of access to these services by 210 

subtracting the modeled coverage values from 1 [43], producing the following indicators: unmet 211 

need for family planning among women of reproductive age, suboptimal ANC, non-institutional 212 

delivery, and missed DTP3 vaccination. We then aggregated the surfaces to the community 213 

health center catchment area and the health district levels by calculating the population-weighted 214 

mean. Community health centers serve as the primary point of contact with the healthcare 215 

system. Each center’s catchment area extends up to a 15-kilometer radius to serve a population 216 

of 5,000 to 10,000. Each community health center is linked to a referral health center. A health 217 

district regroups a referral health center with its network of community health centers to ensure 218 

delivery of primary care [44]. For simplicity, throughout the rest of the article, community health 219 

centers are referred to as health centers. Our analysis included the 1,632 health centres and 68 220 

health districts recorded in 2023; the coordinates of facilities and shapefiles of health districts 221 

were obtained directly from the Ministry of Health. 222 

 223 

Kernel density estimation  224 

Kernel density estimation (KDE) is a non-parametric method that allows estimation of an 225 

underlying probability density function (PDF) 𝑓 of a point pattern dataset [22, 45]. The density 226 

estimation consists of constructing an estimate of 𝑓 based on a representative sample of random 227 

realizations {1ݔ, … , (ݔ)௡} of a process ܺ. In its simplest form, KDE is expressed as: 228 𝑓ݔ =  ∑ 1௡ℎ௡௜=1 ܭ (௫− ௫೔ℎ ) , (1) 229 

where a PDF 𝑓(ݔ) is obtained by counting the contributions of random realizations under a fixed 230 

bandwidth h and a kernel function ܭ. The bandwidth corresponds to the smoothing parameter 231 

and controls the spread or circle of influence. The kernel function controls the contribution of 232 



each realization to the density function. One of the most common kernel functions used is the 233 

Gaussian function ܭ ~ (0,   ℎ)[21]. The density estimate is obtained by summing all 234 

contributions across all n events, as per equation (1). The density function can be multiplied by 235 

the number of events n to obtain the intensity function, which gives the expected number of 236 

events per unit area [46]. 237 

 238 

The PDF can be extended to space-time KDE by using a three-dimensional matrix with 239 

longitude, latitude, and time: 240 𝑓(̅ݔ) =  ∑ 1௡ு௡௜=1 ܭ (௫̅− ௫̅೔ு ) , (2) 241 

where  ̅ݔ and ̅ݔ௜ are ݀-dimensional vectors, ܪ is a ݀ x ݀ symmetric matrix of smoothing 242 

parameters: ܪ =  (ℎ௦ 0 00 ℎ௦ 00 0 ℎ௧), where we can assume that the latitude and longitude 243 

dimensions have the same smoothing parameter ℎ௦ and that the time dimension has a smoothing 244 

value of ℎ௧ [21]. 245 

 246 

1. Spatio-temporal bandwidth selection 247 

We used an adaptive bandwidth that adjusted the radius or circle of influence according to the 248 

number of events (supplementary material). An adaptive bandwidth is well suited to representing 249 

densities for processes with substantial spatial and temporal variations [45]. A bootstrap method 250 

in conjunction with the mean integrated squared error (MISE) was used to determine an 251 

appropriate adaptive spatio-temporal bandwidth [47].  252 

 253 



In selecting the period over which to calculate the spatio-temporal bandwidth, it was important to 254 

ensure adequate representation of the underlying process, balance under- and over-smoothing, 255 

and minimize the MISE and the computation time [47]. Several time periods within our study 256 

window (2000 to 2024) were tested, and we determined that using conflict events that occurred 257 

from 2013 to 2018 provided a balanced pilot spatio-temporal bandwidth. This decision was 258 

based on comparisons, made by authors familiar with the Malian conflict, of maps generated 259 

across different time periods in distinguishing meaningful hotspots from random noise. 260 

 261 

2. Spatio-temporal windows 262 

Assuming that an event’s contribution to the PDF will not extend infinitely over space or time 263 

[21], we used spatial and temporal windows to truncate the kernel beyond the bandwidth 264 

distance. This was done by restricting to events that occurred within a defined spatial and 265 

temporal interval to compute conflict intensity at a specific space-time point (supplementary 266 

material, section 3).  267 

 268 

3. Accounting for fatalities and population size 269 

The KDE formula presented in (2) was adapted to account for the number of fatalities as well as 270 

population size as weights (supplementary material, section 3). The number of fatalities served as 271 

the key input to capture event intensity [21], while annual population counts from WorldPop 272 

produced from 2000 to 2024 were used to control the influence of each conflict event. 273 

Considering conflict dynamics in the Malian context [48] and nationwide surveys on public 274 

perceptions of the conflict [49], we assumed that events in densely populated areas would exert 275 

less influence than those in rural areas.  276 



 277 

4. Edge correction 278 

To account for edge effects near country boundaries [46, 50], we applied Diggle’s edge-279 

correction method. This approach weights each event by the inverse of the proportion of its 280 

kernel that falls within the study boundaries. We implemented the edge correction using Monte 281 

Carlo sampling [51]. For each conflict event location, 1,000 random points were generated to 282 

represent the kernel's spatial spread under an adaptive bandwidth, and the proportion of points 283 

falling within the country's boundaries was used to compute the corresponding weight for each 284 

event.  285 

 286 

5. KDE specifications 287 

We specified several KDE models to assess how key parameters, including spatial and temporal 288 

bandwidths and windows, as well as population-size adjustment, affected conflict intensity 289 

estimates. The models were implemented using the pdfCluster package in R version 4.5.2 [52]. 290 

Table 1 summarizes the models tested. For each model specification, we generated annual 291 

conflict intensity surfaces at a 10×10 km resolution. All models used an adaptive spatial 292 

bandwidth and incorporated fatality weights and edge correction. In sensitivity analyses, we 293 

varied spatial and temporal window lengths and reference points and accounted for temporal 294 

bandwidths (supplementary material, section 3). To compare the different model specifications, 295 

we examined the distribution of conflict-intensity values across years and assessed predictive 296 

criteria, namely the Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).  297 

 298 



A series of maps illustrating conflict intensity from 2000 to 2024 was created. All surfaces were 299 

projected to UTM Zone 29 (EPSG:32629) and rescaled to kilometers. To align with the years for 300 

which RMCH indicators were available, we also summed the conflict intensity values for 2013 301 

and 2018 within the health center’s catchment areas and health districts. 302 

 303 

Table 1. List of tested Kernel Density Estimation (KDE) models  304 

 KDE parameters 

 Spatio-temporal 
window 

Spatio-temporal 
bandwidth 

Population 
adjustment 

Edge 
correction 

Model 1 No spatial window 

Temporal window of 
364 days 

 

Adaptive spatial 
bandwidth 

No temporal bandwidth 

Yes Yes 

Model 2 No spatial window 

Temporal window of 
364 days 

 

Adaptive spatial 
bandwidth 

No temporal bandwidth 

No Yes 

Model 3 No spatial window 

Temporal window of 
364 days 

 

Adaptive spatio-temporal 
bandwidth 

 

Yes Yes 

Model 4 No spatial window 

Temporal window of ± 
182 days 

 

Adaptive spatio-temporal 
bandwidth 

 

Yes Yes 

Model 5 Spatial window of 500 
km 

Temporal window of 
364 days 

 

Adaptive spatial 
bandwidth 

No temporal bandwidth 

Yes Yes 

 305 

Comparison of KDE with standard approaches 306 

We considered three of the commonly used ways to operationalize armed conflict: conflict-307 

related event rates, conflict-related fatality rates, and the fixed-radius approach. For each health 308 

district, we computed conflict-related event and fatality rates, expressed as the cumulative 309 



number of events and fatalities, respectively, per 100,000 population. We also classified health 310 

districts as exposed to conflict if at least one event or one fatality per 100,000 population 311 

occurred [11] (Table S1). We also measured conflict severity by treating event and fatality rates 312 

as discrete variables.  313 

 314 

At the health center level, we used the fixed-radius approach. In line with past work, we used a 315 

50-km radius around each conflict event to determine exposure [15, 17, 18];  health centers were 316 

classified as exposed if they were located within a 50-km radius. We additionally calculated the 317 

total number of conflict events occurring within a 50-km radius of each health facility.  318 

 319 

We first compared the KDE-based conflict exposure metric with selected standard approaches by 320 

examining the agreement in the exposure to conflict classification of the general population, 321 

women of reproductive age, and children under five. Any population count cell within a health 322 

district with at least one event per 100,000 population was classified as exposed. Cells were also 323 

grouped into unexposed and exposed according to the one fatality per 100,000 population 324 

threshold for health districts. Similarly, populations that fell partly or entirely within 50 km of a 325 

conflict event were categorized as exposed. Under the KDE approach, we defined conflict-326 

intensity cells as moderately to severely exposed if they fell within the fourth or fifth quintile of 327 

KDE values (Figure S10). We then intersected these polygons with the population count surfaces 328 

to identify populations moderately or severely exposed to armed conflict. This spatial extraction 329 

was conducted using the exactextractr package [53], which calculates the fraction of each grid 330 

cell that overlaps with a specified polygon. The level of agreement between the KDE-based and 331 

the standard approaches was assessed using percent agreement and Cohen’s Kappa [54]. Cohen’s 332 



Kappa values were interpreted according to the following scale: ≤ 0 indicates no agreement; 333 

0.01–0.20 represents none to slight agreement; 0.21–0.40 is considered fair; 0.41–0.60 as 334 

moderate; 0.61–0.80 as substantial; and 0.81–1.00 as almost perfect agreement [54]. 335 

 336 

We subsequently assessed how conflict exposure metrics derived from standard approaches and 337 

KDE relate to key RMCH indicators for the years 2013 and 2018 at the level of the health 338 

districts and health centers. RMCH indicators were not available for 2023. We generated scatter 339 

plots for the logit-transformed RMCH coverage against the conflict exposure metrics. To identify 340 

the direction and strength of the associations between armed conflict measures and RMCH 341 

coverage, we computed Spearman rank correlation coefficients. We also fitted mixed-effects 342 

models with region as a random effect to derive key model fit metrics: pseudo coefficient of 343 

determination (pseudo-R2) and Akaike Information Criterion (AIC)[55] .  344 

 345 

 RESULTS 346 

Spatial and temporal distribution of armed conflict events in Mali 347 

Our analyses included 6,908 unique conflict-related events reported between 2000 and 2024. The 348 

ACLED dataset contributed approximately 67% of the events. In the early 2000s, the security 349 

situation in Mali was characterized by sporadic conflict-related events (Figure S2). The year 350 

2012 marked an escalation in violence, predominantly in the northern regions. A reduction in 351 

conflict intensity was observed in 2014 and 2015, with a decrease in reported fatalities. Since 352 

2020, the conflict has become more widespread and intensified, affecting all regions of the 353 

country. Most (46%) events were battle-related, followed by violence against civilians (40%). 354 

Explosions and remote violence started to increase exponentially in 2018 (Figure S3).  355 



 356 

Kernel density estimation 357 

The spatial and temporal bandwidths were estimated at 63.2 km and 343.9 days, respectively. We 358 

found no significant differences among the five KDE models tested under different assumptions. 359 

Across all five models, the maps similarly highlighted areas with the highest conflict intensity 360 

(Figures S5 – S8). Box-plots of the overall distributions of conflict intensity values (Figure S9) 361 

along with prediction criterion values (Table S3) further indicated substantial overlap across the 362 

models. Given these results, we decided to use the KDE surfaces generated under Model 1 363 

(Figure 2) to conduct the comparative analyses with the standard approaches.  364 

 365 



 366 

Figure 2. Annual conflict intensity surfaces obtained with population- and fatality-adjusted 367 

kernel density estimation, Mali 2000 to 2024 368 

 369 

Kernel density estimation versus standard approaches 370 

1. Population groups exposed to armed conflicts 371 

Table 3 summarizes the distribution of populations classified as exposed to armed conflict at a 372 

pixel level by exposure definition. In 2013, the KDE approach and standard fixed-radius 373 

approach estimated the population exposed to conflict to be around 35%. In contrast, using either 374 



a conflict-related event threshold or a fatality-rate threshold yielded an estimate of approximately 375 

15%. In 2018, KDE identified 31% of the population groups exposed either moderately or 376 

severely to conflict compared to 23% to 36% for the standard approaches. Estimates of the 377 

population groups exposed to conflict were similar across the KDE approaches and two of the 378 

standard approaches, ranging from 37% to 40%. Under the fixed-radius approach, however, up to 379 

87% of the population was classified as exposed to armed conflict in that year.  380 

 381 

The pixel-agreement plot (Figure 3) shows that the percent agreement between the KDE 382 

approach and the standard ones ranged between 70% and 89%. Corresponding Cohen’s kappa 383 

values ranged from 0.37 to 0.77, indicating fair to substantial agreement across the years. 384 

Agreement patterns for women of reproductive age and children under five were similar (Figures 385 

S12 and S13).  386 

 387 



 388 

Figure 3. Comparison of kernel density estimation (KDE) and the standard approaches in the 389 

general population estimated to be exposed to armed conflict. Legend: The standard approaches 390 

considered from top to bottom are the conflict event rates, the fatality rates, and the fixed radius. 391 

The agreements for the years 2013, 2018, and 2023 are displayed. The years’ respective percent 392 

agreement and Cohen’s kappa values are also provided. 393 

 394 



Table 3. Distribution of conflict-affected population subgroups (count in units of 10,000 and percentage) identified using the 395 

standard approach and the KDE approach 396 

 Total population  
N x 10,000 (%) 

 

Women of reproductive age  
N x 10,000 (%) 

 

Under-five children  
N x 10,000 (%) 

 
 2013 2018 2023 2013 2018 2023 2013 2018 2023 

Total 1,639.5 
(100.0) 

2,007.3 

(100.0) 
2,335.3 

(100.0) 
391.0 

(100.0) 
435.53 

(100.0) 
521.37 

(100.0) 
325.57 

(100.0) 
373.27 

(100.0) 
408.51 

(100.0) 
KDE approach 
 

Moderate or severe 
exposure (Q4 or Q5) 
 

569.7 

(34.7) 
618.79 

(30.8) 
856.93 

(36.7) 
131.99 

(33.7) 
134.90 

(30.9) 
192.24 

(36.8) 
113.75 

(34.9) 
156.62 

(30.9) 
150.63 

(36.8) 

Standard approaches 
 

Health districts with at 
least one conflict event 
per 100,000 population 

 

249.2 

(15.2) 
461.6 

(22.9) 
941.4 

(40.3) 
58.4 

(15.0) 
100.6 

(22.9) 
211.2 

(40.3) 
49.7 

(15.2) 
86.2 

(22.9) 
165.5 

(40.3) 

Health districts with at 
least one conflict-related 
fatalities per 100,000 
population 

 

231.4 

(14.1) 
507.7 

(25.3) 
904.8 

(38.7) 
54.6 

(14.0) 
110.7 

(25.3) 
202.9 

(38.7) 
45.3 

(13.9) 
94.9 

(25.3) 
159.0 

(38.7) 

At least one conflict 
event within a 50-km 
radius 

 

568.71 

(34.6) 
 

716.25 

(35.7) 
2,027.92 

(86.9) 
141.99 

(36.3) 
155.82 

(35.9) 
452.79 

(87.2) 
105.3 

(32.3) 
133.55 

(35.9) 
354.79 

(87.2) 

397 



2. Association between armed conflict and reproductive, maternal, and child health 398 

indicators 399 

a) Health district level  400 

The correlation coefficients for the association between KDE-specified conflict intensity and 401 

RMCH indicators were consistently higher than those for the standard approaches considered 402 

(Table 4). Across all four RMCH indicators, conflict measures, and time points, health districts 403 

with greater conflict exposure had, on average, higher proportions of women and children under 404 

five who underused key health services than districts with lower exposure (Figures 5, S16 - 18). 405 

Although in most cases the R² values were slightly higher for models using KDE-based conflict 406 

exposure than for those using standard approaches in 2013, the positive AIC difference indicated 407 

that the standard approaches provided a better model fit. In contrast, in 2018, higher R² values 408 

and a negative AIC difference indicated that models using KDE-based conflict exposure 409 

provided a better fit than the standard approaches. These models showed near-log-linear 410 

relationships in which increases in log-scaled conflict intensity were associated, on average, with 411 

lower levels of ANC, facility delivery, and DTP3.  412 



 413 

Figure 5. Association between conflict exposure measures and reproductive, maternal, and child health outcomes at the health 414 

district level in 2018. Legend: The left column displays RMCH indicator (%) distributions by the binary conflict exposure, defined as 415 

the occurrence of at least one fatality per 100,000 population. The middle column shows distributions of the RMCH indicator (logit) 416 

by fatality rates on the log scale. The right column presents distributions of the RMCH indicator (logit) by continuous conflict 417 

intensity on the log scale, estimated using kernel density estimation (KDE). The linear regression lines are shown in light red, and the 418 

non-linear lines from generalized additive models are shown in dark red. 419 



Table 4. Spearman correlation coefficients and model fit metrics for the association between conflict exposure measures and 420 

reproductive, maternal, and child health outcomes at district and facility levels in 2018 421 

  Health district level  Health facility level 
  ρ Pseudo-R2 AIC  ρ Pseudo-R2 AIC 

Unmet contraception 
need 

At least one event 
per 100,000 

0.570 0.002 -24912.9 At least one event 
within 50-km 
buffer 

0.421 0.003 -39268.9 

Log(number of 
events per 
100,000) 

0.675 0.114 18657.3 Log(number of 
events within 50-
km buffer) 

0.424 0.004 -39284.8 

At least one 
fatality per 
100,000 

0.655 0.056 6695.76 At least one 
fatality within 50-
km buffer 

0.427 0.006 -16938.3 

Log(number of 
fatalities per 
100,000) 

0.652 0.092 13476.6 Log(number of 
fatalities within 
50-km buffer) 

0.424 0.008 -16877.1 

Log(conflict 
intensity value) 

0.626 0.146 0.0 Log(conflict 
intensity value) 

0.553 0.136 0.0 

Suboptimal antenatal 
care 

At least one event 
per 100,000 

0.574 0.036 -2082.4 At least one event 
within 50-km 
buffer 

0.450 0.003 -14948.8 

Log(number of 
events per 
100,000) 

0.646 0.134 1125.6 Log(number of 
events within 50-
km buffer) 

0.454 0.004 -14778.6 

At least one 
fatality per 
100,000 

0.562 0.050 -2105.65 At least one 
fatality within 50-
km buffer 

0.388 0.000 -9059.8 

Log(number of 
fatalities per 
100,000) 

0.599 0.077 -543.08 Log(number of 
fatalities within 
50-km buffer) 

0.395 0.001 -9014.3 

Log(conflict 
intensity value) 

0.672 0.331 0.0 Log(conflict 
intensity value) 

0.621 0.504 0.0 



Non-institutional delivery At least one event 
per 100,000 

0.641 0.025 -15142.2 At least one event 
within 50-km 
buffer 

0.471 0.022 -46598.8 

Log(number of 
events per 
100,000) 

0.692 0.272 -186.9 Log(number of 
events within 50-
km buffer) 

0.473 0.029 -46598.8 

At least one 
fatality per 
100,000 

0.656 0.024 -6884.2 At least one 
fatality within 50-
km buffer 

0.436 0.005 -14553.1 

Log(number of 
fatalities per 
100,000) 

0.663 0.189 -4195.3 Log(number of 
fatalities within 
50-km buffer) 

0.437 0.007 -14394.5 

Log(conflict 
intensity value) 

0.720 0.694 0.0 Log(conflict 
intensity value) 

0.601 0.477 0.0 

Missed DTP3 vaccination At least one event 
per 100,000 

0.482 0.023 -1219.9 At least one event 
within 50-km 
buffer 

0.063 0.000 -19782.9 

Log(number of 
events per 
100,000) 

0.481 0.045 -623.6 Log(number of 
events within 50-
km buffer) 

0.069 0.000 -19779.9 

At least one 
fatality per 
100,000 

0.547 0.025 -711.2 At least one 
fatality within 50-
km buffer 

0.114 0.000 -27.0 

Log(number of 
fatalities per 
100,000) 

0.479 0.057 -158.7 Log(number of 
fatalities within 
50-km buffer) 

0.099 0.001 -30.1 

Log(conflict 
intensity value) 

0.468 0.167 0.0 Log(conflict 
intensity value) 

0.128 0.002 0.0 

 422 

 423 



b) Health centre catchment areas 424 

In 2013, radius-based measures in binary and continuous forms showed weak relationships with 425 

RMCH indicators (Figures S19 – 21), with Spearman correlation coefficients ranging between -426 

0.284 and 0.053 (Table S4). The KDE-based measures revealed moderate associations, 427 

particularly with sub-optimal ANC and non-institutional delivery, with correlation coefficients of 428 

0.65 and 0.67, respectively. The higher pseudo-R2 and the negative AIC difference for these two 429 

RMCH indicators, along with missed DTP3 vaccine, indicate that model fit was better when 430 

conflict intensity was measured using KDE than with the standard approaches. 431 

 432 

Moderate associations between the different conflict measures and the RMCH indicators were 433 

noted in 2018 for unmet need for contraception, suboptimal ANC, and non-institutional delivery; 434 

despite some scatter, the proportion of underuse of those services increased with conflict 435 

exposure (Figure 6).  Still, the model fit metrics for the KDE-based models were better than 436 

those under the binary and continuous radius-based specifications.  437 



 438 

Figure 6. Association between conflict exposure measures and reproductive, maternal, and child health outcomes at the 439 

community health center level in 2018. Legend: The left column displays RMCH indicator (%) distributions by the binary conflict 440 

exposure, defined as the occurrence of at least one fatality within a 50-km radius of a health facility. The middle column shows 441 

distributions of the RMCH indicator (logit) by the number of fatalities within a 50-km radius on the log scale. The right column 442 

presents distributions of the RMCH indicator (logit) by continuous conflict intensity on the log scale, estimated using kernel density 443 

estimation (KDE). The linear regression lines are shown in light red, and the non-linear lines from generalized additive models are 444 

shown in dark red.  445 



DISCUSSION 446 

Summary of findings 447 

Armed conflicts have profound direct and indirect consequences for health and impede progress 448 

toward national and global health targets. Adopting detailed and nuanced measures of armed 449 

conflicts that capture how they propagate across space and over time is therefore critical for 450 

identifying the populations most affected and the areas where targeted efforts are needed to 451 

mitigate their adverse effects.  452 

 453 

Using Mali as a case study, we demonstrated the use of KDE to generate high-resolution, 454 

continuous surfaces of conflict intensity by incorporating spatial and temporal bandwidths and 455 

windows, along with adjustments for conflict-related deaths and population density. These 456 

surfaces capture the spatial influence of conflict events that extend beyond the location of 457 

occurrence. We compared the number and proportion of conflict-exposed populations identified 458 

by the KDE and the common standard approaches (event and fatality rates within health district 459 

boundaries, and count of events and fatalities within a 50-km radius of health facilities). Overall, 460 

we found fair agreement in 2013 and moderate to substantial agreement in 2018 and 2023. 461 

Although conflict-exposure thresholds were set arbitrarily across approaches, the results suggest 462 

each approach measures conflict differently.  463 

 464 

At the health district level, in 2018, KDE yielded stronger associations and better model fit for 465 

three of the four indicators, with higher correlation coefficients and R2 values and negative AIC 466 

differences. The KDE-derived conflict exposure demonstrated a log-linear dose-response 467 

relationship between increased conflict intensity and reduced use of RMCH services. We also 468 



noted that continuous standard metrics offered no additional nuance than the binary standard 469 

metrics. At the health facility level, the relationships between the different conflict exposures and 470 

the RMCH indicators were noisier and more scattered for both 2013 and 2018. Yet KDE-based 471 

exposure provided higher positive associations and model fit values than the standard 472 

approaches.  473 

 474 

These results could be explained by the fact that standard methods do not account for indirect, 475 

spillover exposure beyond their predefined boundaries (health districts and fixed radius). Since 476 

boundaries are permeable and conflict actors move across them, neighboring settings are likely 477 

to share the burden of conflict exposure. As a spatial smoothing method that incorporates event 478 

proximity and influence (captured by population density and the number of fatalities), KDE 479 

provides greater spatial resolution and continuous surfaces that capture the fact that conflict 480 

exposure is not bound by artificial administrative borders or radius edges [56]. These findings 481 

align with previous research demonstrating the benefits of KDE for mapping event-based 482 

phenomena and for measuring associations with social and health outcomes [21, 57].  483 

 484 

Public health implications  485 

The practical implications of the KDE approach are significant. For policy and humanitarian 486 

planning, KDE-generated surfaces offer a detailed view of where conflict intensity is higher, 487 

indicating the communities most likely to experience the greatest indirect effects of conflict. This 488 

makes the KDE-based exposure estimates valuable for prioritizing resource allocation and 489 

targeting interventions. In contrast, in settings like Mali, where conflicts are widespread, using 490 

standard approaches led to classifying large areas of the territory as exposed, which is not 491 



sufficiently nuanced to support humanitarian and public health efforts. While the primary value 492 

of KDE is to provide continuous surfaces, the values can be aggregated to administrative levels 493 

relevant for decision-making.  494 

 495 

Most importantly, this study shows that KDE can serve as an alternative to commonly used 496 

methods for operationalizing conflict exposure and can support the examination of health effects. 497 

We found evidence of a negative ecological association between armed conflict intensity and 498 

RMCH services coverage. These findings underscore the importance of explicitly treating armed 499 

conflict as a primary exposure in quantitative studies of health outcomes in conflict-affected 500 

settings. Conducting such studies requires nuanced measures of conflict exposure, which KDE 501 

can help derive. Further research should investigate how KDE can be used to measure the 502 

association between conflict and various health outcomes through regression analyses, while 503 

adjusting for other key determinants of health. To support such analysis at fine spatial scales, the 504 

KDE values could be extracted at the level of community health worker sites, villages, or 505 

households. In addition to exploring its use in traditional epidemiological study designs, a KDE-506 

based conflict measure could be incorporated as a primary exposure or key risk factor in 507 

geostatistical models, thus offering a critical opportunity to enhance health outcome prediction 508 

and mapping. This should be further explored, particularly in the context of infrequent censuses 509 

and large-scale household surveys [58] and increasingly constrained global health funding [59].  510 

 511 

Strengths and limitations  512 

A key strength of this paper is its use of georeferenced conflict event data to generate conflict-513 

intensity surfaces that better reflect conflict dynamics than the standard approaches. We defined 514 



several parameters to capture how conflict events propagate across space and time. We included 515 

an adaptive bandwidth to account for variation in the spatial influence with the number of events. 516 

We acknowledge the inherent subjectivity in selecting a bandwidth [46]. While the bandwidth 517 

that minimizes the MISE is typically regarded as optimal, additional work is required to address 518 

bandwidth selection across large spatio-temporal windows of multi-modal data. We also 519 

incorporated fatalities and population size to reflect that spatial spread may be greater in areas 520 

with more casualties and in less populated areas. These specifications enable us to adapt the 521 

KDE model to the Malian context. This, in turn, allowed us to better characterize how the 522 

intensity of armed conflict evolved over time and its relationship to key RMCH outcomes. 523 

Because several user-defined parameters can affect smoothness and local intensity estimates, we 524 

conducted sensitivity analyses, which showed that conflict intensity remained stable across 525 

different model specifications. 526 

 527 

Despite these strengths, the KDE application has some limitations. Although it allows for key 528 

parameters to be specified to generate surfaces relevant to the setting of interest, these 529 

parameters are ultimately selected individually, which limits generalizability across settings. 530 

Further research is needed to determine whether KDE parameters can be standardized across 531 

conflict-affected settings to facilitate comparability. Computational time is also an important 532 

consideration. The standard approaches can be computed relatively quickly, whereas KDE may 533 

take considerably longer, depending on the number of conflict events, spatio-temporal resolution 534 

of interest, parameters specified, and available computing capacity (Table S1).  535 

 536 



The analyses were constrained by the availability and quality of the secondary data. At the time 537 

of this study, the DHS Program had not produced modeled surfaces of the RMCH indicators for 538 

2023. This prevented us from conducting the full comparative analysis for 2023; we only 539 

performed the comparison of population groups exposed to conflict. Moreover, georeferenced 540 

conflict event datasets are known to suffer from underreporting, especially in remote areas, and 541 

from location misclassification [38], which may have biased the conflict measures produced. 542 

Both the standard and KDE approaches can be substantially affected by underreporting and event 543 

misclassification bias. However, KDE offers some degree of robustness, as it requires a 544 

representative sample of realizations of the underlying process and smooths event locations [21], 545 

rather than relying on an exhaustive list of events, as the standard approaches do. The RMCH 546 

coverage surfaces used as outcomes also carry inherent uncertainty [40]. For example, the 2013 547 

surfaces used DHS data from the same year, which excluded conflict-affected regions, leading to 548 

higher uncertainty in those areas. This limitation may have biased the observed associations. 549 

Still, the results share similarities with those obtained using the 2018 surfaces, which were built 550 

using nationally representative survey data.  551 

 552 

CONCLUSIONS 553 

Using data from Mali, this study showed that KDE can provide detailed and nuanced measures 554 

of conflict intensity for population health research. KDE-based conflict exposure indicated 555 

stronger ecological associations and improved model fit compared with the standard approaches. 556 

Future research should assess how KDE can support the examination of the health effects of 557 

armed conflicts at fine spatial scales. 558 

 559 



LIST OF ABBREVIATIONS 560 

AIC: Akaike Information Criterion 561 
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