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Abstract 16 

Monitoring forest loss is critical to keeping global warming below 1.5 °C, yet achieving zero 17 

deforestation remains elusive. Despite extensive national monitoring and high-resolution earth 18 

observation data, deforestation persists due to a limited understanding of the human and economic 19 

mechanisms driving forest conversion. Here, we develop a state-of-the-art analytical framework to 20 

disentangle these dynamics by tracing forest loss—driven by logging, permanent agriculture, 21 

commodity production, and infrastructure expansion—through global supply chains to the consumer 22 

side, termed the forest loss footprint. This approach bridges the gap between fine-scale remote sensing 23 

data and aggregated economic accounts. We further apply machine learning techniques to identify 24 

key socioeconomic drivers behind consumption-induced forest loss. Our results show that 38.15% 25 

(13.12 Mha in 2022) of global forest loss is embodied in international trade, with five countries (Brazil, 26 

the United States, China, Indonesia, and Russia) accounting for 48.16% of global deforestation. China 27 

and Russia exhibit polarizing trends that amplify global forest pressures. Among drivers, the shares 28 

of food imports and the urban population emerge as dominant factors explaining cross-national 29 

patterns of forest loss. This integrated framework offers a robust, data-driven foundation for 30 

advancing global forest conservation and promoting equitable responsibility across international 31 

supply chains. 32 
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1. Introduction 36 

Forests, as critical ecosystems on Earth1, cover 30% of the Earth’s land surface2. The total value 37 

of the world’s forests is as much as $150 trillion3, not only accounting for 1% of global jobs, 38 

employing more than 33 million people4, but also maintaining 80% of terrestrial biodiversity, 39 

providing irreplaceable habitats for countless species5. More critically, forests serve as one of Earth’s 40 

largest carbon sinks6, absorbing about −3.5 ± 0.4 (where − denotes a net carbon gain) petagrams of 41 

carbon annually (PgC per year) in the 2010s7, playing a vital role in climate change mitigation. 42 

Despite numerous protection commitments by the international community, global forest cover is 43 

estimated at –10.2 million ha per year in 2015–20208, particularly in ecologically valuable mangrove 44 

forests and tropical rainforests9,10. These losses are alarming in the face of worldwide climate targets 45 

in controlling global temperature within 1.5°11. 46 

Global deforestation, a persistent environmental challenge, has undergone significant changes 47 

in patterns and intensity over recent decades. Latest data reveals that global forest loss reached 8.1 48 

Mha in 2024, equivalent to losing 15 football fields of forest every minute. The geographic 49 

distribution of deforestation is highly uneven, showing distinct regional concentration: Brazil and 50 

Indonesia alone account for nearly half (47%) of tropical forest deforestation. Brazil alone accounts 51 

for one-third of global tropical forest deforestation, losing approximately 1.7 Mha annually, while 52 

Indonesia accounts for 14% 5,12. Regarding driving factors, between 2001 and 2024, approximately 53 

34% of global tree cover loss resulted from permanent land use change, while in tropical primary 54 

rainforest regions, this proportion reached 61%5. From an economic perspective, deforestation is 55 

broadly categorized into four main types: commodity-driven permanent agriculture, forestry activities 56 

(logging), and the expansion of settlements and infrastructure. These data highlight deforestation as 57 



an urgent global challenge that requires immediate attention 9,13-15. 58 

To address the deforestation crisis, a multi-level global governance system has emerged. 59 

Numerous forest protection policies and initiatives have been implemented worldwide, demonstrating 60 

remarkable diversity, including regional zero-deforestation commitments (such as the Amazon Soy 61 

Moratorium)16, consumer country-led regulations (the EU Deforestation Regulation, EUDR)17, 62 

industry sustainability certifications (RSPO palm oil certification)18, and corporate zero-deforestation 63 

pledges (the New York Declaration)19. These policy instruments can be categorized into four main 64 

types: market incentive mechanisms, regulatory constraints, voluntary standards, and multilateral 65 

agreements 20-23, reflecting the global society’s multifaceted efforts to address deforestation. However, 66 

previous research indicates that geographic spatial constraints and complex market dynamics 67 

significantly limit the effectiveness of these policies. For instance, while the Amazon Soy Moratorium 68 

reduced local deforestation rates by 80%, it led to a 25% increase in deforestation activities in the 69 

Cerrado savanna region16; similarly, palm oil certification programs in Kalimantan have caused 70 

deforestation activities to shift to other parts of Borneo, with an average displacement rate of 40%17. 71 

This "leakage effect" severely undermines the overall effectiveness of these policies, highlighting the 72 

importance of cross-regional coordination16,17,19. 73 

The inefficiency of policy implementation arises from a combination of market, governance, and 74 

institutional constraints. First, due to the lack of coordinated planning and cross-border responsibility-75 

sharing mechanisms, forest protection policies in one region often lead to deforestation activities 76 

being displaced to neighboring areas with weaker regulations24,25,16; Second, insufficient transparency 77 

within indirect supply chains exacerbates the problem—Zu et al. found that more than 60% of 78 

agricultural products are traded through indirect channels, making sustainability verification and 79 



accountability difficult26; Third, regulatory enforcement remains weak in many tropical forest 80 

countries, where limited governance capacity, high enforcement costs, and the vast spatial extent of 81 

forested areas constrain effective monitoring and control25,27. Collectively, these intertwined 82 

challenges highlight the critical need for systematic tracing of forest loss chains from consumers to 83 

producers to ensure accountability and strengthen global deforestation governance. 84 

In recent years, academia has developed various methods to track responsibility chains for global 85 

forest loss. Hoang et al. pioneered the analysis of deforestation footprints, combining land-use change 86 

with international trade data to quantify consumer countries’ "embedded responsibility" in tropical 87 

deforestation for the first time, finding that 15-18% of tropical deforestation is directly related to 88 

international trade 28; Zu et al. through detailed supply chain mapping, discovered that indirect 89 

procurement accounts for 12-100% of agricultural commodity chains with deforestation risk 90 

averaging 40% higher26; Hoang et al. extended this analytical framework to conservation policy 91 

domains, using spatial modeling to analyze overlaps and conflicts between agricultural production 92 

and high conservation value areas, identifying that 22% of global biodiversity hotspots face direct 93 

threats from agricultural expansion29. Although these studies provide important insights into 94 

understanding global mechanisms driving forest loss, they are primarily limited to single-dimension 95 

analyses—either focusing on spatial patterns, specific agricultural products, or supply chain 96 

structures—lacking an integrated comprehensive framework that organically combines economic 97 

activity types, spatial flows, and driving mechanisms, as well as in-depth analysis from 98 

phenomenological description to mechanistic interpretation. 99 

Moreover, these efforts to link global economic activity to forest dynamics often rely on 100 

environmentally-extended multi-regional input-output (EE-MRIO) models30,31, which often source 101 



forest-related data from statistical agencies such as the FAO. However, these top-down allocations of 102 

national statistics face several limitations. Firstly, they typically capture only aggregate flows (e.g., 103 

total timber harvest) and net stocks (e.g., forest area), without distinguishing among the diverse 104 

drivers of forest loss 24,32-35. Second, cross-country comparisons are often inconsistent because 105 

national datasets differ in definitions, reporting procedures, and temporal intervals36-40. Third, gaps in 106 

temporal coverage are frequently filled through interpolation, introducing modeling uncertainties41-
107 

44. By contrast, remote sensing datasets provide consistent, high-resolution observations of forest 108 

dynamics with global coverage over time, but their spatially explicit structure is not readily 109 

compatible with aggregated economic frameworks such as MRIO models 45-47. Supplementary Excel 110 

1 summarizes the major global MRIO databases and their corresponding forest data sources. This 111 

methodological divide between detailed physical observations and aggregated economic systems 112 

underscores the need for a bottom-up, empirically grounded approach to attribute forest loss events 113 

to their proximate drivers with high spatiotemporal accuracy—an essential step toward evidence-114 

based policymaking and shared accountability in forest conservation. 115 

This study traces global forest loss from 2000 to 2022, linking high-resolution remote sensing 116 

data with international trade to quantify and interpret the footprints of forest loss driven by four major 117 

land conversion types: permanent agriculture, logging, hard commodities, and infrastructure 118 

expansion. By connecting production and consumption flows, we map the spatial–temporal dynamics 119 

of forest loss embodied in global supply chains and classify countries according to polarizing and 120 

equalizing trends in forest resource use to inform targeted policy interventions. Furthermore, we 121 

employ state-of-the-art machine learning techniques to identify the socioeconomic driving factors 122 

underlying consumer-induced forest loss across different land conversion types. Specifically, this 123 



study addresses three key questions: (1) What are the spatial–temporal patterns and flows of forest 124 

loss footprints associated with global supply chains from 2000 to 2022? (2) How can countries be 125 

typified based on their temporal trajectories of forest resource use? and (3) Which socioeconomic 126 

factors explain cross-national variations in forest loss footprints? 127 

2. Results 128 

Our analysis first links the newest remote sensing forest data with activities that drive the 129 

conversion of forest ecosystems to the global trade of products. Forest loss footprint represents the 130 

extent of forest loss driven by four activities to meet a given country’s final consumption: hard 131 

commodities (HC), logging (LOG), permanent agriculture (PA), and settlements and infrastructure 132 

(SI). This footprint can be partitioned into domestic and foreign forest-loss footprints. For instance, 133 

a forest-rich country like Brazil, which hosts vast forest resources, has a forest loss footprint that 134 

reflects its consumption-driven capacity to drive domestic and foreign forest loss, especially from 135 

hard commodities and logging activities on the production side. In contrast, a country like Iraq, with 136 

negligible forest coverage, has a forest loss footprint that drives only foreign forest loss, as its 137 

consumption leads to the conversion of foreign forests for logging or commodities embodied in the 138 

supply chain, reflecting a consumption perspective. Our results primarily focus on the forest loss 139 

footprints of 189 consumer countries, sourced from 201 countries where forest loss occurs, and 140 

examine how these four land-conversion activities contribute to these footprints from 2001 to 2022.  141 

We then categorize countries based on their spatio-temporal flow dynamic and apply machine 142 

learning (ML) techniques to understand the driving factors. 143 



Figure 1 illustrates the structural composition of forest loss footprints across four major 144 

land conversion drivers from 2001 to 2022. International trade accounts for approximately 38.15% 145 

of the total global forest loss footprint, while domestic consumption represents 61.85%. Within 146 

international flows, trade between similar income-level countries constitutes the most significant 147 

component (16.46%), followed by low-to-high income flows (14.96%) and high-to-low-income 148 

flows (6.73%). This aggregate pattern masks substantial variations across activities. PA, HC, and 149 

LOG demonstrate high levels of globalization, with significant spatial decoupling between 150 

consumption and environmental impact. In contrast, settlement and infrastructure (SI) remains 151 

predominantly localized, with domestic activities driving 86-90% of its footprint. This divergence—152 

globalized trade-driven deforestation versus localized domestic development—highlights the need 153 

for differentiated policy approaches: supply chain governance for internationally traded products and 154 

domestic land-use planning for infrastructure development. 155 

While international flows for LOG are concentrated among countries of the same income 156 

level (20-27%), it also exhibits the highest proportion of flows driven by lower-income countries 157 

among the four activities. Lower-income countries import raw logs to meet their domestic 158 

processing demand, while regional processing networks operate among countries of similar income 159 

levels. The predominant international flows of PA and HC to high-income nations (18% and 28%, 160 

respectively) clearly delineate the ecosystem impacts of global consumption inequality, in which 161 

high-income consumer demand is displaced through global supply chains, ultimately manifesting as 162 

forest loss in low- and middle-income countries.  163 

 In terms of absolute scale, demand from consumer countries drives the most forest loss 164 

from PA at 5.2–9.23 Mha, followed by Logging (3.45–6.95 Mha). HC and SI constitute a secondary 165 



category that operates on a smaller scale. Over 2000-2022, the total footprint from HC shows a clear 166 

upward trend, indicating its growing importance. In contrast, LOG and PA exhibit relative stability 167 

in total volume, while SI shows a more cyclical pattern. A notable temporal pattern emerges: the 168 

highest values for all drivers occurred in 2017, while the lowest, except for PA (2001), were recorded 169 

in 2003. 170 

While the long-term trend of forest loss appears relatively stable, the total value exhibits 171 

significant inter-annual volatility. Notably, between 2012 and 2017, land-conversion activities 172 

exhibited sharp, synchronized fluctuations. For instance, the PA activity peaks around 2012 and 173 

2016–2017 were closely mirrored by those of HC. This lockstep pattern suggests they are responding 174 

in unison, not to diffuse consumer demands, but to unified price signals from integrated global 175 

commodity markets. Despite the domestic driver, SI, exhibited a slower, multi-year cyclical pattern, 176 

with distinct five-year declines from 2007–2011 (from 0.24 Mha to 0.17 Mha) and again from 2017–177 

2021(from 0.25 Mha to 0.17 Mha), distinguishing the high-frequency volatility of globally-exposed 178 

sectors from the slower cycles of domestic policy and investment. 179 

Although all four drivers contribute to forest loss, their scale and structural dynamics differ 180 

markedly. LOG provides a stable baseline of impact, while its sensitivity to global commodity trade 181 

heightens the volatility of PA and HC. The pronounced cyclical peaks observed in PA and the cyclical 182 

declines in SI may reflect the influence of global economic cycles or policy shifts on forest loss. 183 



 184 

Figure 1: Temporal distribution of forest loss footprint by land-conversion activities and 185 

income flow categories (2001-2022). The figure illustrates annual forest loss footprint (hectares) 186 

driven by four major land-conversion drivers: logging (LOG)， permanent agriculture (PA), hard 187 

commodities (HC), and Settlement& infrastructure (SI). Each stacked bar represents the total annual 188 

forest loss footprint driven by the specific economic activity, with color-coded components indicating 189 

different cross-border consumption flows: red segments show economic activity in higher-income 190 

countries driven by lower-income countries’ consumption (HighToLow); orange segments represent 191 

economic activity in lower-income countries driven by higher-income countries’ consumption 192 

(LowToHigh); light blue segments indicate forest loss driven by countries within the same income 193 

group (SameGroup); and dark blue segments represent domestically driven forest loss (SelfFlow).  194 

 195 

Figure 2 further reveals the structural evolution of forest loss footprints from 2001 to 2022, 196 

illustrating the flow patterns for the total footprint (Figure 2a) and the footprint driven by PA (Figure 197 

2b). 198 



While domestic consumption remains a significant component of the global forest loss footprint, 199 

international trade has profoundly reshaped its structure between 2001 and 2022, driving a 200 

transformation from a unidirectional "South-North" model to a complex multi-directional network. 201 

The shift in global trade flows was characterized mainly by domestic consumption and 202 

intra-group exchanges among peer-income economies (Fig. 2a). The most prominent feature 203 

across all periods is the prevalence of thick, grey-colored flows, which represent the vast majority—204 

consistently over 60%—of the footprint being consumed within the producer country or traded 205 

between economies of the same income level. Key consumers such as the USA, Brazil, Russia, and 206 

China collectively accounted for a substantial share of the total global footprint (51.33% in 2001 and 207 

48.16% in 2022), yet satisfied most of their demand for embodied forest loss internally (SI-Table 1). 208 

Global forest loss footprint in 2001-2022 is further displayed in SI-Excel 2.  209 

Against this backdrop of high internal consumption, the transformation at the 210 

international level becomes even more significant. In 2001, global flows were primarily defined 211 

by flows from low- to higher-income (South-North) countries, which accounted for 46.71% of all 212 

international flows. By 2022, while this "South-North" flow remained significant at 39.22%, the 213 

network had evolved into a more intricate landscape, with "North-South" flows (from high-to-low-214 

income countries) nearly doubling their share from 10.60% (2001) to 17.65% (2022). The most 215 

representative example of this shift is the markedly increased outflow of footprint from the USA and 216 

Canada to China, which grew from 1.46% (2001) to 11.40% (2022) of the two countries’ outflows. 217 

Deforestation accountability becomes increasingly complex as ‘Southern’ consumption now drives 218 

‘Northern’ land-use change, effectively displacing environmental burdens. 219 



Major countries exhibit distinct role differentiation in the global forest loss footprint 220 

network. Brazil and Russia consolidated their positions as primary international suppliers, with 221 

footprint outflows constituting 15.26% and 12.07% of all international flows, respectively, in 2022. 222 

China evolved from a major footprint producer to a core hub for global footprint inflows, with its 223 

share surging from 3.1% in 2001 to 9.7% in 2022. The USA presents a contrasting pattern. While 224 

possessing one of the world's largest total footprints (1.21 Mha), its role is defined by massive 225 

domestic consumption rather than international trade. Its contribution to global trade was modest, 226 

with outflows accounting for just 4.40% of total international flows, indicating America primarily 227 

satisfies demand through internal resources. 228 

Distinct dynamics within key land-conversion activities drive this overall transformation of the 229 

global footprint. Focusing first on PA (Figure 2b), we observe that PA’s international footprint has 230 

undergone a profound structural transformation, evolving from a highly concentrated "South-231 

North" model into a complex, dual-core system. This evolution was driven by concurrent 232 

diversification among producers and a fundamental reorientation among consumers. Initially, 233 

production outflows were overwhelmingly dominated by Brazil, which accounted for 30.83% of total 234 

international outflows in 2001, with Southeast Asia as the other significant producer region (29.35%). 235 

However, the producer countries progressively diversified, with more emerging in different parts of 236 

Latin America and, most notably, across Africa’s multi-centric and decentralized network (e.g., 237 

Mozambique and Angola), which was already visible by 2011 and became a defining feature by 2022, 238 

with their combined share of outflows growing from 0.20 Mha in 2001 to 0.49 Mha in 2022. This 239 

expansion transformed the producer network, even as Brazil maintained its role as the single largest 240 

producer, still responsible for 31.02% of global international outflows in 2022. 241 



The convergence of producer-side trends and parallel transformation on the consumer side 242 

established the network's dual-core structure. In the early 2000s, global consumption footprints 243 

were dominated by developed countries (the Global North high-income economies), with the top 10 244 

OECD countries particularly prominent, collectively accounting for 30.36% of the total global 245 

footprint. However, the most significant change over this period was the rise of emerging economies, 246 

epitomized by China, as major consumption centers. China's share of global consumption footprint 247 

surged from 1.38% in 2001 to 4.82% in 2022, transforming it into a "many-to-one" convergent 248 

receiving hub. This development, driven by substantial growth in flows from Brazil, Africa, and 249 

Southeast Asia to China, did not replace traditional "South-North" flows—flows from developing to 250 

developed countries still accounted for a significant share of total inflows in 2022. Instead, it 251 

established a powerful parallel "South-South" axis—flows from developing countries to emerging 252 

economies—creating a dual-core global system that has reshaped the dynamics of agriculture-driven 253 

land conversion. 254 

The footprint flows of HC and LOG also demonstrate a profound structural evolution (SI-Figure 255 

1-2). The consumer structure for HC has clearly transitioned from a US-centric, single-pole 256 

model in 2001 (USA: 26.81%, CHN: 5.81% of total footprint) to a stable "dual-core" structure 257 

dominated by China in 2022 (USA: 10.00%, CHN: 17.87%). Accompanying this process, 258 

international flows have shifted from being unilaterally dominated by low-to-high income transfers 259 

to a multi-directional, balanced network in which both high-to-low and low-to-high flows coexist. 260 

On the supply side, producers of HC are more diverse, with regions such as Latin America, Russia, 261 

Southeast Asia, and Africa collectively supporting the global supply network. In contrast, the 262 

producers for LOG are more concentrated in traditional resource-rich nations such as Russia and 263 



Brazil, featuring a significant growth in Russia’s footprint driven by the consumption of China (from 264 

0.01% to 17.18% of Russia’s footprint) and the dual role of Canada as a high-income country that is 265 

also a major producer. This structure mirrors the prevailing global log trade dynamics: forest-266 

abundant developed nations such as Canada supply raw timber to Asia’s manufacturing hubs for 267 

value-added processing. Such patterns exemplify the resource-to-processing supply chains that 268 

connect high-income exporters with rapidly industrializing economies, driving the pronounced high-269 

to-low income flows evident in Figure 1, which are predominantly fueled by surging demand from 270 

China and Southeast Asia. 271 



 272 



 273 

 274 

Figure 2: Country-to-country forest loss footprint flows from 2001 to 2022 across income 275 

groups and regions. (a) Total forest loss footprint. (b) Forest loss footprint driven by Permanent 276 

Agriculture (PA) at the country level for 2001, 2011, and 2022. The ring colors around the circle 277 

represent countries’ geographic regions, with countries arranged according to their regional position. 278 

Flow colors indicate income-related patterns: gray flows represent forest loss driven by countries of 279 

similar income levels; red flows show forest loss footprints in higher-income countries driven by 280 

lower-income economies; and blue flows indicate footprints in lower-income countries driven by 281 

higher-income economies’ consumption. The visualization maintains the same regional color coding 282 

while highlighting how PA contributes to cross-border impacts on forest loss. Countries are labeled 283 

according to their significance in forest loss networks: red indicates countries ranking in both the top 284 

25 consumers and producers of forest loss footprint, orange highlights countries among the top 25 285 

producers only, and blue designates countries among the top 25 consumers only. Regional 286 

classifications include Eastern Europe and Asia (E_Euro_Asia), the Middle East and North Africa 287 

(MENA), OECD countries, Africa, Latin America and the Caribbean (LAC), East and South Asia 288 

(E_S_Asia), and Oceania, as shown in the legend. 289 

  290 



Figure 3 reveals a dual pattern of polarization and equilibration in global forest loss outsourcing 291 

over the 2001–2022 period. 292 

Quadrants I (orange) and III (red) (Figure 3a) reflect polarization trend. Countries in 293 

Quadrant I, such as Russia (RUS), are net producers with intensifying export trends, reflecting their 294 

deepening role as resource suppliers. Conversely, Quadrant III nations, including China and India, 295 

exhibit increasing consumer dependence, underscoring their growing reliance on external forest 296 

resources (Figure 3b). This bipolar configuration indicates an escalating imbalance in forest resource 297 

flows between specific regions. 298 

Equilibration tendencies emerge in Quadrants II (blue) and IV (purple). Quadrant II 299 

comprises developed economies such as the United States, Japan (JPN), and the United Kingdom 300 

(GBR), which, despite being net consumers, show declining import trends—suggesting reduced 301 

external forest dependence. Quadrant IV countries, including Brazil, Canada, and Indonesia, are net 302 

producers with weakening export trends, potentially reflecting a shift toward more sustainable 303 

resource management practices. 304 

Bubble sizes reveal the disproportionate influence of key players. Brazil stands out as the 305 

largest net exporter, with outsourcing volumes far exceeding those of other nations; however, its 306 

pronounced downward trajectory (Quadrant IV) may signal the effectiveness of Amazon 307 

conservation policies. The United States, as the second-largest bubble in Quadrant II, indicates a 308 

transition from a major consumer to a more balanced trader. Although China occupies a modest 309 

position in the lower-left region, its upward trend (deep red) foreshadows a potential emergence as a 310 

dominant net producer in the coming decades. 311 



Our driver-disaggregated analysis reveals that polarization is predominantly driven by HC 312 

and LOG (SI-Table 4). Emerging economies such as China and India consistently occupy Quadrant 313 

III (red) across both drivers, indicating intensifying import dependence for timber and mineral-related 314 

forest products. Conversely, Russia maintains a Quadrant I (orange) position in hard commodities 315 

and logging, reinforcing its role as a primary resource producer. This divergence underscores that 316 

extractive industries are the principal contributors to the bipolarity of resource flows. 317 

In contrast, equilibration tendencies are more pronounced in PA and SI drivers. Brazil, 318 

despite being a significant net producer in the total footprint (Quadrant IV, purple), exhibits a shift 319 

toward Quadrant I (orange) in HC, suggesting sectoral heterogeneity in its resource management 320 

strategies. The United States transitions from Quadrant II (blue) in most drivers to Quadrant III (red) 321 

in PA, reflecting its reliance on agricultural imports. Canada demonstrates a notable shift from 322 

Quadrant IV (purple) in logging to Quadrant II (blue) in SI, potentially signaling policy-driven 323 

reductions in outsourcing urbanization-related forest loss. The typology of global forest loss 324 

outsourcing and maps for each land conversion activity are displayed in SI-Figure 3-10. 325 



 326 

  327 



Figure 3: Global forest loss outsourcing typology (2001–2022). a, Four quadrants reflecting 328 

net forest loss importers/exporters from 2001-2022 and temporal importing or exporting trends. b, 329 

Global map displaying the spatial distribution of forest loss outsourcing typology, with colors 330 

corresponding to the four quadrants in panel a. 331 

The x-axis represents the time-averaged net imports/exports, with positive values indicating net 332 

exporters and negative values indicating net importers. The y-axis shows import/export trend 333 

coefficients derived from ordinary least squares regression of annual footprint volumes, with positive 334 

values indicating intensifying exports or declining imports, and negative values indicating declining 335 

exports or intensifying imports. Countries are classified into four quadrants based on their positions: 336 

Quadrant I (orange) represents net exporters with increasing trends, Quadrant II (blue) net importers 337 

with decreasing trends, Quadrant III (red) net importers with rising trends, and Quadrant IV (purple) 338 

net exporters with decreasing trends. Bubble size indicates the absolute magnitude of forest loss 339 

outsourcing in 2001. The red-dashed line represents the regression between the net trade position and 340 

the temporal trend. The inset provides a zoomed view of countries clustered near the origin.   341 

 342 

Figure 4 identifies five features accounting for nearly 60% of model prediction variance to 343 

explain forest loss footprint: Food imports (% of merchandise imports) (food_imports_pct) (15.77%), 344 

Urban population (% of total population)(urban_pop_pct) (13.70%), Forest area (% of land 345 

area)(forest_area_pct) (11.50%), Terrestrial protected areas (% of total land 346 

area)(protected_areas_pct) (10.19%), and Manufacturing, value added (% of 347 

GDP)(manuf_value_added_pct) (8.67%). The food import percentage emerges as a composite 348 

indicator integrating socioeconomic development, trade structure, and environmental policy 349 



effectiveness, with powerful associations with permanent agriculture-driven deforestation. Its 350 

influence intensified progressively from 2008 onward (Figure 4b, panel 1), coinciding with global 351 

commodity price volatility and agricultural trade liberalization1—a pattern reflecting how 352 

international food security concerns amplify demand for agricultural expansion in exporting nations. 353 

Other feature contributions to the forest loss footprint and land conversion activities are described in 354 

SI-Figure 11-20. 355 

Urbanization explains logging-driven forest loss in consumer countries. In logging-specific 356 

scenarios, urban_pop_pct (16.57%) surpasses food_imports_pct (15.91%) as the dominant predictor 357 

(Figure 4a, blue curve). High-urbanization countries (red points) concentrate in positive SHAP 358 

regions (0 to +0.6), demonstrating that urban expansion is the principal driver to explain logging-359 

driven forest loss in producer countries. Temporal analysis shows that urban population growth 360 

consistently exerts a stable influence on logging-driven forest loss (Figure 4b, panel 2, blue line), 361 

in contrast to the fluctuating impacts observed for other drivers. This stable relationship indicates 362 

that urban population expansion has consistently contributed to logging-related forest loss since 2001. 363 

Notably, gdp_per_capita and pop_density exhibit markedly elevated importance in logging contexts 364 

(~7.7% each), with high-GDP regions (red points) corresponding to positive SHAP values, indicating 365 

that economically advanced nations can explain intensified logging pressures and drive forest loss in 366 

producer countries. 367 

Protected area coverage in consumer countries shows differential patterns in explaining 368 

deforestation. Protected_areas_pct maintains relatively stable explanatory importance for logging-369 

driven forest loss (~7% throughout 2001–2022, Figure 4b, panel 3, blue line), while showing a 370 

declining trend for permanent agriculture-driven forest loss after 2010 (green line decreases from 371 



~12.5% to ~11%). The SHAP dependence plot reveals a non-linear, inverted-U-shaped 372 

relationship between protected_areas_pct and the forest loss footprint (SI-Figure 32). Consumer 373 

countries with moderate protected area coverage (approximately 4.5–20%) show the strongest 374 

positive associations with forest loss footprint (SHAP values peak around 0.2-0.4). In comparison, 375 

both low-coverage (<4.5%) and high-coverage (>20%) countries exhibit weaker or negative 376 

associations. This pattern suggests a threshold effect, in which the relationship between consumer 377 

country conservation levels and producer country forest loss varies non-monotonically across 378 

different ranges of protected area coverage. 379 

Manufacturing value added in consumer countries shows similar importance patterns in 380 

explaining the different types of deforestation. In the circular diagram (Figure 4a), 381 

manuf_value_added_pct (F4) exhibits moderate importance for logging scenarios. The temporal 382 

analysis reveals similar trends across deforestation types (Figure 4b, panel 4). For permanent 383 

agriculture-driven forest loss, manuf_value_added_pct shows increasing explanatory power (the 384 

green line rises from ~8.5% in 2001 to ~9.5% in 2022).  In contrast, for logging-driven forest loss, 385 

the importance increases more gradually (the blue line rises from ~5.5% to ~7.5% over the same 386 

period). Both trends exhibit upward trajectories, but the rate of increase differs between the two 387 

deforestation drivers, suggesting that consumer countries' manufacturing sector characteristics have 388 

become increasingly relevant in explaining forest loss patterns, particularly for agricultural expansion. 389 

The complete temporal dynamics of feature importance across all forest loss drivers are displayed in 390 

SI-Figure 21. 391 



 392 

Figure 4: SHAP value visualization showing how consumer country characteristics explain 393 

embodied forest loss footprint driven by different land-conversion activities in producer 394 



countries (2001-2022). a, Radial SHAP plot displaying feature contributions (F1-F14) across 395 

different forest loss scenarios. The plot shows SHAP values for all forest loss types combined 396 

(orange-shaded region), logging-driven forest loss (blue points), and permanent agriculture-driven 397 

forest loss (green points and green-shaded region). Each point represents a country-year observation. 398 

The radial axis indicates SHAP value magnitude, where deviations toward the periphery (positive 399 

SHAP values, 0 to +1.2) indicate features associated with increased forest loss footprint, while 400 

deviations toward the center (negative SHAP values, -0.6 to 0) indicate features associated with 401 

reduced forest loss footprint. The color gradient from blue (low feature values) to red (high feature 402 

values) shows the actual magnitude of each feature for individual observations. Features are arranged 403 

circularly (F1-F14), with each feature's contribution displayed as a swarm of points extending radially 404 

from the center. b, Temporal evolution of mean absolute SHAP values for the top four features (2001–405 

2022) across four land-conversion drivers: hard commodities (red), logging (blue), permanent 406 

agriculture (green), and settlements & infrastructure (orange). Each panel shows how feature 407 

importance changes over time for explaining different types of forest loss footprint. 408 

 409 

3. Discussion 410 

To unravel the coupling between global consumption and deforestation, we develop an integrated 411 

framework to quantify forest loss embodied in international trade. We couple high-resolution 412 

deforestation data with MRIO modeling to track the footprints of forest loss through global supply 413 

chains. Nations are classified by net footprint flow trends, revealing divergent trajectories for tailored 414 

governance. We apply XGBoost with SHAP values to assess 14 socioeconomic indicators explaining 415 



consumption-driven forest loss. This approach identifies deforestation patterns from a consumer 416 

perspective, providing a scientific foundation for equitable global forest governance. 417 

Our results reveal a bifurcated architecture of global forest loss that fundamentally challenges 418 

conventional trade – deforestation narratives. Tradeable commodities — including permanent 419 

agriculture, hard commodities, and logging—operate through telecoupled supply chains that spatially 420 

decouple production from consumption. In contrast, infrastructure-driven losses follow territorially 421 

embedded logics serving domestic needs. This dichotomy underscores the necessity of supranational 422 

coordination to govern globalized commodity flows, alongside place-based policies addressing 423 

localized land-use pressures. 424 

Crucially, we identify a dual structural narrative: a stable internal loop—domestic consumption 425 

accounting for over 60% of total forest loss—forms the systemic baseline, while a dynamic external 426 

loop reflects shifting geoeconomic power relations, transitioning from unidirectional South–North 427 

exchanges to increasingly complex multipolar networks. The rise of South–South trade axes and 428 

intermediary supply chains has diffused environmental responsibility, weakening traditional North–429 

South accountability paradigms and calling for new governance architectures to manage resource 430 

appropriation in a multipolar world. 431 

Our typological analysis shows that forest-loss outsourcing follows distinct evolutionary 432 

trajectories shaped by both polarization and equilibration dynamics. Polarizing pathways, primarily 433 

driven by extractive industries, generate structural asymmetries in the global system. For example, 434 

Russia is increasingly expanding its role as a major supplier of forest loss, while China is transitioning 435 

to a dominant consumption-driven driver. In contrast, equilibrating pathways observed in many 436 



developed economies often reflect impact displacement rather than genuine ecological decoupling: 437 

declining logging footprints are counterbalanced by rising dependencies on imported agricultural 438 

commodities. This sectoral heterogeneity—illustrated by Brazil’s dual role as an overall mitigating 439 

exporter yet an intensifying supplier in hard-commodity (HC) sectors—demonstrates that forest-loss 440 

outsourcing is not a single unified process. Instead, it comprises multiple, divergent mechanisms that 441 

demand sector-specific rather than one-size-fits-all policy interventions. 442 

Our machine learning analysis uncovers the underlying mechanisms through which 443 

socioeconomic drivers shape national forest-loss footprints. Food import dependency exhibits a 444 

tripartite differentiation pattern: (i) low import levels indicate responsibility internalization in 445 

resource-abundant countries operating under “self-production–self-consumption” regimes; (ii) high 446 

import levels in high-income economies reflect strategic outsourcing that exploits global efficiency 447 

differentials; and (iii) high import levels in resource-poor nations reflect vulnerability-driven reliance 448 

on foreign production. Protected areas show marked sectoral divergence: while effective in curbing 449 

logging-related loss, they remain permeable to agricultural expansion, suggesting declining 450 

regulatory effectiveness when confronted with profitable land-use competition. Meanwhile, 451 

industrialization generates structurally inelastic timber demand, producing a development-pathway 452 

lock-in in which manufacturing-based economies systematically perpetuate forest loss through 453 

persistent material requirements. 454 

Policy Implications 455 

Our analysis identifies structural patterns in the global footprint of forest loss that necessitate a 456 

shift toward differentiated, multi-layered governance architectures. Based on empirical evidence, we 457 

propose two complementary policy advisories. First, we urge the development of multi-tier 458 



responsibility-tracking systems, supported by blockchain-verified supply-chain records, to trace 459 

forest impacts across complex production networks. Because nearly 40% of forest loss associated 460 

with globally traded commodities occurs through telecoupled supply chains, it requires cascading 461 

accountability systems that transmit responsibility along the entire production chain. Multinational 462 

corporations should be mandated to disclose product-specific forest loss footprints, with contractual 463 

mechanisms that assign automatic liability for supplier-level deforestation—for example, when China 464 

imports Brazilian soybeans for animal feed and subsequently exports pork to Europe, all participants 465 

in the supply chain—producers, processors, and final consumers—would share proportional 466 

obligations for forest protection. 467 

Countries should adopt adaptive border adjustment instruments that set tariff rates or 468 

sustainability requirements that reflect the exporting country’s development status and ecological 469 

performance, thereby internalizing cross-border environmental externalities. For example, we 470 

recommend establishing South–South cooperation compacts with shared monitoring protocols and 471 

sustainability criteria calibrated to national food-security conditions. These partnerships would help 472 

correct asymmetries in governance capacity and reduce the displacement of forest pressure across 473 

developing economies.  474 

Second, for forest loss driven by domestic infrastructure and locally embedded development, we 475 

recommend establishing territorial stewardship bonds that require subnational governments to 476 

provide restoration-cost guarantees, thereby incentivizing long-term land stewardship and reducing 477 

the risk of irreversible ecological degradation. Moreover, our results reveal that while protected areas 478 

effectively deter logging-related forest loss, they remain vulnerable to agricultural encroachment, 479 

which leads to forest loss, necessitating dynamic buffer-zone governance. We propose deploying real-480 



time agricultural-pressure detection systems, including satellite-based monitoring that identifies crop 481 

expansion near forest frontiers and triggers immediate regulatory responses. For instance, the 482 

appearance of new farmland within protected areas along Amazonian boundaries would automatically 483 

trigger enforcement alerts. 484 

Limitations and Future Research 485 

Our study has several limitations and can be improved in three key aspects. First, the analysis is 486 

constrained to the national scale to maintain consistency with country-level economic accounts across 487 

years. A critical future direction is the development of a fully spatially explicit framework for 488 

attributing on-the-ground forest loss to consumers. Such an approach would enable each discrete 489 

forest loss event, driven by specific land-conversion activities, to be traced back to its ultimate 490 

consumption driver, marking a paradigm shift from macro-level attribution to micro-scale event 491 

tracking. 492 

Second, we predicted the four land conversion activities using 14 driving factors with 493 

separate XGBoost models. While these models effectively capture temporal dynamics, they only 494 

consider a limited set of variables and omit other potential factors, which may introduce bias that 495 

could be reduced by incorporating additional variables in future studies. 496 

Finally, our analysis lacks a comparison between our remote sensing-derived loss 497 

footprints and forest-related footprints derived from national statistical accounts (e.g., the FAO 498 

Global Forest Resources Assessment (FRA) and National Forest Inventory (NFI)). The absence 499 

is due to discrepancies between these two types of datasets arising from differing definitions, 500 

methodologies, and data collection procedures, making direct comparison impractical [49-53]. Both 501 

of them provide critical dimensions of forest resources worldwide. A key research frontier lies in 502 



developing harmonization and calibration frameworks that bridge this gap—for example, through 503 

transfer functions or unified accounting standards—to strengthen the compatibility and cross-504 

validation between remote sensing observations and national statistical systems, thereby providing a 505 

more coherent baseline for global environmental footprint assessments. 506 

Despite these limitations, our study makes two key contributions: (1) Compared to mainstream 507 

forest footprint analysis in existing MRIOs using national statistics in measuring forest stock and 508 

flows, we systematically resolve the incompatibility between high-resolution remote sensing data and 509 

macroeconomic models. We aggregate pixel-level forest loss events by different land conversion 510 

activities into economically traceable flows and link them through the global supply chain. The efforts 511 

leverage the most recent global satellite observations of forest loss across time and create an 512 

alternative, consistent, and transparent forest loss footprint to complement existing forest-related 513 

footprints for nationwide policies across years. (2) We apply state-of-the-art techniques from 514 

phenomenon interpretation, archetype identification, and driver explanations to systematically 515 

identify the forest loss footprint flows and rank the deep-seated socio-economic driving factors of 516 

forest loss in the supply chain. This provides a scientific data-driven basis for designing more targeted 517 

policy interventions. 518 

  519 



4. Methods 520 

4.1 The calculation of the forest loss footprint 521 

The calculation of the forest loss footprint involves three main steps: 1) summarizing forest loss 522 

per country per driver per year, 2) constructing bilateral trade flows per driver per year, and 3) 523 

calculating deforestation embodied in trade.  524 

Step 1: Calculate forest loss per driver per country per year. 525 

We use the country statistics directly from Sims et al.’s (2025) data as the baseline because it 526 

is one of the most recent forest loss datasets powered by AI models and provides information on 527 

drivers at a global scale 48. Sims’s final products include spatially explicit raster data with a 1 km × 528 

1 km resolution per forest driver, covering 191 forest-holding countries from 2001 to 2022. It groups 529 

forest loss drivers into seven categories: permanent agriculture, hard commodities, shifting 530 

cultivation, logging, settlements and infrastructure, wildfire, and other natural disturbances. We use 531 

this product to create spatially explicit maps of forest loss footprints and leverage its country-level 532 

statistics to understand the spatiotemporal dynamics of forest loss, thereby linking these findings to 533 

steps 2 and 3.  534 

Step 2: Identify forest loss drivers and their linkages with input-output tables. 535 

We then follow the method of Hoang et al. (2021) to link four anthropogenic drivers of forest 536 

loss (permanent agriculture, settlements and infrastructure, hard commodities, and logging) to the 537 

Multi-Regional Input-Output (MRIO) database. We link the losses from Sims’s drivers to the 538 

Resolved Exiobase version 3 (REX3), a global MRIO database that divides the global economy into 539 

163 representative sectors, including fisheries, logging, mining, and others, which are directly linked 540 

to permanent agriculture, settlements and infrastructure, and hard commodities. The REX3 database 541 



encompasses 189 countries and 163 industry sectors, with time-series data spanning 1995 to 2022. 542 

This MRIO database provides comprehensive coverage of agricultural products and has already 543 

applied country-specific deflators49,50, without requiring further deflator adjustments.  544 

Building on this mapping, we consider the definitions of drivers in Sims’s calculation, the 545 

definitions of REX3’s sectors, and the linkages that Hoang et al. (2021) used to build the drivers of 546 

deforestation, which they then used to construct linkages with REX3 in the study. For example, the 547 

settlements and infrastructure associated with forest loss include the expansion and intensification of 548 

roads, settlements, urban areas, and built infrastructure. The hard commodities driver mainly covers 549 

mining and energy infrastructure, including mining at all scales, power lines and plants, oil extraction 550 

and refineries, wind and solar farms, and flooding from hydroelectric dams. 551 

Step 3: Mapping forest loss footprint 552 

The renowned laureate Wassily Leontief conceived input-output (IO) analysis; today, in 553 

accordance with United Nations guidelines, over 100 national statistical agencies routinely publish 554 

standardized IO tables that depict flows of goods and services among sectors and final consumers. 555 

For example, the transactions matrix T measures the flows between industries, where each element 556 

Tjk represents the monetary flow of goods or services from sector j for use in sector k. The coverage 557 

extends from primary sectors (agriculture, quarrying, mining) to secondary sectors (manufacturing, 558 

construction, utilities) and tertiary sectors (trade, hospitality, transport, communications, storage, and 559 

services). The set of sectoral forest loss footprint forms the so-called satellite account within the 560 

MRIO model. The satellite account contains non-monetary inventories of each sector (e.g., related to 561 

forest loss footprint), which can be coupled with the economic MRIO system to quantify how global 562 

consumption and international trade drive forest loss. 563 



Gross output for each sector equals intermediate use plus final demand. Leontief’s basic 564 

accounting identity can be expressed as: ૚௏ܸ′ + ૚்ܶ′ = ܶ૚் + ܻ૚௒ =  where 1 denotes a 565 , ݔ

summation vector of {1, ....,1}, the prime (′) indicates transposition, and x is total output. By defining 566 

the technical coefficients matrix as ܣ =  is the diagonalized vector of sectoral outputs, 567 ݔ̂ where,1−ݔ̂ܶ

the identity transforms into the well-known Leontief system: ݔܣ + ܻ૚௒ = ,ݔ ܫ)  − ݔ(ܣ =568 ܻ૚௒, ݔ  = ܫ) −  1ܻ૚௒ . Here, I is the identity matrix and L=(I−A)−1 is the Leontief inverse. 569−(ܣ

Matrix L quantifies the sectoral output induced by one additional unit of final demand, tracing supply 570 

chains from final use back through all intermediate stages and is used in Equation 1.2. 571 

To map the forest loss footprint, we attribute, for every forest loss pixel on the ground, 572 

responsibility to each consumer country through the global supply chain. We create spatially explicit 573 

pixel-level maps and aggregate them to the country level. The traditional MRIO model is insufficient 574 

to depict the complex spatiotemporal patterns of embodied forest loss across regions and drivers. To 575 

better identify the primary targets and drivers of forest loss, we link the map of the spatial distribution 576 

of forest loss drivers to a MRIO model to explore further the high-resolution forest loss footprints 577 

driven by international trade in primary commodities. 578 

Therefore, the pixel-level footprint analysis method calculates forest loss footprint F in 579 

country r driven by country s in equation 1.1: 580 

ௌܨ                           =  ∑ ℎ௥ℎ௥ܦ ∑ ௙ℎ೔ೝ ∑ ௅೔ೕೝ೟௬ೕ೟ೞ೟ೕ೔ ∑ ௠ℎ೔ೝ೔                             (1.1) 581 

Fs represents a spatially explicit forest loss footprint map driven by consumer countries 582 

(1km×1km). The forest loss maps (D) are categorized by forest-holding countries (r) and drivers (h). 583 

The embodied forest loss (numerator of the fraction, expressed as fLy, as detailed in equations 1.2-584 

1.4) is normalized by the total forest loss (m) for each driver (h) in forest-holding countries (r) and 585 



each industrial sector (i), to downscale values from nations to pixels (the denominator). Both the 586 

forest loss maps and the embodied forest loss are expressed in absolute value. The resulting fraction 587 

yields the pixel-level attribution of forest loss to consumer countries, which is then aggregated for 588 

every production country r by driver or product h. The forest loss maps (D) are prepared in step 1 589 

with the shapefile layers for each driver h in each forest-holding country r and deforestation intensity 590 

f for each production sector i. 591 

The equations below are to understand fLy in equation 1.1. In general, we follow the logic of 592 

equation1.2.  593 

ܨܮܨ                            = ܨ + ܯܫ −  594 (1.2)                              ܺܧ

Forest loss footprint (FLF) is equivalent to the forest loss plus the forest loss embodied in 595 

imports minus the forest loss embodied in exports. F represents the forest cover loss in the production 596 

country, measured and calculated using Sims’s driver datasets. IM is the loss embodied in imports, 597 

and EX is the forest loss embodied in exports.  598 

Following the logic in equation 1.2, we first compute the adjusted consumption in equation 599 

1.3 and then calculate the forest loss footprint for each country in equation 1.4.  600 

                  AC= ∑ ௝௧௦ݕ௜௝௥௧ܮ +  ∑ ௝௧௦௧≠௦,௝ݕ௜௝௥௧ܮ − ∑ ௝௦௧௧≠௦,௝௧௝ݕ௜௝௥௦ܮ                    (1.2) 601 

Adjusted consumption (AC)= total consumption + imports - exports. L (∈ ℝ(௥∗௜)×(௦∗௝)) is the 602 

Leontief inverse, measuring the transformation between origin sector i of export country r and 603 

destination sector j in import country s; y (∈ ℝ(௥∗௜)×௦) is the final demand of import country s for the 604 

sector i of country r. t is both the last sale in the consumption and import term and the country of final 605 

consumption in the export term. 606 

We then decompose the total loss in the production country into the embodied deforestation 607 



in consumer country s using the MRIO model: 608 

(݊݋݅ݐܿݑ݀݋ݎܲ)௦ܨܥ                        = ∑ ௜݂ܥܣ௥௜                              (1.3) 609 

Where CFs is the total deforestation embodied in international trade driven by consumer 610 

countries, f is the deforestation intensity for each sector i (forest loss area from Sims’s data divided 611 

by gross output). AC represents adjusted consumption, which is measured in equation 1.3. The CFS 612 

is expressed as fLy in 1.1. 613 

 614 

4.2 Systematic Framework for Categorizing Countries Based on Embodied Forest Loss 615 

Through International Trade over 2001-2022 616 

We developed a producer-consumer dual-perspective framework to quantify forest loss 617 

outsourcing via international trade, integrating multi-regional input-output (MRIO) analysis with 618 

time-series regression to classify countries into four quadrants based on their net trade positions 619 

(Tbarbar) and temporal trends (coefficient) over 2001-2022 (SI-Table 3). This approach enables 620 

systematic identification of regions exporting environmental burdens (net exporters with intensifying 621 

trends, Quadrant I) versus those reducing external dependencies (net importers with weakening trends, 622 

Quadrant II), thereby revealing the dynamic reconfiguration of global forest resource flows driven by 623 

consumption patterns rather than production activities alone. 624 

Forest Loss Accounting: Producer vs. Consumer Perspectives 625 

Following Malik et al. (2022), we quantified forest loss from two complementary perspectives 626 

to disentangle production-based versus consumption-based responsibilities. The producer 627 

perspective (Q) attributes forest loss to the territorial region where deforestation physically occurs, 628 

reflecting direct resource extraction within sovereign boundaries. The consumer perspective (F) 629 



reallocates forest loss to regions consuming products whose supply chains embody deforestation, 630 

capturing indirect environmental impacts transmitted through international trade networks. 631 

Mathematically, for region p and forest type q in year t, the producer-based footprint ܳ௧௤,௣ represents 632 

territorial forest loss, while the consumer-based footprint ܨ௧௤,௣ aggregates forest loss embodied in 633 

all products consumed by region p, regardless of production location. 634 

Based on MRIO analysis, we define the forest loss outsourcing matrix as 
Q R TS  

 , where 635 

, , , , ,

, ,

,

q p q p q srp q p q p

t i t j t t t

i i j

S Q F Q F= − = − 
, where the matrix is S Q F= − ,where the matrix is expressed 636 

with an overbar notation indicating summation over product categories. Note that the regional indices 637 

in the footprint tensor are inverted; in the above summation, p is treated as both the production region 638 

and the consumption region. If 
, 0q p

tS  , this indicates that in year t, region p is a net exporter of 639 

primary forest resource q; conversely, if
, 0q p

tS  , then p is a net importer. 640 

To analyze temporal evolution, we calculate the time-averaged outsourcing value. We use the 641 

temporally averaged forest loss footprint (denoted by double overbar notation), defined as S Q F= − , 642 

where
, , , ,q p q p q i p

t t

t t i

Q Q Q= = 
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,

q p q p q p
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F F F= = 
, with N representing the number 643 

of years in the study period. 644 

As described above, the temporal dynamics of global forest loss footprints driven by 645 

international trade constitute the core of this work, and the quadrant classifications are as follows: 646 

1. Quadrant I: Net Export with Increasing Export Trend (
, ,0 and 0q p q pS S−   ) 647 

Regions in this quadrant are (on average) net exporters, and over time, their net exporter status 648 

has been strengthening. 649 

2. Quadrant II: Net Import with Decreasing Import Trend (
, ,0 and 0q p q pS S−   ) 650 

Regions in this quadrant are (on average) net importers, and over time their net importer status 651 



has been weakening (and may even have transitioned to net exporters). 652 

3. Quadrant III: Net Import with Increasing Import Trend (
, ,0 and 0q p q pS S−   ) 653 

Regions in this quadrant are (on average) net importers, and over time, their net importer 654 

status has been intensifying. 655 

4. Quadrant IV: Net Export with Decreasing Export Trend (
, ,0 and 0q p q pS S−   ) 656 

Regions in this quadrant are (on average) net exporters, and over time their net exporter status 657 

has been weakening (and may even have transitioned to net importers). 658 

To enhance visual clarity and focus on countries with substantive trade positions in Figure 3, 659 

we applied a bilateral filter: |Tbarbar| > 0.3, excluding regions with near-zero time-averaged net trade 660 

balances (representing autarkic economies or data quality issues). Bubble sizes in scatter plots were 661 

scaled proportionally to export volumes in the first year (2001) to encode baseline trade magnitudes, 662 

with size ranging from 30 (base_size) to 500 (max_size) square points.  663 

4.3 Machine learning techniques to explain the forest loss footprint from 2001 to 2022. 664 



 665 

Step 1: Data Construction and Feature Engineering 666 

We constructed a comprehensive global dataset spanning 169 countries from 2001 to 2022 to 667 

quantify the socioeconomic drivers of forest loss footprint. The dataset integrated 14 core features 668 

across four dimensions(SI-Table 2): (1) Population and Urbanization (urban population percentage, 669 

population density, population growth rate); (2) Macroeconomic Indicators (GDP per capita, 670 

agricultural value-added percentage, manufacturing value-added percentage); (3) Land Use Patterns 671 

(forest area percentage, agricultural land percentage); (4) Governance and Environment (government 672 

effectiveness, protected area coverage, renewable energy consumption, cereal yield, fertilizer use, 673 

food imports percentage).  Missing values were imputed using k-Nearest Neighbors (k=5) algorithm, 674 

which estimates missing entries based on the five most similar observations in the feature space. 675 



We firstly did correlation analysis (SI-Figure 22) and numerical features were log-transformed 676 

to reduce skewness and stabilize variance across countries with heterogeneous economic scales. The 677 

cleaned and transformed dataset contained 3,549 samples, which were used for all subsequent 678 

analyses. 679 

Temporal Feature Engineering. To capture nonlinear temporal dynamics and lag effects, we 680 

implemented systematic feature engineering: (1) Nonlinear time trends: year_normalized = (year - 681 

2001) / (2022 - 2001) and year_squared = year_normalized squared; (2) Lag features and change rates 682 

for critical variables (forest_area_pct, gdp_per_capita, pop_density): feature_lag1 = feature at time t-683 

1, and feature_change = feature at time t minus feature at time t-1; (3) Interaction terms between key 684 

drivers and temporal trends: forest_area_pct_x_year, gdp_per_capita_x_year, and gov_effect_x_year. 685 

The final feature set comprised 25 variables (14 base plus 11 engineered), designed to capture 686 

cumulative effects, short-term shocks, and dynamic policy responses. 687 

Step 2: Time-Series Data Splitting and Model Selection 688 

Data Splitting. To ensure temporal consistency and prevent data leakage, we employed an 689 

80/20 time-based split: Training Set (2001-2017, n=2,704 samples) and Test Set (2018-2022, n=845 690 

samples). All 169 countries appeared in both sets. For Support Vector Regression (SVR), features 691 

were standardized using StandardScaler fitted on the training set. 692 

Model Comparison. We systematically compared nine regression algorithms: Linear Models 693 

(Linear Regression, Ridge Regression, Lasso Regression); Support Vector Machine (SVR with RBF, 694 

linear, and polynomial kernels); Ensemble Methods (Random Forest, Extra Trees, Gradient Boosting, 695 

LightGBM, XGBoost)(SI-Figure 23-27). All experiments used fixed random seed (seed=42) and 696 

single-threaded execution (n_jobs=1) for reproducibility. 697 



Bayesian Optimization. We employed Bayesian optimization via Optuna framework with 698 

Tree-structured Parzen Estimator (TPE) sampling. Each model underwent 50 intelligent trials, 699 

minimizing 5-fold cross-validation Mean Absolute Error (MAE). The cross-validation preserved 700 

temporal ordering using KFold with shuffle=False. 701 

For XGBoost, the optimization explored: n_estimators (100-800), learning_rate (0.01-0.3, 702 

log-scale), max_depth (3-10), min_child_weight (1-10), gamma (1e-8 to 1.0, log-scale), subsample 703 

(0.6-1.0), colsample_bytree (0.6-1.0), reg_alpha (1e-8 to 10.0, log-scale), and reg_lambda (1e-8 to 704 

10.0, log-scale). 705 

Step 3: Performance Evaluation and Model Selection 706 

We assessed model performance using five metrics: (1) R-squared measuring variance 707 

explained; (2) Mean Absolute Error (MAE) quantifying average prediction error; (3) Root Mean 708 

Squared Error (RMSE) penalizing large errors; (4) Mean Absolute Percentage Error (MAPE) 709 

providing relative error; (5) Comprehensive Score combining test R-squared (40% weight), test MAE 710 

(30%), generalization gap between CV and test MAE (20%), and CV MAE (10%). Scores range from 711 

0 to 100. Results are showed in SI-Figure 23-27. 712 

Step 4: XGBoost Algorithm and Optimization 713 

XGBoost Selection: Based on comprehensive evaluation, XGBoost was selected as the 714 

optimal model. Key metrics: Cross-Validation MAE 0.6237 (± 0.0090), Test R-squared 0.8541, Test 715 

MAE 0.3072, Test RMSE 0.4309, Test MAPE 111.79%, Generalization Gap 0.3164. Optimized 716 

Configuration: n_estimators 736, learning_rate 0.0513, max_depth 4, min_child_weight 7, gamma 717 

0.000949, subsample 0.763, colsample_bytree 0.942, reg_alpha 0.297, reg_lambda 8.547. 718 

XGBoost employs an additive model aggregating K decision trees. The training objective 719 



minimizes a regularized loss function balancing prediction accuracy and model complexity. At each 720 

iteration, XGBoost applies second-order Taylor expansion around previous predictions, exploiting 721 

both first-order gradients and second-order gradients (Hessian) for precise optimization. For 722 

candidate splits, the algorithm calculates gain measuring reduction in loss, executing splits only when 723 

gain exceeds the complexity penalty gamma. This automatically balances model fit and complexity, 724 

producing trees that generalize well. 725 

XGBoost's superiority stems from: (1) Gradient boosting framework iteratively correcting 726 

residual errors; (2) Built-in L1 and L2 regularization preventing overfitting (training R-squared 727 

0.9912 vs test R-squared 0.8541); (3) Second-order gradient information enabling faster convergence; 728 

(4) Industrial maturity with robust implementation. 729 

Step 5: Model Interpretability via SHAP Values 730 

To interpret the XGBoost model, we employed SHAP (SHapley Additive exPlanations), 731 

grounded in cooperative game theory. SHAP values decompose predictions into additive feature 732 

contributions. For feature i, the SHAP value quantifies its marginal contribution across all possible 733 

feature coalitions, weighted to ensure equal treatment of all orderings. The sum of all SHAP values 734 

equals the difference between the model's prediction and global average, providing complete 735 

attribution. 736 

SHAP values provide a rigorous method to decompose any model's prediction into additive 737 

contributions from individual features. For feature ݅ , its SHAP value ߶௜  quantifies the feature's 738 

marginal contribution across all possible feature coalitions: 739 
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where: 741 



• ܰ: complete feature set 742 

 total number of features (M=25 in our case) 743 :ܯ •

• ܵ: a subset of features excluding feature ݅ 744 

• ݂(ܵ): model's prediction using only features in subset ܵ 745 

• ݂(ܵ ∪ {݅}): prediction after adding feature ݅ to subset ܵ 746 

The weighting factor ∣ௌ∣!(ெ−∣ௌ∣−1)!ெ!  ensures equal treatment of all possible orderings in which 747 

features could be added to the coalition. 748 

We used the TreeSHAP algorithm, which exploits tree structure to reduce computational 749 

complexity from exponential to polynomial time, making SHAP analysis feasible for our 736-tree 750 

XGBoost model with 14 features. We also conducted a dependence analysis of all feature variables 751 

in SI-Figure 28-32. 752 

Step 6: Reproducibility and Data Availability 753 

To ensure full reproducibility: (1) Fixed random seed (seed=42) across all components; (2) 754 

Single-threaded execution (n_jobs=1), eliminating parallelization variability; (3) Deterministic 755 

Bayesian optimization via Optuna TPESampler with seed=42 and multivariate=True; (4) Complete 756 

environment specification (Python 3.12, scikit-learn 1.3.0, XGBoost 2.0.0, Optuna 3.3.0, SHAP 757 

0.42.1); (5) Total optimization runtime: 90.09 minutes for all nine models. 758 

 759 

5. Data and Code Availability 760 

We use Sims’s (2025) maps to measure the extent of forest loss and its drivers [54] as the 761 

baseline because it is one of the most recent forest loss datasets powered by AI models and provides 762 



information on drivers at a global scale. The MRIO data we used is REX3, a global MRIO database 763 

that divides the global economy into 163 representative sectors and covers 189 countries from 1995 764 

to 2022. The analysis code is developed in MATLAB and Python. The geospatial maps are created 765 

through Python. The code used in this study will be made available upon request. Data sources of 14 766 

driving factors include World Bank National Accounts, OECD Statistics, UN Population Division, 767 

World Database on Protected Areas (WDPA), and IMF International Financial Statistics. The yearly 768 

country-to-country forest loss footprint flows dataset from 2001 to 2022 is available in the 769 

supplementary Excel 1. 770 

 771 
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