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Introduction

These supplementary materials accompany the main paper. Here, we offer further details of the methods section, along with additional figures and tables.

Section 1: Setting
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Figure S1. Map of Mali’s community health centres, health districts, and regions







Section 2: Merging of armed conflict datasets 

To carry out this work, we relied on publicly available georeferenced data on armed conflict events. The Armed Conflict Location Event Data (ACLED) [1, 2] and the Uppsala Conflict Data Program (UCDP) [3, 4] are global references for conflict data. Both databases record conflict events from a wide range of sources, including traditional and new media, reports from international institutions and non-governmental organizations, as well as research articles and books. Additionally, they rely on their networks of local partners to facilitate the real-time transmission of conflict-related information.

[bookmark: OLE_LINK6]The UCDP adopts a strict definition of armed conflict, requiring 25 deaths annually to be included in the dataset. Recorded events are those that resulted in at least one fatality. In contrast, ACLED has a broader scope, capturing instances of political violence, explosions, riots, and protests. It also includes events that did not lead to fatalities, which is particularly relevant as some armed perpetrators purposefully terrorize populations, without killing them [5]. For this study, we combined both datasets to include conflict events regardless of whether casualties occurred. In line with the UCPD’s definition of an armed conflict, across both data sources, we captured the following categories of events: (1) state-based conflict events (i.e., events between two parties, of which one is the government of the state), (2) non-state conflict events (i.e., events between two organized groups, neither of which is the government of the state), and (3) one-sided violent events (i.e., use of force by the government of the state or a formally organized group against civilians). A formally organized group is defined as a group with an announced name. 

To capture the UCDP’s event categories in ACLED, we limited the ACLED data to battle-related events (which closely align with UCDP’s definition of state and non-state conflict), targeted explosions and remote violence, and violence against civilians (closely matching UCDP’s one-sided violence definition). We removed events labeled as riots, protests, and strategic development (more information on these events, including their definitions, can be found on the ACLED website [6]). We also excluded events involving “unidentified armed groups” as actors, to align as closely as possible with the UCDP's definition of a formally organized group. Based on the event notes provided in the ACLED dataset, it was also determined that these actors belonged to criminal networks or were involved in land or mining disputes, which were not relevant to this study. 

Figure S2 depicts the spatio-temporal distribution of conflict events from 2000 to 2024, while Figure S3 shows the trends in the number of fatalities by conflict event types over the same time period. 
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AI-generated content may be incorrect.]Figure S2. Spatial and temporal distribution of conflict-related events in Mali from 2000 to 2024
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Figure S3. Temporal distribution of conflict-related fatalities by conflict event type (battles, explosions/remote violence, and violence against civilians) in Mali from 2000 to 2024. 



Section 3: Kernel density estimation (KDE)

KDE is a non-parametric method that estimates the underlying probability density function (PDF) 𝑓 from a sample of random realizations of the process of interest [7, 8]. To estimate the PDF that reflects the phenomenon of interest, KDE requires a representative finite sample of events. By specifying a kernel function and a bandwidth, KDE computes the contribution of each event and, by summing these contributions across all observations, assigns a nonzero density to locations where no events were directly observed, based on their proximity to observed events (Figure S3). This approach helps reduce the influence of location bias and partially accounts for missed events. 
[image: ]
Figure S4. Representation of kernel density estimation (KDE). Legend: The kernel density function can be obtained by summing the contributions of each conflict event, each defined by a kernel (Gaussian) and a spatial and/or temporal bandwidth.  

KDE was defined using spatio-temporal bandwidths, considering fatalities, population size, and edge correction. Here, we elaborate on each parameter and offer a detailed rationale for some decisions.

Spatio-temporal bandwidth selection
The most important parameter of the KDE model is the bandwidth, which controls the level of smoothness. Large bandwidth values can lead to over-smoothing, producing surfaces that are too smooth to distinguish local density characteristics [9]. On the other hand, small bandwidth values can lead to under-smoothing, resulting in surfaces that are too noisy (i.e., with multiple peaks). The choice of bandwidth is therefore important for obtaining surfaces that adequately depict the process of interest. The bandwidth can either be fixed (implying that the radius over an event is kept the same across space and over time) or adaptive (adjusting the radius based on the number of events). Research has demonstrated that adaptive bandwidth KDE outperforms fixed bandwidth KDE, particularly for densities with substantial magnitude variations and multi-modalities [7].  

We used the bootstrap method to determine an appropriate spatio-temporal bandwidth [10], which involves constructing a ‘reference’ density estimate from the dataset, repeatedly simulating data from that reference density, and calculating the mean integrated squared error (MISE) for each iteration at different bandwidths. The bandwidth that minimises the bootstrap-estimated MISE was selected as the optimal (pilot) bandwidth [10]. The sparr package [10] on R software was used to implement the bootstrap method. 

Accounting for fatalities and population size
Considering the number of fatalities in the KDE is important because it can reflect the intensity of conflict events. Additionally, accounting for population size is relevant, as events in densely populated areas may not spread as widely as those in rural, remote areas. In the Malian context, most conflict events have occurred in rural areas, where access to social and health services, as well as economic opportunities, is more limited. Attacks in populated urban centres, such as the capital city Bamako, have been more targeted and sporadic. As a result, it is assumed that the broader population is less exposed to their effects, is less likely to change its behaviour, and tends to resume daily life more quickly. Consequently, risk perception in cities differs significantly from that in remote areas. This understanding draws on the lived experiences of co-authors from the country, as well as nationwide surveys documenting public perceptions of the conflict. The most recent Afrobarometer survey [11], conducted in 2024, found that 63% of rural respondents felt unsafe in their homes and neighborhoods due to insecurity, compared with 46% of urban respondents. Regional differences were also pronounced: in the more remote central regions of Mopti and Segou, perceived insecurity was 92% and 74%, respectively. It averaged 79% across the northern regions of Tombouctou, Gao, and Kidal, which together account for less than 10% of the country's overall population. By contrast, in the more densely populated southern areas (e.g., Bamako, Sikasso, Koulikoro), the perceived insecurity ranged from 44% to 48% [11, 12].  

 The KDE formula presented in (3) can be adapted to account for the number of fatalities as well as population size as weights [13]: 
,
, where 𝜑() = 1 + ) is the weight variable.  is obtained by dividing the number of fatalities for event i by the population count at the location of event i. The log scale was used, recognizing that many events had zero casualties, while a few had very high casualty numbers. The weights were then rounded to the nearest integer to reduce the effect of fluctuations in the number of casualties [13]. 

Edge correction
KDE values for areas near country boundaries can be distorted by edge effects [9, 14]. Each event contributes a kernel to the density function; however, for events near the boundaries (or edges of the study window), part of the kernel extends beyond the study area and is therefore truncated. KDE values near the boundary are thus biased downward. Diggle proposed an edge-correction method that addresses this bias by weighting each event by the inverse of the proportion of its kernel that lies within the study boundaries [14]. Events whose kernels fall entirely within the study area receive a weight of 1, whereas events for which only a fraction of the kernel lies within the boundary receive a weight of 1 by that fraction. We implemented the edge correction using Monte Carlo sampling. For each conflict event location, 1,000 random points were generated to represent the kernel's spatial spread under an adaptive bandwidth, and the proportion of points falling within the country's boundaries was used to compute the corresponding weight for each event. 

Model specifications
Several model specifications for KDE were implemented, considering changes in spatial and temporal bandwidths and windows and adjustments for population size, mortality, and edge correction. Because our objective was to produce yearly surfaces, a reference date within each year was required; we selected December 31st, and applied a 364-day temporal window so that only events occurring during the year contributed to the annual intensity surfaces. A temporal bandwidth was not always applied in our base models, as it would imply that events closer to the reference date contributed more to the estimated probability density function than those earlier in the year. Since our primary interest was to weight all events within a given year equally, the temporal bandwidth was only considered in separate models. Additionally, as a sensitivity analysis, we also considered a symmetric temporal window of ±182 days centered on the reference date, July 2. We also further restricted the kernel by applying a 500- km cap to the spatial window in addition to the temporal window.

Section 4: Exposure and outcome variables
Table S1. List of exposure and outcome variables 
	Construct
	Variable details

	Exposure to armed conflict 
	1. Continuous KDE-based conflict intensity values, capturing the expected number of conflict events per unit area
· Aggregated at community health centre catchment area and health district levels


	
	2. Standard binary conflict exposure, captured as exposure to at least 1 event
· Presence of at least 1 event at the health district level
· Proximity to at least 1 conflict event within a 50-km radius of a Community health centre


	
	3. Standard continuous conflict exposure, which is defined as the number of conflict events reported
· Aggregated at the health district level
· Aggregated within a 50-km radius from the community health centre


	Reproductive, maternal, and child health outcomes
	1. Unmet need for family planning: Proportion of women of reproductive age with unmet contraceptive needs 
· Aggregated at community health centre catchment area and health district levels


	
	2. Ineffective antenatal care: Proportion of pregnant women who attend fewer than four antenatal care visits 
· Aggregated at community health centre catchment area and health district levels


	
	3. Non-institutional delivery: Proportion of women who gave birth outside a health facility
· Aggregated at community health centre catchment area and health district levels


	
	4. Missed DTP3 vaccination: Proportion of children between 12 and 23 months who did not receive their DTP3 dose
· Aggregated at community health centre catchment area and health district levels



Section 4: Additional figures
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Figure S5. Annual conflict intensity surfaces on the log-scale obtained using Model 2 specifications, Mali 2000 to 2024. Legend: Model 2 included a temporal window of 364 days, an adaptive spatial bandwidth, and edge correction. No spatial window, temporal bandwidth, or population size adjustment was accounted for. It should be noted that the number of events per unit area (10 km2) is displayed on a log scale. 


[image: A screenshot of a computer generated image

AI-generated content may be incorrect.]
Figure S6. Annual conflict intensity surfaces on the log-scale obtained using Model 3 specifications, Mali 2000 to 2024. Legend: Model 3 included a temporal window of 364 days, an adaptive spatio-temporal bandwidth, population size adjustment, and edge correction. No spatial window was included. It should be noted that the number of events per unit area (10 km2) per time unit (days) is displayed on a log scale.
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Figure S7. Annual conflict intensity surfaces on the log-scale obtained using Model 4 specifications, Mali 2000 to 2024. Legend: Model 4 included a temporal window of 182 days, an adaptive spatio-temporal bandwidth, population size adjustment, and edge correction. No spatial window was included. It should be noted that the number of events per unit area (10 km2) per time unit (days) is displayed on a log scale.
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Figure S8. Annual conflict intensity surfaces on the log-scale obtained using Model 5 specifications, Mali 2000 to 2024. Legend: Model 5 included a temporal window of 364 days, a spatial window of 500 km, an adaptive spatial bandwidth, population size adjustment, and edge correction. No temporal bandwidth was included. It should be noted that the number of events per unit area (10 km2) is displayed on a log scale.
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Figure S9. Annual distribution of conflict intensity value on the log scale across KDE model specifications. The five model specifications are depicted. Legend: To facilitate comparison between the spatial KDE (models 1, 2, and 5) and the spatio-temporal KDE (models 3 and 4), we converted the spatio-temporal KDE models to spatial models by aggregating the estimated intensity values over the temporal window [15]. 
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Figure S10. Quintiles of KDE values for years 2013, 2018, and 2023. Legend: We considered Q4 and Q5 as population groups that were moderately and severely exposed to armed conflict, respectively. 
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Figure S11. Conflict exposure surfaces generated using the standard approaches and kernel density estimation (KDE) for the years 2013, 2018, and 2023.
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Figure S12. Comparison of kernel density estimation (KDE) and the fixed-radius approach in the population of women of reproductive age (15 to 49 years) estimated to be exposed to armed conflict. Legend: Panels 1, 2, and 3 display the agreement for years 2013, 2018, and 2023, respectively. The years’ respective percent agreement and Cohen’s kappa values are also provided.
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Figure S13. Comparison of kernel density estimation (KDE) and the fixed-radius approach in the under-five population estimated to be exposed to armed conflict. Legend: Panels 1, 2, and 3 display the agreement for years 2013, 2018, and 2023, respectively. The years’ respective percent agreement and Cohen’s kappa values are also provided.
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Figure S14. Coverage of reproductive, maternal, and child health indicators at the health district level for the years 2012 and 2018
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Figure S15. Coverage of reproductive, maternal, and child health indicators in the community health centre catchment areas for the years 2012 and 2018
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Figure S16. Association between conflict exposure measures and reproductive, maternal, and child health outcomes at the health district level, 2012. Legend: The left column displays RMCH indicator (%) distributions by the binary conflict exposure, obtained using the standard approach. The middle column shows distributions of the RMCH indicator (logit) by conflict counts on the log scale, obtained using the standard approach. The right column presents distributions of the RMCH indicator (logit) by continuous conflict intensity on the log scale, estimated using kernel density estimation (KDE). The correlation coefficients (r for the bi-serial correlation coefficient and r for the Spearman correlation coefficient), coefficients of determination (R2), and root mean square error (RMSE) are also provided. The linear regression lines are shown in light red, and the non-linear lines from generalized additive models are shown in dark red.

[image: ]

Figure S17. Association between conflict exposure measures and reproductive, maternal, and child health outcomes at the community health centre level, 2012. Legend: The left column displays RMCH indicator (%) distributions by the binary conflict exposure, obtained using the standard approach. The middle column shows distributions of the RMCH indicator (logit) by conflict counts on the log scale, obtained using the standard approach. The right column presents distributions of the RMCH indicator (logit) by continuous conflict intensity on the log scale, estimated using kernel density estimation (KDE). The correlation coefficients (r for the bi-serial correlation coefficient and r for the Spearman correlation coefficient), coefficients of determination (R2), and root mean square error (RMSE) are also provided. The linear regression lines are shown in light red, and the non-linear lines from generalized additive models are shown in dark red.
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Adaptive KDE rasters (log scale) - Temporal window of 365 days and no pop adjustment
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Adaptive KDE rasters (log scale) - Temporal window of 365 days and temporal bandwidth
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Adaptive KDE rasters (log scale) - Temporal window of 182 days and temporal bandwidth
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Adaptive KDE rasters (log scale) - Temporal window of 365 days and spatial window of 500 km
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Agreement maps per year - Underfive population pixels exposed to armed confiict
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