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Voluntary national conservation payments retain biodiversity-relevant 1 

forest structure 2 

 3 

Abstract: Despite increases in forest cover and conservation efforts, biodiversity and 4 

ecosystem services in European forests face continuous threats. Market-based incentives for 5 

private landowners, such as payments for environmental services, aim to address these, but few 6 

rigorous impact evaluations exist to scrutinize effectiveness. In Europe, where degradation from 7 

intensive management rather than deforestation is the main driver of biodiversity loss, such 8 

quantitative studies are particularly scarce. We provide quasi-experimental evidence on the 9 

effectiveness of METSO, a large-scale, long-standing Finnish set-aside program involving 10 

diverse public payments for forest biodiversity. We combine a unique dataset of continuously 11 

enrolled areas across Finland during 2008-2025 (90,238 ha) with annual remote-sensing 12 

indicators. We causally identify additionality for interconnected outcome variables, combining 13 

spatial coarsened exact matching with stacked difference-in-differences regression. Results 14 

show significant conservation-positive impacts of METSO, including avoided clear-cutting 15 

(effect size: 0.25) and improved stand structure (e.g., canopy extent, wood volume, old-growth 16 

features) compared to the counterfactual. We characterize effect heterogeneity, sensitivity to 17 

spatial spillovers, carbon co-benefits and cost-effectiveness of intervention arms. By linking 18 

mandatory harvest notifications to remotely sensed stand-structure trajectories, we trace 19 

mechanisms from behavioral responses to biodiversity-relevant habitat conditions, thus 20 

methodologically extending impact evaluation of forest conservation beyond standard canopy-21 

cover changes. 22 

Keywords: market-based instrument, conservation, impact evaluation, payments for ecosystem 23 

services, land purchases, additionality 24 

  25 



1 Introduction 26 

Forests cover 35% of Europe’s land area, providing key ecosystem services and sustaining 27 

biodiversity (1, 2). Despite long-run increasing forest cover trends in Europe, the heritage of 28 

intensive wood-focused management (with predominantly even-aged, few-species stands), 29 

combined with climate change and invasive species all contribute to a continued deterioration 30 

of natural forest habitats and decline in forest biodiversity (3, 4). Ongoing regulatory efforts 31 

have arguably helped to reduce losses and exceptionally restore forest biodiversity,1 but 32 

insufficiently so. About 60% of forests in Europe, including ecologically valuable areas, are 33 

privately owned (9). Hence, complementary policy instruments to regulation and protected 34 

areas are required to incentivize voluntary conservation on private land. Notably, market-based 35 

instruments such as payments for environmental services (PES) (10) can create tangible 36 

conservation incentives for private forest owners.  37 

PES schemes vary much in their effectiveness to promote forest conservation worldwide, 38 

including leaving knowledge gaps regarding their heterogeneous effects across contexts, scales, 39 

scheme designs, and outcome indicators (11). Enrolment strategies in a conservation program 40 

may ex ante restrict additional conservation outcomes when non-random selection of 41 

participants and sites causes adverse selection biases (12, 13). Only counterfactual-based 42 

evaluation methods can thus reliably assess effectiveness, accounting for potential selection 43 

biases. Impact evaluation studies of PES are thus increasingly common in tropical biodiversity 44 

conservation, but much less so in the Global North, and especially Europe (14–16). Related 45 

evidence on North American conservation easements and land-acquisition programs, which 46 

permanently restrict or transfer development and harvesting rights, suggests potential for 47 

reduced land conversion, although effectiveness strongly depends on baseline threats and 48 

contract design (17–20). 49 

Measuring conservation effectiveness across instruments remains a particular priority in 50 

temperate and boreal forests, where biodiversity loss is driven less by frontier deforestation, 51 

and more by intensive and recurrent wood-extractive management degrading structural habitat 52 

features. Frequently employed remote-sensing indicators of forest cover or degradation can 53 

potentially cover large areas, yet their reliability as biodiversity proxies remains contested – 54 

while studies measuring direct biodiversity impacts are exceptional (21, 22). Thus, we rarely 55 

learn directly about how alternative conservation instruments not merely keep trees standing 56 

but also maintain structural ecological conditions (e.g. height, volume, age) benefitting 57 

biodiversity, thus limiting the evidence needed for informed policymaking (23).  58 

Here we provide causal evidence on the environmental impact of METSO2, a large-scale, long-59 

established national set-aside PES scheme in Finland based on nationwide spatial data on 60 

 
1 Including the Natura 2000 protected area network (5), the EU 2020 Biodiversity Strategy (6), the Nature 
Restoration Law (7), and the EU Forest Strategy within the European Green Deal (8) 
2 METSO stands for ”Etelä-Suomen metsien monimuotoisuuden toimintaohjelma” (eng.: Forest 
Biodiversity Program for Southern Finland). Despite the stronger focus on Southern Finland, our sample 
contains 9.8% of sites also in Lapland (North), and the national scope is also reƲected in the targets of the 
new program period (2026-2040) 



forests enrolled between 2008 and 2025. METSO operates with three main contract modalities: 61 

temporary conservation contracts (10 or 20 years), permanent conservation contracts, and state 62 

land purchases. Previous METSO research has focused on features such as conditionality, 63 

permanence, targeting and social motivation (24), social acceptability (25), tradeoffs between 64 

biodiversity and carbon benefits (26), and ecological targeting (27, 28), all of which plausibly 65 

shape additionality. The METSO program is widely accepted by landowners and constitutes a 66 

high-quality network of contractually protected forest areas by improving trust and targeting 67 

conservation to ecologically valuable sites (27). 68 

However, evidence on the program's overall causal environmental additionality is lacking. We 69 

therefore evaluate METSO along an explicit theory of change (Figure E1): conservation 70 

contracts and purchases should reduce landowners’ harvest intentions, leading to avoided 71 

canopy loss, retained stand structure, and with this improving habitat-suitability proxies, 72 

conditional on adequate targeting, compliance, and limited leakage. We use self-reported 73 

harvest intentions (outputs), annual and biennial remote-sensing indicators of canopy cover 74 

(and loss), stand structure (outcomes), and habitat-suitability proxies (impacts) in a combined 75 

matching plus stacked difference-in-difference framework to estimate the counterfactual 76 

scenario, i.e., what would have happened to forests enrolled into METSO in its absence. The 77 

annual cohort enrolments (2008-2025) allow us to construct internally valid sub-experiments 78 

for each cohort while flexibly allowing sufficient time for changes in observable outcomes to 79 

materialize, as well as assessing pre-treatment trends depending on the availability of temporal 80 

outcome data. 81 

2 Results 82 

2.1 Main results 83 

Our data covers approximately two thirds of all METSO areas, as information on the exact 84 

location and starting date for the residual METSO sites is partially missing or inconsistent 85 

(Figure S2). Among those, we observe 70,888 suitable control units for 78,992 treated stands 86 

(covering 90,238 ha; 94.6% of units with known enrolment date) across entire Finland from 87 

sequentially enrolled 2008 to 2025 cohorts. However, we focus on 2010-2018 cohorts in the 88 

main analysis to ensure sufficient pre- and post-treatment observations across all outcomes (cf. 89 

Figure E2). After filtering and cohort-wise matching, static baseline covariate balance between 90 

treated and control units is improved for each cohort as well as among dynamic pre-treatment 91 

outcome variables (Tables S2, S3, S5.1-5.36). We thus identify the trimmed average treatment 92 

effect (TATT) over a fixed event-time window under plausible assumptions of common support 93 

and parallel trends within matched cohort stacks. 94 

Our results show that METSO conservation contracts contribute significantly to maintaining 95 

structural forest characteristics via avoided logging (Table 1). This entails a sequential causal 96 

logic (cf. our METSO theory of change, Figure E1). At the intermediary output stage, the 97 

proportion of stands with clearcutting use declaration (in Finland, an obligatory pre-logging 98 

step) in METSO enrolled sites Table 1drop within three years after enrolment by 3.1 99 

percentage points vis-á-vis the counterfactual. This exceeds the average annual post-treatment 100 



use-declaration rates in the control group (2.57%, Table S3), suggesting that METSO offset 101 

virtually all logging intentions that would otherwise be expected among enrolled stands. 102 

Despite possible unplanned canopy loss from natural disturbances, the share of actual canopy-103 

cover changes anticipated in use declarations is high (>80% recently), thus constituting a 104 

reliable predictor of actual harvest decisions (Figure E3): avoiding planned harvests (output 105 

stage) is the primary causal pathway to METSO-reduced annual canopy-cover loss (average: -106 

1.4 percentage points (95% CI: 1.2–1.7) (outcome stage), slightly below the average canopy-107 

loss rate in control sites across observed post-treatment time periods (1.56%; SD: 9.98%, Table 108 

S3). Applying our average estimated effect to total cumulative area enrolled by 2025 (90,238 109 

ha) indicates that METSO currently contributes to avoiding ≈1,263 ha of canopy cover loss 110 

annually.  111 

<TABLE 1 HERE> 112 

Avoided canopy-cover loss translates into improved structural stand features relevant for 113 

biodiversity at the impact stage (Table 1). Within six years, METSO sites have on average 114 

1.04m2 ha-1 higher stand basal area, (95% CI: 0.84–1.24), 10.46m3ha-1 higher total wood 115 

volume (95% CI: 8.59–12.33) than their counterfactual (Table 1; Table S4 provides additional 116 

outcome variables with similar patterns). This does not necessarily imply that METSO sites 117 

grew better; rather, control sites were more often thinned or harvested (cf. Table S3 for absolute 118 

values).  119 

Finally, we also estimate the impact on two derived binary indicators of habitat suitability for 120 

hawks and woodpeckers of conservation priority (Table 1). We find that within six years, 121 

METSO increases the share of stands with at least one pixel to be classified as old-growth 122 

(based on tree species-specific thresholds) by 0.7 percentage points (95% CI: -0.5–1.9), though 123 

this TATT estimate was not significantly different from zero. This most likely reflects the 124 

relatively short evaluation horizon in our main specification; among the pre-2014 cohorts we 125 

find a significant increase of 2.07 percentage points (95% CI:0.80 - 3.35) after ten years (Figure 126 

E4). Similarly, we find that METSO increases the probability for stands containing at least one 127 

high-spruce volume pixel (minimum 150m3ha-1) by 2.1 percentage points; 95% CI: 1.6–2.6 128 

(Table 1, row F).  129 

Moving beyond average annual estimates, Figure 1 shows estimated pooled and cohort-wise 130 

dynamic group-time effects on output and outcome variables relative to the start of the 131 

intervention. Estimating event-time study effects separately for each cohort shows overall 132 

similar cohort effects and – importantly – largely parallel pre-treatment trends for each cohort 133 

and outcome. Most pre-treatment placebo estimates are close to zero, without clear trends, as 134 

supported by the Wald test statistics (cf. Table 1, columns 5-6), thus lending overall plausibility 135 

to our parallel-trend assumption. For clearcutting use declarations and canopy cover loss, 136 

placebos are shifted downwards, indicating a slightly lower use pressure among treated units 137 

and possible anticipation, but at an order of magnitude smaller than the post-treatment effect. 138 

Based on visual interpretation, METSO avoids use declarations and canopy cover loss within 139 

three years after contract establishment (Panels A, B), i.e. the valid duration of use declarations. 140 

In contrast, impacts on canopy extent and tree volume materialize immediately and consistently 141 



every year from the start (Panels D, E). Notably, the pooled effects displayed are not average 142 

treatment effects, due to dynamically changing cohort composition, which also drives the larger 143 

aggregated estimates using all available cohorts and observations (Figure E4). 144 

FIGURE 1 HERE 145 

2.2 Heterogeneity analysis 146 

Our analysis reveals statistically significant treatment effect heterogeneities across major tree 147 

species, regions, and intervention types, yet the identified patterns are mixed (Figure 2). 148 

Unsurprisingly, heterogeneity is more pronounced for impact-proxying forest structural 149 

outcomes than for use declarations (outputs) and tree loss (outcomes), although within similar 150 

magnitudes and same direction of impacts.  151 

<FIGURE 2 HERE> 152 

Based on visual inspection of the estimated TATTs, the clearest pattern is that impacts on use 153 

declarations, total wood volume, tree loss and extent are smaller in pine-dominated Region III 154 

(Northern Finland, cf. Figure S1) exhibiting lower land-use pressure but also poorer growing 155 

conditions. This is consistent with theory and previous evidence that lower pressure ex ante 156 

reduces additionality in PES (Wunder et al. 2020) and other conservation instruments (15), 157 

although the extent to which this lower impact reflects adverse selection or lower potential gains 158 

due to growth-restricting environmental conditions (also increasing rotation length and annual 159 

logging probabilities) remains unresolved.  160 

Disaggregating impacts by major tree species groups (pine, spruce, broadleaf) reveals strong 161 

yet complex differences in outcomes. Pine-dominated stands benefit the least in terms of canopy 162 

cover and wood volume (Figure 2), consistent with pines being often located in less productive, 163 

slower-growing stands with longer rotation periods: pines are harvested less often, implying a 164 

lower counterfactual logging pressure that will depress impact estimates. Volume gains are 165 

driven by spruce; surpassing the 150 m3 ha-1 spruce volume threshold also only occurs within 166 

spruce-dominated stands, so the statistically insignificant estimates for broadleaf and pine 167 

should rather be seen as placebo tests. 168 

Finally, disaggregating impacts by conservation modality (temporary vs. permanent 169 

conservation contracts, land purchases) yields mixed results (Figure 3). Notably, these do not 170 

directly identify the causal effect of (quasi-randomly) assigning a particular intervention but 171 

rather represent differences in arm-specific effects relative to a common control pool. Ten-year 172 

temporary contracts perform slightly worse in most outcomes (smallest absolute effect), 173 

perhaps due to customized targeting and selection. Estimates for temporary 20-year contracts 174 

have consistently larger confidence intervals, due to the smaller sample sizes, but point 175 

estimates suggest similar effects on use declarations, tree loss and canopy cover compared with 176 

state purchases and permanent contracts. The intervention arms have distinct baseline 177 

characteristics (Table S7), so differences across arms should be interpreted as exploratory rather 178 

than causal effects of intervention modality. 179 



2.3 Policy implications 180 

Our quantitative impact results also translate into actionable recommendations. For instance, 181 

surpassing the designated spruce-volume threshold is an important predictor of goshawk 182 

nesting suitability (29). Multiplying our impact estimate on this habitat suitability proxy by 183 

METSO-enrolled stands in 2025 suggests additional conservation of 1,658 stands with optimal 184 

habitat (95% CI: 1,263–2,053 stands), compared to the hypothetical characteristics without the 185 

program. This example demonstrates the interpretability of forest structural indicators relevant 186 

for biodiversity; similar linkages to other species (groups) of interest can be developed via 187 

ecological modelling based on those indicators. 188 

Our tentative carbon calculation (cf. S1 for method) suggests that METSO avoided the direct 189 

release of ≈1,5MtCO2e between 2008 and 2025 via non-harvested wood products (cf. Figure 190 

3). This estimate is based on our cohort-wise average counterfactual canopy loss rate with 191 

species-specific biomass expansion factors and a recursive decay model for long-lived products, 192 

restricted to the immediate land-use sector. At an assumed carbon price of €70 tCO2e-1 this 193 

would correspond to a gross, undiscounted value of €104.2 million, or 24.5% of the total budget 194 

spent on METSO contracts between 2008 and 2023. 195 

<FIGURE 3 HERE> 196 

If, based on our heterogeneity analysis, ten-year temporary contracts look less effective than 197 

permanent ones and land purchases, are the former also less cost-efficient? Using the estimated 198 

annual tree loss per intervention arm, we calculate cost effectiveness as the ratio between 199 

aggregated undiscounted cohort-specific compensation costs and undiscounted cumulative 200 

cohort-specific avoided canopy loss (Figure 4). Costs per effective hectare-year fall as the 201 

evaluation horizon lengthens, as expected: intervention expenditure is assigned once to each 202 

cohort, whereas estimated avoided tree loss accumulates over multiple post-treatment years. 203 

Yet, similar to previous findings (30), temporary 10-year agreements consistently have the 204 

lower estimated cost per cumulative unit of avoided tree loss over the entire evaluation range, 205 

dropping from €30,000 after five years below €10,000 after ten years. In comparison, land 206 

purchases and permanent contracts drop from over €60,000 after five years to just above 207 

€30,000 after ten years. However, the estimated cost-effectiveness advantage of 10-year 208 

agreements depends on persistence: estimates from early cohorts provide a weak but imprecise 209 

signal of declining avoided canopy loss after contract expiration, although our currently 210 

available data does not yet allow for a firm conclusion (Figure E5). While our data suggests 211 

that 15-30% of temporary 10-year contracts had follow-up contracts on at least 90% of their 212 

area within three years of contract expiration, evidence from the Conservation Reserve 213 

Program, on the other hand, suggests that many temporarily protection can also last beyond 214 

contract periods (31). 215 

<FIGURE 4 HERE> 216 



2.4 Robustness checks 217 

We report similar estimates for complementary outcomes using additional indicators from the 218 

same data sources and comparable indicators from alternative remote-sensing products (Table 219 

S4). To maximize sample retention for the MS-NFI outcomes, we used 2010-2018 cohorts in 220 

our main analysis, with the tradeoff of not being able to formally assess pre-treatment trends. 221 

We therefore also used alternative estimands: a) 2014-2018 cohorts to get and assess at least 222 

three pre-treatment MS-NFI outcomes, b) 2008-2013 cohorts to assess a ten-year post-window 223 

where this was available, and c) all cohorts and all available outcome years (the latter no longer 224 

constitutes an unbiased causal TATT because of changing cohort composition). We find overall 225 

similar effect estimates, with increasing magnitudes for longer time horizons (Figure E4). Our 226 

estimates are insensitive to potential spatial spillovers exposure adjustment onto neighboring 227 

parcels, which we assess by including spillover exposure, i.e. the number or area of treated 228 

stands within certain buffers (200m, 500m, 1000m, 5000m) as control variables. Across 229 

outcomes, we find that magnitude and significance of main impact estimates do not change 230 

substantially (Figure E6). Our results are robust to alternative assumed error structures, 231 

including clustering at parcel and year level, at CEM-bin and municipality level, and standard 232 

errors robust to spatial autocorrelation (32) (Figure E7). We also show that results are not driven 233 

by any single cohort (Figure E8). Lastly, we tested alternative staggered-event study estimators, 234 

robust to heterogeneous treatment effects (33, 34), alongside conventional two-way-fixed-235 

effects. These estimators use the unweighted, unstacked panel, and therefore do not preserve 236 

the trimmed time horizons and weights underlying our main TATT. Nevertheless, their post-237 

treatment estimates produce similar direction and magnitude as in our main specification, thus 238 

corroborating our findings (Figure E9). These specifications should not be interpreted as 239 

independent validation of pre-trends (some of which are clearly violated), reflecting a different 240 

sample, weighting and estimand. We test the sensitivity to potential violations in parallel trend 241 

assumption (cf. Table 1, columns 5 + 6) using “honest” difference-in-differences (35) finding 242 

that affected outcomes A and C remain significant even if the parallel trends violations in the 243 

post treatment period are 1.3 times stronger than in the largest deviation during the observed 244 

pre-treatment period, or if the slope of the pre-trend changes by up to 0.2% (Figure E10). 245 

3 Discussion 246 

We provide quasi-experimental evidence that a voluntary national incentive scheme for forest 247 

biodiversity generates sizeable, upscaled improvements in environmental outcomes, relative to 248 

its counterfactual. The empirically underpinned underlying behavioral mechanism is that 249 

avoided planned harvesting leads to retained forest structure and improved habitat proxies 250 

relevant for biodiversity. Combining submitted use declarations as proxies of self-reported 251 

harvest intentions with remote-sensing indicators of stand structure enables us to explicitly 252 

quantify subsequent stages along the causal chain depicted in our METSO theory of change 253 

(Figure E1), testing its key assumptions.  254 

Our impact estimate of avoided forest-cover loss (1.4 percentage points) is substantial vis-a-vis 255 

both the Finnish annual mean canopy loss (~-1%, incl. temporary clearcuts and land-use 256 

change) and our matched control sites across all observed pre-treatment periods (-1.56%). 257 



Putting this into perspective, our effect size of 0.25 (main effect divided by pooled standard 258 

deviation of forest loss over all observed periods) is high compared to other PES initiatives 259 

(Wunder et al., 2020) and other conservation instruments (11, 15).  260 

Obviously, policy contexts are not always comparable. In Finland, deforestation for agricultural 261 

conversion, as predominating in the tropics, is exceptional, and forest biodiversity is mostly 262 

threatened by selective logging and clearcutting for wood harvesting. Finnish policy targets are 263 

thus not only about forest quantity, but also the standing forest’s environmental quality for 264 

biodiversity. This limits how much forest impact sizes can be compared across ecosystems. Yet, 265 

voluntary permanent conservation agreements yielded similarly high additionality in the United 266 

States (18). 267 

Regarding external validity, our stacked study design for subsequently METSO-enrolled 268 

cohorts impedes us from estimating the average treatment effect on the treated (ATT). Instead, 269 

our estimand is the somewhat narrower trimmed average treatment effect (TATT) for stands 270 

with comparable control units and matching outcome trajectories. Across many landscape 271 

characteristics METSO sites included in the analysis resemble those excluded from this analysis 272 

due to lacking enrolment dates while containing more spruce-dominated forest (Table S6). 273 

Relative to the wider forest landscape, METSO sites tend to have denser and taller forest, 274 

greater spruce prevalence, and less prior harvesting (Table S6). Within those stands, our 275 

combined matching and stacked difference-in-differences strategy mitigates major biases, 276 

contributing to internal validity of our estimates. The set of spatially explicit control variables 277 

contextually captures environmental and socioeconomic heterogeneity, and the improved post-278 

matching balance within each stack indicates comparability of treatment and control sites. The 279 

pre-treatment placebo tests provide further plausibility to our parallel trend assumption, while 280 

the TWFE estimation eliminates remaining time-invariant unobserved heterogeneities and 281 

time-variant shocks common to each cohort. We acknowledge that certain pre-treatment 282 

estimates display a parallel vertical shift (e.g. Figure 1, Panel A). While jointly significant under 283 

a Wald test, this baseline shift is an order of magnitude smaller than the subsequent post-284 

treatment effect and does therefore not affect conclusions. In addition, we could have missed 285 

important owner-level characteristics or time-varying factors that vary across space, including 286 

labor shortages or subsidies given to some stands.  287 

Our study exemplifies how novel remote sensing-based time-series on stand structure can be 288 

employed as indicator for habitat suitability, thereby providing partial causal evidence on the 289 

outcome of interest: biodiversity. We thereby contribute to the nascent literature on causal 290 

inference for biodiversity conservation (14). Using the spruce volume threshold, a key predictor 291 

of goshawk nesting sites, we provide an interpretable, policy-relevant estimate of how many 292 

stands continue to support goshawk nesting conditions due to METSO, although our findings 293 

cannot be interpreted as direct proof of species recovery.  294 

Previous research linked spatiotemporal variation in canopy height to habitat heterogeneity and 295 

tree species diversity (36). Our findings point towards an important limitation in our difference-296 

in-differences setting because partial harvesting (leaving retention trees) increases height 297 

variability in logged-over control stands (Figure E4). The identified signal from partial 298 

harvesting could be beneficial for generalist and pioneer species, while some forest specialists 299 



rely on shade and other old-growth features (37, 38). Thus, different dimensions of biodiversity 300 

rely on different indicators. Recent advances in the field of remote sensing show promising 301 

results, particularly in the realm of airborne lidar scanning of deadwood, linked to faunal 302 

biodiversity (39, 40). High-spatial-resolution airborne laser scans are widely available across 303 

Finland for such an analysis in the future (41), despite its varying spatiotemporal coverage (cf. 304 

Figure S4). Overall, more research on the transferability and interpretability of changes in stand 305 

structure is needed to establish a reliable association between remotely sensed outcomes and 306 

the biodiversity dimensions of interest. 307 

In addition to biodiversity as METSO’s target, other outcomes could be of interest, including 308 

analyzing potential trade-offs and synergies. Previous METSO research indicates likely 309 

tradeoffs in the additionality and cost-effectiveness of biodiversity and carbon sequestration, 310 

yet also synergies with carbon storage (26, 42). Yet, tradeoffs and synergies may be 311 

heterogeneous across space; knowing their distribution can improve spatial targeting with large 312 

potential gains in policy effectiveness and cost-efficiency (43). Our tentative carbon calculation 313 

is thus only a first step towards rigorously assessing the long-term net carbon balance of 314 

METSO, including standing stocks’ carbon sequestration and regrowth after harvesting.  315 

To conclude, methodologically our study demonstrates the benefit of evaluating conservation 316 

interventions across multiple interrelated outputs, outcomes and impact proxies along an 317 

explicit theory of change. To hold national policies accountable for changes in ecological 318 

trajectories, especially in the Global North, we need to look also beyond habitat extent (e.g. 319 

canopy cover) towards nuanced indicators linked to specific dimensions of structural, 320 

functional, or even genetic biodiversity across spatiotemporal scales. An ecological theory of 321 

change of biodiversity outcome-impact relationships is likely non-linear, with feedback loops 322 

yet to be understood. We show here that outcomes vary across space and tree species, implying 323 

potential gains in intervention efficiency by effective spatial targeting. This may ultimately also 324 

improve the cost-effectiveness, credibility and public acceptance of biodiversity conservation 325 

programs. 326 

4 Online materials and methods 327 

We conduct a spatially explicit impact evaluation to causally identify how the METSO program 328 

has affected forest structure and biodiversity levels. We start conceptually with the theory of 329 

change we developed for the program, i.e. how we expect the intervention to work. We then 330 

describe the data we used; a full overview of all data sources is provided in Table S1, summary 331 

statistics of all variables are in Table S2 and Table S3. This is followed by our empirical 332 

approach, which consists of two steps: 1) Spatial covariate matching based on observed 333 

biophysical and socioeconomic variables; 2) Stacked difference-in-differences regression 334 

analysis with multiple periods and multiple treatment timings.  335 

4.1 The METSO program 336 

METSO is a state-funded voluntary conservation scheme in Finland focusing on forest 337 

biodiversity. It was first established in 2008 and prolonged in 2014 and is jointly coordinated 338 

by the Ministry of the Environment and Ministry of Agriculture and Forestry. Its 339 



implementation is carried out by regional centers for development and infrastructure (ELY-340 

centers) and the Finnish Forest Centre, Suomen metsäkeskus. Its goal is to permanently protect 341 

96,000 ha of forest by 2025 and thereby contribute to reaching the 30% protected boreal forests 342 

envisioned by the Finnish Forest Strategy 2030. The program will be continued and has set new 343 

targets for the upcoming phase 2026-2040. Syrjänen et al. (44) describe the ecological criteria 344 

used to ensure cost-effective targeting of METSO sites. These criteria are tailored for each main 345 

forest habitat, focusing on structural features and habitat types crucial for biodiversity. 346 

Additionally, presence of threatened species and proximity to existing protected areas are key 347 

factors considered in the process. A mid-term review (27) found, using a spatial optimization 348 

tool that, overall, METSO effectively targeted sites with high biodiversity values and is well-349 

integrated into the existing network of protected areas in terms of ecological connectivity. Yet, 350 

the authors show that spatial targeting of conservation sites could be further optimized to 351 

achieve a higher level of ecological quality, connectivity and cost-effectiveness. Discussions 352 

about spatial targeting based on commercial harvesting pressure are not prominent, although 353 

the programs stronger focus on southern Finland is aligned with higher pressure there. 354 

4.2 Theoretical framework 355 

We start by outlining our vision of the METSO conservation program's theory of change (ToC) 356 

along its causal pathway from inputs to impact (cf. Extended Data Figure E1). This ToC is 357 

informed by the legal text, secondary literature, and interviews with experts and implementers 358 

during in person workshops in Helsinki (June 2025) Moving from left to right, the ToC shows 359 

how and under what conditions the program can be expected to reach its ultimate goal, namely, 360 

to contribute to halting the decline of forest habitats and species and to stabilize a favorable 361 

environment for biodiversity 362 

The legal framework consists of the Nature Conservation Act, the Forest Act, the Act on the 363 

Financing of Sustainable Forestry (2015-2023), and the Act on a Temporary Forestry Incentive 364 

Scheme (2024-ongoing). Intermediaries are primarily the ELY centers as well as the Finnish 365 

Forest Centre, Suomen metsäkeskus, but also forestry professionals including forest 366 

management associations and forestry companies have sometimes acted as intermediaries 367 

between landowners and ELY centers. Given a supportive legal and institutional framework, 368 

sustained funding, and intermediaries that can quantify ecosystem service values and associated 369 

opportunity costs to landowners, the program can implement conservation actions such as 370 

permanent and temporary conservation contracts and land purchases. There are thus two options 371 

for permanent conservation: either a permanent conservation contract is made (resembling a 372 

conservation easement), or the land is purchased by the state. In addition to annual state 373 

purchases, there were two waves of conservation of state-owned, commercially managed land 374 

in the years 2009 (10,000 ha) and 2014 (13,000 ha). There is also the option of temporary 375 

conservation contracts of 20 years, which makes up a small share. In addition, there is a ten-376 

year contract modality which is administered by the Finnish Forest Centre (Suomen 377 

metsäkeskus). The 10-year agreements (called Environmental forestry subsidy agreements) are 378 

financed through the Kemera scheme (Act on the Financing of Sustainable Forestry), replaced 379 

by the Metka scheme in 2024 (Act on a Temporary Forestry Incentive Scheme). The 10-year 380 

agreements have slightly different selection criteria compared to other modalities as they target 381 



areas surrounding or connected to Woodland Key Habitats (as defined in Section 10 of the 382 

Finnish Forest Act) in addition to sites meeting METSO selection criteria. In our main analysis 383 

we grouped all modalities, but also show estimates disaggregated by contract modality. If 384 

payment levels are adequate and landowners accept the scheme, these treatments are expected 385 

to result in landowner understanding and participation in the program as well as changed 386 

logging intentions as first-order outputs. This, in turn, will lead to avoided logging in enrolled 387 

areas and support for forest-based incomes via the compensation payments, if non-compliance 388 

is adequately monitored and sanctioned. An important condition for additionality at this stage 389 

is successful targeting of sites with a real logging threat. If the program enrolls areas without 390 

real logging pressure, i.e., areas that would not have been logged in the absence of program 391 

participation, this effect cannot be attributed to METSO and results in lower additionality (11). 392 

In the short term, the possibility of participating in the program may also incentivize forest 393 

owners that would like to participate but remain on the waiting list due to limited funding to 394 

withhold any logging activities in expectation of future compensation payments. This is because 395 

once logged, the area is no longer eligible for METSO. Finally, avoided logging is expected to 396 

maintain structural and functional habitat diversity and connectivity, which in turn contributes 397 

to halting biodiversity loss, and supporting other ecosystem services. Two critical conditions 398 

must be met for this impact to materialize. First, the targeting of enrolled areas must effectively 399 

identify ecologically relevant areas that support forest biodiversity. If non-sensitive areas are 400 

protected, the contribution to halting biodiversity loss may be reduced, even if the program 401 

effectively mitigates logging threats. Second, land use spillovers to non-enrolled sites, also 402 

referred to as leakage, must remain limited. If protection of some sites leads to more intensive 403 

logging in non-enrolled, but ecologically similarly valuable sites, the net positive effect can be 404 

offset (45).  405 

4.3 Data 406 

Our study region is the entire Finnish mainland, covered by 75% with forests (22.8 million 407 

hectares) and being the third biggest producer of round timber and sawn wood in Europe. The 408 

unit of analysis are single forest stands, which are a connected subarea of privately owned forest 409 

plots with homogenous ecological conditions including dominant tree species. We excluded 410 

very small stands of less than 0.01 ha (i.e., 100 square meters) because 1) the granularity of 411 

remote sensing products makes zonal statistics more sensitive to outliers, and 2) connectivity 412 

and other ecological processes relevant to biodiversity are likely to occur at larger scales. 413 

Furthermore, we excluded 510 stands larger than 100 ha, because these are outliers in terms of 414 

the area sizes enrolled in the METSO program (median size: 0.8 ha). From the original set of 415 

12,383,342 forest stands (17.13 million hectares, not including large national protected areas in 416 

Lapland), we filtered out 7.15% for being state-owned, and 4.1% for being otherwise protected 417 

(e.g., Natura 2000), and 725 stands (<0.0001%) for being less than 0.01 ha or larger than 100 418 

ha in size. The remaining forest stands used for the subsequent analysis cover 15.28 million 419 

hectares of forest across 2 million cadaster units (the level at which we cluster standard errors).  420 

4.3.1 Regional analysis 421 

Finland is characterized by a strong latitudinal gradient both in vegetation and human 422 

population density. We therefore conduct regional subgroup analysis, in which we distinguish 423 



between five regions (I-V), which we grouped based on their land use pressure, bioclimate, and 424 

METSO conservation targets (cf. Figure S1). Group I is in the most southern bio-geographical 425 

regions in the hemi boreal and southern boreal zone. It is characterized by the highest land use 426 

pressures competing with conservation (i.e., agriculture, buildings), the highest land prices in 427 

Finland, and the lowest share of protected areas. Timber harvests have in some parts of it 428 

exceeded the maximum sustainable yield in recent years, and METSO conservation targets 429 

were not reached. Group II is in the southern and middle boreal zone. It is characterized by high 430 

land use pressure, but METSO conservation targets have been achieved nonetheless because of 431 

ample participation and supply of potential sites by landowners. Group III is in the middle and 432 

northern boreal zones. It is characterized by low land use pressure, the highest share of protected 433 

areas in Finland and an ample supply of potential conservation sites with low land costs, so 434 

METSO conservation targets have been met. These regions are not the main focus of METSO 435 

as the emphasis is in Southern Finland. Group IV is in the southern boreal zone but faces less 436 

land use pressures than in the most southern Finland. Nevertheless, METSO targets have not 437 

yet been met. Group V is in the middle boreal zone with moderate land use pressures. METSO 438 

targets have been met. 439 

4.3.2 Treatment indicator 440 

We used spatial data on private conservation areas enrolled under the METSO program as our 441 

main treatment indicator. The data consists of a harmonized shapefile showing the exact area 442 

under conservation along with the year it started. We compiled and harmonized this data from 443 

the Finnish Forest Centre3 and Metsähallitus Parks & Wildlife Finland (personal 444 

communication, December 2025). We received different versions with partially overlapping 445 

areas and contradictory contract modalities, which we processed as follows. First, we started 446 

by reading and cleaning data, i.e. parse as polygons, splitting temporary or permanent contract 447 

modality based on code, harmonizing variable names and adding information (e.g. fixed year, 448 

data provenance) where needed. For provenance, we included a unique identifier from the 449 

original source dataset and calculated the area of original shape. Second, within each dataset, 450 

shapes were intersected and only strictly non-overlapping parts pass. We flagged overlapping 451 

parts (but maintained them in the dataset). Third, we identified and flagged intersections across 452 

datasets, some of which we assume to be more reliable than others. We thus used the latest 453 

(2026) state purchase data as the Masterfile and subordinate older, less reliable versions. Where 454 

it overlaps partially with older versions, we built their intersection and did not consider old 455 

versions if they intersect with the new. We included non-intersecting parts of old versions but 456 

added a flag for as overlapping and set the year value to NA. Number, share, and area of 457 

overlaps were recorded. Fourth, all datasets were merged and again intersected to identify 458 

overlaps and flag them for exclusion, recording number, share, and area of overlaps. Fifth, a 459 

final quality flag was added for observations to be used in treatment assignment; all other are 460 

still exported but just used to exclude potential control units from the analysis, similar to non-461 

METSO protected areas. We then exported the data and validated its coverage over time against 462 

official statistics from the Natural Resources Institute Finland (cf. Figure S2). 463 

 
3 Available online: https://www.metsakeskus.fi/en/node/946 

https://www.metsakeskus.fi/en/node/946


We considered cohorts between 2008 and 2025, although the inclusion of cohorts after 2020 464 

was restricted by varying outcome data availability (cf. Table S1, Figure E2), and we had to 465 

exclude state purchases before 2014 due to missing information about the exact starting date. 466 

We differentiate five contract modalities, i.e., permanent conservation contracts, temporary 467 

conservation contracts (10 or 20 years), and state purchases (including annual purchases as well 468 

as the two bigger transfer waves in 2009 and 2014). We overlayed the forest stands with this 469 

set of METSO conservation areas and created a binary treatment indicator that is one when a 470 

stands centroid falls within a METSO area, and zero otherwise, along with the year when 471 

protected started. This resulted in a total of N = 83,513 treated stands. 472 

4.3.3 Outcome indicators 473 

Our aim is to provide evidence of impact along the stages depicted in our theory of change. For 474 

the output stage, we measure the self-reported intention to harvest by looking at submitted use 475 

declarations. In Finland, forest owners must indicate at least 15 days before any activity (e.g., 476 

thinning, clear-cutting etc.) on what area they want to perform the activity. These use-477 

declarations remain active for three years, but there is no obligation to carry out the declared 478 

activity within that timeframe. For each year, we calculated the share of each stand for which 479 

any use-declaration was active. We also calculated the share of each stand for which a clear-480 

cutting use declaration was active. Figure E3 documents that the share of actual canopy cover 481 

changes anticipated in use declarations is substantial (>75%) and has slightly increased over 482 

the past years, indicating that self-reported use declarations are a useful proxy of intended 483 

behaviour. 484 

For the outcome stage, we used a range of remote-sensing based indicators. First, we used 485 

annual tree extent, removal (a proxy of logging), and height maps available at 30 m spatial 486 

resolution between 2001 and 2021 (46). In addition, we used publicly available data on forest 487 

structure from the Multi-Source National Forest Inventory (MS-NFI) raster maps, which are 488 

available at different spatiotemporal resolutions. MS-NFI is based in satellite imagery along 489 

with forest inventories that were used to calibrate a biophysical stand growth model and 490 

improved over the years (47–51). Indicator variables used here are available at 20 m or 16m 491 

spatial resolution every two years between 2009 and 2023 for the entire country. We extracted 492 

the mean annual values per forest stand for the following variables: age, diameter, wood 493 

volume, basal area, total canopy cover, and broadleaf canopy cover.  494 

We derived additional structural indicators because they are associated with the presence of 495 

specific species. Following species distribution modelling principles, like maximum entropy 496 

models, we link spatial feature variations to species presence. Previous research (52) identified 497 

certain birds of prey (European honey buzzard, northern goshawk, common buzzard) and 498 

woodpeckers (White-backed, lesser spotted, and Eurasian three-toed) as indicators of general 499 

forest biodiversity. This is because these species prefer specific forest attributes or utilize 500 

ecological niches created by their actions. Notably, the first four mentioned above are also Red 501 

List species, highlighting their conservation importance. Virkkala et al. (52) found that total and 502 

deciduous wood volume, along with stand height, significantly predicted the presence of these 503 

bird nests using a maximum entropy model. Similarly, Björklund et al. (29) demonstrated that 504 

spruce volume effectively predicts northern goshawk habitat suitability, estimating a threshold 505 



of 150 m³ ha⁻¹ for optimal nesting suitability. Along similar lines of using thresholds, Forsius 506 

et al. (53) used tree-species-specific age thresholds to identify valuable old-growth forests for 507 

certain species. Therefore, we utilize the same relevant habitat suitability indicators: broadleaf 508 

canopy cover, total canopy cover, average stand age, and basal area. Additionally, we calculated 509 

two binary threshold-based indicators: spruce volume exceeding 150 m³ ha⁻¹, and the presence 510 

of old-growth forests. The spruce volume indicator is 1 if a stand is spruce dominated with at 511 

least one pixel above the volume threshold, and 0 otherwise. The old-growth indicator is 1 if at 512 

least one pixel in the stand exceeds the species-specific age threshold (broadleaf: 60 years, 513 

spruce: 100 years, pine: 120 years), mirroring the approach of Forsius et al. (53). We conjecture 514 

that at least some of our structural indicators are suitable proxies of habitat suitability, thereby 515 

approximating the final impact stage in our theory of change. 516 

4.3.4 Contextual variables 517 

We used a combination of raster maps and administrative shapefiles paired with regional 518 

statistics to describe the site conditions that we assumed to affect forest growth, biodiversity 519 

levels, and protection status. The rationale for inclusion follows the principles of causal 520 

inference (54) while our identification strategy is described in more detail in Section 2.3. Table 521 

S1 provides a description of all variables along with their resolution, coverage and source 522 

reference. For all forest parcels included in the analysis, we extracted the following information.  523 

We calculated the distance to other protected areas such as wilderness areas, national parks, 524 

Natura 2000 areas, public protected land, nationally important landscapes such as old growth 525 

forests and peatlands, and other private conservation areas protected before 2008. Proximity 526 

and connectedness to such areas with high biodiversity plays on the one hand an important role 527 

in the dispersion of seeds and mobility of species. On the other hand, this connectedness 528 

increases the potential ecological value that was used as a targeting criterion for METSO 529 

contracts. 530 

We extracted physical, chemical, and hydraulic soil properties, because these site conditions 531 

influence species compositions, tree growth and overall land productivity. While the former is 532 

particularly relevant for biodiversity levels, the latter determines opportunity costs and thereby 533 

the level of compensation payments, so it is also related to the decision of a forest owner to 534 

enroll a parcel. In addition, we extracted topographic information on altitude and slope, because 535 

these variables determine not only growth conditions, but also relate to accessibility and 536 

harvesting cost proxies.  537 

As a proxy of transportation costs, we calculated Euclidean distances to roads, ports, sawmills, 538 

and bigger cities, because these variables may affect profitability of harvesting the parcels. We 539 

control for long term bioclimatic growth conditions, that affect overall species compositions 540 

and tree growth by using long term averages of temperature, precipitation, along with measures 541 

of their variability.  542 

In addition to these time-invariant baseline characteristics, we calculate time-variant control 543 

variables with different spatial resolutions, driven by data availability. We control for annual 544 

stumpage prices of spruce and pine at the state level, filling missing data gaps with the national 545 



average. Climatic variations in growth conditions are captured by 13 annual bioclimatic 546 

variables, that we calculated at the municipality level. 547 

4.4 Empirical framework 548 

Our empirical approach in essence combines matching and difference-in-differences regression 549 

analysis, similar to previous studies on forest conservation or agro-environmental schemes (55, 550 

56) and is informed by principles of causal inference in observational settings (57). Our 551 

estimator combines cohort-specific donor-pool construction for control units, exact support 552 

restrictions, nearest-neighbor matching on pre-treatment outcome histories, and a stacked 553 

event-study regression (58).  554 

4.4.1 Common support and donor pool restriction 555 

First, we excluded all control units known to be protected in any way, e.g. Natura 2000 sites or 556 

contained in the METSO shapefiles but without exact enrolment year, or lacking covariate 557 

observations. Then, we ensure broad comparability and overlap in covariate space between 558 

treated and control units using coarsened exact matching (CEM) (59). Our data contains dozens 559 

of static environmental variables, many of which are highly correlated. Therefore, we start by 560 

reducing dimensionality using groupwise principal component analysis. We create principal 561 

components for soil texture, soil fertility, hydrology, bioclimate, and travel time that explain at 562 

least 50% of respective total variation. In addition to the first principal components of these 563 

groups, we use the stand area, elevation, slope, distance to protected areas, baseline tree cover 564 

and tree height in the year 2007 (before the first METSO cohort), and the area share harvested 565 

between 1984 and 2007 as a proxy of historical management. CEM was performed by splitting 566 

each of these variables into three bins, which is relatively coarse but ensured high retention of 567 

treated stands. CEM-bins also had to be strictly within the same ELY-region and dominant tree 568 

species. 569 

Next, within each CEM-bin, we perform k-nearest-neighbor (here: k=5) matching using 570 

additional baseline covariates. This maintains the common support and co-distribution of key 571 

variables from CEM while further improving baseline covariate balance without compromising 572 

the treatment sample size. At this stage, we added secondary principal components for the 573 

above-mentioned categories, as well as distance to major roads, sawmills, lakes, rivers, 574 

broadleaf canopy cover in 2006, average stand height in 2006, and the slope in tree extent and 575 

tree height between 2001 and 2007. These additional baseline covariates are expected to reflect 576 

profitability, growth conditions and historical stand structure trajectory. We used the ordinary 577 

multivariate Euclidean distance without distance threshold.  578 

There are also potential non-linear interactions between (un-)observed confounders that are 579 

better captured by non-parametric methods such as random forests and could further add to 580 

unconfoundedness (43). Overall, however, the specific choice of matching specification has 581 

been shown to not drastically change results in similar evaluations (60). 582 

4.4.2 Pre-treatment outcome matching and construction of stacked panel 583 

Despite this comprehensive set and balance improvement in baseline matching covariates, 584 

earlier tests suggested a potential violation of the parallel trend assumption (cf. Section 4.4.3). 585 



Therefore, we decided to additionally match stands based on these pre-treatment outcomes to 586 

construct our final stacked dataset as follows. Let forest stands be indexed by 𝑖 = 1,… ,ܰ, and 587 

let years be indexed by ݐ. Let ௜ܻ௧ denote the outcome of interest, such as tree extent, use 588 

declarations, tree height, or wood volume. Let ܩ௜ denote the first year in which stand 𝑖 receives 589 

the treatment of interest; never-treated stands are denoted by ܩ௜ = ∞. Treatment status is 590 

therefore ܦ௜௧ = ૚(ݐ ≥  ௜). The analysis is implemented cohort by cohort. A treatment cohort is 591ܩ

defined by the first treatment year ݃ ∈ ࣡, here ࣡ = {2008,… ,2025}. For each cohort ݃, the 592 

treated set is ௚࣮ = {𝑖: ௜ܩ = ݃}. The eligible control set are the never treated, i.e. ࣝ௚ = {𝑖: ௜ܩ =593 ∞} and we allow controls to be reused across different cohort stacks. 594 

Then, let ௜ܵ denote the CEM stratum of unit 𝑖. For a treated unit 𝑖 ∈ ௚࣮, the admissible donor 595 

pool is ࣝ௚,ௌ೔ = {݆ ∈ ࣝ௚: ௝ܵ = ௜ܵ}. Thus, all matched controls are never-treated units from within 596 

the same CEM stratum, thereby preserving exact or coarsened balance on the hard support 597 

variables used in the CEM stage and avoiding contaminated (later treated) controls. For each 598 

unit 𝑖 and cohort ݃, pre-treatment matching features are constructed over the cohort-relative 599 

pre-period ݐ ∈ {݃ − ܲ,… , ݃ − 1}, where ܲ denotes the length of the pre-treatment window 600 

(here, we use a window of six years). For each matching variable ௜ܺ௧௠, we calculate summaries 601 

such as the pre-period mean, the last observed value before treatment (݃ − 1), and the linear 602 

pre-period slope. The slope is calculated only from a minimum of two to six available 603 

observations, which allows the procedure to handle annual and biennial MSNFI variables with 604 

missing years. 605 

For cohorts after 2015, static biodiversity potential variables (61) are added to the matching-606 

feature vector, because they are based on 2015 satellite imagery and could therefore confound 607 

earlier cohorts. For each stand and each year (cohort) we thus compute the covariate vector ܼ௜௚ 608 

containing the outcome trajectory summaries for use declarations, forest cover, forest loss, and 609 

average tree height. For each treated unit 𝑖 ∈ ௚࣮, controls are selected from the same cohort-610 

specific and CEM-restricted donor pool ࣝ௚,ௌ೔. With one nearest neighbor, the matched control 611 

is 612 ݉௚(𝑖) = arg min௝∈ࣝ೒,ೄ೔݀(ܼ௜௚, ௝ܼ௚), 613 

where ݀(⋅,⋅) is the standardized Euclidean distance over the usable matching features. Controls 614 

are matched with replacement. Thus, the same control unit may be used for multiple treated 615 

units within a cohort and may also appear in several cohort stacks. If a control is selected 616 

multiple times, its matching weight in cohort ݃ is proportional to the number of times it is 617 

selected. 618 

For each cohort ݃ , a cohort-specific event-time panel is constructed over ݐ ∈ {݃ − ܲ,… , ݃ +  619 .{ܮ

Event time is defined as ℓ = ݐ − ݃. For each cohort stack, the stack-specific treatment indicator 620 

is ܦ௜௚ = ૚(ܩ௜ = ݃). The stacked dataset contains observations indexed by (𝑖, ݃,  or 621 ,(ݐ

equivalently (𝑖, ݃, ℓ). Because controls can be reused across stacks, a stand may appear multiple 622 

times. We therefore define a stack-specific stand identifier ݑ = (𝑖, ݃), the stack identifier ݏ =623 



݃, and stand-specific weights ωi equal to one for treated stands, and equal to the number of 624 

times used for control stands. 625 

Filtering and matching reduced our dataset from 83,513 treated and over ten million untreated 626 

stands, with sizeable differences in observed baseline characteristics to 78,993 treated and 627 

70,888 unique control stands with improved balance and overlap across baseline characteristics 628 

(Table S2). Stack wise post matching balances are reported in Tables 5.1-36. 629 

4.4.3 Event-study estimating equation 630 

In the METSO case, treatment did not occur at one point in time, but conservation contract 631 

enrolment is staggered across annual cohorts from 2008 to 2025, and its effects may vary both 632 

across cohorts and with time since enrolment. Such heterogeneity is plausible because selection 633 

criteria, contract specificities, timber-market conditions, and the opportunity cost of 634 

conservation changed over the study period, while avoided harvesting and forest growth may 635 

cause treatment effects to accumulate over time. We therefore avoid a conventional two-way 636 

fixed-effects event study, which can make “forbidden comparisons” using already-treated units 637 

as controls and combine cohort-time effects using potentially negative or otherwise difficult-638 

to-interpret weights when treatment effects are heterogeneous (34, 62). There are heterogeneity-639 

robust estimators, including Sun and Abraham (34), Callaway and Sant’Anna (33), and 640 

Borusyak, Jaravel, and Spiess (63), which avoid the principal TWFE contamination problem. 641 

These approaches rely on a (conditional) parallel trends assumption, which we found to be 642 

partially violated when using the post-CEM filtered dataset (Figure E9). Therefore, we 643 

performed to above-described matching on pre-treatment outcome trends and implemented a 644 

weighted stacked difference-in-differences design following Wing et al. (58). The design treats 645 

each enrolment cohort and its matched controls as a separate sub-experiment, restricts controls 646 

to stands untreated throughout the relevant event window, and preserves the cohort-specific 647 

matching procedure used to construct comparable counterfactuals. With appropriate cohort 648 

weights, the resulting estimand is a coherent trimmed aggregate treatment effect on the treated 649 

(TATT).  650 

The stacked estimator is particularly suitable here because it directly accommodates cohort-651 

specific matched comparison sets, balanced event windows, and repeated use of eligible 652 

controls while retaining a transparent regression-based fixed-effects structure. The specification 653 

includes stand-by-stack fixed effects, which absorb time-invariant owner and stand 654 

characteristics within each cohort-specific comparison; stack-by-year fixed effects, which 655 

absorb unrestricted calendar-year shocks common to each sub-experiment; and municipality-656 

by-year fixed effects, which absorb local time-varying factors such as weather, policies, 657 

infrastructure, and timber-market conditions. Identification therefore comes from changes 658 

within stands relative to contemporaneous changes among matched control stands in the same 659 

cohort-specific comparison and municipality-year. The weighted stacked event-study 660 

regression can be written as 661 

௜ܻ௚௧ = ௜௚ߙ + ௚௧ߜ + ௠௧ݑ + ∑ ℓℓఢℒ,ℓ≠−1ߠ [૚(ݐ − ݃ = ℓ)ܦ௜௚] + X௜௚௧′ β +  ௜௚௧  (Eq. 1)ߝ
Here, ߙ௜௚ is a unit-by-stack fixed effect; ߜ௚௧ is a stack-by-calendar-year fixed effect, interacted 662 

with year, ݑ௠௧ is a municipality-year fixed effect; and ߠℓ is the event-time treatment effect at 663 



relative year ℓ; event year −1 is omitted as the reference period and X is an optional vector of 664 

time-varying controls including regional stumpage prices for spruce and pine and annual 665 

bioclimatic indicators. Standard errors are clustered by the original stand identifier to account 666 

for repeated use of the same stand across cohort stacks. Each coefficient ߠℓ estimates the 667 

average treated-control difference at event time ℓ, relative to event year −1, among matched 668 

treated units and their matched controls. For ℓ < 0, the coefficients are placebo or pre-trend 669 

diagnostics. For ℓ ≥ 0, the coefficients estimate dynamic post-treatment effects.  670 

Importantly, in one specification we leave a flexible window to include as many cohorts as 671 

possible to visually inspect effect trajectories. However, this implies that event times have 672 

changing cohort compositions so the estimand is not the TATT of the full sample, but of the 673 

cohorts contributing to that event time. Despite this limitation in interpretability, we see the 674 

benefit of reporting this estimand because it allows to trace also longer-term effects for early 675 

cohorts. 676 

To overcome the limited interpretability arising from changing cohort composition, Wing et al. 677 

(58) propose a trimmed aggregate ATT (TATT) that is based only on cohorts for which a 678 

common event window is fully observed. Thus, the estimand is a matched supported-population 679 

TATT. It is therefore narrower than the full-population METSO ATT, but it is more credible for 680 

causal interpretation. In our case, we chose distinct time windows, e.g. -1 to 5 in our main 681 

specification, and -5 to 5 years to assess pre-treatment trends, corresponding to early cohorts 682 

(2010-2018) because some outcomes are only observed until 2023. Under the identifying 683 

assumptions described below, we can thus estimate the average difference between treated and 684 

control units at event time ℓ as ߠℓ = ॱ[ ௜ܻ,ீ೔+ℓ(1) − ௜ܻ,ீ೔+ℓ(0) ∣ 𝑖 ∈ ࣮matched]. Using the 685 

trimmed event window and corrective sample weights compatible with those described by Wing 686 

et al. (58), we calculate a covariance-aware weighted average ߬̂ of the post-treatment 687 

coefficients as 688 ߬̂ = ∑ ܽℓℓ∈ℒ+  ℓߠ̂
(Eq. 2) 

using equal weights ܽ that sum up to one across post-treatment event times. Equal weights are 689 

appropriate because each stack has the same event window and, through 1:1 matching with 690 

control-reuse weights, equal effective treated and control group sizes. Its standard error uses 691 

the full covariance matrix Var(߬̂) = a′ܸܽ̂(ߠ̂)ݎa, thereby reflecting to underlying cohort sample 692 

sizes. 693 

Next, we estimate heterogeneous treatment effects using interaction terms. Let ܪ௜ ∈ {1,… ,  694 {ܬ

denote a mutually exclusive subgroup within the heterogeneity variable, such as tree species, 695 

METSO intervention arm, or a region-by-species cell. We create an internal treatment indicator 696 

for each subgroup ܦ௜௚(ℎ) = ௜ܪ)௜௚૚ܦ = ℎ) and then jointly estimate: 697 



௜ܻ௚௧ = ௜௚ߙ + ௚௧ߜ + ௠௧ݑ +∑ ∑ ℓℎℓ∈ℒ, ℓ≠−1ߠ
௃

ℎ=1
[૚(ݐ − ݃ = ℓ)ܦ௜௚૚(ܪ௜ = ℎ)]

+ ௜ܺ௚௧′ ߚ + ௜௚௧ߝ . (Eq. 3) 
Each ߠℓℎis the event-time effect for subgroup ℎ, relative to the shared pooled matched control 698 

group. We estimate joint Wald tests of equality across subgroup effects. 699 

4.4.4 Assumptions and Robustness checks 700 

Our design relies on four key assumptions typical for difference-in-differences, which’s 701 

plausibility we assess as follows. First, a conditional parallel-trends assumption within matched 702 

cohort-specific stacks. Specifically, after conditioning on the CEM stratum and matching on 703 

cohort-relative pre-treatment outcome histories and covariates, matched controls are assumed 704 

to represent the untreated counterfactual trajectory of treated units. This is supported by 705 

matching on forest type, location, stand characteristics, and pretreatment outcome histories. 706 

There is no way to test this assumption directly, but if there is a parallel trend prior to treatment 707 

this can be seen as an indication that the relationship would continue to hold after treatment. 708 

We therefore calculate and visually assess pre-treatment placebo effects, that should not differ 709 

substantially from zero or exhibit temporal trends. For transparency, we conducted and report 710 

Wald tests for placebos (pre-event estimates) being jointly equal to zero, a linear placebo-trend 711 

being equal to zero, and effects (post-event estimates) being jointly equal to zero using an 712 

asymptotic chi-squared reference distribution. We visually assess whether estimated 713 

pretreatment differences are small relative to the post-treatment effects. The principal remaining 714 

threat is selection based on stand-specific time-varying information—such as an owner’s 715 

changing conservation preferences or unobserved forest damage—which cannot be eliminated 716 

by matching or fixed effects. 717 

Second, we assume no anticipation, i.e. that treatment does not affect outcomes before ܩ௜. This 718 

can also be assessed by looking at the pre-treatment placebos. Regarding the timing of outcome 719 

responses, we further rely on our theory of change, in the sense that outputs, outcomes and 720 

impacts are consequential and cannot occur in the opposite order. 721 

Third, we rely on never-treated units to ensure clean controls throughout the event window and 722 

that ܩ௜ correctly measures the onset of treatment. We conservatively excluded control stands 723 

that could have some form of protection status or different management, i.e. state 724 

owned/managed land, METSO areas for which we were unable to identify the exact enrolment 725 

date, other (non-METSO) protected areas or identified landscapes of ecological importance that 726 

fall under other management restrictions. 727 

Fourth, we assume common support, i.e. that treated units have comparable controls within the 728 

same CEM stratum. We ensure design-based common support, i.e. by using CEM, and assess 729 

resulting balance in group-wise summary statistics of key confounders (Table S2) as well as the 730 

empirical cumulative distribution function plots (Figure S3), finding overall reduction in 731 

imbalance and broad common support. Furthermore, we assess baseline and pre-treatment 732 

outcome balance individually for each stack (Tables S5.1-36). 733 



Fifth, we assume negligibility of spillovers (also known as the stable unit treatment value 734 

assumption), i.e. that treatment of one stand does not affect outcomes of other units. Spillover 735 

effects can occur for different reasons, for example via learning from neighbors or by changing 736 

input or output market price conditions or relaxing previous labor and input constraints (45). 737 

Thus, we hypothesize that spillovers may occur in the close surroundings of treated parcels. To 738 

assess the sensitivity of our results to potential spatial spillovers, we calculated different time-739 

variant indicators of spillover exposure and included them as control variables in a secondary 740 

regression analysis. For each year, we calculated the area and share of treated units in buffer 741 

zones of 200, 500, 1.000 and 5.000 m as well as the Euclidean distance to the closest treated 742 

area. Such spillovers could also occur on control units across stacks from earlier treated units, 743 

so we cluster errors at stand level across stacks. In a robustness check, we also used varying 744 

assumed error structures, including clustering at municipality level and standard errors robust 745 

to spatial autocorrelation (32) (Supplementary Figure E7).  746 

We used R (64) to prepare the data, and fixest (65) for the regression-based estimator, robustness 747 

checks and spillover analysis. We used OpenAI’s ChatGPT (GPT-5.1, accessed throughout 748 

2025-2026) to support code development, implementation testing, and to refine and document 749 

computational approaches. 750 

4.5 Carbon calculation 751 

We calculated the impact of METSO in terms of avoided direct carbon emissions from 752 

harvested wood products following the calculation in related previous studies (26). 753 

Conceptually, we first calculated the carbon stored in the stands of each cohort protected under 754 

METSO. We then multiplied the volume by the counterfactual harvesting rate, using the average 755 

national estimate for each tree-species to obtain the volume harvested and derived CO2 756 

emissions from short-lived and long-lived products. In the following, we describe this 757 

calculation and its assumptions in detail. 758 

Regarding the scope, we did not consider the emissions at the site after the harvest, nor the 759 

future sink after 20+ years as our time scale was below 20 years in which time the impact is 760 

approximately zero. We also did not consider the (higher) growth potential of younger stands 761 

after a counterfactual harvest, because this would require growth modelling beyond the scope 762 

of this analysis. In other words, we focused on the volume of standing timber into short-and 763 

long-lived products. Finally, using timber, e.g., in energy production decreases the use of fossil 764 

fuels but using biomass has carbon impacts as well (66). We did not consider any substitution 765 

effects because we only considered the impacts to the LULUCF sector. 766 

A great majority of Finnish forests are clear cut at the end of the rotation period. Therefore, we 767 

assumed clear cuts, no continuous cover management. After the clear cut, the stand remains a 768 

source of carbon emissions (from the soil) for at least 20 years, depending on the site type. 769 

Therefore, it depends on the time span of the calculation whether the emissions or the future 770 

sink potential should be considered. In our case, we consider a rather short time span of 2008-771 

2021, i.e. the period for which we estimated counterfactual harvesting rates.  772 

We estimated the average timber volume and stand age of the treated stands per region, tree 773 

species and annual treatment cohort. To do so, we aggregated all available post-treatment 774 



observations of volume per ha and stand age for the respective cohort (available biannually 775 

between 2009 and 2023) using the area-weighted mean. We then multiplied the total area of all 776 

enrolled parcels in any given year with the volume per ha to get the total timber volume in cubic 777 

meters. Timber volumes in cubic meters were converted into biomass (tons). We used biomass 778 

expansion factors for pine, spruce and birch from Lehtonen et al. (2004). They are functions of 779 

stand age: ݒ(ܽ + ܾ × ݁−0,01௧) where v is timber volume, t is stand age and a and b are 780 

parameters determined for different tree species (67). Biomass was converted into carbon (a 781 

multiplier of 0,5) and then to carbon dioxide (a multiplier of 44/12).  782 

In Finland, quite a large share of carbon stored in harvested timber is immediately or very 783 

shortly released to the atmosphere. The remaining share of the harvested timber is used as wood 784 

products where the carbon is stored (and slowly released from this storage). We assumed that 785 

60% of the harvested timber is logs, and half of this is used as wood products, i.e., 30% of the 786 

carbon in timber is stored in the wood products (based on how harvested timber is processed in 787 

Finland). Thus, 70% of the carbon stored in harvested wood is released into the atmosphere. 788 

This includes short-lived products and production side streams. For the remaining 30% carbon 789 

stored in long-lasting wood products, we assumed an annual 2% release of emissions. 790 

4.6 Cost effectiveness 791 

We calculated cost effectiveness ratio as cohort–intervention-specific compensation costs 792 

divided by cumulative avoided canopy-cover loss, yielding costs per effective hectare-year. 793 

First, we estimated the annual avoided canopy cover loss share with the pooled heterogeneity 794 

model (Eq. S3) by treatment arms (permanent agreements, recurring state purchases, temporary 795 

10- and 20-year agreements) using all available cohorts (2008-2025) and all observed within 796 

the full event time window (−6 to +17). The model also estimated effects for the 2009/2014 797 

state transfers, but these were excluded from the cost-effectiveness calculation because no 798 

corresponding cost series was available. This model implies homogenous effects across cohorts 799 

of the same intervention arm, a simplifying assumption to improve precision and motivated by 800 

our previous analysis that suggested negligible cohort-heterogeneity (Figure 1, Figure E5, 801 

Figure E8). We then multiplied each intervention x cohort-specific event-time estimate of 802 

avoided canopy cover loss rate by the observed enrolled area and accumulated these effects 803 

from the first post-treatment year to each evaluation horizon. We did not discount 804 

environmental effects, nor did we adjust nominal compensation levels per cohort. 805 

Compensation costs and enrolled areas were treated as fixed per cohort and intervention. 806 

Compensation was calculated from annual national compensation per hectare multiplied by the 807 

observed enrolled area and was assigned once to each intervention-cohort. Uncertainty in 808 

cumulative effects was propagated using the joint covariance matrix of the event-study 809 

coefficients, while confidence intervals for the cost-effectiveness ratios were obtained from 810 

10,000 joint multivariate-normal draws.  811 

Finally, we divided the aggregated compensation per intervention arm and cohort by the 812 

cumulative avoided canopy cover loss for the contract modality per cohort. Since the 813 

denominator accumulates and increases over time, while the cost numerator remains fixed, the 814 

cost effectiveness estimates decrease over event time by construction, increasing cost 815 

effectiveness over time. However, only cohorts with complete follow-up to a given horizon 816 



were included, meaning that cohort composition also changes across horizons. We therefore 817 

focus on overall trends and magnitudes rather than specific values of any given event time and 818 

begin reporting estimates at five years (corresponding to the minimum post-treatment time 819 

horizon considered in our main specification).  820 
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Table 1: Estimated effects of METSO forest conservation 

 Main sample: cohorts 2010–2018 Restricted sample: cohorts 2014–2018 

(1) Dependent variable (2) TATT [95% CI] (3) TATT p (4) TATT [95% CI] (5) Joint 
p (pre) 

(6) Trend 
p (pre) 

(A) Clearcutting use declaration [%] -3.1 [-3.4, -2.7] <0.001 -3.1 [-3.6, -2.7] 0.004 <0.001 

(B) Canopy cover loss (Hansen) [%] -1.4 [-1.7, -1.2] <0.001 -1.4 [-1.7, -1.2] 0.320 0.542 

(C) Forest canopy cover [%] 3.3 [2.7, 3.9] <0.001 3.3 [2.7, 4.0] 0.008 0.011 

(D) Total wood volume [m3 ha-1] 10.5 [8.6, 12.3] <0.001 10.3 [8.3, 12.3] 0.763 0.481 

(E) Tree specific age threshold 0.7 [-0.5, 1.9] 0.273 0.3 [-0.3, 1.0] 0.633 0.339 

(F) Spruce volume above 150 m3 ha-1 2.1 [1.6, 2.6] <0.001 2.0 [1.3, 2.7] 0.784 0.594 

Notes: TATT denotes the trimmed average treatment effect on the treated over five years after treatment. Joint p reports the p-value from a Wald 
test that all available pre-treatment coefficients are jointly zero. Trend p reports the p-value from a test of a linear pre-treatment trend. The main 
sample includes cohorts 2010–2018; the restricted sample includes cohorts 2014–2018 and provides longer pre-treatment support. 
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 1 

Figure 1: Cohort-wise and pooled event studies 2 

Note: Estimates use all available observations to assess cohort-level pre-treatment trends and explore 3 

heterogeneity in post-treatment trajectories. Because cohort composition and temporal support vary 4 

across event time, the pooled estimate (black line) is descriptive and should not be interpreted causally. 5 

Shaded areas show 95% conƱdence intervals; the red line marks enrolment. 6 

 7 

  8 
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Figure 2: Heterogeneous impacts 10 

Figure note: Five-year TATT by subgroup (Eq. S3).  11 
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 12 

Figure 3: Net atmospheric CO2 impact 13 

Note: Blue solid line indicates CO2 calculated from assumed mean stand volume on treated stands across 14 

all observed post-treatment periods with 95% conƱdence bands relating to the counterfactual forest loss 15 

rate. Grey estimates refer to 25th and 75th percentile of standing volume, showing sensitivity to assumed 16 

self-selection of stands to be harvested. Estimates exclude carbon uptake in standing or (counterfactually) 17 

replanted stands. 18 
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 21 

Figure 4: Cost per effective hectare over event time by intervention arm 22 
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Extended Data 23 
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 25 

Extended Data Figure E1: METSO theory of change with assumptions on top 26 
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 28 

Extended Data Figure E2: Cohort timing and outcome data availability 29 

Stacked bars show the number of stands enrolled annually by contract modality, while the black line reports 30 

cumulative treated area on the secondary axis. The solid blue outline identifies the main cohort sample (2010–31 

2018), for which the earliest cohort has at least one pre-treatment and three post-treatment observations among 32 

all relevant datasets; the dashed orange outline identifies the restricted sample (2014–2018), which provides at 33 

least three pre-treatment observations. The lower panel shows calendar-year availability for each outcome dataset; 34 

alternating cells for MS-NFI reflect its biennial frequency, while light-blue cells indicate partial coverage. The 35 

dashed black outline marks the principal calendar-year observation window (2009–2023). Actual event-time 36 

support varies across outcomes and cohorts because datasets differ in temporal coverage. 37 
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 39 

Extended Data Figure E3: Intention to use vs. actual canopy cover change 40 

Note: Plots show the relationship between active use declarations and canopy cover change. The left plot indicates 41 

the share of stands harvested (Y-axis) that at the time of harvest had an active use declaration that covered at least 42 

the same share that changed from canopy to no canopy (X-axis). The right plot indicates the share of stands 43 

changing canopy cover that at the time of harvest had any active use declaration. Colors indicate years. 44 

Interpretation: left side (dashed lines): between 2008 and 2023, 75% of all stands that lost 50% of their canopy 45 

cover in a year had an active use declaration covering at least 50% of the stand area. Interpretation right side 46 

(dashed lines): Between 2008 and 2023, more than 80% of stands that lost 100% of their canopy cover had an 47 

active use declaration, although that may not have covered the entire stand. Overall, the share of actual canopy 48 

cover changes anticipated in use declarations is substantial and has increased over time. 49 
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 51 

Extended Data Figure E4: Comparison of different estimands and cohort compositions 52 

Note: Estimates using all available post-treatment observations are generally larger, particularly for forest-stock 53 

outcomes such as stand age, height and timber volume. This pattern is consistent with the cumulative 54 

consequences of avoided harvesting: whereas annual disturbance effects operate on contemporaneous rates, 55 

differences in forest stocks persist and grow as protected stands continue to mature while counterfactual stands 56 

are harvested. The long-horizon estimates should nevertheless be interpreted descriptively because cohort support 57 

declines with event time, so later coefficients are increasingly identified by a small number of early enrolment 58 

cohorts and receive equal weight in the aggregated TATT. We therefore retain the common six-year horizon as the 59 

primary estimand and use the all-available specification to characterize longer-run dynamics rather than as a 60 

directly comparable robustness estimate. See Supplementary Table S4 for parallel trends diagnostics. 61 
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 63 

Extended Data Figure E5: Intervention arm by cohort over varying time horizons 64 

Lines represent cohort-specific event-study estimates; shaded areas show 95% confidence intervals. The red line 65 

marks enrolment, while the blue line and grey area indicate expiration of 10-year agreements and the post-contract 66 

period. Ten-year agreement trajectories with post-expiration observations are highlighted in bold black. Their 67 

movement toward zero provides a weak indication of declining protection after expiration, but inference is limited 68 

by the few cohorts observed beyond ten years and substantial uncertainty. Furthermore, our available data suggests 69 

that 15-30% of temporary 10-year contracts established between 2010 and 2013 had follow-up contracts on at 70 

least 90% of their area within three years of contract expiration. 71 
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 73 

Extended Data Figure E6: Sensitivity analysis to spatial spillovers 74 

Note: to assess the sensitivity to spatial spillovers, we included a set of spillover exposure indicators as control 75 

variables. We calculated for each year the number (count, dot-estimates), and area (hectares, triangle estimates) 76 

of treated units within four buffer distances, 200, 500, 1000 and 5000 meters. We also performed a combined 77 

regression, including all spillover controls. We used Conley covariance structure (5km cutoff).  78 

  79 



38 

 

 80 

Extended Data Figure E7: Alternative assumed error-structures 81 

Note: Panels show primary outcome variables. Estimates display different error structures, namely a simple two-82 

way (parcel x year), adding municipality or CEM-bin for clustering, and Conley standard errors robust to spatial 83 

autocorrelation within a 5km and 20km buffer zone. 84 
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 86 

Extended Data Figure E8: Leave-one-cohort-out analysis 87 
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 89 

Extended Data Figure E9. Robustness to alternative staggered-adoption estimators. 90 

Event-study estimates for the 2010–2018 cohorts are compared across alternative estimators: conventional TWFE, 91 

Sun and Abraham (2021), Callaway and Sant’Anna (2021), and Roth and Sant’Anna (2023). The comparison 92 

assesses sensitivity to treatment-effect heterogeneity and the problematic comparisons implicit in conventional 93 

TWFE; the Roth–Sant’Anna estimator additionally invokes stronger assumptions concerning quasi-random 94 

treatment timing. Unlike our primary Wing et al. (2024) TATT, these estimates use the unique unstacked panel 95 

rather than cohort-specific matched sub-experiments and therefore differs in comparison groups and aggregation 96 

weights. Stand and municipality-by-year fixed effects and stand-clustered standard errors are included where 97 

supported. Shaded areas denote 95% confidence intervals; the vertical dashed line marks enrolment. Estimates at 98 

the longest leads and lags draw on fewer cohorts. 99 
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Extended Data Figure E10: Honest difference-in-differences for selected outcomes 101 

Note: The pre-treatment trend tests in Table 1, columns 5 and 6 indicate possible violations of the parallel trend 102 

assumption for outcomes A) Clearcutting use declaration [%] and C) Forest canopy cover [%]. Honest difference-103 

in-differences (35) display the sensitivity of our estimates to potential violations of increasing magnitudes. Results 104 

indicate that estimates for outcomes A and C remain significant even if the parallel trends violations in the post 105 

treatment period are 1.3 times stronger than in the observed pre-treatment period (left side), or if the slope of the 106 

pre-trend changes by up to 0.2% (right side).  107 
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