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Abstract13

The illegal wildlife trade (IWT) persists despite intervention, demanding new approaches to allocate14

limited prevention and enforcement resources more effectively. Spatial machine learning has been applied15

to IWT for this purpose, but mainly along one dimension – place. We extend this to simultaneously16

address place, species, and time, applying machine learning to participatory mapping data analyzed17

through a crime script framework to identify drivers and undetected hotspots across the preparation,18

pre-activity, activity, and post-activity stages of the illegal pangolin scale trade in Cameroon. The level19

of biodiversity, distance to international borders, and tree cover emerged as shared drivers across all20

stages, while hunting zones, food insecurity, and banking infrastructure distinguished individual stages.21

Each location was further assigned a relative risk score of trafficking involvement, surfacing high-risk22

candidate hotspots absent from existing records. These findings demonstrate that machine learning can23

extend IWT analysis beyond space to include time and species, sharpening targets for interventions like24

enforcement.25

1 Introduction26

Most research on the illegal wildlife trade (IWT), a globally distributed crime affecting the environment,27

has been descriptive and place-based: counting seizures, mapping known trade routes, and characterizing28

historical trends [52, 62]. While this body of work has been essential for establishing the scale and geographic29

scope of the problem, it has not yet translated into desired improvements in enforcement effectiveness or IWT30

prevention [2, 8, 43, 44]. The quality and accessibility of existing data sources compound this limitation.31

Law enforcement seizures and incident records are a biased sample of actual IWT activity, reflecting where32

enforcement agencies looked rather than where IWT occurs, and are not frequently documented or shared33

[31, 42]. This bottleneck is not necessarily due to a lack of descriptive knowledge about IWT, but a lack of34

predictive capacity – the ability to anticipate not only where IWT will occur, but also when in the criminal35

process it will occur, before it is detected, rather than cataloging where it has already been observed. Machine36

learning models trained on such data risk reproducing the same blind spots that already limit the effectiveness37

of enforcement [38]. Building predictive capacity for IWT requires moving beyond retrospective incident data38

toward approaches that characterize the ecological and human-driven (e.g., infrastructure, governance, and39

socioeconomic) conditions that make specific locations conducive to IWT activity and surface high-risk40

locations before they appear in any seizure record. This is the gap our study helps fill.41
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Effective intervention against IWT is an urgent global priority, called for by international bodies includ-42

ing the Convention on International Trade in Endangered Species of Wild Fauna and Flora (CITES), the43

United Nations Office on Drugs and Crime (UNODC), and the International Criminal Police Organization44

(INTERPOL), yet existing approaches remain insufficiently targeted to produce meaningful reductions in45

trade [45, 65]. If IWT activity leaves distinct spatial signatures at each stage of the criminal process, then46

interventions targeted to those stage-specific locations — rather than only where seizures happen to occur —47

may prove more effective at disrupting the trade [40]. Crime script analysis provides a structured framework48

for decomposing complex criminal acts into four stages (preparation, pre-activity, activity, and post-activity)49

and enabling identification of the distinct locations associated with each [6]. Preparation locations are those50

where traffickers meet to strategize and gather supplies, pre-activity where they move into position, activity51

where the illegal acts of focus are committed, and post-activity where goods are processed, transported,52

or laundered. Accounting for this spatiotemporal variation adds a temporal and functional dimension to53

wildlife crime analysis that purely place-based approaches cannot provide.54

Here, we demonstrate a machine learning-based predictive framework able to account for such spatiotem-55

poral variation at the scale of individual triangular cells of size ∼4.72 km2 across an entire country. The56

raw input data consisted of the locations of perceived illegal pangolin scale trade activities derived via par-57

ticipatory mapping with local community members and experts [22]. This participatory mapping data was58

categorized as being part of one of four crime stages and analyzed using a geographic information system59

to produce grid layers of hot spots [23]. These processed data were then used as the primary input for our60

predictive analysis. This is a form of spatial intelligence that goes beyond what enforcement-based records61

alone can provide, including informal spaces and places that official data systematically misses [22, 61].62

These data should be interpreted as locations of perceived risk and community expertise rather than verified63

incident locations, which we elaborate on in Section 4.1.64

Machine learning methods have been applied to many spatially explicit prediction tasks in conservation65

[16, 55, 64]. The application to IWT is more limited, but a growing body of work has begun to demonstrate66

how machine learning models can build risk maps of potential undetected hotspots of IWT activity and67

derive the key characteristics of those locations that make them targets of wildlife crime. For example,68

Murray et al. [46] applied machine learning to predict airport involvement in IWT globally. They identified69

airports that did not have any reported seizure activity, yet their model predicted them to be involved70

in the trade. They also uncovered the structural and geographic characteristics of airports that make71

them more likely targets for IWT. While their approach represents progress in utilizing advanced analysis72

for IWT, it was constrained to a single component of the trafficking problem, which is the location or73

place where the transport of illegally traded wildlife occurs. It did not address species-specific outputs or74

the temporal variation in drivers of criminal activity, from preparation through post-activity. This study75

extends this framework by using machine learning to consider socioeconomic, infrastructure, governance, and76

species-specific ecological features (i.e., covariates) measured at a fine geographic resolution country-wide and77

disaggregate our modeling across different stages of the crime, from preparation to post-activity.78

This study addresses two research objectives. First, we show that machine learning models trained79

on crime scripting data can generate continuous risk surfaces across space and the temporal stages of the80

crime, surfacing candidate undetected locations and their associated degree of risk, which is information not81

represented in existing expert knowledge or reported incident records. Second, we show how machine learning82

can unveil the differing spatial drivers of IWT across crime script stages, and highlight what ecological and83

human-driven characteristics distinguish each stage from the others. Together, these objectives advance a84

spatiotemporal approach to machine learning for IWT that simultaneously integrates species, place, and85

stage of the crime, a combination not previously attempted in the IWT literature. We apply our approach86

to one of the most heavily trafficked species, pangolins, in Cameroon, using participatory mapping data87

gathered from community members and experts on their observations of the illegal pangolin scale trade in88

the country.89

Our models achieved strong predictive performance across all four crime script stages. Our analysis90

identified biodiversity levels, distance to international borders, and open tree cover as consistent crime91

drivers across all stages. Distance to villages and protected areas distinguished preparation, distance to92

food insecurity zones distinguished pre-activity, and distance to banking infrastructure distinguished post-93

activity, revealing distinct geographic signatures for each temporal stage. Hunting zone distance was also94

an important driver shared across preparation, pre-activity, and activity, most pronounced in preparation.95
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Our spatiotemporal risk assessment further generated risk scores for each crime script stage, identifying96

potential high risk locations outside known illegal pangolin scale trade zones, including a corridor in the97

Centre, Littoral, and West administrative regions of Cameroon, and revealing how illegal pangolin scale98

trade risk varies in magnitude and spatial extent across stages. Together, these results demonstrated that99

crime script-informed spatial machine learning can reveal new and unique details of IWT across space, time,100

and species.101

2 Results & Discussion102

We present high-level results for four spatial machine learning models based on Balanced Random Forests,103

one for each stage of the crime script (i.e., preparation, pre-activity, activity, and post-activity). All four104

models demonstrated strong performance, as evaluated under 5-fold spatial block cross-validation. AUC-105

ROC values ranged from 0.803 to 0.914, indicating good discrimination between hotspot and non-hotspot106

cells across all models [15]. The preparation stage model achieved the highest overall performance (AUC-107

ROC = 0.914), while the pre-activity stage model showed the lowest (AUC-ROC = 0.803). The lower108

pre-activity performance could be due to the relative sparsity of pre-activity hotspot labels (11.5% of cells)109

relative to the other crime stages, or that the predictors included in our modeling did not represent the110

pre-activity stage to the same degree. Full performance evaluation for each crime stage model can be viewed111

in Table S.1.112

2.1 Hidden Hotspots: Spatiotemporal Risk Assessment Modeling113

Cells predicted by the model to be involved in the illegal pangolin scale trade in at least one stage of the114

crime, but not identified as a hotspot in the participatory mapping data, were mapped and labeled with115

our model’s risk score that the respective cell was implicated in the illegal pangolin scale trade (Figure 1).116

It is important to note that the participatory mapping hotspots represent locations where there was strong117

agreement among study participants. Cells outside these areas are not necessarily confirmed to be free of118

illegal pangolin scale trade activity, but simply are locations that were either not identified during data119

collection or where participant agreement fell below the hotspot threshold (Section 4.1). Alongside our120

model predictions, we mapped reported locations of pangolin-related IWT activity from the civil society121

groups TRAFFIC, the Environmental Investigation Agency (EIA), and EAGLE, who mainly document122

seizure locations [10, 12, 63]. This analysis was built directly on the prediction-error framework established123

by Murray et al. [46], which demonstrated that machine learning models could identify airports implicated124

in IWT that had never appeared in seizure records. This study advanced Murray et al. [46] in an important125

way. The previous work could only identify which nodes in an IWT network were likely involved. The126

fine-scale spatial framework applied here allowed us to characterize where, within a country, undetected127

activity is occurring, at what stage of the crime, and what ecological and non-ecological conditions define128

those stage-specific locations. These predicted high risk areas are mappable, characterizable places with129

identifiable ecological, infrastructural, governance, and socioeconomic signatures.130

Predicted high risk areas were concentrated in the southern part of the country, predominantly in the131

Centre, East, Littoral, and South administrative regions and overlapped with many of the reported seizure132

locations (Figure 1, see Figure S.1 for administrative boundaries [29]). Many of these cells fell immediately133

adjacent to or outside the boundaries of confirmed hotspot locations identified by the participatory mapping134

study participants. This suggests that the spatial extent of illegal pangolin scale trade exceeds what was135

documented through participatory mapping.136

Of the 99,572 cells comprising the Cameroonian study area, 32,792 (32.9%) were predicted to be im-137

plicated in the illegal pangolin scale trade despite not being documented as a hotspot in the participatory138

mapping data in at least one stage-specific model. Among these predicted locations, 15,973 cells (48.7% of139

all predicted cells) were flagged by only a single stage-specific model, suggesting these locations have spatial140

conditions conducive to one particular stage of the crime but not others. A further 8,165 cells (24.9%) were141

flagged by two stage-specific models, 6,788 cells (20.7%) by three models, and 1,866 cells (5.7%) by all four142

stage-specific models simultaneously. This last group, cells predicted to be involved in illegal pangolin scale143

trade across every crime script stage but not implicated by the participatory mapping data, could be loca-144
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Figure 1: Maximum predicted risk of illegal pangolin scale trade across all four stage-specific pangolin trade
crime script models for each cell in Cameroon. For each cell, the value shown represents the highest predicted
risk assigned by any single stage-specific model, indicating locations where at least one stage of the trade
crime script is predicted to be involved in the illegal pangolin scale trade. Only cells predicted to be involved
by the model but not documented as a hotspot in the participatory mapping data are displayed, colored by
maximum predicted risk of illegal pangolin scale trade (0.3-1.0), with warmer colors indicating higher relative
risk scores. Participatory mapping hotspots (tan polygons) and reported trafficking incidents from EAGLE
Network seizure records, the Environmental Investigation Agency (EIA), and the TRAFFIC Wildlife Trade
Portal are overlaid for reference.

tions that may function as multi-purpose nodes within the illegal pangolin scale trade rather than locations145

implicated in a single stage of the crime.146

Some meaningful variation was present in the spatial distribution of potential undocumented illegal pan-147

golin scale trade at each crime script stage (Figure 2). The preparation-stage model (Figure 2.A) predicted148

high risk areas that were spatially concentrated along the edges and in connective corridors between areas149

identified through participatory mapping, rather than in entirely new geographic areas, expanding the per-150

ceived hotspot footprint by 53.4% (the smallest expansion of any stage-specific model). This implies that151

preparation activities, such as the sourcing of pangolins that are used for the illegal pangolin scale trade, are152
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Figure 2: Crime-stage-specific risk mapping of predicted illegal pangolin scale trade: Predicted risk for each
crime stage, including hotspots already identified by participatory mapping (tan polygons). Cells predicted
as high risk by the model but not documented as hotspots in the processed participatory mapping data are
colored by their relative model scores (0.3–1.0), with warmer colors indicating higher risk scores.

closely tied to the ecological conditions that define known hotspot areas. The predicted high risk areas here153

suggest that the preparation stage of the illegal pangolin scale trade operates across a more spatially contin-154

uous landscape than the discrete hotspot polygons derived from the participatory mapping study participant155

inputs imply, and that boundaries between participant-perceived activity spaces should not be considered156

truly empty space.157

The pre-activity, activity, and post-activity models had different outcomes (Figure 2.B,C,D). In addi-158

tion to filling in connective gaps between documented hotspot areas from the participatory mapping data,159

these three stage-specific models consistently predicted a distinct cluster of locations in the western part of160

Cameroon, particularly in the Centre, Littoral, and West administrative regions, which overlaps with some of161

the documented seizures from EAGLE /seen in Figure 1. The proportional expansion of the known hotspot162

footprint is also considerably larger for these stages, at 124.8%, 126.0%, and 116.0% for pre-activity, activity,163

and post-activity, respectively, more than doubling the geographic extent identified by participatory map-164

ping alone. The presence of high risk cells not documented in the participatory mapping data across three165

functionally distinct crime script stages (pre-activity, activity, and post-activity) in the same geographic area166

in the western corridor may reflect the region supporting multiple stages of the trade network simultaneously.167

An alternative explanation is that participatory mapping data collection was less represented in this region,168

meaning fewer community members and experts documented these locations, and the corridor may represent169
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a data gap rather than a true gap in trade activity.170

2.2 Uncovering Drivers of IWT across Time and Space171

Feature importance analysis based on SHAP values was performed across all four models to identify the172

environmental, infrastructural, governance, and socioeconomic features most strongly associated with higher173

likelihood of illegal pangolin scale trade at each crime script stage (Figure 3) [39]. Notably, while ecological174

features, such as biodiversity levels and land cover type, appeared among the important predictors, many175

features with strong predictive influence fell outside of this category, suggesting the geography of the illegal176

pangolin scale trade is also shaped by human systems. Features related to distance to borders, enforcement177

presence, financial infrastructure, food insecurity, and land-use patterns collectively dominated the predictive178

signal across all four models, underscoring that illegal pangolin scale trade is human-driven [18]. The spatial179

variation of these features is visualized in Figure S.2.180

Comparing the key drivers identified in each crime stage model, a subset of ecological and human-driven181

features emerged as strong predictors in every crime stage. High measurements of biodiversity were positively182

associated with higher likelihoods of illegal pangolin scale trade across all stages, reflecting the concentration183

of pangolin scale trade activity within the high-biodiversity forest zones of Cameroon. The distance to the184

closest open tree cover (areas with a relatively sparse or discontinuous tree canopy) and the distance to185

the nearest international border also appeared consistently, and cells further from these areas were more186

likely to be implicated in illegal pangolin scale trade by our models. These features are all accessible via187

openly available data sources. This has implications for the generalizability of our modeling framework.188

Even in countries with limited or no existing illegal pangolin scale trade detection data, these features could189

provide a spatially meaningful signal of illegal pangolin scale trade risk that could be used to prioritize190

prevention, intervention, or law enforcement efforts if illegal pangolin scale trade drivers are believed to be191

similar between Cameroon and the other countries.192

Preparation The preparation stage model had the largest number of highly influential features (mean193

|SHAP| ≥ 0.020, n = 11) and the highest proportion of features unique to this stage (Figure 3). This large194

number of predictors suggests that preparation areas for the pangolin trade in Cameroon are embedded in195

complex social-ecological environments that are simultaneously shaped by biodiversity, land use, population196

distribution, and proximity to administrative infrastructure. In addition to the features shared across all197

models, the preparation stage uniquely had biodiversity intactness, presence of meadow land use, presence198

and number of forests present, mean population density, distance to closest village, and distance to protected199

areas. The association with biodiversity intactness suggests that preparation activities concentrate in areas200

with relatively intact ecological communities, where pangolins could be more likely to be present, which is201

supported by bio-monitoring literature for the pangolin species that reside in Cameroon [25, 30, 33, 48].202

The socioeconomic feature, human population density, the infrastructure feature, distance to closest village,203

and the ecological features, meadow land use (representing managed grassland typically used for agricultural204

activities such as hay production or grazing) and forest land use, may reflect the environments where hunters205

operate and animals are initially acquired before entering the trade network. The governance feature,206

distance to closest hunting zone, was also important for this stage, with over double the mean |SHAP| values207

than it had for the other two crime stages that shared this feature, pre-activity and activity, suggesting208

that early-stage illegal pangolin scale trade activities (which include pangolin poaching) can occur in areas209

that allow hunting, even though pangolin hunting is illegal everywhere in Cameroon. This was also the210

only stage that did not have the infrastructure feature, distance to the closest parking facility, identified211

as influential. From a prevention standpoint, these results suggest that the involvement of a wide range212

of stakeholders and approaches beyond law enforcement can help with place-based efforts to reduce the213

conditions that make certain locations conducive to the earliest stages of the illegal pangolin scale trade.214

This includes community leaders, religious authorities, healthcare workers, teachers, sports coaches and215

players, local NGOs and governance structures working within their traditional approaches (e.g., demand216

reduction, alternative livelihood strategies).217

Pre-Activity The pre-activity stage uniquely identified distance to food insecurity zones classified at218

severity level 2 as an important predictor, with cells closer to these zones more likely to be implicated219
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Figure 3: Feature Importance: Mean |SHAP| values for all features with mean |SHAP| ≥ 0.02 in at least one
crime script stage model. Each bar represents the mean absolute SHAP value for a given feature in a given
stage-specific model, with bar color indicating crime script stage (blue = preparation, orange = pre-activity,
green = activity, red = post-activity). Features with no visible bar for a given stage were not selected by
RFECV for that model or did not have a mean |SHAP| ≥ 0.02. Features are ordered by maximum mean
|SHAP| value across all stages. Icons to the left of each feature labels indicate feature category ( = eco-
logical, = infrastructure, = socioeconomic, = governance), with the infrastructure, socioeconomic,
and governance categories making up our human-driven features.

(Figure 3). While most of Cameroon fell in a severity level 1, this finding suggests that the closer a location220

is to a more food-insecure area, the more likely that location was to be involved in this stage of the illegal221

pangolin scale trade [17]. Exploring the relationship between the places and people where food insecurity222

occurs and conservation outcomes is an interesting area for future research, as food insecurity could be223

7



driven by many factors, including poverty, geopolitical and human-wildlife conflict, or weather patterns.224

This stage also shared the governance feature, distance to hunting zones, with the preparation and activity225

stages, but had the lowest mean |SHAP| value across the three stages, suggesting it is less important than226

it is for the other two stages. The governance feature, distance to the closest police presence, was an227

important predictor in the pre-activity stage, with cells closer to documented police presence more likely to228

be implicated. This feature was shared with the post-activity stage and to a comparable degree, suggesting229

that both stages tend to occur in more densely populated, infrastructure-rich environments rather than230

remote areas — where proximity to law enforcement co-occurs with the urban and peri-urban conditions231

conducive to these activities rather than serving as a deterrent. Lastly, distance to the closest parking facility232

was more important for this stage than it was for the stages it was shared with, activity and post-activity.233

Activity The activity stage had no features unique to it when compared with the other three stage-234

specific models (Figure 3). Distance to Nigeria was this model’s most important feature, which it shared235

with the post-activity stage. It also shared distance to parking facility with the pre-activity and post-236

activity stages. Lastly, it shared the distance to hunting zones feature with preparation and pre-activity.237

This suggests that the transaction of pangolin products likely occurs in locations that simultaneously serve238

as key locations for other stages of the crime. This means the spatial structure of the illegal pangolin scale239

trade is dictated by earlier or later stages of the crime. We know that when an activity stage requires specific240

spatial features/conditions, a crime is geographically bound. However, when it lacks unique spatial features,241

it is spatial opportunism [6, 60]. This tells us that offenders are acting wherever they encounter pangolins242

rather than seeking out specific geographic locations. This implies interdiction at the activity site will fail,243

as offenders can easily displace the activity stage to a different location. Additionally, hotspot policing relies244

on deploying patrols to the physical location where the crime occurs (e.g., activity location). If the activity245

stage has no unique spatial predictors, resources spent patrolling will be challenging to target and, therefore,246

yield low returns compared to other crime stages.247

Post-Activity The post-activity stage uniquely identified distance to banking infrastructure as an im-248

portant socioeconomic predictor, with cells closer to banks more likely to be implicated (Figure 3). The249

post-activity stage of wildlife trafficking encompasses the financial exchange of wildlife products following250

their acquisition and sale, including the laundering of proceeds from illegal sales [14]. Distance to closest251

bank appearing as a unique predictor at this stage is consistent with criminological research documenting252

that financial transactions and money laundering associated with wildlife crime tend to occur in urban and253

peri-urban environments with access to financial services [14]. Distance to police presence, shared with254

the pre-activity stage, and distance to parking facility, shared with both pre-activity and activity stages,255

remained important, reflecting that post-activity locations share the infrastructure-rich, accessible environ-256

ments characteristic of the later stages of the crime script more broadly. Distance to Nigeria, shared with257

the activity stage, continued to be among the strongest predictors.258

3 Conclusion259

This study contributes to the growing field of GeoAI, which applies artificial intelligence to spatial data,260

by demonstrating that spatial machine learning when paired with spatialized crime scripting data derived261

via participatory mapping, can advance IWT research beyond retrospective mapping toward predictive262

capacity. By modeling preparation, pre-activity, activity, and post-activity stages of the illegal pangolin263

scale trade separately across Cameroon, we show that illegal pangolin scale trade risk is not a single, uniform264

geographic signal, but a set of distinct spatial processes, each shaped by a different mix of ecological,265

infrastructural, governance, and socioeconomic conditions. Biodiversity, distance to open tree cover, and266

distance to international borders emerged as consistent crime generators across all four stages, while features267

like distance to hunting zone, food insecurity, and banking infrastructure distinguished individual stages.268

This is evidence that the trade’s geography changes meaningfully as illicit goods move from sourcing to269

concealment.270

The risk assessment modeling extends this contribution beyond feature interpretation. Building on the271

prediction-error framework established for global airport networks, this fine-scale spatial approach allows272
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potential undetected illegal pangolin scale trade activity to be not just flagged, but located, staged, and273

characterized. The consistent identification of a cluster of locations spanning three crime script stages in274

Cameroon’s Centre, Littoral, and West administrative regions, which was a corridor mainly absent from the275

processed participatory mapping data, illustrates the practical value of this approach. It surfaced specific,276

mappable locations that warrant field verification and targeted enforcement, intervention, and/or prevention277

attention.278

Because the strongest and most consistent predictors across all stages rely on openly available environ-279

mental, governance, infrastructure, and socioeconomic data, this framework is not limited to contexts with280

rich trafficking-specific data. A model trained in Cameroon, where seizure records and participatory mapping281

data are available, could be applied to other countries as a starting point using only these public predic-282

tors, without requiring local trafficking data to fit the model. The resulting map would provide a spatially283

meaningful first estimate of illegal pangolin scale trade risk, provided the drivers of trafficking are assumed284

to be similar between Cameroon and the other location. Direct transferability and model calibration would285

still require evaluation using local data, but this has direct implications for resource-constrained enforcement286

agencies working across the broader Congo Basin and other pangolin range states.287

More broadly, this work argues for treating the temporal crime script stages as a key dimension of spatial288

prediction in illegal wildlife trade research, alongside place and species. IWT is not a single event occurring289

at a single location. It is a distributed process unfolding across a landscape, with each stage leaving a290

different ecological, governance, socioeconomic, and infrastructural signature. Machine learning can help us291

derive these differences.292

4 Methods293

4.1 Data Gathering & Processing294

Dependent Variables The dependent variable for each model is a binary indicator of whether a given295

cell was identified as a hotspot for that crime script stage, derived from spatialized participatory mapping296

data collected by a research team across Cameroon [22, 23, 61]. The participatory mapping dataset was297

created through data collection efforts targeting distinct participant groups: local community members (n =298

190) living in and around protected areas with pangolin habitat in southern Cameroon, and subject matter299

experts (n = 90) with professional experience combating pangolin scale trade, including government agency300

specialists, national and international NGO representatives, and law enforcement personnel [22]. A total of301

44 participatory mapping sessions were conducted from July 2024 to July 2025, with individuals participating302

across 27 communities [22]. Using a standardized base map of Cameroon that included political boundaries,303

roads, waterways, rail and sea and airports, and protected area boundaries, participants were asked to304

map 16 possible activities associated with pangolin hunting and trade (from pangolin harvest through scale305

storage, scale exchange, and wildlife markets) onto the base map [22]. These 16 activities span the four306

universal crime script stages (preparation, pre-activity, activity, and post-activity). Data were collected307

using projective questioning to reduce social desirability bias, in which participants described the behaviors308

of an external source rather than their own, encouraging honest reporting of knowledge about the trade [61].309

Completed maps were digitally scanned and georeferenced in QGIS before being aggregated to the triangular310

grid used for modeling [22, 23].311

To derive spatially consistent hotspot designations from the participatory mapping outputs, Gore et al.312

[23] conducted hotspot analysis in ArcGIS Pro using the Optimized Hot Spot Analysis tool and the313

Getis-Ord Gi* statistic [13]. This started with hexagonal grid cells, roughly of size ∼113.28 km2. To314

mitigate spatial bias arising from the Modifiable Areal Unit Problem (MAUP), 21 unique analysis grids315

were generated through geometric translations of an initial hexagonal grid, and hotspot analysis was run316

iteratively across all 21 grid positions for each crime script stage. The spatial union of the 21 results was317

then computed for each stage using the Union geoprocessing tool in ArcGIS Pro, producing a triangular grid318

in which each ∼4.72 km2 cell contains 21 confidence level determinations. A majority confidence level was319

assigned to each cell, and cells with a majority confidence level greater than or equal to 90% were coded320

as hotspots (binary = 1) for the corresponding crime script stage. All remaining cells were coded as non-321

hotspots (binary = 0). These triangular cells and their labels (1 or 0) were inputs to our machine learning322

modeling. For more details on the processing methods, refer to Gore et al. [23].323
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Independent Variables Candidate independent variables were selected based on expertise drawn from324

wildlife crime related literature regarding the ecological and non-ecological conditions associated with wildlife325

trafficking activity. Features were organized into four broad categories: infrastructure (e.g., roads, settle-326

ments, points of interest, law enforcement), socioeconomic (e.g., poverty, food insecurity), ecological (e.g.,327

land cover, biodiversity levels, protected areas), and governance (e.g., community forests, hunting zones,328

mining permits). Infrastructure features were included based on evidence that trafficking networks exploit329

transportation corridors, urban centers, and border crossings to move wildlife products [36, 46, 67]. Eco-330

nomic features were included based on evidence that poverty, food insecurity, and livelihood vulnerability331

drive participation in wildlife trade [3, 9]. Environmental features were included based on the ecological332

requirement that pangolins must be present for poaching to occur [59]. Governance features were included333

based on evidence that formal and informal land governance structures shape both wildlife habitat and the334

opportunities and constraints for illegal extraction [5, 49, 54].335

For each point layer (e.g., towns, law enforcement road checkpoints, airports, etc.), three features were336

generated per layer: (1) a count of features falling within each cell, (2) a binary presence/absence indicator,337

and (3) the Euclidean distance in meters from the cell centroid to the nearest point of that feature type. For338

each line layer (e.g., roads, waterways, oil and gas pipelines), the same three features were generated. Distance339

to nearest line was computed by first densifying each line geometry into evenly-spaced sample points at 500-340

meter intervals, then applying BallTree nearest-neighbor search from each cell centroid. For each polygon341

layer (e.g., protected areas, hunting zones, community forests, land use classes, food insecurity zones, informal342

settlements), count, presence, and distance features were also generated. Distance was computed from the343

cell centroid to the nearest polygon boundary, meaning cells whose centroids fell entirely inside a polygon344

received a distance of zero. For raster layers, two sampling strategies were employed depending on layer type.345

Categorical rasters (e.g., land cover and land use) were sampled at each cell centroid to extract the single346

pixel value. Continuous rasters (population density, biodiversity intactness, and biodiversity level) were347

sampled using the mean of all pixel values within each cell. Distance to the nearest international border348

and to each of Cameroon’s six bordering countries (Central African Republic, Chad, Equatorial Guinea,349

Gabon, Nigeria, and Republic of the Congo) was also computed as a set of candidate features using country350

boundary polygons from Natural Earth [47].351

Prior to model fitting, two rounds of feature reduction were applied. First, pairwise Pearson correlations352

were computed between all candidate covariates. For each pair with |r| > 0.70, the feature less correlated with353

the dependent variable for that crime script stage was removed using a greedy elimination procedure, applied354

separately for each of the four binary outcome variables. Second, features where more than 95% of cells355

shared the same value were removed as near-zero variance predictors. Following these filters, the candidate356

feature set for each model comprised 48–53 features. A detailed list of the cleaned feature sets for each model357

can be found in the Supplementary Information files [7, 17, 19–21, 24, 27, 28, 32, 41, 47, 50, 51, 56–58, 66, 68].358

4.2 Machine Learning Modeling359

Model We utilized a Balanced Random Forest (BRF) binary classifier to predict whether each cell in360

Cameroon was implicated in each pangolin trade crime script stage or not [4]. Random Forest models are well361

documented for binary classification problems with class-imbalanced data, including for IWT classification362

[1, 4, 46]. The BRF model specifically addresses class imbalance, a common issue in wildlife crime-related363

analysis, where reported or experienced areas of wildlife trafficking activity usually constitute a minority of364

the study area. The model works by undersampling the majority class in each bootstrap sample, ensuring365

it is not biased toward predicting the more prevalent, non-hotspot class [4, 11]. Across our models, cells366

identified through the participatory mapping process comprised between 11.5% and 21.2% of the study area,367

making class balancing an essential component of our modeling framework. In total, we had four models, one368

for each of the individual crime stages (preparation, pre-activity, activity, and post-activity). All models were369

implemented using the BalancedRandomForestClassifier from the imbalanced-learn Python library [37],370

with 100 decision trees, which is the package’s default (n_estimators = 100). To implement class balancing371

consistent with the original Balanced Random Forest formulation, the majority class was undersampled372

with replacement to match the minority class size in each bootstrap sample (sampling_strategy = `all',373

replacement = True).374
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Cross Validation Model performance was evaluated using 5-fold spatial block cross-validation (CV). Ran-375

domly assigning cells to folds would allow spatially adjacent cells with near-identical feature values to appear376

simultaneously in both training and test sets. This artificially inflated performance metrics due to spatial377

leakage. To combat this, we divided the study area into a 6× 6 grid of 36 geographically contiguous blocks378

and randomly assigned blocks to one of five folds. For each fold, all cells in the held-out blocks were used379

as the test set, while the remaining cells served as the training set, ensuring that the model must generalize380

across geographic space rather than interpolating between spatially proximate training observations. Spatial381

fold assignments were implemented using the PredefinedSplit class from the scikit-learn Python library382

[53], with block boundaries defined by dividing the spatial extent of Cameroon into a regular 6×6 grid using383

cell centroid coordinates in the UTM Zone 33N coordinate reference system (EPSG:32633) [53].384

Classification Threshold All models were evaluated using a classification threshold of 0.3, reduced from385

the default 0.5, to maximize the number of predicted high risk locations identified and the spatial intelligence386

available for enforcement and prevention targeting [34, 35]. This threshold places greater value on recall than387

precision, prioritizing the identification of as many potential high risk locations as possible over the certainty388

that each flagged location is a true hotspot (i.e., a location identified as a hotspot through the participatory389

mapping data). In the context of wildlife crime prevention, where the goal is to surface candidate locations390

for further investigation rather than to make definitive enforcement decisions, this trade-off is appropriate.391

Feature Selection To identify the optimal subset of predictive features for each crime script stage, we392

applied Recursive Feature Elimination with Cross-Validation (RFECV), implemented using the RFECV class393

from the scikit-learn Python library [26]. RFECV iteratively removes the least important features, as394

ranked by the Random Forest’s internal impurity-based feature importance (mean decrease in Gini impu-395

rity), and evaluates model performance at each step using AUC-ROC as the scoring metric (scoring =396

`roc_auc'). Features were eliminated one at a time (step = 1). This procedure was applied separately for397

each of the four binary classification targets, allowing each model to identify its own optimal feature subset398

rather than imposing a common feature set across all crime script stages. The number of features retained399

after RFECV ranged from 23 to 45, reflecting meaningful variation in the spatial complexity of each crime400

script stage (Table S.1).401

4.3 Key Spatial Characteristics Predictive of IWT: SHAP Feature Importance402

One output of our machine learning model is to identify which features or characteristics of locations influence403

the likelihood that they will be implicated in the illegal pangolin scale trade. To do this, we computed SHapley404

Additive exPlanations (SHAP) values across all five spatial cross-validation folds using the TreeExplainer405

class from the shap Python library [39]. SHAP values provide a game-theoretic measure of each feature’s406

marginal contribution to individual predictions, enabling both a global assessment of feature importance407

and an understanding of how each feature influences predictions for each individual point. SHAP has been408

used for other IWT classification studies [46]. To discuss features with the most meaningful predictive409

contribution, we applied a minimum mean |SHAP| of 0.02, which retained the top 6 to 11 features per model410

for deeper analysis (Table S.1). Features below this threshold were present in the model but contributed less411

to predictions and were not discussed in detail.412

4.4 Hidden Hotspots: Prediction-Error Analysis413

Another output of the machine learning model allowed us to identify locations that are potentially high414

risk for IWT, despite not being documented or otherwise recorded. In machine learning, these are referred415

to as false positives. In our case, these are the cells predicted as high risk by the model that were not416

identified as such in the processed participatory mapping training data. False positives are usually treated417

as errors to be minimized. Following prior work on illicit wildlife crime, we reframed these false positives as418

potentially meaningful signals [46]. These errors may uncover areas where trafficking occurs but has not yet419

been observed, reported, or included in centralized databases.420

To identify these false positives for each crime script stage’s model, each cell’s relative predicted risk421

for participating in that stage of the illegal pangolin scale trade was generated for each 4.72 km2 cell in422
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Cameroon using the classification scores as output from the BRF models. Spatial block cross-validation was423

used to ensure that predictions for each cell were produced by a model that had not seen that cell during424

training. Cells can then be classified into three categories: correct (the processed participatory mapping425

data matched model prediction), false negative (processed participatory mapping data identified location as426

a hotspot, but the model predicted as not high risk), and false positive (participatory mapping data did427

not identify location as a hotspot but model predicted to be high risk). We analyzed false-positive cells in428

greater depth, as those represent potential “undetected hotspots”.429
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Supplementary Information657

Metric Prep Pre-A A Post-A
Model overview
% Hotspot cells 21.2% 11.5% 13.4% 15.3%
N features (RFE) 23 45 45 44
N features (|SHAP| ≥ 0.020) 11 7 6 7
Overall Performance
Accuracy 0.837 0.806 0.795 0.785
Macro F1 0.780 0.643 0.681 0.690
Weighted F1 0.845 0.829 0.820 0.809
AUC-ROC 0.914 0.803 0.850 0.861
Hotspot Class
Precision 0.590 0.312 0.368 0.395
Recall 0.768 0.566 0.733 0.757
F1-score 0.667 0.402 0.490 0.519
Non-Hotspot Class
Precision 0.932 0.937 0.951 0.947
Recall 0.856 0.838 0.805 0.790
F1-score 0.892 0.885 0.872 0.861

Table S.1: Model performance summary across the four stage-specific binary classification models, evaluated
using 5-fold spatial block cross-validation (36 geographic blocks, classification threshold = 0.3). Prep =
preparation stage, Pre-A = pre-activity stage, A = activity stage, Post-A = post-activity stage. N features
(RFE) = number of features retained after recursive feature elimination with cross-validation. N features
(|SHAP| ≥ 0.020) = number of features with mean |SHAP| value ≥ 0.020.
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Figure S.1: Cameroon’s ten administrative regions, with bordering countries (Central African Republic,
Chad, Equatorial Guinea, Gabon, Nigeria, and Republic of the Congo) labeled.
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Figure S.2: Spatial distribution of the 16 features with mean |SHAP| value ≥ 0.02 in at least one crime script
stage model across Cameroon, ordered from top to bottom and left to right from highest mean |SHAP| to
lowest. Each panel shows the value of a single feature for every triangular grid cell within the country,
colored on a blue-to-red gradient from low (blue) to high (red) values. Distance features and population
density are displayed on a logarithmic scale to better visualize the spatial gradient. These maps illustrate
the geographic variation in the ecological, infrastructural, socioeconomic, and governance conditions that the
models identify as most strongly associated with the illegal pangolin scale trade in Cameroon across crime
script stages.
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