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Deforestation is a documented driver of biodiversity loss and ecosystem services in the tropics. However, less is known on how interacting regional and local-level anthropogenic and ecological disturbances such as land use activities, human populations, and armed conflict affect carbon storage and emissions in Neotropical forests. Therefore, we explored how local-scale, socio-ecological drivers affect carbon dynamics across space and time in a region in Colombia characterized by deforestation, land use cover (LULC) changes, and armed conflict. Specifically, using available municipal level data from a period of armed conflict (2009–2012), spatiotemporal analyses, and multivariate models, we analyzed the effects of a suite of socio-ecological drivers (e.g., armed conflict, illicit crops, human population, agriculture, etc.) on deforestation and carbon storage-emission dynamics. We found that about 0.4% of the initial forest cover area was converted to other LULC types, particularly pastures and crops. Gross C storage emissions were 4.14 Mt C, while gross carbon sequestration was 1.43 Mt C; primarily due to forest regeneration. We found that livestock ranching, illegal crop cultivation, and rural population were significant drivers of deforestation and carbon storage changes, while the influential role of armed conflict was less clear. However, temporal dynamics affected the magnitude of LULC effects and deforestation on carbon storage and emissions. The approach and findings can be used to better inform medium to long-term local and regional planning and decision-making related to forest conservation and ecosystem service policies in Neotropical forests experiencing disturbances related to global change and socio-political events like armed conflict.
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1 INTRODUCTION
Anthropogenic disturbances have a profound effect on the structure, composition, and function of global forested ecosystems (Machlis and Hanson, 2008; Perring et al., 2016). In the tropics, deforestation, or the conversion of forests to non-forested land use (LU)- land cover (LC), is a primary cause of biodiversity loss, and a disruption of several provisioning, cultural, and regulating ecosystem services, including carbon dioxide sequestration and emissions due to loss of carbon storage (Sanchez-Cuervo and Aide. 2013). Regionally, such loss of tropical forests and their regulating and cultural ecosystem services also have implicit trade-offs related to local scale provisioning ecosystem services, such as timber and non-timber forest products, crop yields, and cattle production (Murad and Pearse, 2018).
Large-scale tropical deforestation is often driven by LULC conversion agents, such as industrialized agriculture and livestock production activities (Landholm et al., 2019). The effects of ecological disturbance agents such as fire, drought, pests and diseases, and extreme events related to climate change have been well studied (Achard et al., 2014), as well as the dynamic between global and national socioeconomic and political drivers and Neotropical deforestation (González-González et al., 2021). However, tropical deforestation can also be driven by other cross-scale anthropogenic disturbance drivers such as land tenure regimes, inequity and poverty, poor governability, unbalanced power structures, illicit cropping, mining, and even warfare (Hoffmann, et al., 2018). This specific role of regional and local-level anthropogenic disturbance drivers in changing ecosystem functions and services in tropical regions has been less studied (Salazar, 2016; Bautista-Cespedes et al., 2021). Indeed, regional conservation efforts and local use and management of Neotropical forests are important, as they provide multiple types of regional-continental ecosystem services such as climate regulation (e.g., carbon storage and sequestration, temperature regulation; Gibbs et al., 2007) and water regulation and provisioning services for humans settlements (Clerici et al., 2019). They can also provide local-level provisioning services such as timber, non-timber forest products, crops and forage, and cultural ecosystem services such as wildlife viewing opportunities, ecotourism as well as spiritual and educational opportunities (Carriazo et al., 2019; Ocampo-Penuela and Winton 2017). Forest carbon storage is important since deforestation of tropical forests contributes to about 15%–25% of all annual global greenhouse gas emissions (Gibbs, et al., 2007; Phillips et al., 2016). Similarly, carbon storage, sequestration, and offset programs are a key component of many local-regional Payment for Ecosystem Service and REDD+ (Reducing Emissions from Deforestation and forest Degradation in developing countries) programs and instruments.
Although anthropogenic disturbances driving deforestation and carbon storage are complex and context specific, less studied socio-ecological factors, such as: demographics, population density changes and migration, economic activities, actor groups, and factors associated with socio-economic and political factors can provide key insights into these dynamics (Leite et al., 2018; Betancur-Alarcón and Krause, 2020). For example, a less studied anthropogenic disturbance affecting tropical forests and their ecosystem services in countries such as Colombia, Democratic Republic of the Congo (DRC), Sri Lanka, Indonesia, among others, is warfare or armed conflict. Armed conflict and its associated variables such as internal displacement, violence, armed encounters, and casualties is a multi-faceted phenomenon with complex socio-political, socio-economic, and ecological dynamics and effects (Camargo et al., 2020). Armed conflict incorporates the interaction of governments military, civilians, and the environment. Warfare dynamics imply socioecological changes, because warfare requires extraction of natural resources and movement of people, which have often impacts on natural ecosystems. Depending on the relationship among ecosystems and conflict dynamics, either deforestation or “gun-point conservation” of forests will imply changes within the landscape. Although conflict has recently been used with frequency to discuss its role in national and regional tropical deforestation, it can also interact with local-regional level factors driving ecosystem services such as: resource extraction, landscape fragmentation, habitat loss, soil erosion, and socio-economic disruption (Murillo-Sandoval et al., 2020; Bautista-Cespedes et al., 2021; Liévano-Latorre et al., 2021). For a more detailed discussion about conflict and warfare ecology-related concepts, please refer to Machlis and Hanson (2008). Also refer to Schoon and Cox (2012) for an in-depth discussion of socio-ecological disturbance typologies and frameworks for distinguishing between natural and anthropogenic disturbances (i.e., drivers as used in the ecosystem services literature).
As such, forests in tropical countries provide unique opportunities to explore the effects of complex anthropogenic disturbances on the regional and local supply and demand of ecosystem services. Using such disturbances as variables in statistical models can provide context-relevant information about deforestation as well as reforestation and regeneration dynamics (Sanchez-Cuervo and Aide, 2013). In particular, tropical forests that have or are experiencing armed conflict, several factors have been found to be correlated with deforestation: rural and urban population density, agricultural activity (cattle, agro-industrial products included), infrastructure, mining (legal and illegal), and illegal cropping (crops or plants which have been deemed illegal to grow by the government, e.g., coca bush or opium poppy) (Gaveau et al., 2009; Kanninen et al., 2009; Potapov et al., 2012; Yasmi et al., 2013; Butsic et al., 2015; Camisani 2018).
However, in-situ measurements and access to such forests is complex and often not possible; thus, remote sensing techniques based on satellite imagery and geospatial analyses are regularly used to measure and monitor tropical deforestation in these contexts (Achard et al., 2014; Murad and Pearse, 2018). Free and open access to satellite imagery (e.g., from Landsat and Sentinel), geospatial datasets (Turner et al., 2015), and recently available socio-economic, commodity production, and armed conflict data can allow for the study of the spatiotemporal dynamics related to these natural and anthropogenic disturbances influencing LULC change in tropical forests, and subsequent changes to ecosystem services (Suárez et al., 2018). We refer to the interaction of natural and anthropogenic disturbances hereafter as socio-ecological drivers (Schoon and Cox. 2012).
Accordingly, this study aims to better understand how local-level socio-ecological disturbances affect deforestation and subsequent carbon storage across space and time in a socio-ecologically complex region that experienced conflict in central Colombia. The country is characterized by historic and recent high rates of deforestation due to agriculture, livestock, mining, and armed conflict (Camargo et al., 2020; Prem et al., 2020). Thus, its socio-political and socio-economic dynamics provide a unique opportunity to explore the role of socio-ecological disturbances and drivers on Neotropical forest carbon storage during 2009–2012; a period of active internal armed conflict. Our specific study objectives are three-fold:
1. Spatio-temporally estimate the area of forest conversions to other land use-land covers,
2. Spatio-temporally analyze forest carbon storage changes related to land use-land cover transitions, and
3. Explore the effects of socio-ecological drivers on deforestation and subsequent forest carbon storage-emission dynamics.
In the below study we analyzed a number of direct and indirect drivers of forest and land cover change to better understand the role of municipal-level socio-ecological disturbances on Neotropical Forest carbon. Such approach and information are key to better informing local and regional policies and programs such as Reduced Emission from Deforestation and Degradation (REDD+) and Payments for ecosystem services (Gibbs et al., 2007). The approach, as detailed below, can also be used to assess the sustainable provisioning of agricultural products and promoting opportunities for cultural ecosystem services (Ocampo-Peñuela and Winton, 2017; Phillips et al., 2016).
2 MATERIALS AND METHODS
2.1 Study area
The study area encompasses 12 different municipalities in the Departments of Meta, Guaviare and Caquetá, in central Colombia (Figure 1). The three departments have a mean annual temperature range of 25–30°C and mean annual rainfall of approximately 2,500–3,000 mm (IDEAM, 2020). The main ecosystems in the Departments include fragmented humid forests, savannas, secondary vegetation, agroecosystems and wetlands (Suarez et al., 2018). Elevation ranges from approximately to 125–4,100 m (Eastern Andean Cordillera) above sea level. Several protected areas are present in the study area (Figure 1) and include: Natural National Parks Sierra de la Macarena, Picachos, Tinigua, Serrania de Chiribiquete, and Natural National Reserve Nukak. The main socio-economic activities of the region are related to agricultural production related to coffee cultivation and livestock production, and mining to a lesser extent (DANE, 2020; Castro-Nunez et al., 2017). However, other illicit activities such as coca cultivation, illegal timber harvesting, and illicit mining operation also influence economic activities and supply chains throughout the study area (Rodríguez-de-Francisco et al., 2021). This region is home to an important biological mega-corridor between the Andes and Amazon biogeographical region: the Amazon-Andes Transition Belt (Clerici et al., 2018).
[image: Figure 1]FIGURE 1 | Study area (blue polygons) in the departments of Meta, Guaviare and Caquetá, Colombia. Protected areas are shown in green.
The total 2020 population in the study area’s three Departments is approximately: 411,000 in Caquetá; 86,000 in Guaviare, and more than one million people in Meta (Statista Research Department, 2021). The region has historically been characterized by armed conflict and the presence of several armed groups, including the Revolutionary Armed Forces of Colombia (FARC), National Liberation Army (ELN), paramilitaries and other groups associated with illicit crops cultivation and natural resource extraction (Rincón Ruiz et al., 2013; Bautista-Cespedes et al., 2021; Sanchez-Cuervo and Aide 2013). In this study we focus on the time interval 2009–2012, a period characterized by: 1) active and intense armed conflict (i.e., the 2009 Seguridad Democratica or Democratic Security period) that coincided with increased military spending and operations against the FARC, and 2) a transition period as of 2012 that was characterized by a lower intensity of armed conflict and a period that eventually led to a post-conflict warfare dynamics (i.e., the FARC Peace Process; Camargo et al., 2020).
2.2 Land use-land cover transitions
Specific Land use-Land cover transitions from 2009 to 2012 were estimated using the ESA Land Cover Climate Change Initiative Copernicus LC land cover products (Copernicus). The data are based on a 22 class LULC system, defined using the United Nation Food and Agriculture Organization’s (UN FAO) Land Cover Classification System (LCCS), and provides annual gridded LULC maps at 300 m resolution from 1992 to 2020. Detailed LULC class descriptions are discussed in Copernicus (2021b). The analyzed products for the years 2009 and 2012 are MERIS based global coverage at 300 m (https://earth.esa.int/eogateway/instruments/meris), generated by ESA from MERIS Full Resolution surface reflectance data. The Coordinate Reference System used for the global land cover database is a geographic coordinate system (GCS) based on the World Geodetic System 84 (WGS84) reference ellipsoid. To ensure the quality and consistency of the LC maps, the sets of annual maps were not produced independently, but they were derived from a unique baseline LC map, which was generated using the entire MERIS Full Resolution and MERIS Reduced Resolution (1,000 m) archive from 2003 to 2012, employing a machine learning spectral classification module (ESA, 2017a). The validation process was ensured through: 1) validation datasets that were not used during the production of the LC maps and 2) carried out by external parties, not involved in the production of the LC maps. The first step in a validation process was to estimate the accuracy of the latest year (2015) using an independent dataset and the process revealed that the overall accuracy of the 2015 LC map was 71.45% (ESA, 2017b). While there is no direct evaluation of the overall accuracy of the 2009–2012 products, it was reported in a second step, that there is a reported good agreement (>90%) for croplands, broadleaved evergreen forests, urban areas, bare areas, water bodies, and permanent snow and ice cover with the previous yearly products compared to the 2015 LULC map.
The 17 Copernicus LULC classes present in the study area were aggregated into six general classes (Table 1), that were subsequently used to analyzed forest to other LULC transitions during 2009–2012; (i.e., forest cover was the starting or target class; Szantoi et al., 2021).
TABLE 1 | ESA LC CCI land use and land cover classes (LULC; left column) and aggregated LULC classes in this work (right column).
[image: Table 1]2.3 Forest carbon storage changes
Mean aboveground gross carbon (C) storage densities (Mg C/ha) were compiled for the various LULC classes based on context-relevant information from the region (Table 2). These carbon storage densities were used to estimate the carbon storage per LULC class per area for the analysis period and carbon storage changes from the transitions from 2009 to 2012. These changes in gross carbon storage were converted to a per year basis, or annualized, during the 3-year period and are reported as carbon sequestration in the case of annual carbon storage increases, or conversely carbon emissions in the case of annual carbon storage losses.
TABLE 2 | Land use-Land Cover (LULC) classes and reported mean aboveground carbon storage densities used in this study, with bibliographic source.
[image: Table 2]2.4 Socio-ecological drivers of forest carbon emissions
We analyzed available and relevant socio-ecological drivers associated with deforestation across 12 municipalities (Supplementary Table S1) from Table 3. The data were at the municipal-level to better understand their role as regional-local scale drivers of forest loss and subsequent carbon storage changes (i.e., emissions) in the study area during the study period. We first used an exploratory analysis to identify spatiotemporal dynamics and patterns in the data, as well as data quality issues (Behrens, 1997). Accordingly, we used Pearson correlation analyses and Stepwise Regression to reduce errors associated with redundant variables, identify statistically significant variables, and to address multi-collinearity issues (Harrell, 2013).
TABLE 3 | Municipal-level socio-ecological drivers (i.e., anthropogenic and ecological disturbances) affecting deforestation and carbon storage change in Neotropical forests in central Colombia.
[image: Table 3]The selected variables were also tested for spatial autocorrelation using Moran’s I index (Celemín, 2009; Durán and Monsalves, 2020) and a spatial weighted matrix with a first-order queen contiguity matrix to evaluate variable pattern distribution in each municipality (Carracedo and Debón, 2017). To identify spatial changes in our variables we also used a Spatial Delay Analysis with a weighted average of random variables in neighboring locations (Pérez Pineda, 2006). These tests found no spatial auto-correlation issues.
Accordingly, these drivers in Table 3 were then used to statistically analyze the effect of municipal-level socio-ecological drivers on forest loss and its relationship with carbon storage during 2009–2012. First, we developed a mean comparison or variance model (Model 1, hereafter) to account for continuous and categorical data and their independence (Villa et al., 2012). Here we used a factorial design that considers a single factor, i.e., the dependent variable (deforestation) and the levels reported in Table 3 (Palmer Po, 2019). We tested for two different temporal groups, “A” for 2009 and “B” for 2012, respectively, and used the test levels a and b (a, b ≥ 2), with a factorial arrangement or design of a x b treatments, or:
[image: image]
where [image: image]. [image: image] is the effect due to the ith level of factor A; [image: image] is the effect of the jth level of factor B. [image: image] [image: image] are the model’s estimators.
To better understand the role of year (i.e., time) and a municipality’s characteristics on deforestation, we also used a second analysis (Model 2, hereafter) of the form:
[image: image]
where Are_def is the deforested area and x varies for each of the 12 municipalities (Appendix A). Model 2 was based on a factorial multivariate analysis of variance (MANOVA) model to account for the temporal nature of deforestation across different years (Warne, 2014). We evaluated a null hypothesis in which the value of the mean in the dependent variable can be statistically dependent on each group of independent variables. We used four conventional statistics to test for variance means in the multivariate model, specifically: Pillai’s Trace, Wilk’s Lambda, Hotelling’s Trace, and Roy’s Largest Root (Chen, 2011). All significance tests were obtained with a fixed value of p = 0.05. All statistical analyses were performed using R v. 3.6 (R Core Team, 2017).
A resuming flow-chart of all processing steps is reported in Supplementary Figure S1.
3 RESULTS
3.1 Land use land cover change
Land use and land cover transitions (2009–2012) derived from the Copernicus dataset (Copernicus, 2021a) are shown in Figure 2. The area extent of the LULC transitions involving forests in the study area are shown in Table 4. The main LULC transition is represented by the conversion of Forests to Pastures and Crops (23,227 ha), while the second largest transition is represented by Forest conversion to Shrubs and Herbaceous Vegetation (11,413 ha); the latter indicating a process of deforestation followed by regeneration, and/or forest degradation. A total of 11,918 ha represents areas where forest regeneration has occurred as shown by the areas of pastures, crops, shrubs, and herbaceous LULCs converting to secondary forests (Table 4).
[image: Figure 2]FIGURE 2 | Land use land cover transitions in the study area in 2009–2012. Red frame: a zoom western of Sabanas del Yarí region in central Colombia.
TABLE 4 | Land use and land cover (LULC) transitions type and extent (ha) in the central Colombian study area during 2009–2012.
[image: Table 4]3.2 Forest carbon storage and emission dynamics
Overall, gross carbon emissions in the study period were 4.14 Mt C (average annual C emissions were 1.38 Mt C yr−1), and gross carbon sequestration 1.43 Mt C (average annual C sequestration was 0.48 Mt C yr−1). The non-annualized difference between gross carbon storage and carbon emission was estimated at 2.71 Mt C in the study area during 2009–2012. Figures 3, 4 show municipal-level forest C storage changes (i.e., emissions) for targeted LULC transitions, respectively. Forest carbon emissions and gross carbon storage estimations between 2009 and 2012 are shown in Table 5 and were calculated using the carbon density values presented in Table 2. Table 5 shows that carbon storage increases are overall, lower than carbon emissions. Municipalities with the areas of greatest carbon storage occurred in the municipalities of San Vicente del Caguán, San José del Guaviare, La Macarena, and Cartagena del Chairá (Figure 4. We note that these estimates were not analyzed as compositional data). The highest carbon emissions occurred in Forests that were converted to pasture and crop areas in the municipalities of San Vicente del Caguán, Cartagena de Chairá and La Macarena (Figure 3). The municipalities of Mesetas and Vistahermosa had the lowest values of carbon emissions and storage, respectively.
[image: Figure 3]FIGURE 3 | Forest carbon emissions (Mg C * 106) by municipality and land use land cover transitions in the study area during 2009–2012.
[image: Figure 4]FIGURE 4 | Carbon storage due to forest regeneration and/or degradation (Mg C) by municipality and land use and land cover transition in the study area during 2009–2012.
TABLE 5 | Forest gross carbon emissions and gross carbon storage between 2009 and 2012 in the study area.
[image: Table 5]3.3 Socio-ecological drivers of forest carbon storage changes
Our factorial design for Model 1 was used to account for the relationships or interactions among the anthropogenic and ecological disturbances in the study area during the analysis period. Accordingly, these socio-ecological drivers comprising the model (Table 3), were analyzed to determine the significance of temporal changes among them (Oehlert, 2010). Again, Model 2 in turn was used to understand the temporal influence of these socio-ecological drivers on deforestation and carbon storage changes. We note that Model 2 is a multivariate model with two dependent variables that avoids the use of “year” as a dependent variable; as used in Model 1 (See Section 3.3.1 below).
3.3.1 Statistical analysis
Model 1 was significant (0.019, <p = 0.05), and can explain some of the variation in deforestation observed in the study area. We found that some variables such as illegal crops during both 2009 and 2012 groups were significant. Accordingly, we used both these groups/years as a fixed factor in the model and adopted an H0 hypothesis where the means are the same. All the variables related to this hypothesis were tested (Table 3) and all were found not be not significant; therefore, the null hypothesis was rejected. We found that permanent crops (variable Permanent_C) was redundant within the model and thus not explanatory. Overall, the model factors explained 86.5% of the variance in deforestation (Area_Def). The limits and significance of the estimators in the variables that have Year as a factor are shown in Table 6. Results show that “Year” when used as a factor was not significant. However illicit crops and number of cattle were found to be significant (p = 0.05) and rural population was somewhat significant (p = 0.07). The results showing the effects of the model with the factor (Year) and the interaction and intersection for each factor are shown in Table 7.
TABLE 6 | Tests of inter-subject effects with a factorial model.
[image: Table 6]TABLE 7 | Parameter estimates from the explanatory variables.
[image: Table 7]Using results from Tables 6, 7, an equation was developed to better understand the interactions among the different socio-ecological drivers of deforestation (Area_Def); the variables are explained in Table 8.
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TABLE 8 | Explanatory variables included in Model 1.
[image: Table 8]Although results (Tables 5, 6) showed a significant relationship between deforestation and year, cattle numbers (p < 0.05) and illegal crops (p < 0.05) as well as moderately significant with rural population (p < 0.07); interestingly year 2009 showed no statistical significance. To better understand how these interacting variables over time (i.e., year) influenced deforestation, we used multivariate model 2 with municipalities as the fixed effect and removing the variable Permanent C. This corrected model resulted in an acceptable level of significance (adjusted model of 95%) and explained the two dependent variables, deforestation and year, and their spatiotemporal relationship with several drivers. We found that Year had a negative adjusted R2 (−1.09; R2 = 0.714) while Deforestation had a positive Adjusted R2 (0.954; R2 = 0.994); indicating that deforestation was not a significant driver with respect to time. However, deforestation was significantly related to other variables such as illegal crops and specific municipal-level dynamics (Table 7).
4 DISCUSSION
This study used available geospatial and socio-ecological data to analyze deforestation, LULC changes, and drivers influencing forest C storage dynamics in a region that experienced armed conflict in central Colombia. We found that forest cover loss (i.e., deforestation) was primarily a function of forest conversion to pastures-crops in our study area. This result was likely influenced by the governmental policies and programs related to the promotion of the agricultural production and livestock ranching between 2009-2010 (Suarez et al., 2018; Bautista-Cespedes et al., 2021). Our findings also indicate that some of the socio-ecological drivers behind deforestation and carbon storage changes were related to the amount of rural population, livestock ranching activity, and illicit crop cultivation, however the presence of armed groups such as the FARC was less clear (Camargo et al., 2020; Bautista-Cespedes et al., 2021).
More specifically, our LULC change analyses shows an increase in agriculture and pastures and conversely a decrease in forest cover. We found that almost 347 km2 of forests, about 0.4% of the initial forest cover extension, were converted to other LULC types between 2009 and 2012 (Table 4). Deforestation in the study region is known to be linked to both “land grabbing” for illegal ranching and land speculation for expected future increases in land value (Rodríguez-de-Francisco et al., 2021). The use of this area by the armed groups is also well known, as these groups strategically used forested areas during the period, for both illicit cultivation of coca and military-related operation operations (Camargo et al., 2020; Castro-Nunez et al., 2017). Previous studies have found that the effect of armed conflict on deforestation in Colombia is complex and varies across regions and time, but in general most literature agrees that deforestation might increase after the cessation of intense armed conflict (Murillo-Sandoval et al., 2021; Reuveny et al., 2010; Clerici et al., 2020; Baker et al., 2003). During 2012, initial discussions that led to the peace agreement with FARC have been reported as another potential factor that could have influenced deforestation and conversion to extensive uncontrolled farming and mining operations. as well as the movements of armed groups (Yu. et al., 2014; Bautista-Cespedes et al., 2021; Salazar, 2016). However, as we will later discuss, there is limited literature regarding how armed conflict directly and indirectly affects ecosystem function and services, particularly carbon storage and climate regulation.
Studies suggest that regions similar to our study area have experienced lower deforestation rates during conflict as compared to post-conflict periods (Castro-Nunez et al., 2017). After the cease-fire period in 2015 many of these forests experienced high rates of deforestation and conversion to land uses related to cattle farming, mining, and licit/illicit cropping (Bautista-Cespedes et al., 2021). Increase in deforestation during post-conflict was facilitated by easier access to pasture areas for cattle and crop farming due to the exit of FARC, and the return of internally displaced peoples (Negret, et al., 2019; Landholm et al., 2019). Nevertheless, studies like Bautista-Cespedes et al. (2021) and Salas-Salazar (2016) document that deforestation dynamics within each municipality can be different due to power-influence dynamics or warfare dynamics as well as the specific history of the rural areas during and after the armed conflict. Castro-Nunez et al. (2017) reports that during Colombia’s period of actively armed conflict, there were increases in certain LU activities that resulted in agricultural colonization practices that promote forest loss and thus increased carbon emissions. With respect to protected areas, Liévano-Latorre et al. (2021) found that only areas administered by Colombian natural parks were effective in avoiding deforestation (2000–2017), but that the presence of FARC increased deforestation at the regional level (Liévano-Latorre et al., 2021).
We found that there were specific socio-ecological drivers in addition to armed conflict driving C storage changes. The municipalities in the study area experienced several complex socio-political processes during our analysis period related to unregulated cattle ranching and both legal and illegal mining (UNODC and Ministerio de Justicia y del Derecho, 2015). Such activities have also been associated with deforestation activities and also contribute to explain the increase in carbon emissions (Table 5). Coca production has frequently been linked to deforestation in humid tropical forested ecosystems in Colombia (Rincón-Ruiz and Kallis et al., 2013), however, most of the carbon emissions rates in San Vicente del Caguán can also be related to agroforestry practices such as rubber and cocoa production, infrastructure development (González et al., 2018). In municipalities such as San José del Guaviare and La Macarena, agricultural practices could involve extensive illicit livestock and crop operations. But in other municipalities such as Puerto Rico (Meta), Vistahermosa, Uribe and Mesetas, few changes were observed in regard to forest carbon storage losses (Figure 3). These trends are likely a result of historic ranching and coca crop cultivation activities in recent history and thus no prominent changes in carbon storage losses were found in our study for these municipalities (UNODC and Ministerio de Justicia y del Derecho, 2015).
Our modelling approach accounted for the different and interacting municipal-level socio-ecological drivers affecting deforestation across space and time in the study area. By accounting for these temporal disturbances in Model 2 we also obtained a much higher fit relative to Model 1 (Table 7). The drivers identified by both our statistical models show that many of them are likely interacting (Table 7). Such interacting activities that affect deforestation can include illicit crop cultivation, ranching, internally displaced people, and armed conflict (Sanchez-Cuervo and Aide. 2013; Rincón Ruiz et al., 2013). Such extractive natural resource activities are primarily found in deforested areas in less mountainous and more accessible areas (Sanchez-Cuervo and Aide. 2013; Bautista-Cespedes et al., 2021). Accordingly, our results are in-line with other studies (e.g., González-González et al., 2021; Ganzenmüller et al., 2022) in that different variables drive deforestation differently across space and time. In terms of ecosystem service provision, Castro-Nunez et al. (2017) investigated the spatial associations between carbon in woody biomass and conflict-related variables in Colombia’s Amazon region and found an inverse relation between carbon and both armed actions and conflict victims in the Amazon region.
However, we do note some limitations in our study, First, we only used available geospatial data, with a spatial resolution of 300 m × 300 m, without field verification. Second, our armed conflict variable was limited to presence or absence (binary data) of FARC-related armed groups in each municipality. The use of continuous data for armed conflict might have yielded new results and insights. Future research should account for additional anthropogenic and ecological disturbances to better analyse deforestation, such as mining, wood extraction (forest degradation), expansion of infrastructure, and other conflict-related drivers such as type of armed groups, and casualties.
This study’s findings shows that using socio-ecological data as proxies for disturbance agents—and their influence on deforestation and carbon storage—can be a viable approach for parsing out socio-political and economically relevant drivers, such as illicit crops, FARC attacks, and local-level land use activities affecting ecosystem service provision. Such dynamics can also depend on issues not addressed in this study, such as those related to governance and associated policies, laws, and events such as the fumigation of illicit crops or even the recent peace processes. Our findings and those from the literature demonstrate in general the need for improved governability as well as governance in remote rural locations in places such as this region in Colombia.
In conclusion, the approach and findings of this study can be used to better inform local-level decision-making related to forest conservation and ecosystem service provision policies and programs in Neotropical forests. Policies and legislation incentivizing the use of conservation instruments such as Payment for Ecosystem Services, for example, are well established in places such as Colombia. Thus, use of available, municipal-level data as used in this study can also be used to monitor and evaluate how socio-economic, political, and ecological indicators can drive not only the sustainable provisioning and regulating ecosystem services, but also opportunities for enhancing cultural ecosystem services in areas that lack data and access to on-site measurements.
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carbon
storage density (Mg
C/ha)
Forest 1321 Yepes et al. (2011); humid tropical forest
Shrubs and herbaceous 18.95 Yepes et al. (2011)
vegetation®
Urban and paved surfaces 0 Yepes et al. (2011)
Pastures and crops® 9.68 Yepes etal. (2011), Rinc6n and Ligarreto (2007), Arce etal. (2008); crops Fisher et al. (1994); deep-rooted
grass Noordwijk et al. (2002); crops IPCC (2003; 2006); grassland and crops
Sparse or no vegetation® 3.0 Asner et al. (2012)
Water 0 N/A

"Subcomponents of LULC class represented in equal proportions.
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Atfarc Number of armed
encounters
ACP_Expelled Number of internally

displaced people

Source

DANE (2020)

(Copernicus)

The Amazon Scientific Research Institute SINCHI: hitps:/datos.
siatac.co/

Colombian Federation of Cattle Ranchers: https:/www.fedegan.
org.cofestadisticas/produccion-0

Historical Memory Center (2012), Prem et al. (2020)

Camargo et al. (2020)
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