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A Data on three aspects of violence

We can broadly distinguish three measurable aspects of conflict-related violence that help us
study armed conflict. The first concerns the perpetration of violence and includes information
on the actors and instruments used to conduct violence. Data on this aspect encompass
information on the groups or individuals who carry out violent acts, such as combatants,
and the means through which they do so, such as tanks or weapon systems.

The second aspect concerns the direct effects of violence. Conflict actors target military
forces to degrade an opponent’s capabilities and resolve. Civilians are often harmed as col-
lateral damage and, increasingly, are deliberately targeted'—despite explicit prohibitions
under international humanitarian law. Conflict actors also frequently attack material tar-
gets, producing physical destruction. They strike military assets such as armored personnel
carriers, barracks, or tanks, and civilian infrastructure critical to military operations, like
roads, bridges, or radio towers. As we observe across conflicts, armed groups also often tar-
get the foundations of civilian life, including homes?®, cultural and religious sites®?, and
essential infrastructure such as hospitals and water facilities® %6, In contexts such as Syria,
South Sudan, and Ethiopia, armed actors have extended violence to the natural environment,
destroying crops and other resources vital for livelihoods?”-47-87:88,

The third aspect concerns the indirect consequences of violence. While some indicators of
indirect consequences overlap with direct effects, they capture impacts that occur through
more diffuse pathways. Armed conflict causes deaths not only through direct attack but also
indirectly, for example when violence drives famine or prevents access to essential health
services*?. Similarly, while the built and natural environments may be directly destroyed,
indirect consequences can arise from failures to maintain critical infrastructure or from
reduced agricultural activity. Violence may also have indirect consequences for individuals
who survive in conflict-affected environments including psychological issues or antisocial
behavior. Data on this third aspect include measures such as indirect mortality, individuals’
well-being, patterns of agricultural production, economic activity, and displacement camps.

To directly understand and respond to violence, data on the second aspect—ideally com-
bined with information on perpetrators and instruments (the first aspect)—are most critical,
as they reveal how violence unfolds over time and space. In our Analysis, we therefore focus
on approaches that enable the collection of data on the second aspect—the direct effects of
violence—while showing how combining these data with the first aspect can generate new
insights. We acknowledge that the approaches presented in this Analysis are not equally
suited to capture all forms of direct effects (for example, sexual violence). We also acknowl-
edge that data on the third aspect are essential for understanding the long-term impacts of
armed conflict and its intersections with issues such as development and health. We argue
that data integration efforts similar to those described in the main article should be pursued
to achieve a comprehensive understanding of the enduring consequences of violence.



B War damage and human toll of conflict

B.1 Approaches to capture war damage

As described in the main article, recent research has made significant progress in automat-
ically capturing building damage from satellite imagery. Historically, automated damage
assessment has focused primarily on destruction induced by natural disasters®® 3. Adapt-
ing these methods to armed conflict presents unique challenges, as war-related damage is
typically more spatially dispersed and spans longer timeframes. Consequently, systematic
detection requires tools capable of repetitively screening large areas, while remaining accu-
rate enough to isolate the few damaged structures in regions where the majority of the built
environment remains intact”*. These constraints render manual large-scale data collections
infeasible and pose challenges for automated approaches.

Several recent studies address these challenges. Machine learning-based methods using very
high-resolution (VHR) imagery can achieve high performance”*%:5, but their broader appli-
cability is constrained by high costs, demanding computing requirements, and often limited
availability of VHR optical imagery?* (see Fig. 1 in the main article). For large-scale data
collection, approaches that use freely and globally available satellite data, currently limited
to moderate resolution, are more realistic®12.

Approaches that rely on open optical images perform well in some contexts® but are
restricted in areas prone to cloud coverage and mainly suited for detecting relatively
large-scale damage. Other approaches employ Synthetic Aperture Radar (SAR) data, a
fundamentally different form of satellite observations. Unlike optical sensors, SAR sensors
emit microwave signals and capture their reflections from the surface. While SAR data are
more difficult for human analysts to interpret than optical data, they offer distinct advan-
tages, including penetrating cloud cover and operating independently of daylight. SAR-based
change detection methods, notably those that leverage the phase of the SAR signal through
SAR coherence or full interferometry (InSAR), are an established approach to detect damage
following natural disasters?!%>-100 Recent studies have begun to apply them successfully to
conflict monitoring”'"'2. Other approaches rely on amplitude-only SAR time series, which

are more lightweight to process'®.

A different approach uses fires detected through thermal imaging as indicators of possi-
ble war damage. Fires are prevalent across the spectrum of modern warfare, and fire data
have supported assessments of dwelling destruction!'®* 194, While many studies rely on man-
ual interpretation validated with optical imagery, some use automated analysis'®>1¢, Such
approaches could potentially guide existing damage assessments to areas where damage
likely occurred.

Satellite data also capture conflict-driven changes to the natural environment. Studies doc-
ument vegetation damage from rocket fire or munitions detonations®®, fires set to trees and
crops2%°1 and other forms of direct clearance of vegetation®? that may be aimed at under-
mining food security®”87, disrupting agricultural livelihoods?”"'%7, or removing cover for
combatants®®. Satellite observations also document the scale and speed of conflict-induced
changes in reservoirs'®®, waterways'%?, and air quality''?, often linked to infrastructural
damage®® separately identified through image analysis. Indirect changes to soil''!, water
quality''2, and broader land use patterns**1'3-115 during wartime are also readily detected;
while sometimes unintended, they are no less detrimental to resource-dependent livelihoods
and human health!''S. Long-term satellite monitoring further reveals the environmental
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impacts of war preparation'!” and the enduring ecological legacies of war , which are

not typically recorded in conflict event databases.

B.2 Capturing the human toll

Capturing violence against people through satellite data presents greater challenges, unless
such violence results in material damage or other physical changes. Humanitarian actors use
satellite imagery to identify new mass graves for operational needs'!*—information that can
also serve as an indicator of conflict severity in the absence of reliable reporting. However,
fatalities are usually better captured through text-based data.

One area where satellite-derived data can provide valuable insights is in identifying the place,
time and potential scale of complex humanitarian emergencies that conflicts often trigger
by disrupting essential services such as food, water, healthcare and mobility. Satellite data
on nighttime light (NTL) can indirectly signal such disruptions to civilian life. Research
shows that NTL fluctuations align spatially with shifting frontlines and temporally with
escalations and lulls in violence??:31:120-123  This makes NTL a promising general proxy for
humanitarian crises'?* while underscoring the need for more research to determine which
phenomena it reliably captures.

The greatest potential of satellite-derived data for capturing the human toll of conflict,
however, lies in capturing data on displacement, a key manifestation of conflict-related vio-
lence'?5. This is especially important because displacement is notoriously difficult to observe:
traditional data collection approaches, often reliant on surveys or potentially biased admin-
istrative reporting, typically only yield infrequent, unsystematic information'?%:127 at an
aggregated level'?®. Such limitations hinder effective humanitarian response and obscure our
understanding of displacement dynamics.

Satellite data cannot directly measure displacement, but can help us identify origins and
destinations, estimate population sizes, and—in combination with other data—offer insights
into population movements. Because dwellings and assets like crops are essential for shelter,
livelihoods, and food security®?87129, georeferenced data on their destruction or abandon-
ment can provide indirect cues about displacement origins®?!!1%130 information that rarely
exists'!. One particular challenge is that large populations may be involuntarily immo-
bile due to climate stress, poverty, legal barriers, or type of conflict'?2, while others may
flee in anticipation of violence even before damage occurs. Data on NTL!33 136 and poten-
tially even on waste disposal sites'3” could complement displacement origin analysis by
indicating whether humans still reside in an area. Similarly, satellite data can offer informa-
tion on displacement destinations by detecting new structures. Satellite analysis has long
been used to identify camps and informal settlements'3®139, with deep learning techniques
using VHR imagery emerging more recently'4%:'4!. Beyond locating camps and estimating
their sizes, studies using open-access data show that automatically detecting new settlement

construction can help inform population count estimates'42-144,

C Data generation processes and limitations

Text-based data and satellite-derived data are collected through fundamentally different
data generation processes (see Fig. 1), resulting in distinct strengths and core limitations.



C.1 Text-based data

Text-based data are currently the only type of conflict event data available in a systematic
and global manner'* !¢, These datasets primarily draw on global and local media reporting3®
and provide coverage of violent events over multiple decades.

The dominant approach to collecting such data remains manual coding. Human coders gen-
erate conflict event data by triangulating newswire reports and incorporating other forms of
human reporting, including information from non-governmental organizations, international
organizations, and social media. The source material used for coding is selected through
defined search strategies, such as systematic media monitoring using keywords, comple-
mented by specialized sources and targeted additional searches!4>. Manual coding currently
remains the benchmark for data quality, as trained coders cross-check sources and verify
reported information. At the same time, manual coding faces inherent challenges. It is highly
labor intensive and constrained in its coverage of languages*. Coders also frequently confront
a sourcing dilemma'®: proximity to an event tends to increase the level of detail available,
but also raises the risk of bias.

With advances in natural language processing and large language models, automated
approaches to detecting conflict events from text are beginning to emerge3' 33, A key advan-
tage of these approaches is scalability: once established, they require substantially less human
labor and can process large volumes of text. Automated methods may also mitigate some
limitations of manual coding, for example by incorporating local news sources in local lan-
guages, thereby increasing coverage of conflicts that receive limited international media
attention, although the sourcing dilemma persists. At the same time, automation introduces
new challenges, particularly due to reduced corroboration and validation of events. Parti-
san reporting, misinformation, and disinformation pose serious problems for text-based data
collection*. While professional data collection efforts mitigate these risks through qualita-
tive source assessment and triangulation, automated approaches remain more vulnerable to
biased or misleading inputs. Existing methods also tend to rely on relatively simple proce-
dures for de-duplication and event consolidation and involve trade-offs between performance
and precision, with some uncertainty likely to persist even as detection methods continue to
improve.

Improvements in neither manual nor automated approaches can resolve the core challenges
associated with reliance on human reporting. These challenges stem from the underlying data
sources themselves rather than from specific collection or coding procedures. As a result,
they affect both the likelihood that violence is recorded in a dataset and the accuracy with
which it is recorded. Three notable examples are:

Uneven coverage: the probability that conflict events are documented in text-based data
varies widely across space and contexts. It depends on factors such as proximity to population
centers, access to communication infrastructure, and the ability of media or other observers
to reach affected areas* ©:3%146 These dynamics generate systematic gaps in coverage and
a strong urban bias, both in terms of whether events are recorded at all and the spatial and
temporal precision with which they are captured.

Newsworthiness: although text-based datasets can, in principle, record any aspect of polit-
ical violence that is reported in their source material, some types of events are far more
likely to be documented than others. Events involving fatalities are far more likely to be
covered in news and other forms of human reporting than non-lethal events'*!7. Conse-
quently, widely used conflict datasets tend to focus on specific forms of violence, such as



events involving fatalities among combatants and civilians'*'47, or on other salient cate-

gories of political violence, including battles, violence against civilians, protests, explosions,
and strategic developments'®. Non-lethal forms of violence are strongly underrepresented
in conflict event data!”. Furthermore, events that involve large groups of victims are more
likely to be reported than small events'*®.

Spatial imprecision: text-based data can only approximate the location of violent events.
While some reporting provides precise spatial information, in many cases it is not possible to
identify the exact location where violence occurred®®. In the most widely used datasets'* 15,
the highest level of spatial precision is usually at the settlement, represented by a coordinate
(e.g., the settlement centroid). Frequently, even this level of detail is unavailable, and coders
assign locations at the level of districts, provinces, or entire countries. Data providers are
transparent about these procedures and include information on spatial precision to reduce
the risk of misleading inference. Nonetheless, spatial imprecision has important consequences
for researchers, often constraining them to conduct analyses at more aggregate spatial levels
when relying on existing conflict event data®.

C.2 Satellite-derived data

In contrast to text-based conflict event data, satellite-derived data on violence are not yet
available on a systematic and global basis. Historically, the dominant approach to collect-
ing such data was the visual inspection of VHR images, but manual annotation is highly
labor-intensive and VHR imagery is usually only available through expensive commercial
providers. Because large-scale collection requires repeated screening of entire conflict zones,
such resource-heavy and costly approaches are often not feasible. Emerging automated
detection methods open the door to more systematic coverage. As noted in Appendix B,
approaches to automatically detect damage are available using both VHR, and moderate
resolution imagery. At scale, however, open-access data are often the only option,d even if
their currently lower spatial resolution makes detection more challenging.

Several factors shape how reliably violence can be detected in satellite data, including the
form of violence, the physical environment, the satellite mission and sensor modality used,
and researcher choices around where to train models.

Form of violence: Buildings that are torched, damaged by an airdropped bomb, or demol-
ished by an armored bulldozer are more readily detected than those that sustain lateral
damage from high-precision targeted strikes or small arms and light weapons. Some forms of
violence leave relatively little impact on the built-up or natural environment. Cartel and gang
violence in Mexico and Central America, for example, produces mass fatalities, but mate-
rial destruction is sporadic and localized. Because the spatial and temporal co-occurrence
of war damage and other manifestations of violence, such as fatalities, varies across conflict
contexts and actors, researchers should use satellite-derived war damage data as a proxy for
the intensity of violence only where strong assumptions about co-occurrence hold. Integrat-
ing satellite-derived and text-based data likewise requires a clear account of how different
manifestations of violence relate in the specific case at hand.

Physical environment: Detectability varies across conflict settings and within them. Dense
vegetation hides underlying structures; in heavily forested conflict settings such as Myanmar,
Colombia, or the Democratic Republic of Congo, tree canopy makes it difficult to identify

dUnless commercial providers agree to support conflict research with access to imagery, and possibly also compute
resources.



damaged buildings, unless the vegetation is burned along with the dwellings. Even within
a single conflict zone, detectability may vary between urban centers and peripheral areas.
Buildings in the periphery tend to be smaller and more dispersed. Furthermore, the use of
organic construction materials, especially in comparatively less developed rural areas, can
reduce the visibility of structures. For example, the use of clay and wood for walls and build-
ing foundations, along with thatched roofs made out of straw, grass, and similar materials in
the context of Cameroon’s Far North Region means that rural dwellings often have similar
reflection signatures as the surrounding landscape. Smaller and more informal dwellings are
also less reliably captured by the settlement and building layers. If such layers are used in
post-processing, this can become an additional source of error both across geographic con-
texts and within individual countries. Some challenges related to the physical environment
are more salient for moderate-resolution imagery than for VHR imagery: for example, dam-
age to small structures is more challenging to detect in moderate resolution imagery as the
structure may only occupy one pixel; accordingly, the urban bias is likely more pronounced
for assessments based on moderate resolution data. As sensors improve and settlement and
building layers are updated more regularly, such biases can be mitigated.

Satellite mission and sensor modality: Identifying the timing of physical damage or new
structures typically requires at least two images to detect change. The archival availability
of commercial satellite data varies by constellation. Open-access satellite data, such as those
provided by NASA and ESA, have high revisit frequencies but are currently available only
at medium to low spatial resolution. Cloud cover and other atmospheric issues may extend
intervals between usable optical images to weeks or months, introducing seasonal patterns
and disparities between cloud-prone regions, such as the Congo Basin, and arid regions, such
as the Sahel. SAR-based approaches (see Appendix B) can mitigate cloud-cover constraints,
although validation through very high-resolution optical imagery may remain challenging.
Different satellite products also have varying levels of positional error, so simply overlaying
data from different sources can produce highly uncertain results, requiring careful accounting
for these errors in analysis.

Researcher choices and data availability: Beyond technical processing, the likelihood of
detecting specific violence manifestations is also shaped by choices made by researchers who
develop automated detection methods. Examples of these choices include decisions about the
conflicts or geographical areas used to train statistical models, or the types of phenomena
to investigate (e.g., urban damage versus cropland abandonment). Such decisions inherently
influence which manifestations of political violence, and in which locations, are more or
less likely to be detected and, consequently, their inclusion in satellite-derived datasets.
Current approaches are typically trained in settings where reference data is available, such
as Ukraine, Gaza, and Syria, and may not transfer easily to other settings, in particular
to settings with other types of violence and less formal settlements. However, this problem
can be mitigated by aligning research priorities with the goal of systematic large-scale data
collections, including prioritizing transferability and generalization.

Yet ultimately, while technological advances offer potential improvement and mitigate some
challenges, the core limitations related to satellite-derived data persist. The data remain
limited to objects or impacts visible from specific satellite viewing angles and are restricted
to events with physical manifestations. And while satellite imagery provides essential large-
scale geographic context often not available through text-based data, it lacks other forms of
contextual information that can only be obtained from textual sources.



D Automated spatial improvement

While the local-level spatial improvement analyses presented in the main article (Fig. 2
and Extended Data Figs. 1 and 2) were implemented manually to illustrate the analytical
logic, the underlying workflow is fully scalable, contingent on the availability of satellite-
derived damage data. In contexts where settlement polygons are available, such as the GRID3
settlement extents datasets for Sub-Saharan Africa'*”, the procedure can be implemented
systematically. In such settings, longitude and latitude information from conflict event data
can be intersected with settlement polygons to identify affected settlements, which can
then be spatially intersected with satellite-derived damage data to delineate destroyed and
non-destroyed areas within each settlement.

For larger-scale analyses where visual inspection of individual settlements is not feasible,
this pattern can be quantified using spatial indicators, such as the total area or proportion
of the settlement affected by destruction. To distinguish between localized and dispersed
targeting patterns, researchers can employ measures of damage concentration (such as the
share of total destroyed area accounted for by the largest contiguous damage polygons or
the density of damage clusters within a settlement). If detailed within-settlement spatial
data on the spatial distribution of ethnic residents are available, this information can also be
mapped onto the destroyed versus intact area information derived from the satellite imagery
to identify correlations between ethnicity and destruction patterns.

In contexts where settlement polygons are unavailable, as in our Myanmar analysis, the same
logic can be adapted using the smallest available administrative units to pre-filter affected
versus non-affected areas using the conflict event data. These areas can subsequently be
intersected with high-resolution population data to isolate inhabited space, which is then
overlaid with satellite-derived damage data to classify populated areas as affected and non-
affected. Summary indicators capturing the extent and spatial distribution of destruction
can be derived from these data, enabling comparative analyses across locations.

E Spatial-autocorrelation analysis

In the main article, we assess differences in building damage between populated areas gained
by Russia and those retaken by Ukraine, conducting statistical analyses within a five-month
window of first stable transitions during the frontline war (results reported in Fig. 3 and
Extended Data Tables 1 and 2). To check the independence assumption underlying the
per-month tests, we compute Moran’s I on log 1p(newly damaged buildings) using a spatio-
temporal weights matrix (see Table E1).

Moran’s I is positive and statistically significant across all relative months, indicating spatial
clustering of damage. However, values are essentially flat between T' = 0 and T = 2, indicat-
ing that event timing is not driving the spatial pattern. We interpret this as evidence that
the clustering reflects timing-invariant baseline structure such as frontline geography and
terrain, rather than within-cohort spillover between contemporaneously affected cells. The
per-relative-month tests are therefore informative about the asymmetry in building damage
associated with Russian versus Ukrainian gains, not artefacts of localized contagion. Note
that these tests describe the asymmetry observed in our sample of first stable transitions;
they do not isolate targeting choices from operational differences between Russian advances
and Ukrainian counteroffensives.



T Group Rel. month n Nactive 1 z Prerm

Pooled m-2 243 241 +0.405 11.44 0.001
Pooled m-1 243 241 +0.373 10.81 0.001
Pooled m 0 243 241 +0.247 7.42 0.001
Pooled m+1 243 241 +0.253 7.24 0.001
Pooled m+2 243 241 +0.197 5.82 0.001
Russian gains m-2 95 93 +0.453 6.48 0.001
Russian gains m-1 95 93 +0.419 6.40 0.001
0 Russian gains mo 95 93 +0.241 3.62 0.001
Russian gains m+1 95 93 +0.254 3.89 0.002
Russian gains m+2 95 93 +0.133 2.00 0.050
Ukrainian gains m-2 148 145 +0.287 6.82 0.001
Ukrainian gains m-1 148 145 +0.175 3.80 0.003
Ukrainian gains mo 148 145 +0.149 3.51 0.004
Ukrainian gains m+1 148 145 +0.240 5.46 0.001
Ukrainian gains m+2 148 145 +0.281 6.29 0.001
Pooled m-2 243 243 +0.412 12.02 0.001
Pooled m-1 243 243 +0.365 11.06 0.001
Pooled m 0 243 243 +0.263 7.72 0.001
Pooled m+1 243 243 +0.247 7.1 0.001
Pooled m+2 243 243 +0.212 6.16 0.001
Russian gains m-2 95 95 +0.460 8.33 0.001
Russian gains m-1 95 95 +0.364 6.94 0.001
2 Russian gains mo0 95 95 +0.270 5.16 0.001
Russian gains m+1 95 95 +0.194 3.81 0.001
Russian gains m+2 95 95 +0.115 2.18 0.034
Ukrainian gains m-2 148 148 +0.295 6.75 0.001
Ukrainian gains m-1 148 148 +0.206 4.84 0.001
Ukrainian gains mo 148 148 +0.146 3.50 0.005
Ukrainian gains m+1 148 148 +0.247 5.75 0.001
Ukrainian gains m+2 148 148 +0.274 6.48 0.001

Table E1: Moran’s I on loglp(newly damaged buildings) using a spatio-temporal weights matrix. For
each populated area, neighbors are defined as the six nearest cells by centroid distance, restricted to those whose
event month falls within +7 months of the target. We report results at T' = 0 (strict same-event-month
neighbours) and T' = 2 (£2 months), with 999-permutation p-values.
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