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Abstract: Despite decades of global efforts to conserve natural forests, deforestation continues 34 

to surpass international conservation targets1–3, highlighting the need for efficiently measuring 35 

the success of conservation actions. This is challenging because it remains unclear how defor-36 

estation would have changed without policy efforts to reduce it4–6. Here, we model an alterna-37 

tive past for 28 countries in which land managers make unconstrained deforestation decisions, 38 

solely based on heterogeneous agricultural profit expectations. We show that observed defor-39 

estation patterns differ from this counterfactual in the world’s deforestation hotspots. Relative 40 

to the counterfactual, deforestation was reduced in Latin America (-18%) and Asia (-8%), but 41 

increased in Africa (+6%), suggesting an overall reduction of past global deforestation rates. 42 

While only a few countries with effective forest conservation policies have achieved substantial 43 

deforestation reductions 7–9, other countries, such as Malaysia, Madagascar, and Paraguay, ex-44 

ceeded the profit-oriented counterfactual due to drivers unrelated to agricultural profits. These 45 

results demonstrate that forest protection against profit-oriented deforestation is possible at a 46 

global scale. Consistent counterfactual deforestation baselines, such as those generated by our 47 

simulation approach, are essential for robust and reliable assessments of forest conservation 48 

achievements10–12 and provide a stronger foundation for future forest policy.  49 

  50 
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Global rates of deforestation remain persistently high1, yet the effectiveness of global efforts to 51 

reduce deforestation, defined as the purposeful and permanent conversion of forests to other 52 

land uses13, remains unclear2,10,11,14. This is most problematic, since halting and reversing de-53 

forestation is a central objective of key international agreements, including the Aichi Targets15, 54 

the New York Forest Declaration16, Sustainable Development Goal 1517, and the Glasgow 55 

Leaders’ Declaration16. A wide range of national and international policies, such as the ‘Action 56 

Plan for the Prevention and Control of Deforestation in the Legal Amazon’7, the UN framework 57 

‘Reducing Emissions from Deforestation and Forest Degradation’18 (REDD+), and the EU De-58 

forestation-Free Supply Chains Regulation19, have been implemented to address this issue. 59 

However, the net effects of these initiatives on global deforestation rates have rarely been con-60 

vincingly quantified. 61 

Continued deforestation, however, does not necessarily imply the complete failure of forest 62 

protection efforts. To investigate whether conservation policy has been effective, one needs to 63 

know what would have happened in the absence of any efforts to combat deforestation, i.e. 64 

under a plausible business-as-usual scenario4. In other words, the impact of policy change can 65 

only be identified against a consistent counterfactual baseline that disregards any forest protec-66 

tion efforts. A realistic baseline scenario is important, not only to assess forest protection 67 

measures, but also for demonstrating additionality in carbon accounting20, biodiversity conser-68 

vation21, and realistic target setting1.  69 

Agriculture dominates as the driver of tropical tree cover losses by far13. Assuming that land 70 

managers behave as if they maximise agricultural benefits from land-use changes (approxi-71 

mated by profits) under ‘business-as-usual’ is therefore plausible2,13,22–25. To build realistic 72 

counterfactual baseline trajectories on this premise in turn allows the testing of our study’s 73 

underlying hypothesis: ‘The rate of deforestation would have been higher than the observed 74 

real-world deforestation if land managers had made unconstrained, purely agricultural profit-75 
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oriented land-use decisions’. Such a counterfactual deforestation trajectory can increase faster 76 

than the real-world observation, indicating an effective deforestation reduction policy, as, for 77 

example, shown by Roopsind et al.26.  78 

Current baseline-setting approaches for commercial carbon-offset projects have been critically 79 

discussed10,11,27 for using ex-ante methods that extrapolate deforestation trends from before the 80 

start date of a project or a policy. This is problematic because it implicitly assumes that defor-81 

estation pressures are constant, whereas they often change over time28,29. An improved alterna-82 

tive includes ex-post data to build the baseline. For example, difference-in-difference5 and syn-83 

thetic control approaches30 use the development of deforestation in a control area outside the 84 

policy area as a baseline. Assuming parallel deforestation trends in the control and policy areas, 85 

the control areas serve as a proxy for what would have occurred without the protection policy, 86 

thus incorporating ex-post shifts in deforestation pressure. These observational methods en-87 

counter two difficulties in practice, however. First, they require baseline areas without policy 88 

as a control, which are subject to the same deforestation pressures and trends. Such controls are 89 

often not available, for example, when other confounding factors impact the policy and/or the 90 

control area5. In addition, when policies are nationwide, one would need whole countries with 91 

exactly the same deforestation pressures26, but without the policy impact, although deforesta-92 

tion often differs greatly across countries31. The second difficulty is that policy and baseline 93 

areas may not be independent. Landowners may shift deforestation to regions with weaker pol-94 

icy enforcement25, including the control areas.  95 

To address these limitations, we combine a theoretical model with empirical observations. We 96 

model land managers’ incentives to deforest explicitly based on land-use profits, their uncer-97 

tainty, and land-use changes of non-forest lands. Existing agricultural land will likely be aban-98 

doned and replaced by new deforestation when it degrades. To predict counterfactual deforesta-99 

tion rates, we develop a theory-consistent land-change simulation method introduced by Knoke 100 
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et al.6. This is an alternative to complement the existing observational32 and regional- or coun-101 

try-level baseline construction methods5,26,33. To obtain an unbiased reference, we simulate pol-102 

icy-invariant34 counterfactual baselines as hypothetical deforestation trajectories under regret-103 

minimising land manager behaviour34–36, which can be a highly effective decision-making strat-104 

egy under uncertainty37. Our model simulates how different groups of land managers would 105 

reallocate their land through deforestation decisions to enhance their annual profit across nu-106 

merous future profit expectation scenarios (drawing on a total of 32.2 million Monte-Carlo 107 

simulated profit scenarios).  108 

Our primary contribution is an analysis of how observed deforestation has changed from 2001 109 

to 2023 in tropical and subtropical countries, when assessed against novel, counterfactual de-110 

forestation trajectories driven by agricultural profits. We derived gross deforestation from tree 111 

cover losses38 by subtracting estimated temporary losses (see Methods). Our simulated base-112 

lines explicitly model uncertainty over future land management profits6,39. To capture nation-113 

wide changes of deforestation, we adopted a broad, country-level baseline approach for 28 114 

countries, which together represent 87% of global gross deforestation (Supplementary Fig. 1). 115 

The land-change model used historical agricultural profits and initial land-use/land cover data 116 

from FAOSTAT40 for the simulations. Deforestation data from a period presumably without 117 

forest conservation policy impact was used for its calibration. The represented land managers 118 

were unconstrained by forest protection policies in our simulations. Using this novel approach, 119 

we go beyond Knoke et al.6, who analysed only a few exemplar countries. We provide the first 120 

analysis of deforestation changes against consistent profit-oriented baselines on continental and 121 

global scales. The results are relevant for a realistic assessment of the net effect of deforestation 122 

reduction policies, additionality assessments, political target-setting and monitoring deforesta-123 

tion reduction progress.    124 
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Results 125 

Between 2001 and 2023, observed deforestation across the 28 countries included in our study 126 

increased by 49.4 ± 1.3 (SE, standard error) million hectares, relative to the 2001 deforestation 127 

level (blue dashed line in Fig. 1, see also Supplementary Tab. 1). In contrast, our profit-oriented 128 

baseline estimation deforested area increased by 68.6 ± 0.8 million hectares. This is 39% higher 129 

than the observed deforestation increases over the same period, suggesting a deforestation re-130 

duction of -19.2 ± 1.2 million hectares attributable to forest protection policies.   131 

 132 
Figure 1. Global and continental simulated baseline deforestation compared with observed defor-133 
estation rates between 2001 and 2023. Observed deforestation derived from Global Forest Watch38 134 
tree cover losses (black lines), with adjustments (see Methods). Pink dashed lines indicate ± 3 SE of the 135 
simulated baseline deforestation, derived from 50 land-change optimisations informed by random prof-136 
its from Monte-Carlo simulations, reflecting the considered variation in deforestation decisions due to 137 
heterogeneous expectations of land managers. In Asia, we calibrated the Indonesian baseline with reli-138 
able observed deforestation data from 1997 to 2000 based on Hansen et al.8. The Asian observed defor-139 
estation rate in the year 2000 was reconstructed assuming that the deforestation rate in Asian countries 140 
other than Indonesia was the same as in the year 2001 (black dashed line). The blue dashed lines indicate 141 
the 2001 level of observed deforestation. 142 

 143 
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A closer temporal analysis revealed that most deforestation reduction occurred between 2005 144 

and 2011, except for Asia, where it occurred between 2001 and 2005 (Fig. 1). The global trend 145 

was dominated by Latin America, where absolute deforestation rates and their reductions were 146 

highest. In Asia, the decline is largely attributable to reductions in Indonesian deforestation. In 147 

contrast, from 2012 onward, the aggregated observed and simulated baseline deforestation rates 148 

matched, indicating no substantial reduction from 2012 to 2019, and thus no predicted net effect 149 

of anti-deforestation policies. However, in the more recent years of 2020 to 2022, observed 150 

deforestation rates once again fell below the simulated baseline. 151 

The relationship between the simulated baseline (when used as a predictor) and the observed 152 

deforestation was best described by a quadratic model (R2 = 0.86, rmse = ± 152 kha, Fig. 2A). 153 

A comparison of observed and simulated deforestation indicates substantial deforestation re-154 

ductions up to 30% for countries with large deforestation rates (shown by the difference be-155 

tween the grey dashed and dark cyan line in Fig. 2A). Alternative models, such as logarithmic 156 

ones (of the type 𝐷̂ = 𝑎 + 𝑏 ∙ 𝑙𝑛𝐿), performed worse (R2 = 0.61, rmse = ± 272 kha). Under 157 

smaller average annual deforestation rates (below 0.48 million hectares), observed deforesta-158 

tion was 30% to 50% higher than suggested by the counterfactual profit-oriented baseline, po-159 

tentially because of factors such as subsistence requirements (Africa) or election promises 160 

(Asia), which favour increases in deforestation (more reasons why observed can exceed profit-161 

oriented deforestation are discussed in Supplementary Text 2). Consistent with this observation, 162 

Fig. 2B shows that the relative deforestation rates tend to be smaller on average than their sim-163 

ulated profit-oriented counterfactuals in countries with large natural forest areas.   164 

165 
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 166 

Figure 2. Outcomes of the counterfactual baseline deforestation model. A. Comparison of annual 167 
observed and simulated baseline deforestation rates, building on 644 pairs of observed and simulated 168 
deforestation, representing 28 countries over a period of 23 years (161 observed-simulated deforestation 169 

pairs used for calibration, 483 simulated deforestation rates out of the calibration period). When 𝐷̂ is the 170 
statistical estimate of the observed deforestation rate using the simulated baseline deforestation 𝐿 as a 171 

predictor variable, the function 𝐷̂ = 15.598 + 1.036 ∙ 𝐿 − 0.0001277 ∙ 𝐿2 describes the relationship 172 
between both deforestation variables (R2=0.86). Country- or year-specific predictions with this function 173 
require accounting for random intercepts (Supplementary Tab. 3). The yellow triangles show which data 174 
we used for calibration (25% of the available data). For high deforestation rates, the simulated baseline 175 
tends to predict substantially higher profit-oriented deforestation than observed deforestation, which can 176 
be attributed to successful deforestation reduction policies. Consequently, more data points lie below 177 
the 1:1 line (grey dashed) than above for such cases. B. Observed and simulated relative annual defor-178 
estation showed deforestation reduction mainly in countries with large natural forest areas. 179 
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Across all country-annual comparisons between observed and baseline deforestation, 57% of 180 

the observed deforestation rates fell within ± 3 SE of the simulated country-level baseline de-181 

forestation (Supplementary Figs. 2-4), showing similar observed and simulated deforestation 182 

rates. Considering the uncertainty inherent in our baseline simulations, we regard the remaining 183 

43% of comparisons as substantial or ‘robust’ deforestation differences. For this robust subset 184 

of observations, the net effect corresponds to a –10% reduction in observed deforestation rela-185 

tive to the simulated profit-oriented baseline, attributable to forest conservation policies in a 186 

few countries (explanation in Supplementary Text 2). This net reduction equals -19.3 ± 1.3 187 

million hectares.     188 

Among the robust differences between observed and simulated baseline annual deforestation, 189 

total deforestation reductions, i.e., deforestation below the simulated baseline, sum up to -35.2 190 

± 0.8 million hectares, while increases in deforestation rates total +16.0 ± 0.6 million hectares 191 

(see Fig. 3 for their spatial distribution). For comparison, all deforestation decreases (not only 192 

the robust ones) sum to -41.5 ± 0.8, and all increases to +22.3 ± 0.6 million hectares. 193 

At the continental level, the robust deforestation differences provide a heterogeneous pattern. 194 

Latin America showed a substantial deforestation reduction corresponding to -18.3 ± 0.8 mil-195 

lion hectares or a net effect of -18.0% (see Fig. 1, Supplementary Text 1, and Supplementary 196 

Tab. 2). In Africa, the observed deforestation was 2.6 ± 0.4 million hectares or 6% greater than 197 

the simulated baseline deforestation, suggesting higher than profit-oriented deforestation. In 198 

Asia, our simulations showed a robust deforestation reduction by -3.6 ± 0.6 million hectares, 199 

corresponding to 8% of their baseline rates. 200 
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201 
Figure 3. Global reductions (A) or increases (B) of deforestation compared with the simulated 202 
counterfactual baseline (only robust differences considered) for the 28 countries investigated in 203 
tropical and subtropical regions. The legend refers to (A) classes of reduction in deforestation in thou-204 
sands of hectares in a specific country (we accumulated differences between observed and baseline de-205 
forestation, when observed deforestation was below the baseline) or (B) classes of increase in deforesta-206 
tion in a specific country (here we accumulated differences when observed deforestation was above the 207 
baseline). The darker the colour, the larger the decrease or increase. 208 
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Despite the reductions in Asia, however, persistently steep declines in the Asian forest areas 209 

are notable, indicating the highest relative deforestation rates among all countries analysed 210 

(Supplementary Fig. 5). Supplementary Figure 2 shows the critical role of fires in most Latin 211 

American countries, which may affect up to 2.5 million hectares of forest in extreme years. 212 

These mostly unintended fires are difficult to control, so it becomes even more important to 213 

reduce purposeful and permanent forest conversion to other land uses (i.e., deforestation). The 214 

simulated baseline deforestation trajectories for all 28 countries are shown in Supplementary 215 

Figures 2-4. 216 

Discussion 217 

Our study offers novel counterfactual deforestation baselines using a comprehensive method 218 

for identifying and understanding past changes to deforestation. Our approach constructs an 219 

alternative version of the past, a reference trajectory independent of observed deforestation, 220 

which serves as a counterfactual41 for evaluating policy outcomes5. The changes we identified 221 

at the global level translated to a net 10% reduction in deforestation compared to the simulated 222 

baseline. This supports our hypothesis that deforestation would have been higher under purely 223 

profit-oriented deforestation decisions and in the absence of anti-deforestation policies. 224 

A comparison of observed deforestation in countries representing 87% of the world’s defor-225 

estation with a robust simulated counterfactual is unique. Our main finding, a net deforestation 226 

reduction effect, clearly underlines that successful forest protection against profit-oriented de-227 

forestation is possible. The identified changes over time and the differences between countries 228 

perfectly assist in evaluating broad country policies and conditions (see Supplementary Text 229 

2). We consider even modest global achievements and examples from countries outperforming 230 

others in deforestation reductions as valuable, both practically and psychologically. In contrast, 231 

persistent narratives of policy failure risk reinforcing eco-anxiety, especially among younger 232 

generations, who may continue to become increasingly disillusioned42. 233 
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Our study underlines the necessity and challenge of constructing and interpreting solid defor-234 

estation baselines as an essential precondition for analysing policy impacts. While comparable 235 

studies are rare, alternative observational methods to assess past deforestation reductions exist5. 236 

Due to their regional43 or country-level character26 conclusions from most available studies 237 

concerning global deforestation are difficult. Nevertheless, the recent observational analysis by 238 

Wuepper et al.32 equally identified a global policy-dependent reduction of forest losses, show-239 

ing that the annual probability of tree cover loss decreases if public forest protection policies 240 

are present in a country. Although both studies used completely different methods, their results 241 

support each other. Achieving similar results with different methodologies corroborates that 242 

global policies have likely reduced deforestation rates. 243 

We attribute the deforestation reductions identified in our study primarily to established forest 244 

protection policies, particularly in Brazil, Indonesia, and Tanzania (described in more detail in 245 

Supplementary Text 2). However, we consider that other factors might have contributed to the 246 

identified differences between observed and simulated baseline deforestation. A common rea-247 

son for non-policy-induced historical deforestation decline is falling agricultural commodity 248 

prices44, which is explicitly accounted for in our land-change model. However, under successful 249 

deforestation reduction policies, food scarcity might increase and producer prices raise43, so 250 

that profit-oriented baseline deforestation might be modelled at higher levels than without these 251 

price increases. However, the observed deforestation will also respond to such price increases25 252 

in the country’s regions with weaker policies. We thus consider it unlikely that such endogene-253 

ity effects have led to overstated deforestation reductions. For example, an earlier study43 254 

showed a policy-related deforestation reduction for the Brazilian Amazon alone (covering about 255 

60% of Brazil’s territory) of 7.3 million hectares from 2004 to 2008 (-56%), using an observa-256 

tional model. Our study confirms a deforestation reduction by 5.9 ± 1.1 million hectares (or -257 

32%) for the total territory of Brazil and the same period. This comparison does not signal 258 
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overstating the baseline by our method. Our estimation at the country level includes likely de-259 

forestation increases in Brazilian regions with weaker policies, reducing the net forest conser-260 

vation effect. The observed difference between the two methods may thus be plausible. Simi-261 

larly, some economists postulate that decreases in deforestation can be predicted mainly based 262 

on changes in a country’s exchange rate45, rather than by policy change. Exchange rates influ-263 

ence agricultural commodity prices46, which are signals for some land managers to expand or 264 

reduce their production. Our land-use optimisation model incorporates such market signals, 265 

along with considering the impact of land-use composition, the area development of non-forest 266 

land and expected uncertainties. Finally, declining deforestation in the absence of policy inter-267 

ventions underlies some phases of the theoretically expected forest transition. This theory pre-268 

dicts that forest cover losses will automatically reduce as forests become scarcer47, when coun-269 

tries become more developed. We modelled forest cover changes and updated the land-270 

use/land-cover composition every five years48 to account for such effects. Overall, while mul-271 

tiple interacting drivers shape deforestation trends, we cannot identify factors other than imple-272 

mented policies (discussed in Supplementary Text 2) that better explain the deforestation re-273 

duction against our simulated baseline.      274 

We conclude that assessing the effects of policies on deforestation requires comparing observed 275 

trends with a consistent counterfactual, one that shows the “what if?” outcomes without such 276 

policies in place4. Our study contributes to this principle by developing a means of generating 277 

comprehensive, consistent, and profit-oriented baselines. These help to identify and assess 278 

changes to global deforestation that cannot be explained by changes in profits for agricultural 279 

outputs, the primary economic incentive to clear natural forests.   280 

Our results provide a sound platform for in-depth policy impact analyses in individual coun-281 

tries, which is complementary to quasi-experimental identification strategies to attribute 282 
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changes in deforestation to national forest protection policies5. Countries such as Brazil, Indo-283 

nesia, or Tanzania show a substantial reduction in deforestation, and that is an important starting 284 

point to assess the policies and structural changes that these countries have put in place to curb 285 

deforestation. Not only did these countries strengthen their sustainable supply chains, but they 286 

also developed political will and law enforcement, particularly in Brazil49. For that country, our 287 

counterfactual allowed revealing impressive past deforestation reductions50. The counterfactual 288 

baselines can be revised using extended profit data beyond the agricultural profits used here, 289 

whilst alternative decision behaviour other than minimising the maximum regret criterion ap-290 

plied with our study can also be explored. In addition, for the carbon emissions saved by the 291 

identified deforestation reductions, we can establish additionality. This can then be used to as-292 

sess the social value of associated forest protection policies20.     293 

References 294 

1. Forest Declaration Assessment Partners. Off track and falling behind: Tracking progress 295 

on 2030 forest goals. Climate Focus (coordinator and editor). Available at 296 

https://www.forestdeclaration.org/resources/forest-declaration-assessment-2023 (2023). 297 

2. Garcia, C. A. et al. The Global Forest Transition as a Human Affair. One Earth 2, 417–298 

428; 10.1016/j.oneear.2020.05.002 (2020). 299 

3. Lyons-White, J., Pollard, E. H., Catalano, A. S. & Knight, A. T. Rethinking zero defor-300 

estation beyond 2020 to more equitably and effectively conserve tropical forests. One 301 

Earth 3, 714–726; 10.1016/j.oneear.2020.11.007 (2020). 302 

4. Gifford, L. “You can’t value what you can’t measure”: a critical look at forest carbon ac-303 

counting. Climatic Change 161, 291–306; 10.1007/s10584-020-02653-1 (2020). 304 

5. Magliocca, N. R., Dhungana, P. & Sink, C. D. Review of counterfactual land change 305 

modeling for causal inference in land system science. J. Land Use Sci. 18, 1–24; 306 

10.1080/1747423X.2023.2173325 (2023). 307 

6. Knoke, T. et al. Trends in tropical forest loss and the social value of emission reductions. 308 

Nat Sustain 6, 1373–1384; 10.1038/s41893-023-01175-9 (2023). 309 

7. West, T. A. & Fearnside, P. M. Brazil’s conservation reform and the reduction of defor-310 

estation in Amazonia. Land Use Policy 100, 105072; 10.1016/j.landusepol.2020.105072 311 

(2021). 312 

8. Hansen, M. C. et al. Quantifying changes in the rates of forest clearing in Indonesia from 313 

1990 to 2005 using remotely sensed data sets. Environ. Res. Lett. 4, 34001; 314 

10.1088/1748-9326/4/3/034001 (2009). 315 



16 

 

9. Gizachew, B., Shirima, D. D., Rizzi, J., Kukunda, C. B. & Zahabu, E. Conservation and 316 

Avoided Deforestation: Evidence from Protected Areas of Tanzania. Forests 15, 1593; 317 

10.3390/f15091593 (2024). 318 

10. West, T. A. P. et al. Action needed to make carbon offsets from forest conservation work 319 

for climate change mitigation. Science (New York, N.Y.) 381, 873–877; 10.1126/sci-320 

ence.ade3535 (2023). 321 

11. West, T. A., Bomfim, B. & Haya, B. K. Methodological issues with deforestation base-322 

lines compromise the integrity of carbon offsets from REDD+. Glob. Environ. Change 323 

87, 102863; 10.1016/j.gloenvcha.2024.102863 (2024). 324 

12. Pauly, M. et al. A holistic approach to assessing REDD+ forest loss baselines through ex 325 

post analysis. Environ. Res. Lett. 19, 124096; 10.1088/1748-9326/ad616c (2024). 326 

13. Pendrill, F. et al. Disentangling the numbers behind agriculture-driven tropical deforesta-327 

tion. Science (New York, N.Y.) 377, eabm9267; 10.1126/science.abm9267 (2022). 328 

14. Huettner, M., Leemans, R., Kok, K. & Ebeling, J. A comparison of baseline methodolo-329 

gies for 'Reducing Emissions from Deforestation and Degradation'. Carbon Balance 330 

Manage 4, 4; 10.1186/1750-0680-4-4 (2009). 331 

15. Convention of Biological Diversity. Aichi Biodiversity Targets. Available at 332 

https://www.cbd.int/sp/targets/ (2020). 333 

16. Nasi, R. The glasgow leaders' declaration on forests and land use: Significance toward 334 

"Net Zero". Global Change Biology 28, 1951–1952; 10.1111/gcb.16039 (2022). 335 

17. United Nations. Sustainable Development Goal 15 | Department of Economic and Social 336 

Affairs. Available at https://sdgs.un.org/goals/goal15 (2015). 337 

18. Angelsen, A. (ed.). Transforming REDD+. Lessons and new directions (Center for Inter-338 

national Forestry Research, Bogor, Indonesia, 2018). 339 

19. European Commission. Regulation on Deforestation-free products. Available at 340 

https://environment.ec.europa.eu/topics/forests/deforestation/regulation-deforestation-341 

free-products_en (2023). 342 

20. Groom, B. & Venmans, F. The social value of offsets. Nature 619, 768–773; 343 

10.1038/s41586-023-06153-x (2023). 344 

21. Maron, M. et al. Biodiversity offsets, their effectiveness and their role in a nature posi-345 

tive future. Nat. Rev. Biodivers. 1, 183–196; 10.1038/s44358-025-00023-2 (2025). 346 

22. Meyfroidt, P. et al. Multiple pathways of commodity crop expansion in tropical forest 347 

landscapes. Environ. Res. Lett. 9, 74012; 10.1088/1748-9326/9/7/074012 (2014). 348 

23. Curtis, P. G., Slay, C. M., Harris, N. L., Tyukavina, A. & Hansen, M. C. Classifying 349 

drivers of global forest loss. Science (New York, N.Y.) 361, 1108–1111; 10.1126/sci-350 

ence.aau3445 (2018). 351 

24. Schneider, J. M. et al. Effects of profit-driven cropland expansion and conservation poli-352 

cies. Nat Sustain 7, 1335–1347; 10.1038/s41893-024-01410-x (2024). 353 

25. Berman, N., Couttenier, M., Leblois, A. & Soubeyran, R. Crop prices and deforestation 354 

in the tropics. J. Environ. Econ. Manag. 119, 102819; 10.1016/j.jeem.2023.102819 355 

(2023). 356 



17 

 

26. Roopsind, A., Sohngen, B. & Brandt, J. Evidence that a national REDD+ program re-357 

duces tree cover loss and carbon emissions in a high forest cover, low deforestation 358 

country. PNAS 116, 24492–24499; 10.1073/pnas.1904027116 (2019). 359 

27. Groom, B., Palmer, C. & Sileci, L. Carbon emissions reductions from Indonesia's mora-360 

torium on forest concessions are cost-effective yet contribute little to Paris pledges. 361 

PNAS 119; 10.1073/pnas.2102613119 (2022). 362 

28. Köthke, M., Schröppel, B. & Elsasser, P. National REDD+ reference levels deduced 363 

from the global deforestation curve. For. Policy Econ. 43, 18–28; 10.1016/j.for-364 

pol.2014.03.002 (2014). 365 

29. Rudel, T. K. et al. Whither the forest transition? Climate change, policy responses, and 366 

redistributed forests in the twenty-first century. Ambio 49, 74–84; 10.1007/s13280-018-367 

01143-0 (2020). 368 

30. Sills, E. O. et al. Estimating the Impacts of Local Policy Innovation: The Synthetic Con-369 

trol Method Applied to Tropical Deforestation. PLOS ONE 10, e0132590; 10.1371/jour-370 

nal.pone.0132590 (2015). 371 

31. Armenteras, D., Espelta, J. M., Rodríguez, N. & Retana, J. Deforestation dynamics and 372 

drivers in different forest types in Latin America: Three decades of studies (1980–2010). 373 

Glob. Environ. Change 46, 139–147; 10.1016/j.gloenvcha.2017.09.002 (2017). 374 

32. Wuepper, D. et al. Public policies and global forest conservation: Empirical evidence 375 

from national borders. Glob. Environ. Change 84, 102770; 10.1016/j.gloen-376 

vcha.2023.102770 (2024). 377 

33. West, T. A. P., Börner, J., Sills, E. O. & Kontoleon, A. Overstated carbon emission re-378 

ductions from voluntary REDD+ projects in the Brazilian Amazon. PNAS 117, 24188–379 

24194; 10.1073/pnas.2004334117 (2020). 380 

34. Lucas, R. E. Econometric policy evaluation: A critique. Carnegie-Rochester Conference 381 

Series on Public Policy 1, 19–46; 10.1016/S0167-2231(76)80003-6 (1976). 382 

35. Rehman, T. & Romero, C. Formulating generalised ‘goal games’ against nature: An il-383 

lustration from decision-making under uncertainty in agriculture. Applied Mathematics 384 

and Computation 175, 486–496; 10.1016/j.amc.2005.07.026 (2006). 385 

36. Mishra, A. K. & Tsionas, M. G. A Minimax Regret Approach to Decision Making Under 386 

Uncertainty. Journal of Agricultural Economics 71, 698–718; 10.1111/1477-9552.12370 387 

(2020). 388 

37. Artinger, F. M., Gigerenzer, G. & Jacobs, P. Satisficing: Integrating Two Traditions. 389 

Journal of Economic Literature 60, 598–635; 10.1257/jel.20201396 (2022). 390 

38. Global Forest Watch. Global Deforestation Rates & Statistics by Country | GFW. Availa-391 

ble at https://www.globalforestwatch.org/dashboards/global/ (2025). 392 

39. Calvas, B. et al. Large differences between observed and expected Ecuadorian deforesta-393 

tion from 2001 to 2009: a counterfactual simulation approach. Reg Environ Change 24, 394 

1–15; 10.1007/s10113-024-02253-0 (2024). 395 

40. Food and Agriculture Organization of the United Nations. FAOSTAT. Available at 396 

https://www.fao.org/faostat/en/#data/QV (2025). 397 

41. Roese, N. J. Counterfactual thinking. Psychological bulletin 121, 133–148; 398 

10.1037/0033-2909.121.1.133 (1997). 399 



18 

 

42. Robbins, P. & Moore, S. A. Ecological anxiety disorder: diagnosing the politics of the 400 

Anthropocene. cultural geographies 20, 3–19; 10.1177/1474474012469887 (2013). 401 

43. Assunção, J., Gandour, C. & Rocha, R. Deforestation slowdown in the Brazilian Ama-402 

zon: prices or policies? Environ. Dev. Econ. 20, 697–722; 10.1017/S1355770X15000078 403 

(2015). 404 

44. Gaveau, D. L. A. et al. Slowing deforestation in Indonesia follows declining oil palm ex-405 

pansion and lower oil prices. PLOS ONE 17, e0266178; 10.1371/journal.pone.0266178 406 

(2022). 407 

45. Arcand, J.-L., Guillaumont, P. & Jeanneney, S. G. Deforestation and the real exchange 408 

rate. Journal of Development Economics 86, 242–262; 10.1016/j.jdeveco.2007.02.004 409 

(2008). 410 

46. Barrett, C. The effects of real exchange rate depreciation on stochastic producer prices in 411 

low-income agriculture. Agric. Econ. 20, 215–230; 10.1016/S0169-5150(99)00003-1 412 

(1999). 413 

47. Dezécache, C., Salles, J.-M. & Hérault, B. Questioning emissions-based approaches for 414 

the definition of REDD+ deforestation baselines in high forest cover/low deforestation 415 

countries. Carbon Balance Manage 13, 21; 10.1186/s13021-018-0109-1 (2018). 416 

48. Knoke, T. et al. Accounting for multiple ecosystem services in a simulation of land-use 417 

decisions: Does it reduce tropical deforestation? Glob. Chang. Biol. 26, 2403–2420; 418 

10.1111/gcb.15003 (2020). 419 

49. Delabre, I., Alexander, A. & Rodrigues, C. Strategies for tropical forest protection and 420 

sustainable supply chains: challenges and opportunities for alignment with the UN sus-421 

tainable development goals. Sust. Sci. 15, 1637–1651; 10.1007/s11625-019-00747-z 422 

(2020). 423 

50. Lyons‐White, J. et al. Political Will Has Been Critical for Protecting Forests in the Bra-424 

zilian Amazon and Indonesia. Conservation Letters 18; 10.1111/conl.13120 (2025). 425 

 426 

  427 



19 

 

Methods  428 

Observed deforestation 𝑫 429 

We derived observed deforestation from tree cover losses reported by Global Forest Watch38, 430 

a widely recognised and peer-reviewed global monitoring platform. Tree cover loss is defined 431 

as a ‘stand-replacing disturbance’, or more specifically, as ‘… the complete removal of tree 432 

cover canopy at the Landsat pixel scale’51. The quality of this information is high, as it has been 433 

extensively validated across diverse ecological regions52. In our study, we defined ‘deforesta-434 

tion’ as the permanent conversion of natural forest to any other land use13. Consequently, we 435 

subtracted the tree cover losses assigned to managed forest areas by Global Forest Watch (for-436 

estry or logging). Forestry means that in forests reaching the harvesting age, the dominating 437 

canopy cover is replaced by a young forest, which does not represent deforestation according 438 

to our definition53. Tree cover losses can also include losses by unintended fires, while the forest 439 

may often recover in the burnt areas54. Some intended fires in limited areas to clear forests for 440 

agriculture may accidentally expand far into the natural forest55. Unintended fire events re-441 

ported by Tyukavina et al.56 were subtracted from tree cover losses in our study. As background 442 

information, we display the annual forest area affected by fires in Supplementary Figures 2-4. 443 

Compared to net deforestation, which is often reported by forest resource assessments57, we 444 

analysed gross deforestation, so we did not account for compensations by expanding forests 445 

elsewhere. This is because we focused on the dynamics and incentives of clearing land, and we 446 

conjecture that reforestation follows different dynamics and incentives.  447 

  448 



20 

 

Selected countries, land-use/land-cover types, and their profits 449 

We pre-selected 26 countries based on data from FAOSTAT, sorted by descending deforesta-450 

tion as compiled in the study by Knoke et al.6. These countries together accounted for approx-451 

imately 90% of the documented net deforestation, referring to changes of the FAO category 452 

‘naturally regenerating forests’. To ensure data reliability and consistency, five African coun-453 

tries were subsequently excluded due to irregularities and data gaps: Sudan, Chad, Somalia, 454 

Namibia, and Botswana. We replaced these countries with seven alternative countries from 455 

Africa and Asia for which more consistent data were available. The final selection included 28 456 

countries (Fig.3 and Supplementary Tab. 1), which collectively represented 87% of the global 457 

gross deforestation of natural forests from 2001 to 2023 derived from Global Forest Watch data 458 

(Supplementary Fig. 1). This coverage ensures a comprehensive and geographically diverse 459 

representation of global deforestation dynamics while maintaining a high standard of data qual-460 

ity for model calibration and analysis. To derive the land-use profits per country, we used the 461 

initial land-use/land-cover types for the main agricultural products during the calibration period 462 

(from FAOSTAT40, see Supplementary Coefficients). We also set constraints to control the 463 

expansion of ‘other land’, ‘planted forests’, ‘arable land’ and ‘permanent crops’. Beyond these 464 

four mentioned land-use/land-cover types, we considered ‘permanent meadows’, ‘new defor-465 

estation’, and ‘natural forest’. Profits from agriculture were derived from economic production 466 

(output) values published by FAOSTAT (in 2014-2016 US$), reduced by direct production 467 

costs (for labour and other inputs), per hectare of the corresponding land-use type6. The profits 468 

were fit with a trend line to obtain profit averages for seven considered subperiods (1990-1994, 469 

1995-1999, …, 2015-2019, 2020-2023). The trend lines’ root mean square errors were divided 470 

by the mean predicted profit to obtain the profits’ coefficient of variation (𝑣𝑐). We used the 𝑣𝑐 471 
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to construct lower and upper bounds of profit intervals. From these intervals (see Supplemen-472 

tary Coefficients), we randomly drew land-use profits that informed our land allocation optimi-473 

sations, which we simulated for land manager groups. 474 

Changes in deforestation and comparisons 475 

We used 𝐷 for the observed, 𝐿 for the simulated baseline, and 𝐻2001 for the year 2001 observed 476 

(historical) deforestation rates per year.  477 

The derived changes ∆ in deforestation rates over time are, when considered against the ob-478 

served deforestation in 2001: 479 

Observed deforestation   ∆𝐷−𝐻= ∑ (𝐷 − 𝐻2001)𝑡2023𝑡=2001   (1) 480 

Simulated baseline deforestation  ∆𝐿−𝐻= ∑ (𝐿 − 𝐻2001)𝑡2023𝑡=2001    (2) 481 

The net changes ∆ in observed deforestation rates against the simulated baseline deforestation 482 

were, when aggregated over time:  483 

∆𝐷−𝐿= ∑ (𝐷 − 𝐿)𝑡2023𝑡=2001    (3) 484 

∆𝐷−𝐿 was also computed separately for only decreases (𝐷 − 𝐿) < 0 or only increases 485 (𝐷 − 𝐿) > 0.     486 

Simulating profit-oriented baseline deforestation 𝑳 487 

A cornerstone of our study is a set of 28 modelled profit-oriented baseline deforestation trajec-488 

tories at the country level (Supplementary Figs. 2-4), obtained with a novel uncertainty-sensi-489 

tive land-change model, which can simulate land allocation decisions by land manager groups6. 490 

The modelled managers seek satisfactory land-use profits over a range of expected future profit 491 

scenarios. Each such profit scenario consists of a set of random profits for seven land-use/land-492 

cover types per country. Among the seven profits, there is a maximum (or reference point) with 493 

which the modelled land managers can compare the area-weighted profit expected from a given 494 
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land-use/land-cover composition. With their land allocation decisions, the land managers seek 495 

to minimise the largest distance between the maximum profit and the area-weighted profit for 496 

a given land-use/land-cover composition across multiple profit scenarios. Note that there is no 497 

single land-use/land-cover composition which can maximise the expected profit over all sce-498 

narios. We call the land managers' decision-making ‘satisficing’58, which is consistent with 499 

analyses of real farmer decisions59. Our land-change model is the current endpoint of a series 500 

of land-change models, which have been developed from 2011 to 2025, see refs.39,48,60–62 for 501 

examples. As the full model is comprehensively described in two previous papers6,39, here we 502 

provide a conceptual overview of the modelling strategy in a ‘nutshell’. 503 

The modelling consists of repeated optimisations of a desirable future land-use/land-cover com-504 

position based on various sets of randomly simulated profits. To consider feasibility, the land 505 

change model gradually modifies the given land-use/land-cover composition by converting nat-506 

ural forests to agricultural land use, aiming to improve anticipated profits under uncertainty. 507 

We fitted the model during a calibration period in which we assumed the absence of any forest 508 

conservation policy (more under Methods ‘Calibration’). The model’s output is a range of sim-509 

ulated baseline deforestation rates (𝐿̃𝑖) in hectares per annum for each iteration 𝑖, which is a 510 

random variable, Monte-Carlo-simulated per country. A specific 𝐿̃𝑖 is one realisation out of 50 511 

repeated optimisations in total, based on 1000 random profit scenarios, used to derive a ran-512 

domly varying average deforestation rate per year per country, called 𝐿̃ (see Supplementary R 513 

code). 514 

𝐿̃ = 150 ∑  𝐿̃𝑖50𝑖=1           (4) 515 

A single 𝐿̃𝑖 is based on the difference between the current natural forest proportion at any time 516 

throughout the considered period (𝑓𝑛, 𝑛 for natural forest) and its predicted future land-517 

cover/land-use proportion after 𝑇 years (𝑓𝑛𝑇), annualised by the factor 𝑘 = 130. With this factor 518 
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𝑘, the model implies a planning horizon of 30 years, approximating one land manager genera-519 

tion63. The annual percentage decline (𝑓𝑛 − 𝑓𝑛𝑇) ∙ 𝑘 of the natural forest is multiplied by the 520 

country’s area (𝐴) to obtain absolute deforestation rates in hectares. 521 

𝐿̃𝑖 = 𝐴 ∙ (𝑓𝑛 − 𝑓𝑛𝑇) ∙ 𝑘         (5) 522 

More specifically, 𝑓𝑛𝑇 is a predicted random variable resulting from a portfolio optimisation 523 

using random profit scenarios for seven land-use/land-cover types to find their optimal future 524 

composition (i.e., the optimal land-use portfolio). The optimal land-use portfolio consists of the 525 

area proportions of the land-cover/land-use types. The optimisation assumes that land manager 526 

groups share their profit expectations with 𝑢 denoting each profit scenario, to find an optimal 527 

compromise land allocation64,65. The model mimics how each simulated group allocates its land 528 

to minimise the land managers’ maximum expected future regret (see Eq. 6), should the land 529 

managers realise post hoc that their land-use allocation has not been optimal.  530 

𝛿𝑖 = 𝑚𝑎𝑥{𝐷̃𝑢}          (6) 531 

𝛿𝑖 is the maximum distance of iteration 𝑖 among 1000 distances (𝐷̃𝑢) resulting from compar-532 

isons of the best expected profit (𝑝𝑢∗ ) and the area-weighted expected profit from a given future 533 

land allocation (𝑃̃𝑢) across all considered individual profit scenarios 𝑢. We tested the influence 534 

of the number of selected scenarios on the variability of the deforestation rate predictions and 535 

found only a small impact, with hardly any changes for more than 1000 scenarios6. To give 536 

lower weight to extreme profit draws and enhance comparability across the scenarios, we nor-537 

malised the distances with respect to the best and worst profits within a profit scenario. As a 538 

result, all distances were members of an interval from zero to 100% (dividing by 𝑝𝑢∗ − 𝑝𝑢∗ with 539 𝑝𝑢∗ being the worst expected profit within a profit scenario).  540 

𝐷̃𝑢 = 𝑝̃𝑢∗ −𝑃̃𝑢𝑝̃𝑢∗ −𝑝̃𝑢∗ ∙ 100          (7) 541 
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𝑃̃𝑢 was computed for each of 𝑢 = 1000 profit scenarios and resulted from profit expectations 542 

(𝑝𝑙𝑢) for seven land-use/land-cover types (𝑙) and their future land-cover proportions (𝑓𝑙𝑇).  543 

𝑃̃𝑢 = ∑ 𝑓𝑙𝑇𝑙𝜖𝐿 𝑝𝑙𝑢          (8) 544 

To linearise our non-smooth objective function66,67, we enforced that no individual 𝐷̃𝑢 can ex-545 

ceed 𝛿𝑖.  546 

𝛿𝑖 ≥ 𝑝̃𝑢∗ −𝑃̃𝑢𝑝̃𝑢∗ −𝑝̃𝑢∗ ∙ 100  ∀𝑢          (9) 547 

In total, we used 32.2 million profit scenarios to parameterise the model for all deforestation 548 

baselines: 1000 individual profit scenarios per simulated land manager group, 50 group simu-549 

lations per year, 23 years per country and 28 countries in total. To obtain such profit scenarios, 550 

random profits were chosen from an interval constructed around the average profit provided by 551 

a trendline (Supplementary Coefficients). Clearly, an assumption behind the model is that land 552 

managers have sufficient private property rights to choose such an optimisation plan on the land 553 

they manage, and that they all follow a strategy which can be approximated by minimax regret. 554 

After simulating annual deforestation rates for five subsequent years and allocating the out-555 

comes randomly to the years, we updated the land-use/land-cover composition (as the simulated 556 

forest proportion impacts the deforestation rates) and the expected annual profits for each land-557 

use/land-cover type before continuing the simulation-optimisation process. The average land-558 

use/land-cover composition at the end of each five-year period was thus based on a five-year 559 

basis, as this provided robust results.   560 

Calibration 561 

We calibrated the baseline deforestation predictions to approach the observed deforestation 562 

from 2001 to 2004. We assumed that there were no strong influences of forest protection poli-563 
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cies in these years. For the calibration, we utilised the fact that the land change model’s predic-564 

tions of baseline deforestation rates are sensitive to the assumptions concerning the uncertainty 565 

of the profits. The modelled land managers consider land-use/land-cover types with less uncer-566 

tain benefits as more desirable than land-use/land-cover types with more uncertainty. Conse-567 

quently, the model predicts lower deforestation if natural forest benefits become less variable, 568 

because land managers consider it more rewarding to maintain natural forests with less uncer-569 

tain benefits. Vice versa, the model predicts higher deforestation if the benefits of deforestation 570 

become less uncertain. Based on this underlying mechanism, the coefficient of variation of 571 

profits from natural forest or deforestation was chosen to reproduce observed deforestation on 572 

average (2001 to 2004, see Supplementary Fig. 7 for an example). For both land-use/land-cover 573 

types, natural forest and deforestation, we lack solid information on the associated uncertainties, 574 

i.e. the expected profit variation, so that the uncertainty of these land-use/land-cover types could 575 

be derived from calibration.  576 

We used the observed deforestation from 2001 to 2004 for calibration due to the availability of 577 

reliable remote sensing data from 2001 onwards. Because we know that a policy change influ-578 

enced deforestation in Indonesia from 2000 to 2005, and as reliable remote sensing data was 579 

available prior to 2000 for this country8, we calibrated Indonesia’s baseline with observed de-580 

forestation from 1997 to 2000.  581 

The years 1990 to 2000 served as a burn-in period for most countries. The burn-in period en-582 

sures that the baseline considers profit-oriented deforestation also before 2001. Such a burn-in 583 

period is meaningful to avoid model artefacts from too strong land-use re-allocation when the 584 

model is used for the first time, as for example seen for Argentina, Bolivia, and Brazil (Supple-585 

mentary Figs. 2a,b,c). Such effects would have biased the simulated baseline when occurring 586 

in the calibration period.   587 
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For some countries, we observed an abrupt increase in deforestation levels around the year 588 

2010. The main reason for such a change in the observed deforestation rates is likely technical, 589 

as the algorithms and sensors to measure observed deforestation have improved from 2011 (and 590 

particularly from 2015) onwards13,68. This hardly affects countries with large-scale natural for-591 

est clearings, such as Brazil or Indonesia. However, the deforestation detection in some African 592 

and Southeast Asian countries is affected by these improvements69. For these countries, we 593 

conducted a second calibration using the years 2010 to 2015. The new settings for the coeffi-594 

cients of variation of the concerned countries are indicated in Supplementary Coefficients. In 595 

total, we used 25% of the observed deforestation data for the calibration, so that 75% of the 596 

predicted baseline deforestation data fell outside the calibration periods.  597 

It was difficult to align the observed deforestation exactly with the simulated deforestation in 598 

the calibration periods. We thus calculated the average difference between the observed and 599 

simulated deforestation during the calibration periods and used this difference to correct the 600 

whole series of baseline predictions. 601 

In addition, we calibrated the baseline deforestation results by choosing the upper and lower 602 

bounds that limit the range of the profits in the random simulations. The bounds were computed 603 

by adding or subtracting between 0.5 and 2.5 standard deviations to/from the average profit, 604 

depending on the best agreement of land change model predictions and observed deforestation 605 

in the calibration periods. All the coefficients we used are detailed in the Supplementary Coef-606 

ficients file. 607 

Estimation of the standard errors 608 

To estimate the upper and lower error bounds of the baseline deforestation trajectories, we used 609 

the standard errors based on 𝑛 = 50 repeated simulation-optimisation runs with alternative 610 

profit scenarios per country 𝑐 and per year. 611 
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To obtain the standard errors SE(∆) of the aggregated deforestation differences between ob-612 

served and baseline deforestation, we summed all covariances across the investigated countries 613 

for all pairs of countries 𝑐1 and 𝑐2. 614 

𝑆𝐸(∆) = √∑ ∑ 𝑐𝑜𝑣(∆𝑐1, ∆𝑐2)𝑐2∈𝐶𝑐1∈𝐶        (10) 615 

This equation implies that all covariances are represented twice and that 𝑐𝑜𝑣(∆𝑐1, ∆𝑐1): =616 𝑣𝑎𝑟(∆𝑐1), if 𝑐1 = 𝑐2. With this formulation, we implicitly included the diagonal of the vari-617 

ance-covariance matrix. The consideration of the covariances increased the standard errors by 618 

about 6% compared to considering only the variances. 619 
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