Supplementary File 1: Data Harmonization and Processing Protocol
2.1.1. Epidemiological Malaria Data
The epidemiological data regarding malaria notifications were extracted from the structured platform Malaria Lite 1.2 [1,2], maintained by the Oswaldo Cruz Foundation (Fiocruz). Given the complex cross-border dynamics of the Oiapoque basin, the dataset used represents a critical and harmonized consolidation between the registry databases of two distinct national health systems: the Malaria Epidemiological Surveillance Information System (SIVEP-Malária) of Brazil and the Centres Délocalisés de Prévention et de Soins (CDPS) of the Cayenne Hospital Center in French Guiana.
The methodological harmonization of these databases allowed for the transnational standardization of fundamental epidemiological attributes for spatial modeling. The integrated and normalized variables include an anonymized patient identifier, clinical notification date, and the pathogenic diagnosis result (typically categorized into Plasmodium falciparum and non-falciparum infections, with the latter being predominantly associated with P. vivax).
For the purposes of spatially explicit modeling (ABM-GIS), the analytical attribute of greatest weight extracted from this database was the Probable Place of Infection (LPI), cross-referenced with the municipality of residence. This cross-referencing made it possible to geographically anchor the cases and infer user mobility. The final dataset, after spatial filtering to the boundaries of the study area, encompasses a total of 81,808 notifications recorded from 03/2003 to 12/2024. These empirical data served as the primary ground truth for the parameterization of territorial risk, algorithmic validation, and sensitivity calibration of the agent-based model.

2.1.2. Climatic Variables and Temporal Lags
The extraction of continuous meteorological variables was conducted using the ERA5-Land climate reanalysis dataset [3,4], provided by the Copernicus Climate Data Store (CDS) of the European Centre for Medium-Range Weather Forecasts (ECMWF). The extracted time series strictly encompasses the same period as the epidemiological survey (March 2003 to December 2024) and covers the total spatial extent of the study area within the transboundary Oiapoque basin. The variables selected to model entomological suitability were the monthly mean 2-meter air temperature and the total monthly accumulated precipitation, both derived from the native high-resolution (approx. 9 km) ERA5-Land grid.
To accurately capture the biological dynamics of the vector (Anopheles) and the extrinsic incubation period of Plasmodium, the model eschewed synchronous climate data in favor of temporal lags well-established in tropical health geography literature. A one-month lag (Lag 1) was applied to the mean temperature, reflecting the critical timeframe required for larval development and the optimization of adult mosquito survival. Simultaneously, a two-month lag (Lag 2) was applied to accumulated precipitation. This two-month delay accounts for the ecological time needed for the formation of lentic breeding sites, puddles, and the recession of riverbanks following rainfall peaks, which create ideal conditions for vector proliferation. 

2.1.3. Land Use and Land Cover (LULC) Dynamics
The spatio-temporal evolution of economic attraction surfaces and environmental risk was characterized using annual Land Use and Land Cover (LULC) data extracted from Collection 10 of the MapBiomas Amazonia project [5,6]. This database, derived from Landsat imagery with a 30-meter spatial resolution, provided a continuous historical series from 2003 to 2024.
To align landscape dynamics with the epidemiological and statistical analysis, the original MapBiomas taxonomy was reclassified and quantified into ten specific macro-categories that comprise the temporal matrix of the study. Natural vegetation and water resource classes were grouped into Total Forest (Forest_tt), Flooded Forest (Flooded_Forest), Wetlands/Swamps (Flooded_GrassSwamp), and Water Bodies (LULC_WATER). Vegetation suppression dynamics were quantified through the metrics of Primary Deforestation (Deforestation_Primary) and Secondary Deforestation (Deforestation_Second), which were consolidated into a Total Deforestation variable (Deforestation_TT). Finally, surfaces under strong anthropic pressure were isolated into the categories of Agriculture (Farming), Mining (Mining), and Urban Areas (Urban_area).
The annual values of the area occupied by each of these categories were calculated for the entire basin. Subsequently, these annual data were replicated at a monthly temporal resolution, reflecting the corresponding LULC values of each year across all months of that period. This procedure allowed the landscape evolution to be harmonized with the monthly periodicity of the epidemiological and climatic data.

2.1.4. Healthcare Infrastructure and Human Resources
Institutional mitigation capacity and healthcare coverage were integrated into the model by mapping care facilities and historically quantifying the workforce. Data were extracted from the National Registry of Healthcare Establishments (CNES - Cadastro Nacional de Estabelecimentos de Saúde), provided by the Informatics Department of the Brazilian Unified Health System (DataSUS) [7], covering a continuous monthly time series from January 2003 to December 2024.
For geospatial anchoring within the GIS environment, the establishment database (CNESST) was utilized to extract the geographic coordinates (latitude and longitude) of the Basic Health Units (UBS) and operational care facilities within the Oiapoque basin. To quantify the mobile response capacity, the professional database (CNESPF) was accessed, applying a strict filter based on the Brazilian Classification of Occupations (CBO) codes. The monthly active professionals associated with malaria prevention and combat were tallied: Endemic Disease Combat Agents (CBO 515105), Community Health Agents (CBO 515125), and Indigenous Health Agents (CBO 515140).
The processing of these data was conducted at two scales: (i) a macro aggregation, consolidating the total monthly available agents across the entire region to populate the temporal matrix for statistical analysis (TT_AGENTS); and (ii) a micro aggregation, calculating the allocation of agents per healthcare facility. This dual-scale approach allowed not only for the evaluation of the workforce's temporal impact on the epidemiological curve but also for the parameterization of the origin points and spatial blockage capacity of the mobile health agents within the spatially explicit simulation (ABM-GIS).

2.1.5. Data Consolidation and Temporal Matrix
To enable exploratory analysis and subsequent statistical parameterization, all epidemiological, climatic, landscape (LULC), and institutional variables described in the previous sections were harmonized and consolidated into a single structured data matrix.
The relational alignment of the disparate data sources was ensured through the creation of a common temporal identifier (Year-Month), aggregating all observations for the transboundary Oiapoque basin. The final dataset encompasses 262 months of continuous observation (March 2003 to December 2024). This synthesis table acts as the core data infrastructure for the regression modeling, ensuring that the impact of lagged climatic fluctuations, the annual evolution of land use classes, and the variation in the healthcare workforce are evaluated synchronously against the monthly volume of malaria infections. The high-resolution spatial demographic distribution, required for agent allocation in the simulation, was treated as an independent parameter exclusive to the spatially explicit modeling (ABM-GIS), thereby avoiding multicollinearity effects with the urban area variable (Urban_area) during this analytical phase. Table is available in Zenodo (https://doi.org/10.5281/zenodo.22663582) [8].
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