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Abstract 19 

Understanding the effectiveness of conservation interventions during times of political instability 20 

is important given how much of the world’s biodiversity is concentrated in politically fragile 21 

nations. We investigated the effect of a political crisis on the relative performance of community 22 

managed forests versus protected areas in terms of reducing deforestation in Madagascar, a 23 

biodiversity hotspot. We used remotely sensed data and statistical matching within an event 24 

study design to isolate the effect of the crisis and post-crisis period on performance. Annual rates 25 

of deforestation accelerated at the end of the crisis and were higher in community forests than in 26 

protected areas. After controlling for differences in location and other confounding variables, we 27 

found no difference in performance during the crisis, but community-managed forests performed 28 

worse in post-crisis years. These findings suggest that, as a political crisis subsides and 29 

deforestation pressures intensify, community-based conservation may be less resilient than state 30 

protection. 31 

Introduction 32 

Much of the world's biodiversity is concentrated in nations with fragile governance systems 33 

exposed to repeated political crises1 that can threaten biodiversity2 and its associated benefits to 34 

people. Given recurrent political instability and ongoing biodiversity declines in many nations, 35 

there is an urgent need to identify which conservation interventions are most resilient during 36 

times of crisis and post-crisis recovery. Yet, there are no published studies of the relative 37 

performance of different kinds of conservation interventions during a political crisis. Here, we 38 



investigate how a political crisis affects the relative performance of community managed forests 39 

and protected areas administered by Madagascar National Parks (MNP). 40 

Community forest management (CFM) and government-administered protected areas are among 41 

the most widespread conservation interventions around the globe. CFM has been promoted as an 42 

alternative to strict state-managed protected areas, to avert deforestation while also supporting 43 

the rights and interests of local people3. Identifying the conditions under which community-44 

based or state management may be more effective at conserving biodiversity remains a key 45 

research question4,5. In more remote areas, local people may be better able to protect forests due 46 

to higher costs of centralized monitoring and enforcement6. Alternatively, state management may 47 

be more effective at conserving biodiversity if local institutions are weak or incentives for local 48 

conservation are insufficient4.  49 

From a conservation perspective, there is evidence that local communities can conserve 50 

vulnerable ecosystems better than the state under certain biophysical, economic, cultural, or 51 

sociopolitical conditions3,7. For example, community forests were found to be more effective 52 

than state-managed protected areas in terms of reducing deforestation in Peru8. Community 53 

forests were effective at reducing deforestation relative to a counterfactual in India9 and 54 

Indonesia10 and at reducing forest disturbance in Tanzania11. A systematic review found that 55 

decentralized systems of forest management reduce deforestation, on average, but the effects are 56 

small12. 57 

Evaluating the performance of interventions requires eliminating rival explanations for observed 58 

outcomes13. For example, many protected areas are established in remote areas or in areas that 59 

are unsuitable for agriculture, and therefore are unlikely to experience deforestation even in the 60 

absence of protection14. This makes it challenging to isolate the effects of different conservation 61 

interventions from other factors, such as remoteness. For example, multiple-use protected areas 62 

in Bolivia, Costa Rica, Indonesia, Thailand and Brazil were found to be just as effective, or more 63 

effective, than strictly protected areas at avoiding deforestation15,16. This was because multiple-64 

use areas are more likely to be located in areas with higher deforestation pressures, such as closer 65 

to roads and cities, where even modest reductions in deforestation were significant. Given 66 

differences in accessibility and other confounding factors, evaluating the relative performance of 67 

different interventions is challenging. This compromises our ability to test assumptions and 68 

design impactful conservation strategies. 69 

A growing number of studies attempt to define what would have happened under a 70 

counterfactual scenario, in an effort to isolate causal effects of conservation interventions8,15–17. 71 

A systematic review of 68 such studies found that estimates of the effectiveness of protected 72 

areas in terms of avoided deforestation were much smaller when counterfactual methods were 73 

used, compared to traditional methods18. A second review of 82 counterfactual-based studies 74 

found that protected areas were only moderately effective at reducing deforestation, on average, 75 

since they are typically placed in areas with lower pressures17. Other interventions, such as 76 

decentralized forest management and Indigenous protected lands, had larger effects, but the 77 

number of studies using counterfactual methods were very small (three studies in each case.) In 78 

Peru, for example, Indigenous territories and locally-managed conservation concessions were 79 



more effective than state-managed protected areas in terms of avoided deforestation and 80 

degradation, after controlling for confounding factors such as distance to roads and settlements8.  81 

There have been very few counterfactual-based studies which investigate the effectiveness of 82 

conservation interventions in times of crisis. The few examples we identified focused on armed 83 

conflict. In Nepal, local institutions were able to organize and cooperate to reduce forest 84 

fragmentation even during periods of violent conflict19. In Colombia, large protected areas were 85 

more effective at reducing deforestation during periods of conflict between the government and 86 

guerilla fighters20. In Sierra Leone, armed conflict was linked to lower rates of deforestation, but 87 

the performance of conservation interventions was not specifically analyzed21. Two studies from 88 

Rwanda found that armed conflict led to increased deforestation22,23, but did not control for 89 

potential confounding factors such as location or climate-related variables. 90 

Only a few counterfactual-based studies have assessed how sociopolitical context can influence 91 

conservation performance. Abman24 showed that deforestation rates were higher in less 92 

democratic nations that failed to control corruption or protect property rights. In Indonesia, direct 93 

elections boosted the ability of protected areas to prevent deforestation, but not forest 94 

fragmentation or fire25. Elections were found to increase deforestation in Brazil 26 and increase 95 

forest fires in Madagascar27. Previous periods of political instability have been associated with 96 

increased deforestation in Madagascar28.  97 

Despite these advances, we know little about the relative effectiveness of different conservation 98 

interventions during and after a crisis. Here, we investigate how a political crisis affected the 99 

relative performance of community-managed forests compared to more traditional protected 100 

areas. Our evaluation focused on forests within Madagascar, a global biodiversity hotspot 101 

containing some of the most unique and threatened species on the planet29. An estimated eighty 102 

percent of Madagascar’s people live under the extreme poverty rate of USD $2.15/day and 40% 103 

of children under the age of five suffer from stunting30. Due to these high levels of poverty and 104 

food insecurity, much of the island’s population depends on natural resources, including forests, 105 

for their livelihoods. The country lost 44% of its natural forest cover over the period 1953-201431 106 

due to logging for timber, charcoal production, and clearing for subsistence agriculture. A more 107 

recent analysis indicates that between 2000 and 2020 the country lost 4.85 million hectares, or 108 

25% of its remaining tree cover32. 109 

Madagascar’s government, often with support from international non-governmental 110 

organizations (NGOs) has attempted to slow deforestation through the creation of protected 111 

areas. As of 2020, the protected areas system included 110 sites encompassing 10.4% of 112 

Madagascar’s land area (6.1 million hectares)33. From 1990 to 2010, Madagascar’s protected 113 

areas were found to be effective at reducing deforestation, on average, but performance varied 114 

across time and space34. In northeastern Madagascar, for example, the establishment of new 115 

protected areas initially exacerbated ongoing deforestation, but later reduced forest loss35. 116 

Protected areas in Madagascar are managed by different government agencies and NGOs. Here, 117 

we focused on 45 protected areas administered by Madagascar National Parks (MNP), an 118 

organization mandated by the government to manage protected areas (Fig. 1). MNP sites include 119 

some of Madagascar’s oldest protected areas, are managed primarily for biodiversity 120 

conservation, and restrict most human activity other than recreation. 121 



In the 1990s, the Madagascar government instituted legislation that allowed for the creation of 122 

Community Forest Management (CFM) contracts36 (Fig. 1). Contracts are established between a 123 

local forest management group (often supported by a non-governmental organization), the 124 

federal forest department, and in some cases, the local government. The terms of CFM contracts 125 

vary, but they typically prohibit forest clearing for agriculture while allowing local use of 126 

renewable forest products for medicine, firewood, and food37. CFM contracts are established for 127 

an initial three-year period and, if all parties agree that the site is being properly managed, the 128 

contract can be renewed for a subsequent ten-year term. The first CFM contract was established 129 

in 1999. By 2014, there were over 1000 CFM sites in Madagascar encompassing more than 3.1 130 

million hectares, or 15% of the nation’s natural forests38. Previous research found that CFM had 131 

no detectable impact on deforestation, on average, between 2000 and 2010, but contracts that 132 

prohibited commercial use of forest products did reduce deforestation39.  133 

Madagascar has experienced repeated political crises since its independence in 1960. The most 134 

recent and prolonged crisis took place from 2009-2014, initiated by a global spike in rice prices, 135 

a large, surreptitious land deal between the government and a South Korean company, and 136 

frustration over corruption and oppressive governance40,41. Social unrest and political pressure 137 

led then-President Marc Ravalomanana to flee the country while an opponent, Andry Rajoelina, 138 

took power. The international community condemned the takeover as unconstitutional, and 139 

reduced or eliminated foreign aid and investment42, causing a severe economic crisis. The crisis 140 

dragged on for years, with disastrous effects. In late 2013, democratic elections were held, and 141 

the crisis officially ended in January 2014. 142 

The political and associated economic crisis also impacted Madagascar’s forests and 143 

biodiversity. There was a spike in illegal logging of precious hardwoods such as rosewood43,44. 144 

Even within protected areas, illegal and extralegal logging took place as a result of limited 145 

capacity of park staff and confusion caused by shifting regulations, in some cases with 146 

government permission or even cooperation44–46. Increased deforestation during the political 147 

crisis, both inside and outside of protected areas, alarmed the international conservation 148 

community, which was concerned about potential extinctions of Madagascar’s unique wildlife 149 

such as lemurs2. 150 

At the same time, the crisis exacerbated pressures on community forests. Combined with already 151 

high rates of poverty and food insecurity, the crisis drove local people to clear forests to plant 152 

staple crops and meet their basic needs. In northeastern Madagascar, for example, agricultural 153 

expansion into forests increased during the crisis period35. Political unrest can also result in 154 

deliberate forest burning as a form of protest. There is evidence of excess forest fires that 155 

coincide with Madagascar’s 2013 and 2018 presidential elections, for example27. 156 

Given that Madagascar’s forests faced concomitant pressure from government dysfunction, 157 

political protest, and economic stress, we explored the effect of the 2009 political crisis on the 158 

relative performance of community forest management areas (CFM) and protected areas 159 

administered by Madagascar National Parks (MNP) during and after the crisis. “Performance” 160 

was defined as the ability to reduce deforestation, after controlling for differences in location and 161 

other potentially confounding factors. Our study built upon prior work that evaluated the overall 162 

effectiveness of protected areas 1990-201034 and CFM 2000-201039, though without reference to 163 



political crisis. As such, we had no clear a priori predictions of which type of area would 164 

perform better amid the crisis. To provide a sufficient pre-crisis baseline, we focused on 362 165 

CFM sites established prior to 2005, as well as 45 protected areas administered by MNP, which 166 

were all also established prior to 2005 (Fig 1). 167 

To allow causal interpretation of our results, we used deforestation data derived from remote 168 

sensing31,47 and a counterfactual approach implemented through a combination of statistical 169 

matching and an event study design. We combined two methodological approaches to control for 170 

factors that can confound the estimated relative performance of CFM and MNP. First, we used 171 

statistical matching48 to identify forest areas within CFM and MNP that are similar across a 172 

range of observed biophysical and geographic confounding characteristics, such as remoteness 173 

and suitability for agriculture. This allowed us to make an “apples-to-apples” comparison of 174 

similar forested sites within CFM and MNP protected areas, controlling for time-invariant 175 

confounding factors. Second, we conducted an event study analysis49 to control for all relevant 176 

observed time-variant confounding factors, such as rice prices and climate variables. The event 177 

study also allowed us to control for any differences in deforestation trends in CFM and MNP in 178 

the pre-crisis period, to isolate the effect of the crisis. Additionally, an event study design 179 

allowed us to examine the yearly variation in the effect of the crisis on the relative performance 180 

of CFM compared to MNP. We also explored the effects of spatial resolution on our results. 181 

Lastly, because the impacts of the crisis on CFM performance may vary as a function of 182 

contextual variables, we explored the moderating effects of contextual factors such as distance to 183 

cities, distance to roads, and population density. In our study, the “event” was the onset of the 184 

crisis, and our specific research question was “What was the effect of the crisis and post-crisis 185 

period on relative performance of CFM and MNP, in terms of their ability to reduce 186 

deforestation?” 187 

Results 188 

Deforestation rates 189 

Before, during, and after the crisis, annual deforestation rates were approximately three times 190 

greater in CFM than in protected areas administered by MNP (Table 1, Fig. 2). To put these 191 

numbers in perspective, during the study period (2005 to 2020) forest cover declined by 16.5% 192 

nationally, from 9.7 million hectares (mha) in 2005 to 8.1 mha in 2020 (Table S1, Fig. S2). 193 

During the same period, forest cover within MNP declined by 6.5% (from 1.2 mha in 2005 to 1.1 194 

mha in 2020) and forest cover in CFM areas declined by 20.9% (from 487,900 ha in 2005 to 195 

385,700 ha in 2020). 196 

Importantly, a simple comparison of deforestation rates does not control for confounding 197 

variables that influence the likelihood that a site is designated as a CFM or MNP and also affect 198 

forest loss. In Madagascar, previous work has found that confounding variables include distance 199 

from the nearest road, distance from the nearest village, distance from the nearest urban center, 200 

distance from forest edge, slope, elevation, and agricultural suitability because such factors 201 

influence the type of designation as well as forest cover outcomes34,39. Also, dynamic events 202 

such as climate extremes (droughts, floods, cyclones) and price fluctuations (such as global rice 203 

prices and price volatility)50 could differentially affect deforestation in CFM and MNP, which 204 



could bias results from a “naïve” comparison of deforestation outcomes. Such naïve comparisons 205 

fail to account for the fact that different types of sites experience very different levels of 206 

background deforestation pressures18. Therefore, we conducted statistical matching followed by 207 

an event study design to control both time-invariant confounding variables (such as remoteness) 208 

and time-variant confounding variables (such as climate). 209 

Match balance 210 

Our units of analysis were 90 m grid cells that contained forest cover in the baseline year (2005). 211 

Before matching, the CFM forest grid cells, when compared to MNP forest grid cells, were more 212 

accessible (closer to cart tracks, roads, and villages) and had higher human population density, 213 

on average (Fig. 3). They were also closer to the forest edge as of 2005, lower in elevation, with 214 

lower slope, less annual precipitation, and located in more arid vegetation zones, on average. 215 

Because of these factors, forests within CFM would have had a higher probability of being 216 

deforested, on average, than forests within MNP, in the absence of effective protection. After 217 

matching, most of these differences were eliminated (Fig. 3). Distance to urban centers and 218 

suitability for rice cultivation were already very similar pre-matching (<0.1 standard deviations). 219 

In other words, after matching, matched forest grid cells in MNP were very similar to typical 220 

CFM forest grid cells, and therefore provide a more useful “apples to apples” comparison. For 221 

maps illustrating differences in CFM and MNP sample points before and after matching, see 222 

Figs. S4 and S5. For results of alternative matching procedures, see Fig. S6.  223 

Event study 224 

The event study results indicated that the political crisis affected the performance of CFM and 225 

MNP. During the first four years of the crisis, CFM and MNP performed similarly poorly, 226 

meaning both experienced increasing deforestation (Fig. 4, Table 2, see also Fig. S9). (Note that 227 

the event study design linearly controls for differences in pre-crisis trends (2005-2009) so 2010 228 

is the first crisis year reported.) CFM performed significantly worse than matched MNP areas 229 

during the last year of the crisis and for several subsequent years (2014-2017) (p < 0.05). The 230 

difference in the effect of CFM relative to MNP on deforestation in the years 2014-2017 ranged 231 

from 1.7 ± 1.4% per year to 2.4 ± 1.0% per year. In other words, CFM had higher annual 232 

deforestation than MNP in those years, even after controlling for differences in location and 233 

other confounding variables. In the year immediately preceding the crisis (2008), CFM contained 234 

475,333 ha of forest (Table S1). Thus CFM forests lost an estimated 8,103 ± 6,435 ha/year to 235 

11,532 ± 9,508 ha/year more tree cover than similar forests in MNP. This is equivalent to a total 236 

of 36,483 ± 28,775 ha (51,047 ± 40,228 soccer fields) for the 2014-2017 period. From 2018-237 

2020, CFM continued to perform worse than MNP, but the difference is no longer statistically 238 

significant. 239 

Tests of heterogeneity of impacts and spatial resolution 240 

Our results were consistent for the sub-set of CFM for which the contracts were renewed, which 241 

we used as an indicator of the level of CFM implementation “on the ground”. That is, we found 242 

no significant difference in renewed CFM and matched areas within MNP during the crisis years, 243 

and renewed CFM performed worse in the years immediately following the crisis (Table S3). 244 



Our results were also robust to the spatial resolution of the input data at the two resolutions we 245 

tested (90 m and 270 m). At a coarser spatial resolution, the observed difference in performance 246 

in the post-crisis years had greater statistical significance (p < 0.01) (Table S4). 247 

We found that CFM further from urban centers performed better than those closer to cities in the 248 

post-crisis period, and the difference was statistically significant in 2015, 2016, and 2018 (Fig. 249 

S10, Table S5). Thus, distance from urban centers, a measure of remoteness, appeared to 250 

influence the performance of CFM. Even in remote areas, however, CFM were less effective at 251 

reducing deforestation than similarly remote MNP. We explored potential heterogeneity of 252 

effects using other variables, including distance from roads, distance from villages, population 253 

density, level of development, and security, but found no consistent or significant effect of any of 254 

these variables (Tables S6-S8). 255 

Discussion 256 

A disproportionate share of the world’s biodiversity is concentrated in nations that are highly 257 

vulnerable to political and economic shocks, yet few studies have examined how conservation 258 

interventions perform during and after crises. We found that, despite conservation efforts which 259 

sought to protect forests during Madagascar’s recent political crisis, annual rates of deforestation 260 

accelerated at the end of the crisis–a phenomenon that, to our knowledge, has not been reported 261 

previously. Understanding the cause of this post-crisis increase in deforestation is beyond the 262 

scope of this analysis, but we can provide some theories that could be explored in future work. 263 

One possibility is that we detected a lagged response to events that occurred during the crisis. 264 

Funding for conservation declined precipitously during the crisis2,51, and it took several years for 265 

financial support to be restored to pre-crisis levels. Weak governance and increased corruption 266 

during the crisis2,46 might have had lingering effects or become more severe in the post-crisis 267 

period.  268 

The years in which we observed an increase in deforestation also roughly coincided with 269 

Madagascar’s post-crisis presidential elections (December 2013, November 2018). Disputed 270 

elections can trigger social unrest, and even peaceful transitions can usher in forest policy 271 

change. In Brazil, for example, election cycles were found to trigger deforestation26. The 2013 272 

and 2018 Madagascar presidential elections were associated with excess forest fires, which may 273 

indicate burning as a form of political protest27. The relationship between deforestation and 274 

political instability can be hard to untangle, however. Logging precious hardwoods provided a 275 

source of cash for a wealthy elite during the crisis46, and may have continued or increased in the 276 

post-crisis era. At least one study speculates that the wealth created by exploiting forest 277 

resources in Madagascar can be politically destabilizing46, indicating that deforestation could 278 

contribute to a crisis, rather than the other way around. 279 

 Another possible explanation for the post-crisis deforestation spike is that the return to political 280 

stability in the post-crisis period might have initiated a change in forestry policy, or triggered an 281 

increase in economic activity, putting even more pressure on forests. We found no evidence of a 282 

formal change in forestry policy during the post-crisis era, however, and per-capita GDP did not 283 

increase substantially during 2014-201730. What drove the observed post-crisis deforestation 284 

spike therefore requires further study.  285 



While overall deforestation dynamics during and after the crisis are important, our focus here 286 

was on conservation performance. Given the recurring political and economic crises taking place 287 

in many countries, our findings raise questions about the ability of both state- and community-288 

managed conservation mechanisms to withstand such shocks. Given how differently CFM and 289 

MNP are designated and managed, the finding that there was no significant difference in their 290 

performance during the crisis was unexpected. It seems that neither form of forest protection was 291 

durable, likely due to lack of capacity and resources to enforce rules. Even at the best of times, 292 

protected area managers in Madagascar struggle to implement regulations due to limited budgets 293 

and lack of political support51. During the crisis, lack of capacity and legal authority prevented 294 

park staff from controlling illegal logging or agricultural expansion in national parks45. 295 

Communities were probably similarly ill-equipped to protect their forests during the crisis years.  296 

At the end of the crisis, community-managed forests performed significantly worse than 297 

protected areas administered by MNP, with annual deforestation rates 1.7 – 2.4 times higher, 298 

even after controlling for differences in location and other confounding factors. The years in 299 

which we observed a difference in performance (2014-2017) correspond to the overall increase 300 

in deforestation across the country. In other words, when deforestation pressures intensified, 301 

community-managed forests proved more vulnerable than MNP-managed forests. Poor 302 

performance of CFM was also described by Rasolofoson et al.39
. This is sobering, as community-303 

based conservation is often promoted as an effective and equitable alternative to traditional, 304 

government-run protected areas. It is likely that such differences reflect the lack of capacity and 305 

resources of communities to protect forests. CFM receive no centralized financial support in 306 

Madagascar, which may have made them particularly vulnerable to the loss of conservation 307 

funding during and after the crisis.  308 

After 2017, CFM continued to perform worse than MNP, but the differences were no longer 309 

statistically significant. That would be consistent with differential rates of recovery among CFM, 310 

some of which began to converge back towards MNP within a few years of the crisis' end, others 311 

of which continued to lag far behind. This makes sense, given the heterogeneous management of 312 

CFM and relatively more homogeneous management of MNP protected sites. We found no 313 

significant effect of climate-related variables, nor other time-variant controls, thus it is unlikely 314 

that the difference in performance was driven by events such as a drought, a cyclone, or rice 315 

price fluctuations. 316 

The estimated difference in performance between CFM and MNP in the post-crisis years may 317 

seem small (1.7-2.4%/year) but given that CFM contained nearly half a million hectares of forest 318 

at the start of the crisis, such a difference is ecologically meaningful. Also, our estimated effect 319 

sizes are in line with other studies that use quasi-experimental methods to estimate effects of 320 

protected areas on avoided deforestation, which are typically under 5%, and often under 1%18. 321 

In areas further from cities, CFM performed better, but still not as well as MNP. In more remote 322 

areas, community-based conservation may be more effective, due to lower costs of monitoring 323 

and enforcement. Remote areas are also somewhat isolated from economic pressures which may 324 

incentivize forest clearing. Nonetheless, remote MNP administered sites still withstood 325 

deforestation pressures better, so our results indicate that the type of designation a site receives is 326 

an important determinant of performance. Previous research from a subset of four sites indicates 327 



that CFM contracts that prohibited commercial use performed better than CFM that allowed such 328 

uses39. For the vast majority of CFM, however, there is a lack of data on specific contract terms 329 

or their implementation. Our analysis therefore focuses on de jure designation, as currently there 330 

is no national-scale data on de facto management of CFM nor MNP. Future research on how 331 

CFM and MNP are managed in practice would expand our understanding of how they interact 332 

with shocks such as political crises. 333 

In addition to protecting forests, CFM were designed to benefit to local communities. While 334 

increased deforestation is undesirable from a conservation perspective, income from clearing 335 

forests may have provided a safety net to local people during the post-crisis period. Previous 336 

research indicated that CFM provide economic benefits to households in close proximity to 337 

forests38. Alternatively, poor CFM performance following the crisis might have been driven by 338 

incursions to the forest by outside actors, or resource capture by local elites. Past work indicates 339 

that, in some communities, CFM contracts were unable to prevent illegal logging by companies 340 

or migrant groups37. In such cases, strengthening tenure security might contribute to improved 341 

outcomes, both for forests and for local people52,53. Tenure security is likely to be impacted by a 342 

political crisis, however, given that the state may no longer enforce land tenure claims. 343 

Our study design linearly controls for differences in pre-crisis trends, all time-invariant 344 

confounding factors, and many time-variant confounders (see Methods). Nonetheless, we cannot 345 

completely rule out the effect of unobserved time-variant confounders. While recognizing the 346 

many challenges associated with isolating causal effects of conservation interventions, our 347 

research indicates that efforts to protect forests in Madagascar, especially community-based 348 

efforts, were vulnerable to the crisis and post-crisis dynamics. As such, improving the resilience 349 

of forest protection mechanisms to political and economic shocks is needed to avoid losing 350 

tropical forests during and after such crises. Recent research from eight countries, including 351 

Madagascar, indicates that social cohesion, recognition of community rights, and support of 352 

national authorities are critical for successful community forest conservation especially when 353 

faced with threats from economically and politically powerful external actors7. A separate study 354 

of 643 CFM from 51 countries found that successful ecological and socioeconomic outcomes 355 

were more likely for forests with local tenure rights, co-management approaches, and smaller 356 

user groups3. Lessons from these and similar studies suggest potential pathways for improving 357 

CFM performance during and after crises, such as by strengthening social cohesion, reinforcing 358 

local tenure and use rights, and increasing levels of support from government and non-359 

governmental conservation organizations. 360 

Methods 361 

Deforestation 362 

The outcome variable of interest is deforestation in a given year31. Deforestation is widely used 363 

to measure environmental impacts of conservation interventions (see Ribas et al.18 for a recent 364 

review). We calculated deforestation as the change in forest cover (as a percentage of each grid 365 

cell, 0%-100%) in a given year (t), where positive values indicate forest loss: 366 



Deforestation = forest covert-1 – forest covert (1) 

To calculate deforestation, we started with forest cover data for Madagascar for the year 200031, 367 

the first year in which high-resolution (30 m), standardized annual forest cover was available. 368 

The 2000 forest cover product was produced based on satellite imagery (Landsat TM and 369 

ETM+)54 combined with a 2000 tree cover percentage map47 to fill gaps due to the presence of 370 

clouds31. We combined 2000 forest cover with global 30 m tree cover change estimates47 to 371 

generate an annual time series from 2000-2020 (Fig. S2). The resulting deforestation data takes 372 

values 1 for deforestation and 0 for no deforestation in each 30 m grid cell. To match the spatial 373 

resolution of our other covariate data (90 m), we aggregated the deforestation data to two coarser 374 

spatial resolutions (90 m and 270 m), resulting in a percentage of each 90 m or 270 m grid cell 375 

that was deforested in each year (0-100%). The aggregation step was also done to convert a 376 

binary outcome variable to a quasi-continuous variable which allowed us to perform subsequent 377 

statistical analyses. We used annual deforestation (change within a single year) as the outcome 378 

variable as it is stationary (that is, it does not get larger every year), and stationarity is assumed 379 

for the statistical procedure we used in our time series analysis (event study). We did not include 380 

forest regrowth in our analysis because there is little evidence of natural forest regeneration in 381 

Madagascar due to burning, soil erosion, and reduced seed bank following clearing; and because 382 

the only available data on tree gain47 includes plantations, not natural forest regrowth31. For this 383 

analysis, we focus on a pre-crisis baseline (2005-2009), a crisis period (2010-2014), and a post-384 

crisis period (2015-2020). 385 

Sampling 386 

To establish forest trends during a baseline (pre-crisis, 2005-2009) period, we focus on 362 CFM 387 

sites established prior to 2005, and 45 protected areas administered by MNP also established 388 

prior to 2005. We use 2005 as the baseline year as it provides a sufficient pre-crisis baseline. The 389 

first seven CFM contracts were signed in 1999. After that, the number of CFM sites established 390 

rose each year; in 2005, for example, 111 CFM were established, bringing the total to 362. For 391 

comparison sites, we focused on protected areas administered by MNP, and excluded sites 392 

managed by other agencies or NGOs, to evaluate a consistent form of protection. Sample and 393 

comparison points were generated using the “create spatially balanced points” tool in ArcMap55 394 

which generates a random sample of points that roughly represent the same proportion of the 395 

total study area56. Our CFM sample consisted of 12,000 points within CFM areas with more than 396 

0% forest cover as of 2005 (Fig. 5). Initially, a larger number of potential MNP comparison 397 

points was required to identify good matches (that is, MNP forest grid cells that are similar, on 398 

average, to CFM forest grid cells). We therefore initially generated a pool of 36,000 potential 399 

sample points within MNP to use in the matching step described below. For each sample and 400 

comparison point, we calculated 90 m raster values representing the outcome variable of interest 401 

(annual deforestation 2005-2020, Fig. S2), time-invariant covariates used for matching (Table 3, 402 

Fig. S3) and time-variant covariates used in the event study analysis (Table 4, Fig. S7) using the 403 

“terra” R package57. 404 

The degree to which CFM contract terms are implemented in practice likely varies among sites. 405 

Unfortunately, consistent data on implementation is not available for the majority of CFM sites. 406 

As mentioned above, after an initial three-year period, if all parties agree that the CFM is being 407 



properly managed, the contract can be renewed for an additional ten-year period37. Therefore, we 408 

used contract renewal as an indicator that the CFM contracts were being implemented “on the 409 

ground” and were not agreements “on paper” only. We repeated our sampling within a sub-set of 410 

CFM contracts that were renewed. This resulted in a separate set of 12,000 sample points from 411 

renewed CFM, which were analyzed separately in subsequent steps (matching and event study 412 

analysis). We refer to these separate sets of sample points and results as “all CFM” and “renewed 413 

CFM.” We analyzed spatial data using the “terra” package in R57, QGIS58, and ArcMap55. To test 414 

for the effect of spatial resolution on our results59, we repeated all analyses at two spatial 415 

resolutions: 90 m and 270 m. All data was projected in WGS_1984_UTM_Zone_38S. 416 

Statistical matching 417 

The goal of statistical matching is to identify and control for observed confounding factors48,60,61. 418 

In our case, these include variables that influenced the likelihood that a site was designated as 419 

CFM or MNP and also influenced the probability of deforestation. Due to their difference in 420 

number, size, and other characteristics, it is impossible to find good site-level matches for 421 

individual CFM or MNP sites, thus we focus on 90 m (and 270 m) forest grid cells as the unit of 422 

analysis. The matching step allowed us to identify a matched sample which included a 423 

“treatment” group (CFM forest grid cells) and a “comparison” group (matched MNP forest grid 424 

cells that were statistically similar to the CFM grid cells). This allowed us to perform an “apples-425 

to-apples” comparison.  426 

As variables for matching, we included data on factors that have been shown to influence both 427 

the probability that a site is designated as a CFM or MNP, and also affect the likelihood of 428 

deforestation (Table 3)39. Because protected areas administered by MNP include the oldest 429 

protected areas in Madagascar and were established primarily to shield biodiversity from human 430 

pressure. MNP are therefore larger and more contiguous, and located in more remote, higher 431 

elevation areas with fewer competing land uses62. CFM are a newer designation and are intended 432 

for multiple use. CFM therefore tend to be smaller and located in areas with higher human 433 

pressures39. Thus confounding factors include suitability for rice agriculture63, elevation and 434 

slope64, average annual precipitation 1970-200065, distance to forest edge in 2005 (calculated for 435 

this analysis), distance from roads, cart tracks, villages, and urban centers39, population density 436 

in 200566, and vegetation zones39 as these variables influence both the type of designation as well 437 

as deforestation outcomes. Because the goal of matching is to identify variables which might 438 

have influenced the original probability that a site was designated as CFM or MNP, all variables 439 

used in matching were time-invariant (such as elevation and slope) or represent the first year in 440 

the study period (for example, population density as of 2005), or earlier time periods (such as 441 

historic precipitation averages). 442 

We conducted 1:1 genetic matching, with replacement. Genetic matching is not a unique 443 

matching method, rather it identifies a method (such as propensity score matching or matching 444 

based on Mahalanobis distance) which optimizes covariate balance67. We used the “MatchIt” 445 

package in R68 and covariate balance was assessed using the “cobalt” package69. We also tested 446 

two alternative matching methods, propensity score matching and Mahalanobis distance 447 

matching (Fig. S6) but genetic matching led to better balance in the covariates.  448 



Due to differences in biophysical and socioeconomic characteristics in different regions of the 449 

country, we expected the political crisis to have different impacts, therefore we conducted exact 450 

matching within similar vegetation zones (eastern humid forests, western dry deciduous forests, 451 

and southern dry spiny forests). Matched MNP points are not necessarily matched to points in 452 

neighboring CFM, however. The matching procedure resulted in the original set of 12,000 CFM 453 

points and 12,000 matched MNP points. In some cases, CFM and MNP boundaries overlap due 454 

to overlapping designations or ongoing negotiations between MNP and local communities. 455 

Sample and comparison points in overlapping areas were excluded from the analysis, resulting in 456 

a final set of 11,626 CFM and 11,626 matched MNP points (Figs. S4 and S5). We performed 457 

matching with replacement, so not all the matched MNP points were unique; that is, the same 458 

MNP sample point could have been matched with multiple CFM sample points. Therefore, the 459 

matched MNP sample consisted of 4,244 unique points. We addressed this pseudoreplication in 460 

our matched datasets by clustering standard errors at the site level. Matching was performed 461 

separately for the sample points from the renewed CFM sites, resulting in a second matched 462 

dataset, consisting of 11,886 renewed CFM and 11,886 matched MNP points. (Due to matching 463 

with replacement, the matched MNP sample consisted of 3,155 unique points.) 464 

We considered comparing CFM and MNP performance to “unprotected” forest. However, by the 465 

time of the crisis and the post-crisis period, there was very little forest that wasn’t under some 466 

kind of designation, due to the expansion of Madagascar’s protected area and CFM network after 467 

2005 (Fig S1). Further, the forest that remained unprotected would not serve as good matches for 468 

CFM or MNP forest due to differences in location and other characteristics. 469 

Event study 470 

After matching, we conducted an event study analysis to investigate the effect of the political 471 

crisis (the event), i.e. compare CFM and MNP performance before, during, and after the political 472 

crisis. The goal of the event study analysis is to control for all time-invariant and observed time-473 

variant confounding factors which may influence deforestation outcomes70 differently in CFM 474 

and MNP. We also performed a two-period difference-in-differences (DiD) analysis, comparing 475 

the pre-crisis period (2005-2009) and the crisis period (2010-2014) (Supplemental Materials). 476 

We note that our event study model is a more general form of a DiD model that provides two 477 

advantages relative to DiD. It allows us to control for any differences in deforestation trends in 478 

CFM and MNP in the pre-crisis period. And it allows us to explore yearly variation of relative 479 

performance of CFM and protected areas (instead of only two time periods, pre- and post-crisis, 480 

in the case of a DiD). Thus, we focus on the event study here; results of the DiD are included in 481 

the Supplemental Materials. In both the DiD and event study analysis, we controlled for annual 482 

rice prices and rice price volatility50, annual climate variables such as maximum precipitation, 483 

drought severity, and maximum wind speed (an indicator of cyclones)27, annual population 484 

density39, and annual distance to forest edge (Table 4, Fig. S7). All variables were spatially 485 

explicit (Fig S7) and were included on an annual basis for the years 2005-2020. We also 486 

controlled for each “year” so as to capture any other time-variant factors which could influence 487 

deforestation outcomes between years but that would be common to all forest grid cells in the 488 

study. In addition to their potential for influencing deforestation outcomes, the selection of 489 

covariates was also influenced by data availability, as our study design requires data that are both 490 



temporally and spatially comprehensive (that is, available annually from 2005-2020, and for both 491 

CFM and MNP). 492 

If deforestation in CFM was significantly different than deforestation in matched areas within 493 

MNP during the political crisis, after controlling for time-variant factors (such as rice prices or 494 

drought severity), we can attribute the difference to the interacting effect of the treatment (CFM 495 

vs. MNP designation) and the political crisis. For the event study analysis, we used an OLS 496 

regression with interaction terms representing the year (2005-2020), years post crisis, and fixed 497 

effects for each spatial unit, using the “fixest” package in R71. Our event study model takes the 498 

form: 499 

𝑌𝑖𝑡 = 𝛽1𝐶𝐹𝑀𝑖 +  𝜏1𝑦𝑒𝑎𝑟𝑡 + 𝜏2𝑦𝑒𝑎𝑟𝑡𝐶𝐹𝑀𝑖 + 𝛾𝑌𝑒𝑎𝑟𝑠𝑃𝑜𝑠𝑡𝐶𝑟𝑖𝑠𝑖𝑠𝑡

+ 𝛿𝐶𝐹𝑀𝑖𝑌𝑒𝑎𝑟𝑠𝑃𝑜𝑠𝑡𝐶𝑟𝑖𝑠𝑖𝑠𝑡 + 𝜓𝑋𝑖𝑡 + 𝜇𝑖 + 𝜀𝑖𝑡 

(2) 

Where Yit is forest cover loss (percentage) in each forest grid cell i in year t (t = 2005-2020); 500 

CFM = 1 if the grid cell falls within a CFM and CFM = 0 if it falls within an MNP; 501 

YearsPostCrisis = 0 for the crisis years (2005-2009) and then 2010, 2011, and so on; 𝑋𝑖𝑡 is a 502 

vector of time-variant controls (Table 4); and 𝜀𝑖𝑡 is a random error term. We included individual 503 

fixed effects for each forest grid cell (𝜇𝑖), and clustered standard errors at the site level (where 504 

each site is a unique CFM or MNP). 505 

The unit of analysis were forest grid cells. To explore the potential effect of spatial resolution on 506 

our results59, the analysis was conducted at two different spatial resolutions (90 m and 270 m). 507 

The original forest cover data is 30 m resolution and takes values of 1 (forest) or 0 (no forest). 508 

We aggregated this data to 90 m and 270 m resolution, so that each grid cell in each year 509 

contains forest cover as a percentage (0 to 100%). In order to be able to detect change over time, 510 

we included forested grid cells with at least some (greater than 0) forest cover in the baseline 511 

year (2005). To control for the lack of independence of forested grid cells within the same CFM 512 

or MNP site, we also clustered standard errors at the site level. This step also addresses spatial 513 

autocorrelation between observations within the same site72. We also tested multilevel clustering 514 

of standard errors at the site and region level (22 administrative regions). Multilevel clustering 515 

did not affect our point estimates but rendered the observed differences in the years 2014-2017 516 

marginally significant (p < 0.1 instead of p < 0.05). 517 

Tests of heterogeneity of impacts and spatial resolution 518 

Because implementation of CFM is variable, we repeated the analysis for the sub-set of CFM for 519 

which the contracts were renewed, as this is an indicator that the CFM contracts were recognized 520 

and accepted by local communities, and that implementation of CFM rules “on the ground” is 521 

more likely. Because geographic and socioeconomic context can influence both the effect of a 522 

political crisis and CFM performance, we explored how CFM performance varies based on the 523 

level of remoteness (measured as the distance from urban centers, roads, and villages), and 524 

population density. To explore this, we repeated the event study analysis, including all the same 525 

covariates described above but adding additional interaction terms representing each of these 526 

variables (Table 4).  527 



We were also curious whether CFM performance might differ in areas with higher levels of 528 

development, as communities in such areas might be less dependent on forest resources. 529 

Similarly, we wondered if areas with higher levels of monitoring and enforcement might perform 530 

better. Therefore, we also ran the event study analysis with interaction terms for an indicator 531 

related to the level of development (an index of self-reported wellbeing indicators related to 532 

material assets) and an indicator related to the level of security (a self-reported indicator related 533 

to security conditions and risk of theft of property), both measured at the level of fokontany (the 534 

smallest administrative unit within Madagascar) (Fig. S8). To explore the effect of spatial 535 

resolution on our results 59 we repeated all analyses at two spatial resolutions: 90 m and 270 m. 536 

Limitations 537 

Remote sensing of forest cover has made considerable advances in the past two decades, but still 538 

has limitations, particularly for detecting selective logging. A comparison of global and locally 539 

calibrated forest cover change datasets in Masoala National Park in northeastern Madagascar 540 

indicates that both datasets performed reasonably well in detecting small slash-and-burn 541 

agriculture, but neither did a good job of detecting selective logging73. Limitations in remotely 542 

sensed data can bias estimates of causal impacts of conservation, particularly in areas with high 543 

cloud cover and steep slopes74, which may affect our results in the humid eastern highland 544 

forests of Madagascar. Because we used an event study design that compared forest areas to 545 

themselves over time, and exact matching within each vegetation zone, however, we believe any 546 

such effects would not change our qualitative conclusions. 547 

Our analysis was somewhat complicated by issues of overlapping designation. In some cases, 548 

sites that were designated as protected areas by the government are partially or entirely managed 549 

by local communities. The portions managed by local communities are included in our analysis 550 

as CFM. Overlapping areas where management of the site is unclear were excluded from our 551 

analysis (see for example Fig S4-S5). 552 

Our results compare CFM to similar (matched) areas within MNP, and do not reflect overall 553 

performance of protected areas administered by MNP. CFM forests are more accessible (closer 554 

to roads and villages), lower in elevation, with lower slope, closer to forest edges, and are 555 

otherwise different from MNP. Our matched dataset therefore only includes forested areas of 556 

MNP that are similarly accessible, lower elevation, closer to the forest edge, and otherwise 557 

comparable to CFM forests. Our results are thus representative of the performance of all CFM 558 

forests (in the event of a crisis) relative to similar forests within MNP but are not representative 559 

of MNP performance as a whole. Also, while site-level estimates of CFM conservation 560 

performance would be desirable, due to the small number of MNP (45) relative to CFM (362), 561 

and systematic differences between MNP and CFM, it is not feasible to find good matches at the 562 

site level. Hence, we identified forest grid cells within CFM and MNP that had similar 563 

characteristics for our analysis. 564 

Conservation impact evaluations often use a difference-in-differences (DiD) design39,75–77. Here, 565 

we use an event study design as it has two advantages over a DiD: it linearly controls for 566 

differences in pre-crisis trends, and it has the flexibility to detect changing impacts of the crisis 567 

over time. A DiD analysis would only estimate the average post-crisis impacts and thus, would 568 



impose the strong assumption that all post-crisis impacts were equivalent over time78. These 569 

advantages render our design more robust to the identification assumption of parallel 570 

deforestation trends between CFM and MNP in the absence of the crisis (although we also found 571 

evidence of parallel trends in the pre-crisis period, see Supplemental Materials S1). Identification 572 

assumptions are not directly testable, however13. In addition to linearly controlling for 573 

differences in pre-crisis trends, our study design controls for all time-invariant confounding 574 

factors and a number of time-variant confounders. Our study design also controls for any time-575 

variant factors which influence deforestation outcomes equally in CFM and MNP. Nonetheless, 576 

we cannot directly observe the counterfactual (what would have happened in the absence of the 577 

crisis). Therefore, we cannot completely rule out the effect of unobserved time-variant 578 

confounders. Furthermore, by clustering standard errors at the site level, we have addressed 579 

possible spatial autocorrelation between observations within the same site, but this does not 580 

eliminate the possibility of spatial autocorrelation among observations at different (nearby) 581 

sites72.   582 

Future work would benefit from improved data availability, including more detailed information 583 

on CFM contract terms, how CFM are managed in practice, and how CFM and MNP 584 

performance is influenced by land tenure insecurity. Finally, our results represent only one 585 

country and a single crisis, additional research on the performance of different kinds of 586 

conservation interventions during times of political instability are needed. 587 

Data availability 588 

Data and results are available: https://zenodo.org/record/8132923. Code used for this analysis 589 

can be found at: https://github.com/raenb0/madagascar.  590 
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Figure captions 806 

Figure 1. Map of Madagascar showing Community Forest Management areas (CFM) established 807 

before 2005 (black outline), protected areas administered by Madagascar National Parks (MNP) 808 

established before 2005 (blue outline). Forest cover 2020 (green), forest cover loss 2005-2020 809 

(red to yellow) and all other land cover classes (grassland, shrubland, cropland, and urban) (light 810 

gray). For CFM and protected areas established after 2005 see Fig. S1.  811 

Figure 2. Annual deforestation (as a percentage of 2000 forest cover) 2005-2020 in CFM (red 812 

squares, MNP (blue circles), and the rest of the country (“other forest”, yellow triangles). 813 

Deforestation percentages are based on baseline forest cover in 2000, the earliest year for which 814 

there is consistent annual data. The crisis period (2009-2014) is shown in light blue shading. 815 

Figure 3. Covariate balance between CFM and MNP forest grid cells, before (red circles) and 816 

after (blue triangles) genetic matching. Black dotted line indicates a standardized mean 817 

difference of 0.1 standard deviations. Vegetation zone codes: 1 = Eastern humid forest; 2 = 818 

Western deciduous forest; and 3 = Southern deciduous spiny forest, so higher values indicate 819 

drier forest types. 820 

Figure 4. Event study results. Effects of the political crisis on performance of CFM (red squares) 821 

and MNP (blue circles) in terms of annual deforestation, after matching and controlling for time-822 

variant covariates. Estimates greater than zero indicate more deforestation (poor performance). 823 

Y-axis values represent the effect of the political crisis on annual deforestation (percent tree 824 

cover loss per year). Error bars indicate 90% confidence intervals. The difference between the 825 

red and the blue points each year indicate differential effects of the crisis on CFM relative to 826 

matched MNP areas. The event study analysis controls for trends in the pre-crisis period (2005-827 

2009), so the first data point represents the first crisis year (2010). 828 

Figure 5. Example of sampled areas in northeastern Madagascar including CFM (black and red 829 

outlines), the sub-set of CFM that were renewed (red outline) and MNP (blue outline). 830 

Overlapping CFM and MNP areas were excluded from the analysis. Map shows randomly 831 

sampled points from CFM (red points) and matched forest grid cells within MNP (blue points). 832 

Forest cover in 2005 is shown in green. The MNP shown here include Marojejy National Park 833 

(upper right) and Anjanaharibe-Sud national park (lower left).  834 



Tables 835 

Table 1. Average annual deforestation rates before, during, and after the political crisis within 836 

CFM established before 2005, protected areas administered by MNP, other protected and 837 

unprotected forest (which includes unprotected forests, CFM established after 2005, and 838 

protected areas established after 2005 and/or administered by agencies other than MNP), and 839 

total (which includes all categories).  840 

Time period CFM  MNP  Other protected 

and unprotected 

forest 

Total 

Forest cover in 2005 (sq 

km) 

4,879 12,063 79,746 96,689 

Pre-crisis 2005-2009 0.7% 0.2% 0.6% 0.7% 

Crisis 2010-2014 1.1% 0.4% 0.9% 1.0% 

Post-crisis 2015-2020 2.0% 0.7% 1.2% 1.3% 

 841 
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Table 2. Results of event study model. The event study is an ordinary least squares regression 843 

with the following variables: Dependent variable: annual deforestation (percentage). Treatment 844 

variable: CFM (takes value 1 for CFM, 0 for MNP). Year: 2005-2020. Years post crisis: 2010-845 

2020. Time-variant covariates (all are annual): distance from forest edge (meters), population 846 

density (people per square km), average annual rice price converted to Madagascar currency 847 

(Ariary), standard deviation of rice price converted to Madagascar currency (Ariary), drought 848 

severity (Palmer Drought Severity Index, more extreme negative numbers indicate more severe 849 

drought), maximum precipitation (mm), maximum temperature (degrees C), and maximum 850 

windspeed (meters/second), an indicator of cyclone severity. Individual fixed effects were 851 

included for each forest grid cell (n = 23,252), and standard errors clustered at the level of sites 852 

(where each site is a unique CFM (n=362) or MNP (n=45)). The coefficients of interest are the 853 

interactions between CFM and Years post crisis. Significance codes:  ‘***’ 0.001; ‘**’ 0.01; ‘*’ 854 

0.05 ; ‘.’ 0.1. Root mean squared error: 0.065427, adjusted R-squared: 0.024156, within R-855 

squared: 0.017623. 856 

 857 

Variable Estimate Standard 

error 

Statistic p-value 

Year -7.79E-04 2.79E-04 -2.796 0.005** 

2010 2.29E-03 1.19E-03 1.92 0.056. 

2011 5.56E-03 1.77E-03 3.138 0.002** 

2012 3.97E-03 1.29E-03 3.079 0.002** 

2013 4.28E-03 1.65E-03 2.588 0.01* 

2014 7.34E-03 2.33E-03 3.149 0.002** 

2015 6.61E-03 2.30E-03 2.871 0.004** 

2016 7.95E-03 2.68E-03 2.967 0.003** 

2017 1.45E-02 5.12E-03 2.827 0.005** 

2018 1.56E-02 6.28E-03 2.48 0.014* 

2019 1.09E-02 3.49E-03 3.128 0.002** 

2020 1.06E-02 5.27E-03 2.009 0.045* 

Distance from forest edge -5.32E-05 8.45E-06 -6.296 0*** 

Population density -5.21E-06 4.07E-05 -0.128 0.898 

Average rice price -5.41E-09 3.57E-09 -1.514 0.131 

Standard deviation in rice price 2.16E-08 1.34E-08 1.615 0.107 

Drought severity (-) -3.46E-06 1.94E-06 -1.787 0.075. 

Maximum precipitation 5.20E-06 2.90E-06 1.792 0.074. 

Maximum temperature -6.50E-05 8.04E-05 -0.808 0.42 

Maximum wind speed -6.46E-06 1.22E-05 -0.53 0.597 

CFM:Year -1.69E-03 1.15E-03 -1.477 0.141 

CFM:2010 3.13E-03 2.53E-03 1.236 0.217 

CFM:2011 1.22E-03 2.99E-03 0.407 0.684 

CFM:2012 3.18E-03 3.56E-03 0.895 0.372 

CFM:2013 7.28E-03 4.59E-03 1.587 0.113 

CFM:2014 1.79E-02 5.94E-03 3.018 0.003** 



Variable Estimate Standard 

error 

Statistic p-value 

CFM:2015 1.70E-02 6.91E-03 2.468 0.014* 

CFM:2016 1.75E-02 7.84E-03 2.237 0.026* 

CFM:2017 2.43E-02 1.02E-02 2.377 0.018* 

CFM:2018 1.84E-02 1.15E-02 1.6 0.11 

CFM:2019 1.45E-02 1.15E-02 1.256 0.21 

CFM:2020 1.48E-02 1.33E-02 1.119 0.264 
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Table 3. Baseline characteristics that are likely to affect both assignment to CFM vs MNP and 859 

rate of deforestation, used as covariates in statistical matching. 860 

Covariate Units Spatial 

resolution 

Source 

Suitability for irrigated 

rice 

0 (unsuitable) or 1 

(suitable) 

90 m Ramaharitra Tondrasoa 

201263 

Elevation  Meters 90 m SRTM (Shuttle Radar 

Topography Mission) 

Digital Elevation Model64 

Slope Percent 90 m SRTM64 

Annual average 

precipitation (1970-

2000) 

Millimeters / year 90 m WorldClim 2.165 

Distance to forest edge 

(2005) 

Meters 90 m Vieilledent et al. 201831 

Distance to a village 

(2005) 

Meters 90 m Rasolofoson et al. 201539 

Distance to an urban 

center (2005) 

Meters 90 m Rasolofoson et al. 201539 

Distance to a road 

(2005) 

Meters 90 m Rasolofoson et al. 201539 

Distance to a cart track 

(2005) 

Meters 90 m Rasolofoson et al. 201539 

Population density 

(2005) 

People / km2 90 m WorldPop 201866 

Vegetation type 1 = Eastern humid forest; 

2 = Western deciduous 

forest; 3 = Southern 

deciduous spiny forest 

NA 

(polygons) 

Rasolofoson et al. 201539 
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Table 4. Time-variant variables expected to differentially affect deforestation within CFM and 863 

MNP, included as covariates in the event study analysis. Interaction terms used to explore 864 

heterogeneity of impacts (see Supplemental Materials). 865 

Covariate (annual) Units Spatial resolution Source 

Distance to forest 

edge 

Meters 90 m 31 updated with tree cover loss 

data to 2020; annual distance 

to forest edge calculated using 

Google Earth Engine 79 

Population density People / km2 1 km 66 

Maximum 

accumulated 

precipitation 

millimeters 5 km TerraClimate 80 

Maximum 

temperature 

°C 5 km TerraClimate 80 

Drought severity Palmer Drought 

Severity Index 

5 km TerraClimate 80 

Maximum wind 

speed 

Meters/second 5 km TerraClimate 80 

Average rice price Madagascar 

Ariary 

NA 81 

Standard deviation 

of rice price 

Madagascar 

Ariary 

NA 81 

Time-invariant 

covariates used as 

interaction terms 

   

Distance to a road Meters 90 m (Rasolofoson et al., 2015) 

Distance to a village Meters 90 m (Rasolofoson et al., 2015) 

Distance to an urban 

center 

Meters 90 m (Rasolofoson et al., 2015) 

Population density 

in 2005 

People / km2 1 km 66 

Development level 

(index of material 

assets) in 2007 

0 (below median) 

or 1 (above 

median) 

Fonkontany 

(administrative 

unit) 

Wu Yang, Conservation 

International, based on 

Communes Database 82 

Security conditions 

and risk of theft of 

property in 2007 

0 (below median) 

or 1 (above 

median) 

Fonkontany Wu Yang, Conservation 

International, based on 

Communes Database 82 
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