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Abstract

:

Cambodia has the most fires per area in Southeast Asia, with fire activity have significantly increased since the early 2000s. Wildfire occurrences are multi-factorial in nature, and isolating the relative contribution of each driver remains a challenge. In this study, we quantify the relative importance of each driver of fire by analyzing annual spatial regression models of fire occurrence across Cambodia from 2003 to 2020. Our models demonstrated satisfactory performance, explaining 69 to 81% of the variance in fire occurrence. We found that deforestation was consistently the dominant driver of fire across 48 to 70% of the country throughout the study period. Although the influence of low precipitation on fires has increased in 2019 and 2020, the period is not long enough to establish any significant trends. During the study period, wind speed, elevation, and soil moisture had a slight influence of 6–20% without any clear trend, indicating that deforestation continues to be the main driver of fire. Our study improves the current understanding of the drivers of biomass fires across Cambodia, and the methodological framework developed here (quantitative decoupling of the drivers) has strong potential to be applied to other fire-prone areas around the world.
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1. Introduction


The number of severe wildfire events has increased globally in recent decades, posing a multitude of environmental and health concerns [1]. Across the globe, the annual burnt area is close to 350 Mha, with CO2 emissions from wildfires amounting to over 50% of annual fossil fuel emissions, which threatens to set back efforts to combat climate change [2]. Thus, it is important to monitor the spatiotemporal patterns of wildfires as populations grow and communities expand [3]. The characteristics of fires vary across space, complicating the understanding of their drivers [4,5]. For instance, lightning is the main driver of fires in Canada’s boreal forest region [6]. In Mediterranean Europe, precipitation is strongly correlated with wildfires, as high precipitation increases fuel, such as vegetation, in the non-fire season and suppresses wildfires in the fire season [7]. Precipitation in Africa, with the savanna and desert climates, also has an important influence on wildfires, as dry weather triggers fires or drought reduces fuel loads [8,9]. In contrast, biomass fires in humid tropical and subtropical climates are often heavily influenced by human activities, such as agriculture and logging, and they seldom occur naturally [10,11].



While most biomass fires occur in Sub-Saharan Africa and South America globally, the tropical rainforests of Southeast Asia, home to over 680 million people, are emerging hotspots of wildfire activity. These events are highly critical in this region of over 680 million people due to the exposure of high population densities to its effects [12] and the fact that wildfires are historically a rare occurrence in these biomes [13]. According to a study by Vadrevu et al., (2019) [14], within Southeast Asia, Cambodia has the greatest number of detected fires per area, and fires in Cambodia showed a statically significant increase over the study period and the second-highest fire recurrence rate (repeat fires occurring in the same area) within Southeast Asia. In May 2016, more than 2000 ha of protected forests in the province of Battambang were burned, which affected biodiversity and crop yields, leading to extensive property damage [15]. Some studies have highlighted the close relationship between fires and agriculture in Cambodia, such as the use of fire for land clearance [16,17]. The country has lost more than 2.7 Mha of primary forest from 2001 to 2020 as a result of these activities, which accounts for more than a quarter of the country’s forested area [18,19]. Despite its frequent occurrence and the magnitude of environmental damages, wildfires in Cambodia are relatively understudied compared to Indonesia (its Southeast Asian counterpart) or other countries in the region. Even until now, the major drivers (i.e., environmental, climatic, or human) of wildfire occurrence in Cambodia remain poorly understood.



In this paper, we investigate the relative influence of each key driver on fire occurrences in Cambodia. We performed annual geospatial analyses (i.e., Geographically Weighted Regression) from 2003 to 2020, using publicly available remote sensing and meteorological data. The explanatory models incorporated a mix of climatic, topographic, and anthropogenic variables, and these quantify their relative influence on fire to better understand the spatiotemporal distribution of wildfires in Cambodia. Due to the nature of wildfires resulting from complex interactions between climate, terrain, and human activity, it is difficult to identify the drivers of wildfires without conducting in-depth studies at a national or regional scale [20]. The selection of drivers has a significant impact on the results of model predictions and is critical for interpreting the relationship between the drivers. There have been various approaches to analyzing the ignition and drivers of these fires, including simple indices, regression analysis, and machine learning-based modeling [21,22,23,24]. Statistical methods are used to establish a relationship between past fire data and fire drivers in order to identify the causes of forest fires and to perform spatial measurement, but modeling and prediction results are not accurate due to low learning ability and low error tolerance. Machine learning approaches can be more effective in interpretation by providing advanced learning capabilities, but they may overlook the spatial heterogeneity of geographical distributions due to their reliance on large amounts of data for learning, and statistical and machine learning methods assume spatial uniform relationships. To address this issue, a Geographic Weighted Regression (GWR) model has been introduced to enhance interpretation by analyzing the relationship between variables within a particular geographic area. A more precise comprehension of the spatial variability of wildfire drivers is crucial for effective wildfire analysis [25]. The novel approach developed in this study may be applied to better understand the relative influence of each driver of fire in other fire-prone regions around the world. Our study also has a strong potential to contribute to fire management for national/local authorities by identifying where each key driver of fire is dominant, as well as how these areas have been changing annually.




2. Data and Methods


2.1. Study Area and Spatial Regression Grids


Cambodia (181,035 square kilometers) is located within Mainland Southeast Asia (Figure 1A). The Mekong River flows to the east of the country, and in the center is Lake Tonlé Sap, Southeast Asia’s largest freshwater lake. Lake Tonlé Sap, the floodplain of the Mekong River, interacts with the Mekong River’s water level during the dry and rainy seasons. The country experiences a tropical rainforest climate with little variation in annual temperature, which ranges from 24 to 35 °C. The influence of monsoonal patterns has led to a distinct wet (May to October) and dry (November to April) season [26]. Calculating the annual fire count, the dry season accounts for more than 93 percent of the country’s wildfires, with a mean annual fire count of 31,000 during the study period (Figure 1B).



To facilitate spatial regression analysis, the study site was divided into square grids. We experimented with different grid sizes to obtain the best model fit: 5 × 5 km, 10 × 10 km, 15 × 15 km, 20 × 20 km, and 30 × 30 km. We selected 20 × 20 km grids, as they yielded a 5 to 10% improvement in the model fit compared to other grid scales, as of 2013. To further improve the model fit, we excluded incomplete grids (<400 km2) and grids with >30% surface area covered by water, including water bodies, such as Lake Tonlé Sap and the Mekong River. Water surface areas were calculated by overlapping the grids with a topographical raster (including water surface). A total of 315 grids remained for spatial regression analysis, although not all grids were utilized, as they may not contain any detected fire in a particular year.




2.2. Dependent Variable: Spatiotemporal Distribution of Fire


In this study, Moderate Resolution Imaging Spectroradiometer (MODIS) Active Fire data, obtained from NASA’s Fire Information for Resource Management System (FIRMS), were used to quantify the dependent variable [27]. MODIS, carried aboard the Terra and Aqua satellites, began collecting active fire data in 2000 and 2002, respectively. The data are collected by each satellite twice daily. The MODIS Active Fire Product records information, such as whether the fire was detected at day or at night, its location, and its detection confidence. Each observation is marked by a 1 km pixel, with its exact “location” at the center of the pixel. Since more than 93% of fires occur in the fire season, we only analyze fires that occur during the fire season from November to April.




2.3. Explanatory Variables: Identification, Filtering and Pre-Processing


We identified possible explanatory variables of fire, including meteorological, topographic, and human factors. The variables were selected based on whether their data were available throughout the study area and whether they were available on a monthly and/or annual basis. Nine explanatory variables were identified (Table 1): (1) Wind speed (WS), (2) Precipitation (PPT), (3) Maximum temperature (MT), (4) Soil moisture (SM), (5) Forest loss (FL), (6) Elevation (ELV), (7) Slope (SL), and (8) Population density (PD).



The meteorological variables were: wind speed, precipitation, maximum temperature, and soil moisture. Fuels with higher temperatures are more likely to reach ignition temperatures and combust more easily, contributing to their spread. Lower soil moisture increases flammability, thus increasing fire sensitivity in hot and dry climates [28,29,30]. Wind speed can influence fire spread rate [31]. Wind speed, precipitation, maximum temperature, and soil moisture data were obtained from TerraClimate [32], which provides monthly resolution data with global coverage, since Cambodian-specific data are not readily available. All meteorological variables were quantified using averaged data across the entire year, and their values were extracted and input into each grid.



Topographic variables: elevation and slope influence accessibility [33]. Areas with a lower elevation and flatter terrain are relatively more accessible and facilitate human activities, which increases the susceptibility of the land to fire [34]. Elevation also has an inverse relationship with temperature and oxygen level, ultimately influencing fire activity [35]. Elevation data were obtained from the Shuttle Radar Topography Mission Digital Elevation Model (SRTM DEM) data, which have spatial resolutions of 1 arc-second (30 m) [36]. Slope data were extracted from SRTM DEM using the Spatial Analysis function in ArcGIS. Afterwards, the average slope and elevation value per grid were calculated.



Human variables: we identified two proxies of anthropogenic activities: forest loss (or deforestation) and population density. Agricultural activity, involving slash-and-burn and deforestation, is known to contribute to biomass fires in Southeast Asia, including Cambodia [16,17,37]. Thus, we used population density data as a proxy of human activities contributing to fire activity. Data were obtained from WorldPop [38], which measures the number of people per square kilometer at a spatial resolution of 30 arc-seconds. The average population density (number of people per square km) was calculated per grid. Forest loss data were obtained from the Global Land Analysis & Discovery (GLAD) lab at the University of Maryland [39]. The product maps annual forest loss by identifying areas with stand-replacement disturbances or the removal of tree cover above 5 m, and it is available at a resolution of 30 m from 2003 to 2020. The proportion of forest loss area was tabulated per grid per study year.




2.4. Identifying Significant Drivers of Wildfire Using OLS


To decouple the drivers of Cambodia’s wildfires, we used a combination of Geographically Weighted Regression (GWR) and Ordinary Least Squares (OLS) regression [40,41]. Before performing GWR analysis, we first verified its applicability using OLS, which assumes that the relationship between a dependent and explanatory variable is constant across space. The OLS model is as follows:


  Y =  β 0  +   ∑   j = 1  p   β j   χ j  + ε  



(1)




where Y is the dependent variable, β_0 is the model’s intercept, j is the jth explanatory variable (j = 1~p), and ε is the random error. As several explanatory variables had positively skewed distributions, we applied a log-transformation on these variables, so their values approximated a normal distribution. Afterwards, we performed OLS regression to analyze the linear relationship between each explanatory variable and fire count. Adjusted R2 and AICc were used to assess model performance, and the p-value was used to assess the statistical significance of each variable regarding fire count.



Out of the nine initially identified explanatory variables, we selected variables based on the following conditions: their (1) statistical significance (p ≤ 0.05) and their (2) degree(s) of multicollinearity with other explanatory variables, which was measured using the Variance Inflation Factor (VIF) [42,43]. We eliminated variables with VIF ≥ 2.5, considering them to have high multicollinearity. This process was iterated until we obtained a suitable OLS model using the appropriate explanatory variables. OLS analysis was conducted with data from 2013 and 2015, as they had the first- and second-most detected fires in Cambodia throughout the study period. Thus, the strength of the relationship between the explanatory and dependent variables are likely the best exhibited in these years.




2.5. Geographically Weighted Regression (GWR)


Unlike OLS, GWR accounts for spatial non-stationarity in the relationship between explanatory and dependent variables by allowing each variable’s regression coefficient to vary across space [44,45]. The model assigns weights to features used in each local regression, with the assigned weight decaying with distance from the regression point, and the GWR model’s equation is:


  Y =  β 0    u , υ   +   ∑   j = 1  p   β j    u , υ    χ j  + ε  



(2)




where; Y represents the response (i.e., fire count), (u, v) represents the coordinates of the data point (i.e., grid), ε is the error according to an independent normal distribution with a mean of zero, and j is the number of explanatory variables used in the model. We performed GWR using ArcGIS, with its weighted function scheme constructed using Gaussian methods. To validate the GWR model, R2 and AICc values were used. First, residual maps of the OLS and GWR model were compared. In both models, residuals represent the discrepancy between observed and predicted values. This difference is an important indicator of the model’s ability to accurately predict the data. A positive residual indicates that the predicted value is higher than the observed value, and a negative residual value indicates that the predicted value is lower than the observed value. Residuals should ideally be randomly distributed and not exhibit spatial autocorrelation, which would indicate that the model has accounted for most key explanatory variables and is properly specified.



To assess the influence of each variable on fire count, a pseudo t-value was calculated per grid per variable by dividing the local coefficient with the standard error. Within each grid, the variable with the largest absolute pseudo t-value is deemed the most dominant and influential driver of fire. We analyzed the annual distribution of the most dominant drivers of fire by mapping pseudo t-values from 2003 to 2020. The methodological framework developed in this study is summarized in Figure 2.





3. Results


3.1. Analysis of OLS Regression and GWR for Model Validity


When all nine initially identified variables were input into an OLS model, the model explained 45% and 40% of the variance in fire count in 2013 and 2015, respectively. However, some explanatory variables had to be excluded due to significant multicollinearity with other variables, and/or they had low statistical significance (p > 0.05).



In the 2013 model, there were six statistically significant variables (p ≤ 0.05): wind speed, precipitation, maximum temperature, soil moisture, forest loss, and elevation. Among these variables, maximum temperature has a relatively high degree of multicollinearity (VIF ≥ 2.5). In the 2015 model, there were five statistically significant variables: wind speed, precipitation, soil moisture, forest loss, and elevation. As a result, only five variables were selected for further analysis: wind speed, precipitation, soil moisture, forest loss, and elevation.



When the OLS model was input with the five selected variables, the 2013 and 2015 models explained 52% and 47% of the variance in fire count with an improved model fit (corrected Akaike information criteria, or AICc = 662 and 710), respectively. All variables in 2013 and 2015 were statistically significant (p ≤ 0.05), and the VIF ranged from 1.11–1.44 (VIF < 2.5), indicating a low degree of multicollinearity among the variables (Table 2).



The residuals of the OLS model, using five variables (Figure 3A,B), were spatially autocorrelated, indicating that OLS is not a suitable approach, as it did not account for the nonstationary relationship between the explanatory and dependent variables.



The residuals of the GWR models were randomly distributed across the study area compared to those from the OLS model (Figure 3C,D). This indicates that the GWR model would be more appropriate than OLS, as the former has the ability to account for spatially non-stationary relationships, and the GWR model using the selected explanatory variables is properly specified. In addition, the GWR model had significant improvements over the OLS model. Comparing the performance of the GWR and OLS models using five explanatory variables, we found that the GWR model consistently had a higher adjusted R2 (i.e., 0.69–0.81 vs. 0.18–0.54) and a lower AICc (i.e., 302–474 vs. 540–811) than the OLS model for all years of analysis (Figure 3E). In addition, in the GWR model, R2 during the study period was relatively consistent.




3.2. Spatiotemporal Evolution of Fire Activity


Annual fire maps across Cambodia showed a clear clustering of the fire patterns (Figure 4). Fires were noticeably sparse in some areas, such as the southern plains and rice paddies near the capital, Phnom Penh, and the southeastern border with Vietnam. However, many fires were detected at forested areas in the east or the plains near Lake Tonlé Sap. Even denser fire activity was observed along the intersection between forests and cropland.



Throughout the study period, a subtle migration in grids with high fire activity from northwest of Lake Tonlé Sap to eastern Cambodia could be seen. The fires in western Cambodia, which were active from 2003 to 2011, have significantly decreased since 2012, and fires in eastern Cambodia have increased, especially from 2010 to 2016 (Figure 4).




3.3. The Relative Influence of Each Driver of Fire


By analyzing each variable’s local pseudo t-values, we found that deforestation had the strongest influence on fire (Figure 5A). The variable was most dominant across 59 ± 11% of the study area (and varied the least compared to other variables) throughout the study period. In particular, from 2010 to 2016, when the number of fires was high, and the number of fire-intensive areas increased, deforestation was more dominant in 67 ± 3% compared to other years. Precipitation was the second-most influential driver, dominant across 19 ± 13% of the study area, and dominated mainly in the southeast of Cambodia. The variable was especially influential in 2019 (32%) and 2020 (21%) in central and southeastern Cambodia compared to other years. Wind speed (18 ± 11%) was the third-most dominant driver for fire, mainly in the east and northeast. However, it was also influential in the southwest and the north. Elevation (13 ± 9%) and soil moisture (12 ± 6%) were, respectively, the second least and least influential drivers of fire, and their dominance was mainly limited to the areas around Lake Tonlé Sap (Figure 5B).



Overall, compared to deforestation, other variables indicated a very low count of dominance grids. Deforestation was consistently the most dominant driver of fire across the study area, evidenced by the lack of clear temporal trends in each variable’s dominance throughout the study period (Figure 5A).





4. Discussion


4.1. Model Validation for the Quantitative Analysis of Fire Drivers


Various steps taken, such as the removal of multicollinear variables through applied variance inflation factor thresholds (VIF ≤ 2.5) during the OLS stage, and analyzing the spatial distribution of the model residuals, help to minimize model design errors and improve the interpretability of the overall model results. We identified statistically significant explanatory variables and minimized multicollinearity by removing variables with VIF ≥ 2.5. Five variables were selected for analysis: wind speed, precipitation, soil moisture, forest loss, and elevation. Fire data were obtained from FIRMS’ fire product, which is widely used in fire analysis, along with Fire CCI. FIRMS’ fire data have the advantage of providing information on fire activity twice a day compared to Fire CCI, which generates monthly burned area products, enabling close-to-real fire tracking and monitoring. As OLS residuals and fire patterns exhibited considerable spatial autocorrelation, OLS was deemed an unsuitable approach for this study due to the nonstationary relationship between the explanatory and dependent variables. In contrast, GWR residuals were randomly distributed and did not exhibit severe spatial autocorrelation, indicating that this approach was superior to OLS when assessing spatially non-stationary relationships. Additionally, the GWR model had an improved performance over the OLS model, with consistently higher adjusted R2 (i.e., 0.69–0.81 vs. 0.18–0.54) and lower AICc (i.e., 302–474 vs. 540–811) values than its OLS counterpart (Figure 3E). Thus, GWR is highly effective in analyzing the spatially varying drivers of fire. In comparison, machine learning, also actively used to analyze and predict fire patterns [16], tends to overlook spatial heterogeneity and localized variations in the relationship between variables. In addition, it is usually more computationally intensive.




4.2. Dominant Drivers of Wildfire in Cambodia


We investigated five drivers of fire and found that deforestation was the most dominant driver. Overall, the influence of deforestation on fire did not change significantly throughout the study period (Figure 5A). The variable was especially dominant in areas with high fire activity (Figure 4), including provinces in the northwest (Battambang, Pailin) and east (Kartie, Kampong Thom) of Cambodia. The most active wildfire season is similar to the time when the dry season begins to prepare for the next agricultural activity. For example, this refers to burning agricultural residues or burning grass for reclamation [15,46]. This continues throughout the dry season and rarely happens as we enter the rainy season. Between 2012 and 2016, the number of fires increased significantly, possibly due to the increased deforestation rate since 2011 [47]. Before 2011, the annual deforestation rate was 0.9%, but since 2011, the annual deforestation rate has doubled to 1.8%. Most deforestation in the Pailin and Battambang regions of northwestern Cambodia occurred between 2003 and 2008 [48], consistent with the region’s very active fire period. There is a possibility that the fire may spread to other areas, depending on land use, including deforestation, such as the most densely concentrated fire zone, since clusters of fire activity post-2011 gradually shifted from the northwest to the east of the study area.



Precipitation was especially influential in southeast Cambodia (Figure 5B). We found that the influence of precipitation after 2019 (occupied 27 ± 5% of 20-km grids) was significantly higher than in previous years of the study (occupied 8 ± 2% of 20-km grids). We speculate that this increase may be attributed to recent, abnormally heavy rainfall and drought events that have rendered fires more sensitive to precipitation patterns. In particular, drought and flood damage occurred significantly in the southeastern region [49,50]. However, we are not certain if this was the actual reason, as the increase may simply be an anomaly, and two years of data are not sufficient to establish a significant trend. Longer-term studies of the relationship between rainfall and fire count are required to verify if the influence of rainfall on fire is increasing.



In the east of the study area, wind speed was usually the dominant driver of fire, although the size of the area where the variable was most influential was not consistent throughout the study period. The variable was also sporadically dominant in the center and south of the study area, and it is also challenging to identify any discernible trends in its influence. We are not able to pinpoint exactly why wind speed is the dominant driver of fire in these areas. It might be the result of other drivers having a relatively weaker influence. This can be seen as a loophole in which variables are not divided in more detail in complex interactions within environmental variables. In addition, soil moisture had a negative effect on fires around Lake Tonlé Sap, likely due to the influence of nearby floodplains and wetlands [29]. It is noteworthy that soil moisture was mainly dominant in areas with relatively less fires (Figure 4 and Figure 5B). High soil moisture lowers ambient temperature and inhibits fire propagation [51,52]. Elevation was dominant at the low elevation areas around Lake Tonlé Sap, likely due to ease of access to areas with lower elevation [35]. Similar to soil moisture, the variable is of low importance, as it is chiefly dominant in areas with less fires.



Our quantitative assessment of the drivers of wildfires in Cambodia revealed that areas with high fire activity were usually influenced by multiple drivers of fire. However, the complexity between fire and the various environmental factors limits our ability in quantifying the influence of drivers on fire. In particular, the two-way relationship between fire and deforestation makes it difficult to determine the extent to which fire is exclusive driven by deforestation activities, as tree cover loss may also be the result of biomass fires [39]. We emphasize the causal relationship between deforestation and fires in relation to the environmental characteristics and agricultural methods of the study area. In addition, numerous studies, i.e., Curtis et al., (2018) [53] and Tyukavina et al., (2022) [54] indicate that most tree cover loss in Cambodia and Southeast Asia is not caused by fire, but instead by non-fire deforestation. To discern the relationship between deforestation specifically and wildfires more accurately, it is crucial to conduct a quantitative analysis, distinguishing between overall forest loss and deforestation. This would require determining the proportion of forest loss that can be directly attributed to deforestation. In future studies, it will be necessary to clearly differentiate between deforestation and other forms of forest loss, as well as to explore, in greater detail, the underlying mechanisms by which deforestation influences wildfire occurrence and severity.





5. Summary


We assessed the relative influence of environmental, climatic, and anthropogenic factors on wildfires in Cambodia annually from 2003 to 2020. Using OLS, we identified statistically significant variables (p ≤ 0.05) and removed those that exhibited significant multicollinearity with other variables (VIF ≥ 2.5); the five variables chosen for further analysis were wind speed, precipitation, soil moisture, forest loss, and elevation. Next, we assessed the difference in OLS and GWR model performance using data from the two years in the study duration with the greatest fire activity in Cambodia (2013 and 2015). Using adjusted R2 and AICc values as metrics of comparison, we found that the GWR model had superior performance to the OLS model. The high autocorrelation observed in fire and OLS residuals also supported the use of GWR over OLS, as GWR was able to account for spatially non-stationary relationships. As a result of analyzing the pseudo-value of each variable, we found that deforestation was dominant in 48–70% of the study area and persisted as the most dominant driver during the study period. Other variables were less influential than deforestation and showed no clear trend. This supports our finding that deforestation is the main driver of fire throughout the study period. Deforestation was also usually dominant in areas with high fire activity, indicating its strong influence on fire activity relative to other drivers.



Our study contributes to the understanding of the drivers of wildfires in Cambodia, where national-level studies are relatively lacking compared to other countries in Southeast Asia, despite having the highest frequency magnitude of fire in the region. The novel approach developed in this study has strong potential to be applied to decouple and assess the drivers of fire in other regions around the world that likewise experience severe wildfires attributed to anthropogenic activities, such as land-use change.
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Figure 1. (A) Overview of the study site and its major geographical features at the province level. Each red spot indicates the fire count at the location of each active fire pixel in 2013. (B) Annual fire count during the fire season (FS, in red) and non-fire season (NFS, in yellow) from 2003 to 2020. The horizontal dashed line indicates the mean annual fire count throughout the same time period. Mean monthly fire count from 2003 to 2020, with dry season months (November to April) represented in purple and wet season months (May to October) represented in gray. 
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Figure 2. The data processing and analysis workflow. 
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Figure 3. Residual plot from the (A) 2013 and (B) 2015 OLS regression and the (C) 2013 and (D) 2015 GWR regression. (E) Comparison of GWR and OLS model performance per study year, with adjusted R2 and AICc as metrics of comparison. 
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Figure 4. The annual distribution and density of fire count per 20-km grid across Cambodia, from 2003–2020. 
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Figure 5. (A) Number of 20-km grids where each driver was the most dominant driver of fire across the study area. (B) Annual distribution of the dominant drivers of fire. 
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Table 1. Description of the data in variables.
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Category

	
Variable

	
Data Source

	
Unit

	
Resolution






	
Meteorological variables

	
Wind speed

	
TerraClimate

	
m/s

	
2003–2020

(Yearly)

	
4 km




	
Precipitation

	
mm




	
Maximum Temperature

	
°C




	
Soil moisture

	
mm




	
Topographic variables

	
Elevation

	
SRTM DEM

	
m

	
2003–2020

(Yearly)

	
30 m




	
Slope

	
°




	
Human variables

	
Forest loss

	
Global Land Analysis & Discovery (GLAD)

	
%

	
2003–2020

(Yearly)

	
30 m




	
Population density

	
WorldPop

	
%

	
2003–2020

(Yearly)

	
30 arc-seconds

(1 km)
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Table 2. Results of the OLS model using the five selected variables.
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Variable

	
Std Coef.

	
StdError

	
t-Statistic

	
p-Value

	
VIF

	
Std Coef.

	
StdError

	
t-Statistic

	
p-Value

	
VIF




	
2013

	
2015






	
Wind speed

	
0.186

	
0.009

	
2.052

	
0.040 **

	
1.22

	
−0.132

	
0.080

	
−3.908

	
0.000 **

	
1.17




	
Precipitation

	
−0.367

	
0.111

	
−5.667

	
0.000 **

	
1.18

	
−0.173

	
0.031

	
−2.385

	
0.017 **

	
1.14




	
Soil moisture

	
−0.198

	
0.179

	
−2.509

	
0.012 **

	
1.31

	
−0.421

	
0.179

	
−2.350

	
0.019 **

	
1.44




	
Forest loss

	
0.524

	
0.057

	
22.320

	
0.000 **

	
1.16

	
0.405

	
0.108

	
3.726

	
0.000 **

	
1.11




	
Elevation

	
0.224

	
0067

	
3.774

	
0.000 **

	
1.33

	
0.335

	
0.006

	
3.526

	
0.001 **

	
1.10








(**) indicates p ≤ 0.05 and VIF < 2.5.
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