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Summary Paragraph:

Halting global forest loswhile reducing povertys central tosustainable development
agendas®. Si nc e t,llexenttalz8dfdiest managembasbeen promoteds a

way toenhancesustainable forestseand reduceural poverty?, and uralcommunities
managencreasing amousb f t h e w o*rYktdgbrsus évimlenessing krge

N dataonwhether communitpasedorestmanagemer(CFM) canjointly redu@ both
deforestation and povertgmainsscarce Studies to date havargely reliedon cross
sectionalanaly®s of single outcomes, aisedqualitativepoverty assessmesthatare
difficult to compare across space or tim&e estimate impacts d8FM usng a large
longitudinal dataset thattegrateshationatcensusbasedpoverty measuresith high-
resolution forest cover change datmdnearc o mp|l et e i nf or mati on
18,000 community forest8/e compare changesforest cover and poverty from 200

2012 for subdistricts with presenceor absence o€CFM arrangements, buhat are
otherwise similain terms ofsocioeconomic antliophysicalbaseline measures. Our
results indicatéghatcommunitybasedforest managemeiias on averagesontributed

to significant neredudionsin both poverty and deforestati@erossNepal and that

CFM increases the likelihood of wimin outcomesWe also find that the estimated
reduced deforestation impacts of community forests are lower where baseline poverty
levels are high, and greater where community forests are larger and have existed longer.
These results indicate thgieater benefitiayresult from longeterm investments and
larger areas committed to community forest managerbehthatcommunity forests
established in poorer areasay require additional support to minimizeadeoffs
betweersocioeconomic and environmentaltcomes.
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Main text:
Forests are criticab sustainable developmeifithey regulateclimate,sequestecarbon,

harbourbiodiversity andcontribute to national incomes atatal livelihood$. Over
the past four decades, governments and international organizations have promoted
decentralizedcommunitybasedforest management (CFMp achievesust@nable
forest use andeducerural poverty. In decentralized decisiemaking arrangements,
the primary responsibility for daip-day management rests with foreser
communities.ldeally, this allows communities to make better use of their time and
placespecific knowledgéo promote more efficienequitable, and sustainable multi
functionallandscapé's

Local communitiesnow legallymanage approxi mately 13%
foress®. Debates about whether CRMuly reduces forest loss and alleviates poverty,
nonethelesssontinué® Case studies frorhatin America, Africa, and South Asiow
that someCFM initiatives haveimproved forest and livelihood outcom&¥, butthat
othershavenot achievel intended objectivés The vast majority of existing studies
have focused olimited set of cases, anbave used qualitative assessments of poverty
and livelihood outcomes that are difficuti tompare across space and over lime
These studies haveelped identify how land tenure, local autonomy, and collective
action may contribute to effective and equitable CFM, but have not tested whether CFM
programs lead to net environmental and s@tonomicimprovementsat national
scales. Somestudiesusemore rigorous evaluations of CFMt they generalljocus
on single outcomes, studying thelationship betwee@FM on either forests?1* or
poverty>1® often at single points inne!"18

We analyseforestcoverchangeand povertyalleviationoutcomes of CFMor
the case ofNepalusing ahigh-spatial resolutionnationatlevel, longitudinal dataset
(see Methods Our study makesthree key advancs. First, we analyseéhe average
effects of CFM at a national scalesinga nearcompletec e nsus 0l832Nepal 6s
registered community forestSecond, we combine these datah subdistrict leve|
national censubasedmulti-dimensional poverty measuré2001-2011) and high
resolution forest cover change dé&28002012) Finally, given the multiple drivers of
deforestatiof® and poverty alleviatiofi, our approachaims toseparateCFM impacts
from otherpotential socioeconomic and biophysitadtorsaffecing the establishment
of CFMthat could also impaébrest and povertgutcomegsee MethodsSpecifically,

we combine statistical matching andnultiple regression analgs to control for



potential geographic economicand politicaldrivers of outcomesit the suldistrict
level. Theseinclude: slope, elevationprecipitation,population density, agricultural
effort, international migration, travel timie marketand populatiorcentresdistance to

80 districtheadquartergresence gbrotectedareas and baseline measures of poverty and
forest cover, as well aadministrativelevel fixed effectsthat control for factors
common to eactistrict such as government investments in education or hdditdse
methods seeto ensure that treated and control groupssardiar to each othét, and
follow established quasixperimental approaches tevaluation of conservation

85 intervention$??%. Our identification of impacts relies omplausibly exogenous
conditionalvariation in CFMs arising from the history of multiple NGOs, government
agenciesand international donorgperatingin non-systematiovays across time and
space(see Methods)We test the robustness of our results with respect to potential
unmeasured confounding variables such as other government programmayHze

90 correlated with CFM (see&ensitivity Analyses in Methods an8upplementary
Information). Our analysisadvancethe literature byi) assedag rigorouslythe effect
of community forests on reductions oth deforestation and poverty alleviation,) (
evaluaing poorly understood tradeffs between the two outcomesnd (i)
investigaing how poverty moderates the success of CFHMl critical link thathas

95 received only limited attention

Severalfactorsjustify our Nepal focusThe country has a lorgtandingCFM

progranme first initiated inthe1 9 7 @ndlsubsequentlgupportedoy key legislative
reforms and substantial internationaid f r om t he | ate 1°$%806s t o
Estimates suggestthat quarter of the countryndre f orest

100 than a t hir d preddominantyerurapapuiatialt Népal 6 s forests
distributed acrosdifferent ecoregions (subalpine high mountains = 32%, temperate
and subtropical middle hills = 38%, tropical l@amds = 30%). The coWLRM r y 6 s
program is large but not exceptionally Severakountries (e.gMexico, Madagascar,
and Tanzania) have similar CFM prografi$:28 and others are developing them (e.g.,

105 Indonesia) Although context may be somewhat differel@ssons frmm Nepalmay
provideusefulinsights for other countries witlsimilar types oforest decentralisation
policies.Importantly relevant government agencies madertéeessary data available
for integration across sources aspiitialscales.

Various complex direct and indirectmnechanismsmay contribute to net

110 reductions irdeforestation and poverty as a result of GRMlepalandother countries
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Under CFM, ommunity forest user grougsinestablish and enforce rules to promote
more sustainable use @iflows of forest resources over timeéheseCFM land use
restrictionscan limit agricultural production, logging, and forest product extragtion
leading to less deforestation, reduced forest degradation, and faster reforestation rates.
Substantial household benefitancome fromthe ongoingbut more sustainahblese

of timber, construction materials, firewood, food and medicinal plants, and also fodder
for livestock and composting materials for agricult®?& Households maglsogain

income directly fromsales offorest products through forelsased enterpriseSuch
revenue streamsan account for as muc i Tdnssonteal f of
instances,communities also use internal levies from forest produotsfund
communitylevel infrastructure improvementsromotinglong-term development and
community benefits. However, both levies arskrestrictions may disproportionally
burden thosenable to afford thefA. In extreme cases, CFM benefits could be captured

by only a few households, failing to reduce average poverty levels.

We first assessed the impact of CFM on deforestation and poverty using
longitudinal data foB8320 f N e p aViladge D&v8loprBent Committees (VDCs,
our unit of analysis Fig. 19, which aresub-district administrative units equivalent to
municipalities in other countrie®We compare VDCs witanyCFM (mean aeaunder
CFM = 13%) with VDCs that are similar inbiophysical and socioeconomic
characteristics but without CFNsee Methodsand Supplementary Information for
robustness tests using treatment allocation threshdfdse than80% of community
forests were established between 1993 and 200&e thus focus on CFM
arrangements establishdxkfore 200Gor our main analysigbut see Sl for additional
analysesf CFM established after 200@ndfor robustness cheskhat support our
main findingsusing additionalforest cover change datand comparisons of poverty
metricg. Our approachusesvariation in establishment of CFMafter controlling for
confoundersdriven by multiple internationald o n or s a mwarking @t® the
government during this period (see Methage Supplementary Fig).

After controlling for @onfounding variables, we fingtatistically significannhet
positive relationships betwee@FM and forest coverchange(P = 0.004 Fig. 1b,
Supplementary Table)land CFM and poverty alleviation (P < 0.00], Fig. 1c,
Supplementary Table)1At the level of individual VDCspur results equate tan
averageof 1.6 hectees deforestatiothat isavoided(S.E.= 0.83) and 20houséolds
lifted out of poverty (S.E= 0.62 between2000and 2012 This compares tanean
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deforestation levels dd hectareqS.E. = 1.0) and povertylevels of 316 households
(S.E. = 6.3 in matched control VDGsmeaning that our results translateat82.6%
relative reduction in deforestatiomnd a 6.4% relative reduction in povertythat is
attributable to CFMOur results are robust to the use of different remote sensing data,
or separate analgs of forestgainand loss (Supplementary Information).

We also assessed whether the area under CFM and the duration of CFM
arrangementaffecteddeforestation angdoverty, by focusing only on VDCs with CFM
arrangements (n = 2138)e find thatlargerCFM area (> 8.3% of VDC area)were
significantly linked toreductiors in povertyamong CFM VDCYP < 0.001 Fig. 1c,
Supplementary Table ZJhis effectis equivalent tdargerCFM area lifting 18 more
households out of povertger VDC than smaller CFMarea (S.E. =0.65). This
compareso 270 poo households in matched control VDCZE. =8.0), representing
a relative poverty alleviatiorof 6.8% in VDCs with larger CFM areaSimilarly, a
longer duratiorof CFM arrangement@nean establishmeduration> 3.4 years)edto
significant reductios in deforestation (P = 0.@)1 and poverty (F< 0.00]. These
effect are equivalent tol.2 hectares o&voided deforestation (S.E. = 0.34nhd 4
households fted out of poverty (S.E. = 08). This compares toneandeforestation
levels of 5.1 hectares (S.E. = 0.78) and poverty of 288 households (S.E) in7.
matched control VDCgepresenhg a 24% relative reduction in deforestation and a
4.8% relativereduction in povertyn VDCs with longer duration CFMrrangements
These resultsuggest that greater benefits result from lofigen investments and
larger areas committed to decentralized CFM.

Reductions in poverty can bdriven by environmentally degrading natural
resource extraction (e.gsustainableagging) We, thereforeanalysedvhetherCFM
| eads -wionoofcamesto understand whether impacts on deforestation and
poverty alleviationtrade off To do so, we constructed a thHtegel ordinaloutcome
variable,defining VDCs with lowerthanthe mediandeforestation and high#énanthe
medianpoverty alleviation ratea s Awv i moiicome®° (Fig. 2 seeMethods. We
find that among matched VDCs, those with CRBH58% higher probabilityof being
linkedto A wwn mutcome relative to control VDCshaseline wiawin probability
29% P < 0.001, Fig. 2b, Supplementary Tableahpa 38% lower probabilityof being
linkedtoil | d soep@ammes relative to control VDCgbaseline losdéose probability
37%). Similarly, we find thatamang matched VDCsthose withCFM arrangements
that had been in place for londead a5.6% higher probabilityof being linked o A wi n
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w i ouicomerelative to control VDCsl{aseline wirwin probability25%, P = 0.0185,

and10% lower probabilityof being linkedt o A locsseed out comes r el

VDCs (baseline loséose probability 26%Supplementary Fidl, Supplementary Table

2). The abovemediandeforestation and poverty alleviation values are conservative

classificaniindcans.dd Nwili nhdate the efihect

outcomes we also analyseddifferent i wiwn ntliresholds (upper quartes) a

continuous joint outcome index, addtasets generated using decile deviations from

median forest cover change and poverty alleviation vatuestablishwhether outliers

influenced ourresults (Supplementary Informationi) all robustness checlgd to

similar resultsThese results build on recent efforts that evaluate either forest or poverty

outcomes of CFN#131518 and suggestthat CFM has jointly improved social and
environmentatonditionsin Nepalin the most recent decade

Finally, weinvestigatechow baselingpoverty moderates the effectf CFM on
forest and poverty outcome3his analysisis important becauséhe majority of
community forestsn Nepalhave been established liesspoor VDCs (Fig. 3b and
Supplementary Fig. 2Among matched VDCs, & find thatcommunity forests in
VDCswith higher levels obaselingpoverty (200) have a lowereduced deforestaitn
effectcompared taaommunity forests in VDCs with lower levels of baseline poverty
(P < 0.001, Fig. 3a, Supplementary Table. These results suggest that new CFM
established in poorer areas likely reqgsiradditional support to minimize
socioeconomic and environmental traufés

Our analysigontributes to crucial debates in the literaturditging thatCFM
has contributetb lower deforestationevelsand povertyalleviationthroughone of the
wo r |ladgéss and longest standing decentralised forest management progtamm

es
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The magnitude of socioeconomic and environmental benefits that we observe are

similar to those attributable to other fordsased conservation and development
interventionsin other countriessuch as payment for ecossist servicesn Mexico™,
and have the potentiéd be selfunding in the long termAlthough our results are
specific to Nepal bés case and similar

contexts, our findings indicate the potential for CFM as a conservatidpoverty

alleviationstrategyby estmating the specific impacts of CFM on forest cover change

and poverty alleviation
Communitesnanage an i ncreasi ng globalyyet
assessments of CFM outcomes geographically skewed towards South Asian

of
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studies. Social and environmental data anereasingly available at higher temporal
and spatial resolutions, anatéire work shouldhuscontinue to estimatifelargescale
joint social and environmentalutcomes of CFM programmes in other countriést.
largescaleanalysedocusing on average treatment effestech as the one we present
here, also potentially mask variatisnn outcomes: CFM has not led to uniform
reductions in deforestati@nd povertyfFigure 2a)We find that baseline povergvels
significantly affected CFMiuse efortsishould y
continue seekin@ better understanding ofther factors drivingvariationin CFM
impactsboth across andithin community forest user groups.

Unlike programmes in Mexiédor Madagasaa?, community forestryn Nepal
has mainly not been managed for commercialarkets?, but there is still great
heterogeneity in CFM arrangements Nepal and some communities have raised
substantial revenu&uture analyses shoutbusalso use more detailed household data
to understand how market forcesdarmommercial forestry influencdvelihood
decisions an€FM outcomesGiven the complexity of&forestation and reforestation
drivers and patterns, future analyses would benefit from investment in detailed CFM
boundary data and improved land cover monitofingluding forest degradation)

Finally, decentralised forestry programmsstweer® and within countries®
(including in Nepa) vary substantially in remit andovernance structurekat can
substantially affect social and environmental outcomes. Futoiie shouldpay closer
attention to understanding hadifferentvariants of decentralized forest management
(and which aspects of differendajluence outcomes critically important analytical
horizon concerns hoyn terms of effect sizeg)ecentralised regime&®mpardo more
centralized formsof forest managemensuch as national or even supranational
protectedaread’, other policy interventions suchs sustainability certification or
paymens for ecosystemservice®3, as well as broader soci@conomic and
demographic shifts (e.g., international migratiamich have also been linked to
substantial changes in livelihoods and langer®.
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Methods

260 Our analysis religon the construction of a longitudinal dataset uginiglicly available
global and nationalevel datasetsand a series of statistical analysesg variation in
CFM conditional on multiple controls to estimate impadsiditional robustness
checks are available in the Supplementary Information.

265 Dataset

Unit of analysis. Previoussimilar studies ofimpact estimations have predominantly
used spatially explicit datasets on the interventions being assessed (e.g., protected
area$® or land tites)). Suchas pati ally explicit dataset dc
>18,000community forestsFurthermoredata for many other variablesincluding
270 poverty estimates andther data derived from the national censuscan only be
compiled at the level of individual VDC&Ve therefore use/DCs as our unit of
analysis We compileddata on3 8 3 2 o f 39RBeVpGslidérgified by an official
VDC-l ev el shapefile from Nepa&hiéeurabDadygesa r t me n t
cannot account for intreDC variation, our sample is sufficiently large identify
275  statistical relationships. Nothat we excludedl41 VDCs from our analysisncluding
129 VDCs not sampled in the 2001 census due to the armed cofffiabist
insurgency) and 12 VDCs where the area under reported CFM was greater than the
total area of the VDCIncluding thel2 additional VDCs as a robustness chexade
no substantive differences to the results from our statistical analyses or to the

280 conclusions drawn from them

Outcomes
Forest cover changeWe used the higitesolution forest cover change datase031.
to assesshangs in the amounof forestedarea (forest cover changeg¢tween 2000
285 and 2012This dataset measures stand replacertient forest presence or absence
and does not include measures of degraddtien forest quality) Measures of tree
coverloss and treeovergain are available as separd#ta files: ® generate a measure
of net change we first calculated the number of hectares lost and gained in each VDC
and then expressed the difference between the two as percentages relative to baseline
290 forest cover.Our masure of forest coverchange clustered around zero with high
kurtosis andwe used a Lambew t r ansf or mati on to correct t
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and reduce the influence ofitliers'’®. Average narginal effects were calculated using
backtransformed valuedVe conduct a series of robustness tests using the individual
forestgain and loss datasets)dwith an additional forest cover change data produced
by thelnternational Centre for Integrated Mountain Development (ICIMOD) in Nepal
(Supplementary Informain). Results from these tests all support the findings from our

main analysis.

Poverty. The NepaRk001 and 201hational census is the onlgpresentativeational
household surveythat we are aware of, thatan be used to generateuntryscale
longitudnal measures of socioeconomic variables at the level of individual VDCs (our
unit of analysis)We use datérom bothcensussto generate poverty meassfer our
analysis. The census does not caontausehold income or consumptiestimates
which areoften used to measure poverty. Howevengrty is increasingly considered
a complex and multidimensional concept encompassing wliarensionsthan the
traditionally used measures bbuseholdincome and consumptiéf?. We usethe
Alkire and Fostemethod?® to generate multi-dimensional poverty index (MPI) that
is similar to the global MPI generated twe Oxford Poverty and Human Development
Initiative (OPHI). L i k e  Qrfeléx] odr®PI includes health, education and living
standardsdimensions although individual indicators differ slightly dut data
availability. We gave equal weighting to thtaree dimension$33.3%) and equal
weighting to indicators within eactimension(8.3% or 16.6%, depending on the
numberof indicators in each dimensianjVe reated missing data in the same way as
Alkire andSanto&",

Thehealth dimensiomcludedi) child mortality, measureds the proportion of
householdexperiencinghe death of one or more childréagedO5 years) andii)
premature mortality, measured as the proportion of houseletdsriencinga
householdleathbelow the period life expectancy

The education dimensionncluded i) school attendance, measured as the
proportion of households witht &ast oneschootaged child (aged 616 year$ not
attendng school, andi) years of schooling, measured as the proportion of households
with at least on@ersonaged 11 yearsr older, with less tharb yearsof schooling.

Theliving standards dimension included the proportion of households 1)sing
dung orwood ascooking fuel, and the proportion of househdlasking access to)
electricity, iii), clean water gccording toMillenium Development Goals (MDGS)



guideline® and wused by t he) @fi) iingroved Isamitatioh  MP |
(according to Millenium Development Goals (MD@giideline€and used by OPHI
global MPI)
We calculate the incidence, or head count rakip, of poverty in each VDC
330 and use this measure in our principal analyéig. follow the method proposed by
Alkire and Fostef®: we aggregate indicators at the household leared define a
household abeing poor if the sum of weighted indicatawgthin or across dimensions
(k) is equalo or larger than 33%. Wethen calculate the incidence of poverty in each
VDC relative to the total number of households sampled in each célisusse the
335 incidence of poverthecause international donmsmmonly use the number of people
benefiting from an intervention as a key performaimctcatof®. However, we also
computea combined measure of incidence and intendity)® as a robustness test
(results are equivalerggeSupplementaryable9). To calculatéMo, wefirst geneated
a householdevel intensity measuréy summing up the number afdicators that a
340 household was deprived in aniden dividing this number by the total number of
indicators N = 8; Health dimension = 2, Educatidmension = 2, Livelihood standard
dimension = 3. We then calculated the average intensity of povertaain &DC @),
and calculatedlo asH*A.
We measurd levels ofpovertyat baselineZ2001), which weused as a covariate
345 in our analysigsee below)and changes ipoverty betweer2001- 2011, which we
used as one of our principal outcome variabWWe assess whether our measige
reflective of household consumptias avalidity check bycompamg District-level
measures of ol2011MPI (H) to adistrictlevel consumptiorderived povertyndex*’
generated by the World Bank aNce p aCleniral Bureau of Statistiesing data from
350 the 2011 Nepalivelihoods Standards Survey (NLSSPhe indices were highly
correlated(r = 0.8, N = 75, Supplementary Figl7) suggesting that ouMPI is

reflectiveof household consumption.

Win-Win outcomes.We use the approach used Bgrsha et a and Chhatre and

355 Agrawal to construct a thregevel, joint outcomeordinal variable. We use median
deforestation and poverty estimates asaffs between levels. We defindDCs with
lower than the median deforestation and higher than the median poverty alleviation
rat es -waisn ofi woi unt ¢ o .nMveslefifeVWDICg with tdgher than the median
deforestation and lower than the median povarty| evi at41 oseas ofit osmes
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and the remaining two deforestation and poverty alleviation combinations as
it r ad ®ledsd refér.to the Supplementary Information for robustness checks

related to this definition of joint outcomes.

Treatment

Community forest management.CFM can lead to reductions in deforestation and
povertythrough severatomplex direct and indirechechanismsFor example,ights

to land and resourceand the autonomy to make resource management decisions
promote collective action and the desigmestablisiment and enforceent of local
resource managememtiles®. Forest dependent householdan gain substantial
commercial and subsistence benefits from forests in the ddbtimber, construction
materials, firewood, food, and medicinabntg®, and also fodder for livestock and
composting materials for agricultdfé®. The implementation and enforcement of local
management rulesan lead to more equitable and sustainable management decisions.
In some instancespmmunities also generate commuséyel income streams to fund
communitylevel infrastructure improvements (e.g., schools and health posts) by
establishing internal levies for forest products (note that although levies can contribute
to broader benefitthey can disproportionally burden those unable to affoed??).

More sustainable forest managemecd&n enhancesoil fertility, agricultural

productivity, livestock production, and commercialisation of forest products through

forestbased enterprises th@an account for as much as half afthousehol dés

income&®<, CFM livelihood benefits codlbe reflected by better health and educational
outcomes (e.g., through better food and nutritional security, and financial solvency to
access healthcare and education), and investments in living standards improvements
(e.g., improved access to electrigianitation, and water), which are often the focus
on international donor funded projects in Népait thesame timeCFM management
rules can lad toland and resourceise restrictionsand subsequent reductioims
agriculturalexpansionlogging, and forest produeixtractiori®. Similarly, livelihood
improvements can reduce forest dependence. More sustainable forest resource use and
livelihood improvements, either in combination or &a@n, canthus lead to less
deforestation, forest degradation and faster reforestation rates.

For each VDC, we used the information heldinNe@le par t ment of
database on community forest user groups (CFUGS) to calculate i) the area under CFM
(relative to VDC size), and ii) the mean numbers of years since CFM arrangements

For



395

400

405

410

415

420

425

were set in placaVe excluded CFUGs with missing dataVRC location, amounof
areaunder community forest managemeunit establishmentates Our final sample
includedinformation for96% of all CFUGs held in the databad&,{35 of 18,321
CFUGS. Some CFUGs held in the database might no longer be active. It is thus
possible that we might be considering some areas as treated which effectively are not.
However, this shodl bias our results towards finding no effect of CFUGSs, rather than
biasing the results towards the conclusions that we make.

We usél the information from the database tmonduct several analysdsrst,
we compare forest and poverty outcomes in VDCs with and without CFM. Wiatzse
from community forests established prior to 2000 for our main analyses
(Supplementary Table because) as many a80% of all CFUGs were established in
the rurup to 2000 - our baseline yeaOur estimates thus peesent impacts due to
CFM betweer?20001-2011/2 ii) becaus€CFUGswere established in only 512 VDCs
after 2000, and iii) because sagnificant umber of community forests our final
samplg(3341, equivalent t88% of all CFUGsestablished after 200 ereestablished
after 2006, and perhaps toolose to the end of our study period (withiryéarsfrom
the 2011 national census andy@ars fromthe high-resolution forest cover change
datasetjo observe significant gains in forest cover and povertyiatien. We conduct
two separate but parallebbustness tests. Our fitsistusesdata on community forests
established after 2000his analyss daes not suffer from potentiafeedback from
treatmento controlvariablesandcorroborateour results (Supplementary Talii@). In
our second test, we iteratively increase the area under CFM to assign treatment VDCs
(10, 15, 20 and 25% of VDC areader CFM) Doing so provides sharper distinctions
between agas with CFM and those without (reisufrom this robustness test support
our main findings).

Secondye analyze the effect of the area under CFM and the duratiGfM
arrangements using the subset of VDCs that established community forest® prior
2000 We create two sef binary treatrmant variables one for CFM ara and one for
CFM duration- that we use for our matching ppeocessingWe use median values
(8% of VDC area under CFM, 3.4 years since the establishment ofa@i@éhbements)

to generate equally sized treatment and coghalips

Matching Covariates
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There are a range diiophysical and socieconomic covariatethat canpotentialy
influenceCFM (selestion into the treatment) and our two outcome varigbtésand

we control for these in our analysis in both our matching and subsequent regression
analysis.Our selection is based on known driverSakst cover changg®, factors

known to affect poverty outcomes of conservation pofféjesmdvariables thought to
influencelocations ofCFM identified as part of a global systematic review of CFsl

well asNepaltrelated reporfs:2

Area. Area size has been previously associated with poverty outcoihn@stected

areas?

Baseline forest cover We expressed baseliferest coverin each VDCas the

proportion of forested area in 2000.

Baseline poverty We use our 200éensusgenerated/P1 to control for baseline levels
of poverty. We also examirtae moderating effecif baseline poverty on community

forest managemenising a baseline poverty and treatment interaction term.

Slope and elevationWe used the ASTER DEM2% to calculate meaglevation and
slope in each VDC becaukethcan affect agricultural suitability, forest dynamics, and

livelihood decisior?*

Precipitation. Agricultural production and forest dynamics are affected by
precipitation. We used the WorldClim current precipitation (vIiL€50 - 2000

dataseP to assess mean precipitation levels in individual VDCs.

Population density. Resource overexploitation has been linkeddpypation pressure
andcandrive rural migration patternas people seek less degraded &Ped@s control
for this and urbanization, we includereeasureof baseline population density (2001)

in each VDC usinglata fromNepab sational census

Agricultural effort. Agriculture is aprincipal driver of deforestation arldnd-cover
change globally*®. We use the 200mational cesusof Nepalto generate a baseline

measure of agricultural activity, which we expressed as the total number of months
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dedicated to agriculture by above school age household members (> 16 years), divided

by the number of sampled households in each VDC.

International migration. Nepal has high rates of international migration and
remittanceghat have had substantial effects on livelihoods and fomat?” . To

control for the effects of international migratie use a proxy for remittance income

data from the 20Dnational censusf Nepalto measure the proportion of households
within each year with at least one or more household members above school age (> 16

years) living abroad

Travel time to population and administrative centers Access toservices (e.g.,
technical assistancaharketsandnodes of transpodaninfluence livelihood decisions

and landuse patterrS. Wemeasure travel time tagdrict headquarters and population

centers witf©10,000 and50,000 inhabitants by adaptihgh e Eur opean Co mmi

Joint Research Centr eos algaitRn®)andtconiniegl t i
that with N e p aSurdey Departments road daaadt h e J R C dasd cgvero b a |
datasef. We usedhe ASTER DEM v2! to compute elevation and slope correction

factorsandused VDC centroids as points of departure fooaticalculations.

Administrative areas. Districts are the administrative level above VD& have
significant decisiormaking autonomy Most donorfunded interventionsand
government programmeare implementedat this administrative leveland some
Districts werepar t i cul arly affected by the Maoi
early2 0 0. We included Districasa dummymatchingcovariae and fixed effect
in our postmatching regressioto controlfor these and othggotentiallyunobserved

factors that arékely to be common to specifidistricts.

Protected areasVDCs inside protected areas andfbukzones are likely to be affected
by different natural resource management legislation, state fuldidgourism. We
use the World Database on Protectedas® to identify VDCs inside protected areas

and buffer zones and included a dummy variable to control for these effects.

Analysis
Matching preprocessing aml regression analysis

me

st

S
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We useda statisticalmatchingand regressiompproachto estimate therelationship
between community forest management, emanges iforestcoverand povertst*°
Our approach estimasampacts using conditional variation in CFM between \é{DC
within the same districafter controlling for confoundersee below. We usea form
of propensity score matchinggtimal full matching that isparticularly well suited for
balanced datasets (such as dif$) Postmatching regressionesultsof our three
treatments (presence, size and duratewa)shown in Supplementary Tables 1 and 2.
We usedR®? for all our statistical analysesdt h e fi M@atkage?® fort oar
statistical matching We assessedcovarate balance before and after matching
consideringa postmatching standardized mean difference of < 0.25 as an acceptable
propensity score and covariabalance between treatment and controls grSups
Matching significantly improved the balance between all treatment and control groups
in the various datasets used in ourlgsia (Supplementg Figures 37 Supplementary
Tables 37). However, becauseaiching approaches cannot provide perfectly balanced
datasetswe alsoincluded all matching covariates in our subsequent linear and ordinal
regressiongi.e. a full model)to control for any remaing differences between our
treatment and control groups.

We estimate predicted levels nét deforestation (in number of hectares per
VDC) and poverty alleviation (in number of households lifted out of poverty per VDC)
in thepresence andbsence o€FM, among the/DCs where CFM existS'he mean
difference between thegeedicted values equivalent to the Average Marginal
Effect. We report the standard error of these estimates as a measure of the uncertainty
in those estimate$Vealso report how thse effects compare to the mean deforestation
and poverty alleviation values in control VD@spressingheseeffectsin percentage
change termsWe calculateheteroskedasticityobust HuberWhite) standard errors
using the fArobcovpackdg8incti on in the f@Ar msbod

To assess the moderating effect of baseline poverty on CFM, we include a
treatment (CFM prior to 200@r our main analyse§FM after 200Cor our robustness
tes) and baseline poverty interaction term (Supplementary TablesOanib control
for nonlinearity of the effect of baseline poverty we also include a squared baseline

poverty interaction term.

Identification strategy
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A key assumptiorio establish causal inference based on our metisoitist,
once confounding factors have been controlled for, treatment allocatibrais i f 0
random.We believe this is a plausible assumpiioour case because of the history of
CFM establishment within Negaf®. Over the past thirty years, international dos
have contributed more than US$ 237 million to support community forest management
in Nepal, with an additional US$ 8 million in funding provided by the government of
Nepal.A rapid increase in CFM occurred after the passage of the 1993 For&stPAct
which established formamechanisms for devolution of power to CFUG®NDr
supported programmesargeteddifferent (but sometimes overlapping) areas of the
country throughout this peridtl Efforts spread mainlyn the middle hills, which had
historically experienced large amounts of deforestatiwom our discussions with
international donor agencies, areas for interventiggreoften selected on the basis of
programmepriorities (e.g. more development focused or more environment fogused)
and he process ohpproaching villages depesdion somewhat random factossich
as whether stafbf implementing agenciesad contacts in particular villages. The
government of Nepal also experienced considenadligcal instabilityand changes in
priorities throughout this entire period. This externally driven, decentralened
uncoordinategrocess of CFMsupportcreates a plausible source of variattbat is
uncorrelated with CFM conditional on included controls

We attempt to control and test for the ways in which these interventions could
have been systematmr systematically correlated with other important drivers of
outcomesGiven that CFM has often been led by motivations to address historically
high deforestation rates particularly in the middle hills, we include matching
covariates related to deforestation rates, such as slope, elevation, and distance to market
centresWe have similarly included covariates that might influence the targeting of
community forests, including access to district headquarters, and baseline estimates of
poverty and forest cover, which have been an emphasis of-tlorded programmes.
We include District-level fixed effectsto control for unobservable timiavariant
factors common to eactiistrict, such as high levels of migration, urbanization or
impacts of the Maoist insurgency (although note that some prior research suggests that
community foest user groups were resilient to theurgenc§?). We also conduct a
seriesof additionalrobustness checks that support our core findings (see Supplementary

Information).
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We test that the conditional treatmepresence, duratioaf, and area under
CFM arrangementgjoesappear to beandom and that our posinatching regression
models do not suffer from spatialitocorrelationWe do so byconductingMor an o6 s |
spatial autecorrelation tests, angerformingvisual inspections of spatial distribution
patterns of regression residuaad variogramsVe u s e t Ipazkadgesign alie p o
Mo r an 6 sandt htee Sidgckagéto generate variograms.

To test for spatial autgorrelation of ourtreatment variablesve model our
treatment variable as either a null mo@el = 1), or as a function of our matching
covariates. Mese latter models are equivalent tboseused to calculate propensity
scores As expected, we observe distinct spatialpattern before controlling for
covariateshighlightinga higher likelihood oCFM in the middle hilsMor andés | t est
and visual inspections of model residual distributions and variogshms thatthe
spatial autecorrelation of our treatment variabledecreased significantly after
controlling for our matching covariates, and that the spatial distributidheothree
treatment variables (presence, area, and duration of @E&t) in our postatching
regressionss close to randor{Supplementary Table Supplementary Figures 8).9
Spatial autecorrelation tests of our poestatching regression models also show no
spatial autecorrelation (Supplementary Tabe Supplementary Figuredd-15). We
interpret the results of these testscassistent with the assumption that remaining

sources of variation in treatment are plausibly exogenous.

Sensitivity Analyses

Since our identification strategy relies on assumptions about the process of CFM
establishment that are untestable, istil possible that important confounddesg.,

other interventions or government programnresjain.We thus perform a series of
hidden bias sensitivity analyses our principal model$o determine the potential
importance of unobserved confounders for oesuttssWe use the ficausal
packag®, which has the additional benefit over other sensitivity approaches (e.g.,
Rosenbaunmbound®) of being able to determine how hidden bias alters both the
magnitude and direction of causal estimafassults from these sensitivity analyses
(Supplementary Figurel)-15) suggest thatio reduce the average treatment effect to
zero,nontmeasuredonfounders would have to explain at least as nvaciation or

substantially morethan the median variaticexplained bymostmeasured ogariates
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Together with ouspatial autecorrelation tests (see above), we interpret these results

as suggesting #t our models are moderately to strongly robust against hidden bias.
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Figure 1 |Distribution of community forests in Nepal andmeanpostmatching differences

in forest cover changeand poverty alleviation due to community forest management
arrangements ac, Area under community forest management in the 3823 Village
Development Committees (VDGsour unit of analysis) included in our sample. Ha¢a are
presented as deciles. White areas represent excluded VDCs and hashec:pesant
protected areas and buffesnes(see methodgjg). Postmatchingdifferencesn forest cover
changegb) andpovertyalleviation(c) comparing VDCs with (T = Treatment) and without (C

= Controls) community forests (CF), and VDCs with large (T) and small (C) amounts of area
under community forest management, as well as VDCs in which community forest
management arrangements have begidece for long (T) and short (C) duratiorfizstimates
were generated using predicted values used to estimate marginal effettsaimdiicateost
matching linear regression resultsat are significantly different from zef®upplementary
Tablel). ** P < 0.001, **P < 0.01, *P < 0.05.
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Figure 2| Categorization andpercentagemeandifferencein the likelihood of outcome for

all different joint outcomes as function of presence or absence of community forest
management. ab, Median unmatched forest cover change and poverty alleviation values were
used to generate an ordinal variable categorizing jointwiin(blue), tradeoff (yellow) and
loselose (grey) outcomgg). Areas with community fore¢T) were 57.9% more likg to lead

to win-win outcomes an@8.1% less likely to lead to losese outcomeshan areas without
community forests (C)Joint outcome logit coef. = 0.344, S.E. = 007R < 0.0001(b).
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(purple ling and frequency density plot of baseline poverty (blue line and, ateaying that
community forests are more likely to occur in less poor af@ad.ikelihood of community

forest management arrangements correspdodmatching propensity scores. Both the
predicted probabilities and frequency densities were calculated using the unmatched dataset.
Lines and 95% confidence intervals (shaded areas) were generated using a LOESS smoothing

function.
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Supplementary Information

Robustness tests

We conducted sevalrrobustness tests to confirm the validity of our principal results
that community forest management has driven joint reductions in both poverty and
deforestation.

We first separately analyze théorest loss (deforestation) and gain
(reforestation)ayers of the highesolution forest cover change dataski*. Both
datasets were negatively skewed and were log transformeddtysig0.1 was added
to all values to account for OWhile there wereno postmatching differences in
deforestation b&teen Village Development Committees with and without Community
Forest Management (CFM) (Coef. = 0.07, SE = 0.04), we find that CFM VDCs had
significantly higher levels of tree cover gain than VDCs with no CFM (Coef. = 0.22,
SE = 0.04, P < 0.0001Yhese rsults corroboratéindings from our netforest cover
change analysis.

Further, \alidating global remote sensing products like vi$.6hallenging’-°.

We, therefore,use an additional Landsderived forest cover change datédset
generated by #ninternational Centre for Integrated Mountain Development (ICIMOD)
in Nepalto confirm that community forest management has led to positive forest
outcomes.Classification accuracy for the ICIMOD dataset ranges fron83%,
depending on forest typ@aseline (2000) forest cover estimatasthe v1.0 and
ICIMOD datasetsrehighly correlatedr(= 0.90.

Supplementary Figure aénaps the difference between the v1.0 and ICIMOD
datasets to show the spatial pattern at the VDC level. To the extent thas thepatial
pattern in the data, it suggests that the ICIMOD dataset underestimates deforestation in
parts of the middle hills and overestimate deforestation in the tropical lowlands relative
to the global forest cover change dataset v1.0. These spatigrns could be
attributable, at least in part, to inherent large ecological differences between forests in
the two region&, and the way in which both remote sensing efforts categorise forests.

To understand how this may affect our results, we examined the spatial pattern
of the differences. Differences in cover change estimates, calculated as the proportion
cover change estimated usihgh-resolution forest cover change dataset \1tBe
propation cover change using the ICIMOD dataset not spatially autoorrelated

when calcul ated across the entire dataset



P = 0.21, n = 3832Critically, these differences are uncorrelated with the regression

865 residuals of the model used to estimate the propensity score of our main treatment
variable (r = 0.002), and a peasitatching regression shows no significant relationship
between the presence of community forest management and differences between
datasets (Gef. =-0.0005, S.E. =0.0007, P = 0.52). This suggests that these differences
are unlikely to bias our results.

870 However, the differences between datasets cluster around zero (Supplementary
Figure 16b) and approximately 73% of VDCs fall within + 0.05 frtdma median
difference {0.02) between datasets (Supplementary Figure WéeXhus also conduct
a spatial aut@orrelation test for a subset of the data falling within = 0.05 from the
median difference between datasets. Results using this subset shgigéiterences

875 between forest cover change estimates are spatiallycautelated in a substantial

1
o
[ERN

proportion of our dataset ( Moranods |
2816). These differences remain uncorrelated with the regression atsafthe model
used to estimate the propensity score of our main treatment variableé. Q25), and a
postmatching regression also shows no significant relationship between the presence
880 of community forest management and differences between dataeefs%£-0.09, S.E.
=0.09, P =0.33).
Ultimately, these differences highlight the need to corroborate our principal
findings: that community forest management is associated with significant reductions
in deforestation using the dataset generated byMCID. Results from a poshatching
885 regression using ICIMOD forest cover change estimates instead ofltBalata,
confirm that community forest led to significant positive forest outcomes (Coef =0.110,
S.E. =0.048, P = 0.022, Supplementary Figure 7, lBopmtary Tables 7 & 9). Pest
matching regression residuals do not exhibit spatial-autor r el at i on- ( Mor an
0.002, Standard deviate = 0.32, P = 0.75, Supplementary Figure 11a, b), and our results
890 are moderately to strongly robust to hidden bias (#mpentary Figure 11c, d). These
results confirm that our main findings are not dependent on which dataset is used. This
is likely due to the fact thatup analytical approach uses biophysical conditions,
including elevation, slope, and precipitation thi eherently different between the
Terai and Middle Hills, to select matching treatment and control units that capture these
895 key differencesNote that neither of the products we use here use the Nepal Forest
Resource Assessment definition of forests,chis s i mi | ar t doresthe FAOBOG

definition, andclassifies forests as areas thatix®0.5 ha in sizgii) > 20 mwide,
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iii) have > 10%canopy cover, iv) tree heights afn5at maturity.The use of a remote
sensing product that uses FAO forest definitions would provide results that are more
easily comparable to those generated by the Nepal Forest Resource Asgéssment

For our secondset of robustness testsve first focus on VDCs in which
community forestsvere onlyestablished after 2000 to evaluate the effedcTieM on
deforestatiorand poverty(i.e., we knowthat for these sites treatment, CFdtcurred
in between our measures of forest/poverty anthsese analyses do not suffer from
potentialeffects of outreatment variable influencing baseline vaju#ésnong matched
VDCs, we find that those with CFM had less deforestation and significantly more
households moving out of poverty (Supplementary Tdlfle While the effect on
deforestation is not statisticallignificant (although note the strong impact GFM
duration which suggests this analysis is less likely to pick up significant reswis)
find a similar moderating effect of baseline poverty on deforestation, with CFM in
poorer areas avoiding signifintly less deforestation thaFM in less poor areas.
Furthermore, we find a similar bias in where community forests were estabhgtie
poorer VDCs being less likely to have CFM arrangements (Supplementary Figure 2).
Given that a significant number ¥DCs were established within six years of the end
of our study period for deforestation and that the sample size of VDCs that established
CFM after 2000 is substantially smaller than VDCs established prior to, 2690
interpret these results as confirmihgse of our principal analysis.

We also iteratively increase the areas under CFM to assign our treatment. We
use 10, 15, 20 and 25% of VDC area under CFM as thresholds, which provides a sharper
distinction between areas with and without CFM. Since weaddind effects of CFM
area on our measure of forest cover change (Fig@egdplementaryable 2), we focus
this robustness test on our measure of poverty. We find that increasing the treatment
threshold increases the effects size of CFM on our poweertigome(Supplementary
Figure 17, Supplementary Table 11)

For ourthird set of robustness tests wese several different approaches to
confirm that community forests management led to joint positive outcdmes|
instances these robustness testsfirm that CFM leads to joint reductions in
deforestation and povertlirst wet i ght en our e foidcomeandn of v
use the upper quartiles of forest cover change and poverty alleviation in our unmatched
dat aset to genewiahe, olrr ad-lofmfad @Hmmiindblbsee
our main analysis focusing on mediasgenerate thresholdee find that among



matched VDCsCFM waspositively and significantly associated withint positive
outcomesl(ogit coef. = 033, S.E. = 0.079P < 0.@1, Supplementary Tabl&2).
Second, we@eneratd a joint forest cover change and poverty alleviation index
935 using a Principal @mponent Analysis (PCA) and ust first principal componeiats
our index. The first principal component explairshnd53% of the variation among
the two outcome variablg$orest and povertyin both ourunmatched andnatched
datasetsespectivelyand was highly correlated with both variables (r =2Gaf our
unmatched daset andr = 0.72 for our matched dataset). Again, among matched
940 VDCs, those with CFM were more likely to lead to positive joint outcomes (Coef. =
0.16, S.E. = 0.026, P < 0.001, Supplementary TaB)e
Third, we performed a sensitivity analysis to assess whether the eff€éé&-M
onour median values generated ordijoait outcomemeasurevas due to the effect of
outliers. To do so, wean a series of iterative matched regressions on consecutively
945  shrinking datasets generated usidecile deviations from median forest cover change
and poverty alleviation values (Supplementary Figl® We find that among
matched VDCspur resultghat CFM leads to positive joint outcomedd if more than
70% of our dataset is retained (SuppleraeniTable #).
Nepal can be divided into distinct ecological zones that run North to South
950 (High mountains, Middle hills, and Terai) and was until the 2015 constitutional change
subdivided into five distinct development regions which ran from West to IBasir
main analysis we control for climatic and biophysical changes by including altitude,
slope and precipitation measures for individual VDCs and control for possible effects
of differences between District, whitlave been responsible for coordinating work
955 of international donors, field agencies and government ministhresour final
robustness test we also include ecological zones and development regions as covariates.
Results from our poshatching regression yield almost identical results éselof our
main analysis (forest cover change coef. = 0.016, S.E. = 0.006, P = 0.004; poverty
alleviation coef. = 2.0, S.E. = 0.35, P < 0.0001). We also run a model in which we
960 replace ecological zone (longitudehd development region (latitude) with VDC
centroid latitude and longitude coordinateesults from these analgsare also similar
to those from our main analysis (forest cover change coef. = 0.023, S.E. = 0.006, P =
0.0002; poverty alleviation coef. = 1.3, S.E. = 0.36, P = 0.0004).
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Supplementary Table 1 | Average effectsof forest cover change and poverty reduction

across all Village Development Communities (VDCsS3s a function of community forest
management arrangements established prior to 2001

No Interaction Interaction Squared interaction

Before Matching
(T=2138, C=1694)

After Matching
(T=1960, C=1468)

Forest cover change [2000-12]8
Treatment: CF [Yes]

Poverty [2001]

CF [Yes] * Poverty [2001]

Forest loss (ha, controls)
Average marginal effect (ha)
Relative difference (%)

[Adjusted R?]

0.011 (0.008) [0.008] 0.016 (0.006)** [0.005] 0.078 (0.017)*** [0.015] 0.052 (0.011)*** [0.009]

0.004 (0.020) [0.002] -0.021 (0.021) [0.020]  0.037 (0.026) [0.027]  0.015 (0.022) [0.023]
-0.10 (0.028)*** [0.025] -0.093 (0.025)*** [0.021]
-5.0 (1.0)
1.6 (0.83)
-33
0.29 0.32 0.32 0.32

Poverty alleviation [2001-2011]
Treatment: CF [Yes]

Poverty [2001]

CF [Yes] * Poverty [2001]
Poverty alleviation (HH, controls)
Average marginal effect (HH)
Relative difference (%)
[Adjusted R?]

2.5 (0.46)*** [0.049]
47 (L.1)** [1.4]

2.0 (0.35)*** [0.36]
53 (1.3)** [1.5]

1.4 (1.1) [0.98]
53 (1.6)*** [2.0]
1.0 (1.7) [1.8]

2.0 (0.71)* [0.68]
40 (1.4)* [1.8]
0.73 (1.6) [1.7]

316 (6.3)
20 (0.62)
6.4
0.44 0.48

0.48 0.43

Joint outcome (ordinal)
Treatment: CF [Yes]

Win-win prob. (%): treat. (controls)
Relative difference (%)

Tradeoff prob. (%): treat. (controls)
Relative difference (%)

Lose-lose prob. (%): treat. (controls)
Relative difference (%)

Residual deviance

0.25 (0.095)** 0.34 (0.071)
31 (19)
58
46 (44)
6.6
23 (37)
-38
6816 6095

Values outside parentheses represent regression coefficients (average treatment effects); values in parentheses represent naive
standard errors; values in square brackets represent Huber-White corrected standard errors

970 SPercentages of forest cover change were transformed using a Lambert W function.
***P < 0.001, **P < 0.01, *P < 0.05
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a 1004 Tradeoff
[CF =238 : no CF = 262]

Win-win
[CF = 272: no CF = 246]

Percent poverty alleviation [2001-11]
Relative mean difference in likelihood of outcome (%)

Lose-lose
1004 [CF =250 : no CF = 250]

Tradeoff -10 T
[CF =289 : no CF = 220]

1.0 0.5 0.0 0.5

! Win-win Tradeoft Lose-lose
Percent forest cover change (transf.) [2000-2012]

Qutcome

Supplementary Figure 1 | Categorization and percentage mean difference in the
likelihood of outcome for all different joint outcomes as function of duration of
community forest management. &, Median unmatched forest cover change and poverty
alleviation values were used to gerieran ordinal variable categorizing joint wirin (blue),
tradeoff (yellow) and lostose (grey) outcomesa). Areas with community forest (T) were
5.6 more likely to lead to wihwin outcomes an®.87®% less likely to lead to losese
outcomes than areasthout community forests (CjJointoutcomeogit coef. = 0.225, S.E. =
0.093, P 20.0156) (b).
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0.34
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0.00 0.25 0.50 0.75 1.00
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Density

Likelihood of community
forest management

Supplementary Figure 2 |Likelihood of VDCs having community forestry arrangements
established after 2000 and frequency density plot of baseline povertyikelihood VDCs

having community forestry arrangements (purple line) and frequency density plot of baseline
poverty (blue line and area), showing that community forests are more likely to occur in less
poor areash). Both the predicted probabilities afrdquency densities were calculated using

the unmatched dataset. Lines and 95% confidence intervals (shaded areas) were generated using
a LOESS smoothing function.
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Supplementary Table 2 | Average effectsof forest cover change and povertyalleviation
across all Village Development Communities (VDCsS3s a function of community forest

area and duration for community forestsestablished prior to 20@.

Continuous

Before Matching

After Matching

Forest cover change$
CF area’s

CF duration$8
Adjusted R?

n=2138

-0.009 (0.005) [0.005]

0.010 (0.005) [0.005]
0.37

Poverty alleviation
CF area

CF duration
Adjusted R?

0.68 (0.23)** [0.24]
0.76 (0.25)** [0.25]
0.50

Joint outcome (ordinal)
CF area

CF duration

Residual deviance

-0.033 (0.051)
0.11 (0.051)*
3723

Forest cover change®

CF area [Large]

Forest loss (ha, controls)
Average marginal effect (ha)
Relative difference (%)
Adjusted R?

T=1069, C=1069
-0.007 (0.009) [0.009]

0.37

T=1053, C=1014
0.007 (0.008) [0.008]
-6.5 (1.9)

0.33 (0.065)
5.2
0.32

Poverty alleviation
CF area [Large]

1.1 (0.45)* [0.46]

1.8 (0.41)*** [0.40]

Poverty alleviation (HH, controls) 270 (8.0)
Average marginal effect (HH) 18 (0.65)
Relative difference (%) 6.8
Adjusted R? 0.50 0.55
Joint outcome (ordinal)

CF area [Large] -0.050 (0.098) 0.11 (0.090)
Residual deviance 3723 3531
Forest cover change$ T=1068, C=1070 T=1049, C=978
CF duration [Long] 0.024 (0.009)** [0.009] 0.020 (0.008)* [0.008]
Net forest loss (ha, controls) -5.1 (0.78)
Average marginal effect (ha) 1.2 (0.34)
Relative difference (%) -24
Adjusted R? 0.37 0.40

Poverty alleviation
CF duration [Long]

1.4 (0.45)* [0.44]

1.3 (0.39)** [0.37]

Net poverty alleviation (HH, controls) 288 (7.5)
Average marginal effect (HH) 14 (0.68)
Relative difference (%) 4.8
Adjusted R? 0.50 0.58
Joint outcome (ordinal)

CF duration [Long] 0.17 (0.098) 0.22 (0.093)*
Win-win prob. (%): treat. (controls) 26 (25)
Relative difference (%) 5.6
Tradeoff prob. (%): treat. (controls) 50 (49)
Relative difference (%) 2.4
Lose-lose prob. (%): treat.t (controls) 24 (26)
Relative difference (%) -10
Residual deviance 3724 3372

Values outside parentheses represent regression coefficients (average treatment effects); values in parentheses
represent naive standard errors; values in square brackets represent Huber-White corrected standard errors

SPercentages of forest cover change were transformed using a Lambert W function.

$variables are scaled
***pP < 0.001, **P < 0.01, *P < 0.05
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Supplementary Figure3 | Covariate balance before and after full optimal matching using
presencecommunity forest management prior to 2000 as treatment.-b, Standardized
meandifference for the propensity score and all matching covariates before (open circles) and
after matching (orange circlesp)( Balance results for District and IUCN category are
presented as means across all Districts and IUCN categories. Propensitydegsity
distribution before and after matching for treatment (purple) and control (yellow) groups
(overlaps between propensity score distributions are represented irbyréfatching resulted

in a muchimproved overlap between propensity scores.

Supplementary Table 3 | Covariate balance before and after optimal full matching using
VDCs with community forest managemenbefore 2000 as treatment

Before matching After matching

Means Means Stand. Means Means Stand.

Treated Control Mean Treated Control Mean

(n=2138) (n=1684)  Diff. (n=1959)  (n=1460)  Diff.
Propensity score 0.79 0.26 24 0.77 0.77 1.5e*
VDC size 3588 3526 0.010 3641 3506 0.021
Baseline forest cover 0.48 0.22 1.2 0.47 0.49 -0.11
Elevation 1385 649 0.97 1414 1436 -0.029
Slope 24 11 1.8 24 25 -0.12
Precipitation 144 129 0.39 142 141 0.024
Baseline poverty 0.57 0.66 -0.44 0.58 0.59 -0.038
Baseline agricultural effort 13 11 0.49 14 14 0.009
Baseline population density 25 5.5 -1.1 25 2.3 0.071
Baseline int. migration 0.16 0.082 0.55 0.15 0.16 -0.018
Distance to Dist. HQ 3.8 3.1 0.21 3.9 4.0 -0.057
Distance to pop. centre 10K 5.3 3.1 0.39 5.5 5.7 -0.038
Distance to pop. centre 50K 12 8.0 0.37 12 13 -0.043
IUCN category$ 0.17 0.17 -0.13 0.17 0.17 -0.011
District® 0.014 0.014 -0.12 0.014 0.014 1.8e*

$Data are presented as the mean across all IUCN categories and Districts
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Supplementary Figure4 | Covariate balance before and after full optimal matching using

total area under community forest management prior t02000 as treatment. &b,
Standardized mean difference for the propensity score and all matching covariates before (open
circles) and after matching (orange circle®) Balance results for District and IUCN category

are presented as means across all Distiind IUCN categories. Propensity score density
distribution before and after matching for treatment (purple) and control (yellow) groups
(overlaps between propensity score distributions are represented irbyréfatching resulted

in anearperfectoverlap between propensity scores.

Supplementary Table 4 | Covariate balance before and after optimal full matching using
community forest management area before 2000 as treatment.

Before matching After matching

Means Means Stand. Means Means Stand.

Treated Control Mean Treated Control Mean

(n = 1069) (n=1069)  Diff. (n=1053) (n=1014)  Diff.
Propensity score 0.61 0.39 1.2 0.60 0.60 8.4e*
CF duration 3.7 33 0.26 3.6 3.6 0.027
VDC size 2824 4352 -0.48 2834 2815 0.006
Baseline forest cover 0.49 0.47 0.071 0.49 0.50 -0.031
Elevation 1289 1480 -0.32 1293 1328 -0.060
Slope 23 24 -0.083 23 24 -0.066
Precipitation 147 141 0.18 147 149 -0.043
Baseline poverty 0.55 0.59 -0.21 0.55 0.54 0.049
Baseline agricultural effort 13 14 -0.14 13 13 -0.059
Baseline population density 24 25 -0.009 2.4 2.3 0.059
Baseline int. migration 0.16 0.16 0.031 0.16 0.17 -0.052
Distance to Dist. HQ 3.1 4.5 -0.59 3.2 3.1 0.017
Distance to pop. centre 10K 4.4 6.2 -0.45 4.4 4.5 -0.027
Distance to pop. centre 50K 10 13 -0.31 10 11 -0.021
IUCN category$ 0.20 0.20 0.011 0.20 0.20 -0.010
District® 0.014 0.014 -0.023 0.014 0.014 3.1e*

§$Data are presented as the mean across all IUCN categories and Districts



a Propensity score @ (_j b Before Matching
CF area pre 2000 @ (} 20
VDG size O O
-~ 15
Baseline forest caver Q )l6) z
: : z
Elevation{ O (j 810
: e
Siope @ O 05
8 Precipitation i @ H
T ~ A 0.0
H Baseline poverty Q/ O 00 0.4 0.8 1.2
; : Propensity score
£ Baseline agricultural effort ; N
5 & After Matching
z Baseline pop. density O ) :
Baseline Int. migration GX ) 20
Distance to Dist. H (7\ O
stance to Dist. HQ \_/ '5
~ =
Distance to pop. centre (10K) Q/: 5
e 810
Distancs to pop. centre (50K) C ;D
IUCN calegory @ 05
District ‘/ H 0.0
0.00 0.40 0.80 1.20 0.0 04 08 1.2
1030 Std. mean difference Propensity score

Supplementary Figure5 | Covariate balance before and after full optimal matching using
duration of community forest managementarrangementsprior to 2000 as treatment. a
b, Standardized mean difference for the propensity score and all matching covariates before
(open circles) andfter matching (orange circlesd)( Balance results for District and IUCN

1035 category are presented as means across all Districts and IUCN categories. Propensity score
density distribution before and after matching for treatment (purple) and control (yellow
groups (overlaps between propensity score distributions are represented ib)gfégt¢hing
resulted in a negperfect overlap between propensity scores.
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Supplementary Table 5 | Covariate balance before and after optimal full matching using
community forest managementuration before 2000 as treatment.

Before matching After matching

Means Means Stand. Means Means Stand.

Treated Control Mean Treated Control Mean

(n = 1068) (n=1070)  Diff. (n=1049)  (n=978) Diff.
Propensity score 0.61 0.39 11 0.60 0.60 5.6e*
CF area pre 2000 0.14 0.11 0.25 0.14 0.14 0.008
VDC size 3136 4039 -0.22 2981 2909 0.017
Baseline forest cover 0.47 0.49 -0.092 0.48 0.48 0.007
Elevation 1449 1320 0.18 1418 1459 -0.059
Slope 24 23 0.18 24 24 0.021
Precipitation 145 142 0.080 147 144 0.070
Baseline poverty 0.54 0.60 -0.30 0.55 0.54 0.030
Baseline agricultural effort 14 13 0.057 14 13 0.095
Baseline population density 25 24 0.017 25 3.0 -0.16
Baseline int. migration 0.16 0.15 0.083 0.16 0.16 -0.002
Distance to Dist. HQ 3.5 4.1 -0.16 3.4 3.4 -0.005
Distance to pop. centre 10K 5.2 5.4 -0.046 5.0 5.3 -0.074
Distance to pop. centre 50K 11 12 -0.12 11 12 -0.060
IUCN category$ 0.20 0.20 -0.004 0.20 0.20 -0.005
District® 0.014 0.014 -0.025 0.014 0.014 -0.003

$Data are presented as the mean across all IUCN categories and Districts



1045  Supplementary Figure 6 [Covariate balance before and after full optimal matching using
presenceof community forest management after 2000 as treatment.-la, Standardized
mean difference for the propensity score and all matching covariates before (open circles) and
after matching (orange circlesp)( Balance results for District and IUCN category are
presented as means across all Districts and IUCN categories. Propensity score density
1050 distribution before and after matching for treatment (purple) and control (yellow) groups
(overlaps between propensity score distributions are represented irodréjatthing resulted
in a muchimproved overlap between propensity scores.

1055 SupplementaryTable 6 | Covariate balance before and after optimal full matching using
community forest management after 2000 as treatment.

Before matching After matching

Means Means Stand. Means Means Stand.

Treated Control Mean Treated Control Mean

(n=512) (n=1190)  Diff. (n = 476) (n=1166)  Diff.
Propensity score 0.66 0.15 1.8 0.62 0.62 3.2e*
VDC size 5048 2871 0.26 5037 5026 0.001
Baseline forest cover 0.46 0.12 1.2 0.43 0.49 -0.21
Elevation 1024 488 0.56 1013 1261 -0.26
Slope 18 8.3 0.94 18 20 -0.22
Precipitation 136 126 0.32 135 136 -0.049
Baseline poverty 0.65 0.67 -0.10 0.65 0.64 0.036
Baseline agricultural effort 13 10 0.57 13 13 -0.053
Baseline population density 2.9 6.6 -0.57 3.0 2.8 0.030
Baseline int. migration 0.11 0.067 0.41 0.11 0.12 -0.10
Distance to Dist. HQ 4.3 2.6 0.44 4.2 4.6 -0.093
Distance to pop. centre 10K 4.5 2.6 0.29 4.4 5.4 -0.14
Distance to pop. centre 50K 11 6.6 0.43 11 12 -0.069
IUCN category$ 0.20 0.20 -0.006 0.20 0.19 0.012
District® 0.014 0.014 -0.022 0.014 0.014 -0.012

$Data are presented as the mean across all IUCN categories and Districts



