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ABSTRACT

1.

Global food system resilience is weakened by over reliance on a narrow range of crops
and the erosion of traditional farming knowledge. Agrobiodiversity Zones (ABDZs) in
Peru represent a novel and globally unique, community-led legal instrument for in situ
agrobiodiversity conservation. However, the long-term impact of community-led
stewardship and associated traditional farming practices on landscape management
has not been evaluated.

This study applies a counterfactual approach using high-resolution remote sensing
data to characterise agricultural land use change between 2000 and 2022. We
compare changes in agricultural expansion, natural cover loss, gross primary
productivity (annual means and interannual variability) and mean field size between
ABDZs and socio-ecologically matched control landscapes across the Peruvian
Andes.

We find significantly less agricultural expansion and natural cover loss in ABDZs than
in control areas, equivalent to ~3323 ha of avoided agricultural encroachment and
~3713 ha of avoided forest and grassland loss over the study period.

Field size remained stable, and gross primary productivity increased in both groups,
but ABDZs showed significantly more interannual variability in gross primary
productivity, suggesting divergence in agricultural management strategies.

These findings demonstrate that community-led area-based agrobiodiversity
management can effectively limit agricultural land expansion and landscape
simplification, providing a unique contribution to national food system and landscape
management for wild and cultivated diversity conservation. The study provides a
scalable, open-data-based framework for monitoring and evaluating area-based

agrobiodiversity policy outcomes.
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MAIN TEXT

INTRODUCTION

Global reliance on a narrow range of high-yielding crops combined with the erosion of
traditional farming knowledge has contributed to the decline of cultivated and co-dependent
species diversity, termed agrobiodiversity (Zimmerer & Haan, 2017; Khoury et al., 2021, Jago
et al., 2024). This weakens the resilience and sustainability of food systems under growing
human and climate pressure (Jago & Borrell, 2024; Chaudhary et al., 2020; Kahane et al.,
2013). Area-based agrobiodiversity conservation aims to mitigate these declines by
designating landscapes explicitly for the maintenance of diverse traditional farming systems
and the numerous cultivated and co-occurring wild species that they contain (Dawson et al.,
2023; Jago et al., 2024). Conserving agrobiodiversity in situ is fundamental, since it enables
the continued local adaptation of crops to changing conditions and ensures that species are
co-located with the traditional ecological knowledge needed for their effective use, both now

and in the future (Esquinas-Alcazar, 2005; Love & Spaner, 2007; Bellon, Gotor et al., 2017).

The Peruvian Andes is a globally important centre of crop domestication (De Haan et al.,
2010; Navarrete et al., 2024) where long-term management of agrobiodiversity has
generated a multitude of indigenous crop varieties adapted to a diverse range of local
conditions (Zimmerer et al., 2019; Mathez Stiefel et al., 2017; Parra-Rondinel et al., 2021;
Mariel et al., 2021). In 2017, to address the growing vulnerability of agrobiodiversity, the
Peruvian government legally recognised a network of Agrobiodiversity zones (ABDZs) (D.S.
N°020-2016-MINAGRI, 2016) located in the southern Peruvian Andes. This designation aims

to support communities willing to voluntarily conserve indigenous crop diversity, traditional

4
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management practices, and other diversification strategies (Ruiz Muller, 2009), and
safeguard the long-term viability of family farming systems while improving farmers’
livelihoods and delivering environmental co-benefits (Sotomayor et al., 2020). To our
knowledge, ABDZs constitute a globally unique country-led conservation instrument explicitly
protecting agrobiodiversity in situ; an approach analogous to protected areas for wild
biodiversity. However, while there is extensive literature on the effectiveness of protected
areas for conserving wild biodiversity (Schleicher et al., 2017; Black & Anthony, 2022;
Morgans et al., 2024), rigorous evaluation of how community-led management affects
agricultural land use remains limited (Drucker et al., 2024; Jago et al. 2024; Bellon et al.,

2014).

In Peru, agriculture remains a cornerstone of rural livelihoods, with approximately 2.2 million
smallholder farmers (CENAGRO, 2012). Between 2000 and 2022, agriculture expanded by
4.4% in the southern Andes, growing from 3.36 to 3.51 million hectares (Supplementary
figure S1). Production also grew through intensification and specialisation, evidenced by
national average yields for potato (12 to >17 t/ha), cereals (3.0 to ~5.0 t/ha), and quinoa (1.0
to 1.4 t/ha) (Supplementary figure S2), with drivers including increased use of chemical
fertilizers and pesticides (Supplementary figure S3), tillage tractors, and shortened fallow
cycles (Zimmerer, 2013). While increased production through expansion, intensification and
simplification has been pursued as a central strategy to ensure one dimension of food
security, it often comes at the expenses of agency and sustainability and does not ensure
access or stability (Clapp et al., 2022). Hence, if not carefully planned, agricultural
development can be associated with environmentally damaging management techniques
(Fonte et al., 2012) including expansion onto marginal lands and steeper slopes, increasing

susceptibility to erosion (Kessler and Stroosnijder, 2006). In some cases, commercial
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agriculture can impact the rights of peasants and indigenous people and fail to ensure the
right to food for everyone despite sufficient caloric production (Ramankutty et al., 2018; FAO
et al., 2025). Importantly, landscape simplification and intensification can also be associated
with the homogenisation of crop species diversity (Khoury et al., 2021), placing a growing
number of underutilised crop species and varieties at risk of extinction as they are cultivated
by fewer farmers (Velasquez-Milla et al., 2011; Parra-Rondinel et al., 2021; Gotor et al.,

2017).

We use a suite of remotely sensed indicators, underpinned by extensive local knowledge, to
evaluate the impact of long-term community-led management on comparable agricultural
landscapes between 2000 and 2022. We note that while legal recognition of ABDZs is recent,
communities that have applied for this status must have demonstrated a long-standing
commitment to traditional landscape management, and it is the impact of this management
that we seek to measure. Specifically, we use a counterfactual matching approach that
compares land use change within Peru’s ABDZs with “control” units outside the treatment
area that have similar biophysical and socio-ecological context, but are characterised by
more conventional agricultural development (Figure 1) (Schleicher et al., 2020; O'Garra et
al., 2025). By selecting comparable control areas, we aim to reduce bias from confounding
factors and approximate the counterfactual: what would have happened in the absence of

long-term, community-led, agrobiodiversity-oriented management?

Previous counterfactual studies have successfully examined the impacts of protected areas
on land use change, with metrics including deforestation rates or habitat intactness (Andam
et al., 2008; Blackman, 2013; Eklund et al., 2019). Here we adapt this approach to evaluate

patterns of agricultural expansion and intensification using a suite of variables encompassing
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agricultural and natural land use change, landscape heterogeneity and productivity. Finally,
we explore how impact evaluation can strengthen Peru’s ABDZs, improve monitoring and
guide future efforts to deliver effective conservation of cultivated and wild biodiversity in

unison.
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METHODS

Study area and counterfactual rationale

This study focuses on 9 of the 10 Agrobiodiversity Zones (ABDZs) designated by the
Peruvian government as of September 2025 (Figure 2, supplementary table S1). We did not
include the Cotahuasi ABDZ as this is also a National Landscape Reserve with distinct
management regulations. Together these ABDZs span ~2,143 km? across an elevation range
of ~1,460-5,930 m.a.s.l. ABDZ designation provides national recognition of the existence of
long-term community agrobiodiversity management, rather than denoting a change in
management practices. Therefore, from a causal inference perspective, our treatment is long-
term community land management, rather than ABDZ designation per se, which is recent
(since 2017) and not expected to have substantially changed farming behavior

(Supplementary figure S4).

ABDZ boundaries are based on the community's collective or private land tenure rights
(Sotomayor et al. 2020). We define treatment landscape, the ABDZs boundaries plus a 5-km
buffer to account for potential spillover effects, i.e. to encompass the immediate socio-
economic influence of the communities on their close surroundings. We then apply a further
5-km buffer around treatment landscapes, excluded these areas from both treatment and
control pools to prevent contamination between the two groups. All protected areas were
excluded from the control pool to avoid biases associated with differing conservation regimes.
We also excluded areas identified by Parra-Rondinel et al. (2021) as being under community-
based agrobiodiversity management, as these may be future candidate ABDZs even though

they have not been officially designated (Figure 2).

To delimit the study area from which to identify control sites (i.e. bioclimatically similar areas,

not characterised by long-term community management), we first delineated a study area

8



169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

encompassing the Peruvian Andes. To justify this extent, we conducted a Principal
Component Analysis (PCA) using key biophysical variables to characterize the environmental
niche of the ABDZs (Supplementary figure S5). We randomly sampled 10,000 cropland pixels
derived from Mapbiomas Peru, using the whole country extent (Mapbiomas, 2023). Eight
environmental variables were extracted at 1 km spatial resolution, representing annual
averages spanning the period 1979-2016: temperature range, precipitation, radiation,
elevation, slope, soil water balance, humidity, and growing season length (Karger,
Zimmermann and CHELSA Climate, 2023). Environmental variables were log-transformed
where appropriate, mean-centered and scaled to unit variance prior to PCA (Abdi & Williams,
2010). PCA results confirmed that ABDZs occupy a distinct environmental space compared
to the national average. Consequently, we used this Andean-specific polygon as our
exclusive sampling frame to draw 1:1 matched control units, ensuring the counterfactual
comparison was bioclimatically constrained. We additionally cross-checked the distribution
of control units with local partners from the National Institute of Agricultural Innovation in Peru

(INIA) who have field experience of these landscapes.

We assess outcomes (see next section and workflow in Figure 1) between early-2000s
(baseline) and 2020s (endline), a decisive era of agricultural transformation, with growing
interest for agrobiodiversity on one hand (Sayre et al., 2017; Sotomayor et al., 2020) (Sayre
et al., 2017; Sotomayor et al., 2020) and growing commercial intensification on the other
(Zimmerer, 2013; Arce et al.,, 2019) (supplementary figures S1-S3). We then estimate
differences between treatment (ABDZs) and controls for clearly defined outcome variables
and across time steps. Because matching balances observed covariates at the baseline
(early 2000’s) — e.g. variables that can influence both the treatment and our land-use and
productivity outcomes - remaining differences can be interpreted as management-associated
impacts, with the caveat that unobserved confounding variables may also exert an influence

9
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(an assumption which we later test the sensitivity of our results to; see Sensitivity and
Robustness checks). These could include, for example, other market access dynamics
beyond accessibility, strength of local governance or other target policies, and historical land
use trajectories. Note that the time windows differ among outcome variables due to underlying
dataset availability and, for interannual variability in Gross Primary Productivity, the

requirement for sufficiently long time series to calculate the coefficient of variation (CV).

Indicators of agricultural intensification over time

Agricultural expansion and natural cover loss . We expect the legal figure and the long-
term community-led commitment to have an impact on land use outcomes. Hence, we
sourced land cover data were obtained from MapBiomas Peru, which provides 30-meter
resolution historical land use classifications until 2022. We masked cloud (40%) and used the
most frequent land cover class over 3-year intervals for 2000-2002 and 2020-2022, to reduce
year-specific classification noise, image quality, or transient land use variation. To align these
data with our socio-ecological matching covariates, we aggregated the 30 m resolution pixels
to a 1 km? analysis grid. For each 1 km? unit, we calculated the 'cropland fraction' and 'natural
cover fraction' as the percentage of 30 m pixels belonging to those respective classes within
the grid cell. Change was then calculated as the percentage point difference between the
baseline (2000-2002) and endline (2020-2022) periods. These unit-level percentage changes

served as the primary outcomes for our matching and regression analysis.

Land cover data were obtained from MapBiomas Peru, which provides 30-meter resolution
historical land use classifications until 2022 (Mapbiomas, 2023). We masked cloud (40%)
and used the most frequent land cover class over 3-year intervals for 2000-2002 and 2020-
2022, to reduce year-specific classification noise, image quality, or transient land use

variation (Blackman, 2013). Land use and land cover classes aggregation are specified in

10
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supplementary material (Supplementary table S2), which includes land-use classes other
than our focal outcomes (e.g. mining) to provide contextual information, but we did not treat

these as formal outcome variables.

Gross primary productivity and interannial variability. Changes in annual mean Gross
Primary Productivity (GPP) and interannual variability in GPP serve as proxies for crop yield
and biomass production (Menefee et al., 2023; Nawaz Khan & Maimaitijiang, 2024). For
annual mean GPP, a positive outcome for ABDZs is the maintenance of stable or increasing
productivity, demonstrating that traditional management remains viable without transitioning
to input-intensive intensification. In the context of ABDZs, a positive outcome is characterised
by the maintenance of higher interannual variability compared to conventional systems. This
reflects the ecological rhythms of traditional management, such as rotational fallows and
diverse species polycultures, which naturally generate more biomass fluctuations than
homogenised, intensified systems. But it could also result in higher crop losses and less
stable yields in the short term. Conversely, a significant reduction in variability would indicate
a shift toward simplified, input-intensive management—consistent with the use of external
fertilizers, irrigation, and shortened fallow cycles—which aims to artificially stabilize yields at

the cost of traditional agrobiodiversity.

Mean GPP and inter-annual variability were derived from MODIS annual GPP at 500 m
resolution (Running et al., 2015) in Google Earth Engine for two seven-year periods—2001—
2007 (baseline) and 2015-2021 (endline)—chosen to capture productivity trends and
interannual fluctuations. For each year, we computed annual cumulative GPP (by summing
all valid 8-day composites. To align these indicators with our socio-ecological matching
covariates (Figure 1, supplementary table S3), we used a 1 km? unit as the primary analysis

grid. The interaction between scales was managed through a nested, dynamic masking
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process: within each 1 km unit, the cropland extent was delineated at 30 m resolution using
year-specific MapBiomas Peru (2023) data. This 30m high-resolution cropland mask was
used to select those 500 m MODIS pixels whose GPP contributed to the unit-level mean,
calculated as an area-weighted average based on the pixel-polygon overlap. This 30m high-
resolution mask was used both to compute cropland area (for the cropland fraction) and to
select those 500 m MODIS pixels whose annual cumulative GPP contributed to the unit-level
mean. Specifically, the GPP for each 1 km unit was calculated as an area-weighted mean of
the overlapping 500 m MODIS pixels, weighting the contribution of each pixel by its overlap
with the 30 m cropland mask (details in supplementary methods S2). Interannual variability
in GPP was measured with the coefficient of variation (CV) of cropland-only GPP within each
period. Crucially, because the MapBiomas 'cropland' class includes both active cultivation
and fallow periods, this metric captures the total 'all-crops' production and the distinct

ecological rhythms of the landscape.

Mean cropland patch size. Changes in cropland mean patch size between 2000-2002 and
2020-2022 were used as an indicator of landscape simplification or structural consolidation,
both common outcomes of agricultural intensification (Sirami et al., 2019). Enlarged patches
are associated with mechanisation and input-intensive practices, while smaller, fragmented
patches can reflect more traditional systems and less consolidated land. Using the terra
package in R (Hijmans, 2025), we clipped the 30 m resolution cropland rasters to each 1 km2
unit. Within these units, individual cropland patches were identified using 8-cell neighborhood
connectivity (queen's case). Mean patch size was then calculated as the average area (ha)
of all 30 m patches identified within that specific 1km2 unit.". A limitation of this approach is
potential artificial field-boundary fragmentation arising from computing mean patch size within

fixed 1 km cells, which may slightly underestimate true field size but is expected to be
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approximately symmetric across treatment and control units. Given that typical field sizes in
the Andes are on the order of 2—4 ha—substantially smaller than the 1 km? grid—most fields
are fully contained within individual cells. We therefore interpret mean patch size as a
reasonable proxy for local field size, and changes in mean patch size through time as

indicative of field consolidation or fragmentation.

Spatial autocorrelation, covariate choice and statistical matching

To mitigate spatial autocorrelation and prepare the sample for matching, we applied a grid-
based thinning procedure for each outcome indicator. We tested multiple sampling densities
(Supplementary table S4) to identify the distance at which spatial autocorrelation was
effectively minimized (4 km). Consequently, for agricultural expansion, natural cover loss,
and mean field size, we sampled gridcells using a gridded sampling technique which ensured
each gridcell was 4 km from another gridcell. Due to lower data coverage for GPP, minimum
distance was retained at 2km. We checked for spatial autocorrelation in treatment units using
semi-variograms. We addressed residual spatial correlation in GPP outcomes by employing
5-km cluster-robust standard errors in the regression analysis, accounting for remaining

autocorrelation after the 2-km thinning procedure (Devenish et al., 2022).

We used a comprehensive set of biophysical and socioeconomic covariates for matching
(Supplementary table S3), comprising elevation, slope, annual precipitation, annual
temperature, population density, accessibility (e.g. travel time to major cities), distance to
roads, and income (weighted average of monthly per capita income per district - the smallest
standard administrative unit in Peru) as main variables identified in the literature driving
agricultural intensification and expansion (Fonte et al, 2012). For natural cover loss and

agricultural expansion, we also used baseline landcover percentages (cropland, forests,
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grassland). For GPP indicators and changes in mean field size we used percentage cropland
cover only. Finally, for changes in mean field size we additionally included baseline mean

cropland patch size.

For each outcome, we tested three matching algorithms: propensity score matching (PSM)
with and without a caliper of 0.2, and Mahalanobis distance matching, using the Matchlt
package in R (Ho et al., 2011). We retained only 1:1 matched pairs so that each treated unit
is matched to one control. We assessed model performance and covariate balance using
standardized mean differences (SDM), love plots, and summary balance statistics (mean and
median absolute SMD). For each outcome, we selected the final matching specification that
minimized overall covariate imbalance while maximising the proportion of treated units
maintained.

Statistical inference

We estimated the Average Treatment Effect on the Treated (ATT) for each outcome using a
covariate-adjusted OLS regression on the matched dataset. This approach mitigates residual
bias, particularly where minor covariate imbalance remains (Rubin, 1979; Andam et al., 2008;
Stuart 2010; Ferraro & Hanauer, 2014). The same set of socio-ecological covariates used in
the matching procedure were included in the post-matching regression to ensure consistency
in adjustment and interpretability (Supplementary table S3). We expressed the ATT as an
absolute change (% point difference). For agricultural expansion and natural cover loss, we
also estimated the total change across all ABDZs by multiplying the ATT by the total number
of treated cells, producing impact estimates in square kilometres.

Finally, we applied causal mediation analysis using the mediation package in R (Tingley et

al., 2014) to assess whether the effect of protection on natural cover loss was mostly
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mediated by the reduction in agricultural expansion. We used the mediate() function to
estimate the ACME—i.e., the indirect effect of treatment on natural cover loss through
agricultural expansion—and the ADE—i.e., the portion of the effect not transmitted through
the mediator. This is done by extracting repeated samples from the estimated distributions of
the regression coefficients based on their standard errors. The mediation analysis is run on
the matched sample of treated and control units used to compute agricultural expansion (the

mediator) and natural cover loss (outcome).

Sensitivity and robustness checks

To evaluate sensitivity of our outcomes to potential unobserved confounding, we applied the
sensemakr package to assess the sensitivity of OLS-based treatment effects to potential
omitted variable bias (Cinelli & Hazlett, 2020). This approach estimates the strength an

unobserved confounder required to render the results statistically insignificant.

To ensure the robustness of the significant findings in estimating treatment effects on the
outcome variables against several arbitrary modelling decisions—many of which can
influence the results—we conducted comprehensive robustness checks using different
alternative matching combinations, following and adapting the framework consolidated by
Devenish et al. (2022). For any assessed outcomes, we ran permutation tests over many
different specifications, looped with three different matching approaches and several
combinations of covariates and subsequent significance testing to confirm whether results
remained consistent (see supplementary method S4 and Figure S7). To estimate the
treatment effect within each combination of matched samples, we used an OLS regression

with cluster error when needed.
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RESULTS

Across Andean agricultural areas, principal component analysis showed that ABDZs tend to
occupy landscapes with more heterogeneous topography, higher elevation, and lower
temperatures (Figure 3). Nevertheless a considerable number of cropland pixels outside of
the ABDZs share similar environmental characteristics, justifying the surrounding Peruvian
Andes biome (excluding Protected Areas and indigenous agricultural areas that may be
candidate ABDZs) as an appropriate area from which to draw control sites for
comparison. Counterfactual matching between treatment and control landscapes across all
outcome variables achieved covariate balance with standardised mean differences <0.1
(supplementary figure S6). and retained more than 90% of treatment units for all outcome

variables.

ABDZs have lower agricultural expansion and natural cover loss. At baseline (2000—
02), agricultural land use in Agrobiodiversity Zones (ABDZs) was 13.9% (95% CI: 12.2—
15.5%). By 2020-22, this remained essentially unchanged at 13.9% (95% CI: 12.3-15.4%),
indicating long-term landscape stability. In contrast, matched control landscapes showed a
significant increase from 14.6% (95% Cl: 12.6-16.7%) to 15.9% (95% CI: 13.8-17.9%)

agricultural cover.

Adjusting for socio-ecological covariates, this stability resulted in a significant negative
treatment effect for agricultural expansion (ATT = -1.39 percentage points, 95% CI: -2.30 to

-0.48; p = 0.0029) and natural cover loss (ATT = -1.55 percentage points, 95% CI: -2.58 to -

16
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0.52; p = 0.0032) compared to the counterfactual. This corresponds to a net stabilization of
agricultural land in ABDZs (a nominal decrease of 41 ha when scaled to the 239,234 ha
network). Consequently, we estimate that community management avoided approximately
3,323 ha of cropland expansion and 3,713 ha of natural cover loss over the two decades,
indicating that agricultural expansion was over 80-fold higher in landscapes undergoing a
conventional management pathway compared to the stability observed under community-led

stewardship.

Causal mediation analysis confirms that this preservation of natural cover was primarily
driven by the suppression of agricultural expansion seen in control groups (ACME = -1.34
percentage points, 95% ClI: -2.27 to -0.38; p = 0.004). The direct effect unrelated to expansion
was nonsignificant (ADE = -0.22 percentage points, p = 0.47), confirming that constrained
conversion is the primary mechanism of impact. Beyond preventing loss, land-cover transition
matrices (Supplementary table S6) suggest a restorative component: when grassland
changed within ABDZs, it was significantly more likely than in controls to shift into native
forest (4.5% vs 2.8%). This indicates that treatment both reduces agricultural conversion and
facilitates native forest recovery, distinct from plantation forestry which is identified with a
dedicated binary classifier. Thus, the observed forest gains mainly reflect recovery of native
or secondary forest rather than expansion of plantation forestry, although some residual
misclassification is still possible. For context, changes in other land cover types were
relatively minor (Figure 4). Mining expanded slightly in both groups, by +0.21 percentage
points in ABDZs (95% CI: —0.20 to 0.62) and +0.05 percentage points in controls (95% CI:
-0.04 to 0.14), with no significant difference between groups (ATT = 0.19 percentage points,

95% CI: -0.22 t0 0.61; p = 0.36).
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ABDZs have greater changes in annual mean Gross Primary Productivity (GPP) and
higher interannual variability in GPP. Both treatment and control landscapes experienced
modest increases in annual mean gross primary productivity (GPP). The average change in
mean GPP (AMean) was 41.7 g C m™2 yr™" in control areas and 43.6 g C m™2 yr™" in treated
areas, with no significant difference between groups (ATT =—-4.6 gCm™2yr ™', 95% CI [-27.9
to +18.7 g C m™2 yr '], p = 0.70; (Figure 5). Similarly, both landscapes exhibited declines in
the interannual variability of GPP, however the decline was significantly smaller in treated
units (-0.27) compared to controls (-1.04) (ATT = +0.76 percentage points, 95% CI [+0.10

to +1.42], p < 0.02; (Figure 6).

ABDZs have smaller changes in cropland patch size. In treatment landscapes, mean
patch size declined from 1.91 ha to 1.86 ha, a loss of 0.049 ha (—2.6%). In matched control
areas, mean patch size for cropland rose from 1.56 ha to 1.92 ha, a gain of 0.365 ha
(+23.4%). The covariate-adjusted OLS on the matched sample estimated an average
treatment effect of —0.297 ha (ATT =—-0.297 ha; 95% CI: —0.723 t0 0.129; p = 0.172; n = 828),
indicating that, on average, mean cropland patch size in ABDZs remains stable while it

increases in matched controls, but the difference is not statistically significant.

Robustness and sensitivity checks

We assessed several alternative matching specifications for each outcome variable
(Supplementary figure S7). Across the 89 valid matching specifications - defined as those
achieving good (SMD < 0.1) or moderate (0.1 < SMD < 0.25) covariate balance and excluding
the models with poor balance (SMD > 0.25), the mean ATT from OLS was —1.17 percentage

points for agricultural expansion and —1.32 percentage points for natural cover loss. For
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agricultural expansion, 55% (49/89) of regressions were statistically significant at p < 0.05,
while for natural cover loss, 58% (52/89) were significant. Importantly, all valid models
estimated treatment effects in the expected negative direction for both outcomes,

demonstrating high sign-consistency.

For GPP variability (ACV), we tested 191 valid matching specifications across 5-, 6-, and 7-
year windows, excluding the one specification that resulted in poor balance. Across these
models, 54% of OLS regressions were statistically significant at p < 0.05, and all significant
effects were in the expected positive (treatment-increasing) direction. For mean GPP and
mean field size, fewer than 10% of valid specifications produced significant ATT estimates,
in line with our main model results. Moreover, these estimates were not consistent in

direction, illustrating a lack of detectable effects for these variables.

Using robustness values (RV) from sensemakr, we assessed how strong an unobserved
confounder would need to be to nullify the significant treatment effects after adjusting for
observed covariates (Table 2). For agricultural expansion, the RV was 9.76%; for natural
cover loss, 9.43%; and for GPP variability (ACV), 11.98%—meaning a confounder would
need to explain roughly 10-12% of the residual variance in both treatment and outcome to
eliminate the estimated effects. Relative to precipitation (our benchmark covariate for ACV),
this implies an omitted confounder would need to be 210x more predictive of treatment than
precipitation (and comparably predictive of ACV) to overturn the ACV result. Overall, only
confounders with explanatory power far exceeding the observed covariates (e.g.,

precipitation) could plausibly overturn these findings (Cinelli & Hazlett, 2020).
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DISCUSSION

We evaluated change in five indicators of agricultural expansion and intensification over two
decades in the Peruvian Andes, comparing the impact of traditional community-managed
agricultural landscapes with carefully matched controls encompassing a diversity of
conventional and increasingly intensive agricultural management. We show that traditionally
managed landscapes, now recognised as ABDZs, and their immediate surroundings
experienced significantly lower agricultural expansion and natural cover loss than
comparable landscapes outside these areas. Scaled to the total treatment area of the ABDZ
network, these effects equate to ~3323 ha of avoided agricultural encroachment and ~3713
ha of avoided forest and grassland loss over the study period, an 80-fold difference between
ABDZs and control landscapes. By comparing a wide range of matching specifications, we

are confident that these results are robust to arbitrary modelling choices.

Notably, this level of stability in natural cover within ABDZs is comparable to the effectiveness
of many formal Protected Areas (PAs) in the tropics, which have been shown to reduce forest
loss by approximately 0.5-10% compared to their own counterfactuals (Schleicher et al.,
2017; Andam et al., 2008; Bowker et al., 2017). Similarly, many protected areas seek to avoid
agricultural expansion and encroachment (Rodrigues & Cazalis, 2020). Ethiopia's protected
area network for example, achieved a 73% reduction in agricultural expansion between 2000-
2019 (Jago et al 2026 in press). Importantly, however, in ABDZs the mechanisms of stabilising
land use are inclusive, rather than exclusive of people (Geldmann, 2024). Our findings
suggest that while ABDZs are designed to support active agricultural practices rather than

excluding them, they can be as effective as formal PAs at stabilising land use conversion.

We used mean annual GPP, interannual variation in GPP and mean field size to capture

complementary dimensions of intensification — productivity, temporal stability and landscape
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heterogeneity. Overall, in both treatment and control landscapes GPP increased and became
less variable over time, indicative of efforts to promote yield stability (Ray et al., 2015; Manenti
et al., 2023). However, decline in interannual variability in GPP was significantly greater in
control areas. This may reflect traditional, rotational, and more diverse agricultural systems
in ABDZs, resulting in spatial heterogeneity and more variable interannual biomass
production compared to more intensively manage systems where we see trends towards
reduced variability. It may also reflect higher crop losses, or fewer resources to mitigate those
losses, related to stronger exposure to climate variability, as traditionally managed zones tend
to rely on rainfed, lower-input systems (Perez et al., 2010; Ray et al., 2015). By contrast,
introduction of irrigation, fertilisation, and mechanisation in more intensive systems aim to
buffer crops against weather shocks that can affect productivity (Lobell and Field; Ray et al.,
2015). This suggests that long-term community management within Peru’s ABDZs has
successfully decoupled agricultural activity from landscape degradation over the last two
decades. While field sizes remained statistically stable in both groups, the observed
divergence in Gross Primary Productivity (GPP) variability suggests that ABDZs have
resisted the trend toward input-driven homogenisation seen in control landscapes.Evidence
from ABDZ case studies — Parque de la Papa, Cuyocuyo, and Huancavelica — provides
insights on the management activities that corroborate our findings. For example, traditional
agricultural practices use crop—fallow rotations, reciprocal manual labour systems, and
collective land organisation. These practices combined with labour shortages may limit
agricultural expansion and field consolidation, maintaining heterogeneity (Swiderska &
Argumedo, 2022; WCS Peru, 2019; Arce et al., 2019; Altieri & Koohafkan, 2008; Graddy,
2013; Rolando et al.,, 2017; INIA, n.d.). For example, Arce et al. (2019) found that
Huancavelica (an ABDZ) is characterised by diversified, low-input, rainfed systems compared

to the surrounding Eastern Andean slope region, which is increasingly market-oriented and
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input-intensive with larger fields and shorter rests. Similarly, Zimmerer (2013) shows that
maize cultivation in the nearby Bolivian Andes intensified between 2000 and 2010 through
mechanised tillage, synthetic fertilisers, and dam-fed irrigation, alongside shorter traditional

maize—fallow rotations. This mirrors processes likely occurring in our control landscapes.

Alimitation of our study is that our control landscapes do not represent a single “conventional
agriculture” pathway (Schleicher et al., 2020). Instead, they exhibit a variety of management
approaches and thus the true treatment effect, for example compared to commercial
agriculture, is likely to be different (almost certainly stronger). In addition, because each
outcome variable was estimated using a different matched dataset, this makes it
inappropriate to generalise about our control group landscapes undergoing both expansion
and intensification concurrently. Furthermore, while the 2000 baseline captures a decisive
era of agricultural transformation, it is important to note that community-led management in
these areas predates the study period. Consequently, our baseline metrics likely reflect
landscapes that were already differentiated by long-standing traditional practices, and we
cannot fully account for divergent land-use trajectories that may have occurred prior to 2000.
Finally, while important aspects of agrobiodiversity are likely correlated with our indicators
(e.g. crop diversity, traditional knowledge), there remains a need to validate our remotely
sensed findings at the field scale. Critically, monitoring should also capture human outcomes
of agrobiodiversity conservation — livelihood security, income dynamics, dietary diversity,
and market access (Bellon, Gotor & Caracciolo, 2014) — to evaluate whether these zones

are meeting their dual goal of improving environmental sustainability and human wellbeing.

CONCLUSIONS

Long-term community management of agricultural landscapes has resulted in significantly
less agricultural expansion, significantly less natural land cover loss, and less landscape
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homogenisation, compared to carefully matched control landscapes. These findings
demonstrate that community-led, area-based stewardship can locally decouple increased
national agricultural productivity from landscape simplification and loss of traditional farming
practices—a level of effectiveness often reserved for formal protected areas. Beyond
agrobiodiversity, the patterns we observe have broader biodiversity and socio-economic
relevance: lower expansion and slower intensification help maintain more heterogeneous,
semi-natural habitat structures associated with higher wild beta-diversity and species
persistence across connected landscapes (Estrada-Carmona et al., 2022, Mohamed et al.,

2024).

A highly policy relevant question is whether these data support wider adoption of
agrobiodiversity zones, or similar area-based agrobiodiversity conservation strategies? This
depends on whether these landscape indicators are correlated with the biological assets that
ABDZs intend to conserve: agrobiodiversity and traditional knowledge. This can be tested
through corroboration with household and farm surveys. Equally important is the conviction
that preserving traditional agricultural systems should not be achieved at the cost of socio-
economic development for rural farmers. Over time, the benefits of ABDZs may accrue
nationally and internationally (conservation of globally valuable agrobiodiversity), but the
costs may be disproportionately local (opportunity costs of lower or more variable production).
Tools to mitigate these tradeoffs range from compensation mechanisms (Narloch, Drucker &
Pascual, 2011) to international recognition of the contribution of these landscapes to global
conservation targets (Jago et al., 2024; Kahane et al., 2013). In this context, Peru’s efforts
are especially timely: as countries work toward protecting 30% of land and water by 2030, he
transition of ABDZs into the international conservation framework is already underway. In
December 2025, ABDZs in Cuzco and Puno have been officially recognised as OECMs (INIA,

2025) marking them the first Agrobiodiversity Zones in Peru to directly contribute to the Global
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recognition validates community-led

agrobiodiversity management as a primary vehicle for meeting area-based conservation

targets while elevating the largely under-recognised biodiversity value of managed

agricultural landscapes.

24



541

542
543
544
545
546
547

548

TABLES

Table 1. Summary of outcome variables used to evaluate land-use change and agricultural
intensification in Agrobiodiversity Zones. For each variable we report the spatial resolution of the
underlying data, the primary data source, the calculation used to derive the metric at the analysis unit,
the time window considered, and the expected direction of the treatment effect relative to matched
control areas. All outcome variables are calculated as a change over their corresponding time period.
Expectation refers to the expected direction of change for PAs compared to matched counterfactuals.

Outcome Resolution Source Calculation Time Outcome
variables expected

Change in 30m MapBiomas Percentage 2000-2002 vs Less expansion
agricultural Peru, 2023 change in 2020-2022 in treatment
expansion agricultural cover

between 2000-

2002 and 2020-

2022 for each 1

km? pixel, later

averaged for all

control and

treatment
Change in 30m MapBiomas Percentage 2000-2002 vs Less natural
Natural Peru, 2023 combined 2020-2022 cover loss in
Cover Loss decrease in forest treatment

and grassland

cover over 2000-

2002 and 2020-

2022 for each 1

km? pixel.
Change in 500m Running et  Difference in 2001-2003 vs Less increase in
mean GPP al. 2015 mean GPP 2019-2021 (GPP  treatment
over between early datasets only
cropland (2001-2003) and  starts in 2001)

late (2019-2021)

period for each

pixel.
Change in 500m Running et  Change in 2001-2007 vs Higher
GPP al. 2015 interannual GPP  2015-2021 (big variability in
interannual variability using enough window treatment
variability the coefficient of  to look at
(IAV) over variation (CV) interannual
cropland between early variability)

(2001-2007) and

late (2015-2021)

periods for each

pixel.
Change in 30m MapBiomas Mean size (in 2000-2002 to Smaller field
cropland Peru, 2023  hectares) of 2020-2022 size increase in
mean patch contiguous treatment
size agricultural
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patches per 1 km?
pixel in 2000—-
2002 and 2020-
2022, calculated
using connected
30mt pixels.
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Table 2. Robustness of treatment effect estimates to unobserved confounding for each significant
outcome variables. RV (Robustness value) is the percentage of residual variance of treatment and
outcome which a hidden confounding variable needs to explain to nullify the effect or to make it
insignificant compared to a significant “benchmark” covariate. As the assumed strength of the hidden
confounder increases, the adjusted estimates decrease.

RV (%) to Explanatory
Outcome brmg. RV (%) to lose Benchmark covariate power 'feq“"ed
. regression L by hidden
variable . significance [R? %] .
estimate to covariate to
0 overturn effect
Agrlculfural 9.76 5.3 Temperature (0.7) >0Ox
expansion
Natural cover 9.43 3.3 Temperature (0.6) >0Ox
loss
GPP
Interannual 11.98 15 Precipitation (0.2) >0x

variability (CV)
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FIGURES

Matching an
counterfactual
analysis: Compare

Community pixels with similar
Managemeént of basehnelsoc;lo-l
Agrobiodiversity A [ ccologicn
zones (ABDZs) ARBZscesgnenon and outside ABDZS 10

measure impact while
minimising
confounding biases

(Sotomayor et al. (2020):

1. An ABDZ must be an agroecosystem with
high genetic diversity, particularly of
native agrobiodiversity, as determined by \'

traditional knowledge and biological UnitPf
nomenclature. analysis:
i ; ; 1km2 pixels

2. An ABDZ should include rich sociocultural Analysis time-

elements that support dynamic processes
favoring in situ agrobiodiversity
conservation, such as traditional seed
exchange, fairs, and communal work practices.

period: 2000- 2022

( Sampling units ]

3. An ABDZ must be dedicated to agricultural,
agrosilvopastoral activities, or other practices
patible with the vation and O

O
sustainable use of native agrobiodiversity, o (
including crop wild relatives. . = L Treatment Effect

via statystical inference -
| Treatment  Control regression analysis
unit (ABDZs) unit

o s |2

[Statistical matching]

Long: ding tradional practices recorded £
in desig d ABDZs include: polyculture and
intercropping, crop rotation, fallow periods of
2-7 years to enhance soil regeneration, use and
conservation of native seeds, terracing and
microzoning, conservation of crop wild

relatives.

Change in
outcome

Underlying assumption: Despite recent legal recognition, ABDZs areas have a long legacy of community-led
management and demonstrated a strong commitment t6 ongoing conservation efforts. Early 2000's chosen as baseline
comparison years.

-
Treatment vs  Control Hypotheses: ] { Outcome variable: )
B -
b
ABDZ experienced less Percentage change (%) in
:%miu!tural encroachment and a ricuhura?and natural cover
ble or no change on natural between 2000-2002 and 2020-
ecosystems 2022
==
N/ ABDZs are more dynamic and Difference in mean GPP_and
2 diversified landscapes, contrary to change in interannual GPP
landscapes dominated by variabijlity using the coefficient of
conventional agriculture stabilized ~ variation (CV) across 2001-2
through inputs vs 2015-2021

@ ABDZ 4 loss fiold Ditfference in mean size (th?w) of
s experienced less fie contiguous agricultural patches in
size exﬁangion and landscape 2&0-2008, and 2020.2025
omogenisation calculated using cci(nnect_ed 30mt
pixels within Tkm2 pixel

Figure 1. Conceptual overview of the study rationale and design, illustrating the counterfactual
approach used to assess land use change and agricultural intensification differences between
putative ABDZs and matched control areas. Images rights: INIA. Zonas de Agrobiodiversidad (Peru)
(2024).
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ey
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ZABD Handahuaylas

from where the control pool was selected. Cotahuasi was removed from ABDZs because it overlapped
with a designed protected area. Other PAs and areas known to be managed as ABDZs though not
yet designated are also excluded from the control pool (UNEP-WCMC & IUCN, 2025a; Parra
Rondinel 2021). Land cover classification obtained from Mapbiomas Peru (2023).
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Figure 3. a) Agricultural expansion and natural cover loss (2000-02 to 2020-22) in ABDZs versus
control sites, with means and 95% confidence intervals; and b) sensitivity of the estimated average
treatment effect (ATT) on both outcomes across alternative matching models. Red marker indicates
the main model specification estimates. c) Net change in land cover classes per 1 km? pixel, with 95%
Cls.

30



611

| 2L

615  Figure 4. (a) Change in Gross Primary Productivity (GPP) between early (2001-2003) and late (2019—-
616  2021) period Bars show mean change and 95% Cls; b) Mean GPP for both time periods; c) robustness
617 analysis of the estimated average treatment effect (ATT) on mean field size across alternative
618 matching model specifications. The main model specification estimate is highlighted in red.
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Figure 5. a) Change in interannual GPP variability (ACV) between early (2001-2007) vs late period
(2015-2021); b) Mean interannual GPP variability for both time periods; ¢) Robustness analysis with
different time windows (bottom). Bars show mean change and 95% Cls; with robustness analysis of
the estimated average treatment effect (ATT) on mean field size across alternative matching model
specifications. The main model specification estimate is highlighted in red.
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Figure 6. a) Change in mean patch size (in ha per 1 km? pixel) in treatment and matched control
areas between the years 2000-2002 and 2020-2022. b) mean field size for both time periods. Bars
show group means 95% confidence intervals, with robustness analysis of the estimated average
treatment effect (ATT) on mean field size across alternative matching model specifications. The main
model specification estimate is highlighted in red.
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(INIA), and locally active NGO. The research team therefore includes diverse perspectives
from those directly involved in empowering communities to manage Agrobiodiversity Zones

(ABDZs).

The research design acknowledges ABDZs as community-led legal instruments for in situ

conservation, rooted in long-term indigenous stewardship and traditional farming practices.
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Primary data used in this study are available from the following public repositories:

Land-use and land-cover data (Collection 3): MapBiomas Peru (2023) via
https://peru.mapbiomas.org/.

Gross Primary Productivity (MOD17A2H): NASA LP DAAC (2015)
https://doi.org/10.5067/MODIS/MOD17A2H.006.

Bioclimatic variables (CHELSA v2.1): Swiss Federal Institute for Forest, Snow and
Landscape Research (WSL).

Elevation data (GTOPO30): U.S. Geological Survey (2018)
https://doi.org/10.5066/F7DF6PQS.

Population: WorldPop (2018) https://doi.org/10.5258/SOTON/WP00675.
Accessibility data: Global map of travel time to major cities (2008) , available from the
Joint Research Centre (JRC) and World Bank via
https://forobs.jrc.ec.europa.eu/products/gam/.

Income: Instituto Nacional de Estadistica e Informatica (INEI), Encuesta Nacional de
Hogares (ENAHO) 2002-2004, available via the INEI repository at
https://proyectos.inei.gob.pe/microdatos/
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SUPPLEMENTARY MATERIAL

Method S1: Baseline choice and long-term ABDZs commitment

The creation of Peru's ABDZs is the result of decades of dialogue, citizen mobilization,
and action research, rooted in previous projects and efforts working with communities
on in-situ conservation, traditional seed systems and diversified farming strategies
(Sayre, Stenner & Argumedo, 2017). The ABDZ concept emerged from earlier
grassroots and institutional efforts—such as the Parque de la Papa, the In Situ
Conservation Project of Native Crops and Wild Relatives (2001-2006), and national
debates shaped by the Convention on Biological Diversity—which positioned multiple
Peruvian regions as “hotspots” of domesticated genetic diversity sustained through
complex and dynamic cultural practices. The early 2000s saw the implementation of
important initiatives, including the INIA in-situ conservation programme, reflecting
growing institutional recognition of their ecological and cultural value (Instituto
Nacional de Investigacion Agraria, 2007; Drucker, Ramirez & Medina, 2024). Taken
together, this pre-2017 history underscores that ABDZs are the product of long-
standing, locally rooted conservation strategies rather than solely a recent legal
designation. Since the official recognition, communities have increasingly and
voluntarily requested that their landscapes be designated as Agrobiodiversity Zones.

While traditional practices have long sustained agricultural resilience in the Andes,
they are increasingly challenged by environmental degradation, changes in land-use
patterns and land scarcity, poor socio-economic conditions, and climate change
(Boillat & Berkes, 2013; Tovar et al., 2013: Aguilar-Luis et al., 2024). This is likely to
be exacerbated in the future, with climate models projecting higher frequency of
extreme precipitation and droughts (Potter et al., 2023).
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Method S2: Additional method section for GPP extraction

Because ABDZs are characterised by overlapping planting/harvest calendars and
widespread intercropping within small, heterogeneous parcels, we summarised
productivity using annual calendar-year mean of GPP rather than imposing a single
growing season and is thus a proxy for “all-crops” production. To limit contamination
from non-cropland and mixed 1km units, all calculations were restricted to cropland
using the year-specific MapBiomas Peru cropland mask (including agricultural mosaic)
at 30 m. Within each 1 km analysis unit we computed cropland-only annual GPP as
an area-weighted mean of constituent units, weighting by the pixel—-polygon overlap
area and the per-pixel cropland fraction. This approach allows intercropped parcels to
contribute in proportion to their cropped area down-weighting signal from natural
cover, but including fallow periods usually categorised as cropland or mosaic in
Mapbiomas class legend.
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Method S3: Matching and collider bias

Statistical matching for counterfactual analysis consists of matching treatment units
with units outside the treatment area (ABDZs) that share similar biophysical and socio-
ecological conditions and it is used as a pre-processing step to construct a balanced
sample of treated and control units, thereby reducing confounding and improving the
validity of causal comparisons.

A recommended cautious approach if there's uncertainty about the potential of a
variable to act as a potential confounder is to include it as a covariate in the matching
process in any case, while excluding those variables that may have been affected by
the outcome itself and therefore potentially introducing collider bias (Stuart 2010;
Schleicher et al., 2020). Although distance to road is measured using post-2000 spatial
data given limited availability, we do not expect this to introduce collider bias in the
counterfactual analysis, as cautioned by Geldmann et al. (2025). This is because road
construction is not plausibly influenced by ABDZs, which encompass multiple
communities and inhabited areas. These are not protected areas and have no legal
status that would affect infrastructure planning. We included this covariate in the
matching as we considered it an important confounder (road proximity can in turn
influence agricultural expansion or intensification) and used the robustness check, to
assess whether the inclusion or exclusion of this covariate influenced the results.
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Method S4: robustness check to different matching model specifications

To ensure the robustness of the significant findings in estimating treatment effects on
the outcome variables against several arbitrary modelling decisions — many of which
can influence the results — We conducted comprehensive robustness checks using
different alternative matching combinations, following and adapting the framework
consolidated by Devenish et al. (2022). For any assessed outcomes, we ran
permutation tests over many different specifications, looped with 3 different matching
approaches and several combinations of co-variates variables and subsequent
significant testing to confirm whether results remained consistent (see supplementary
method section). Each specification included a consistent set of core covariates. We
then varied the inclusion of additional covariates considered less crucial or slightly
correlated with the main variables, testing all non-empty combinations.

For each covariate configuration, we applied three matching approaches, i.e.
Mahalanobis distance, propensity scores estimated via logit model caliper 0.2, and
propensity scores estimated using a random forest model (Devenish et al. 2022). For
GPP interannual variability, we also added a variation across time periods - by shifting
or removing a year from the time windows - ensuring that patterns hold across various
temporal scales. To estimate the treatment effects within each combination of matched
samples, for example, for the main testing method, OLS regression was employed in
robustness checks across multiple matching specifications.



143

144

145

146

Table S1: Agrobiodiversity zones

ABDZ Department ha Altitude range
Andenes de Puno 6,554 2,850 — 4,395
Cuyocuyo

Parque de la Papa Cusco 7,238 3,475 - 4,500
Ccollasuyo Cusco 14,240 2,330 - 5,575
Marcapata-Ccollana Cusco ~15,000 3,130 - 5,930
Pariahuanca Junin 23,136 1,460 — 5,000
Paymakis Apurimac 14,261 2,840 -4,910
Laria Huancavelica 13,742 3,050 — 4,620
Cotahuasi Arequipa- 45,766 2,195 - 5,445
(excluded from the  Ayacucho

analysis because of

overlapping with

PA)

Circa Apurimac 53,454 1,965 — 4,855
Andahuaylas Apurimac 20,923 2,330 — 4,300
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Table S2: Land cover class aggregation

For land use change outcomes, the 12 original land cover classes present in the area
were aggregated into five categories as shown below: agricultural land, forest,
grassland, other non-vegetation, and mining. Agricultural expansion includes
cropland, agricultural mosaic, and managed pasture. Natural cover loss encompasses
loss of native forests and grasslands not under active management. Importantly, fallow
fields, which are common in rotational systems, are typically retained in class 18
(cropland) or class 21 (agricultural mosaic) in MapBiomas, ensuring they are not
misclassified as natural vegetation.

Aggregated class Original Mapbiomas class Code
Agricultural land Cropland 18
Agricultural land Agricultural mosaic 21
Agricultural land Managed pasture 15
Forest (natural cover) Forest 3
Grassland (natural cover) Grassland 12
Other non-vegetation Infrastructure 24
Bare rock 25
Glacier 34
Water 33
Mining Mining 30
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Table S3. Covariates choice. Covariates used for statistical matching and

regression models. Data for all covariates resampled to 1km resolution for gridcell
matches and reprojected to UTM 188S.

Source and

Native

Covariate Rationale Reference Resolution Unit Data type
Influences
crop types, Global 3- Arc-
climate,
roductivity; Second
Elevation P VY: " Elevation ~90 m m.a.s.l.  Continuous
mountainous (GTOPO30)
vs flat areas
differ in land (EROS, 2017)
use.
Steeperareas g0 3 Arc-
are less likely
Second .
to be farmed . Continuous
Slope intensively: Elevation ~90 m Degrees
’ (GTOPO30)
affects access (EROS, 2017)
and erosion.
Climatologies
Determines at high
Temperature climate resolution for Continuous
(mean suitability for  the earth’s land o
. 1 km C
diurnal crops, surface areas
range) vegetation (CHELSA)
productivity. (Karger et al.,
2017)
Climatologies
Affects water at high
Precipitation availability resolution for
(average and rainfall the earth’s land 2 Continuous
. 1 km kg/m
annual variability surface areas
rainfall) critical for (CHELSA)
agriculture. (Karger et al.,
2017)
Proximity to
markets
... influences Global - Continuous
Accessibility Accessibility :
o land-use 1 km Minutes
to Cities L Map (Nelson,
decisions and
) 2008)
economic
pressures.
Roads
influence ;
Distance to intensification m- Continuous
OpenStreetMap Vector (Euclidian
Roads and ease of :
. distance)
agricultural
expansion.
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Income

Income level
influence land
use decision
such as need
for
agricultural
land, mining
or
development
infrastructure

National

dataset

ENAHO 2002-4 District
(Encuesta level
Nacional de aggregation
Hogares 2002-

4)

(Euclidian
distance)

Continuous

Land Cover
(2000
baseline)

Starting
proportions:
forest,
grassland,
agricultural
land,
cropland-only
proportions
influence
future land
change
trajectories.

MapBiomas

Peru 30m

as %
area

Continuous

Population
Density in
2000

Reflects
human
pressure and
demand for
land
conversion.

WorldPop

(2020) 1km

Number
of people
per 1km?
grid cell

Continuous

10
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176
177
178

179
180

Table S4. Semivariance analysis and spatial autocorrelation. a) Agricultural
expansion, b) natural cover loss, c) mean GPP and d) mean patch size at
different sampling densities. Values represent the mean semivariance (pp) derived
from the empirical variogram. The 0.0 km distance represents the global variance of
the unthinned dataset, serving as the theoretical sill for the landscape.

a)
Distance between sampled units (km) Mean Semivariance
0.0 (Global Variance) 53.69
2.0 32.60
4.0 (Selected Spacing) 41.19
5.6 44.19
7.9 46.65
b)
Distance between sampled units (km) Mean Semivariance
0.0 (Global Variance) 73.51
2.0 37.43
4.0 (Selected Spacing) 54.16
5.6 56.95
7.9 61.22
c)
Distance between sampled units (km) Mean Semivariance
0.0 (Global Variance) 124.50
2.0 (Selected Spacing) ** 72.10
4.0 91.45
5.6 98.12
7.9 105.30

** choice made in order to keep a reasonable sample size (5km cluster-robust
standard Error was applied in the regression to account for the remaining SAC).

d)
Distance between sampled units (km) Mean Semivariance
0.0 (Global Variance) 18.90
2.0 9.45
4.0 (Selected Spacing) 14.20
5.6 14.80
7.9 15.95

11
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Table S5. Covariate-adjusted OLS ATT estimates on matched samples for

each outcome, with N, ATT, 95% CI, and p-value. Negative ATTs for agricultural
expansion, natural cover loss, and field size indicate reductions in ABDZs vs. controls;
GPP mean shows no difference; positive ACV indicates smaller decline (higher
interannual variability) in ABDZs. Units as shown.

Average
Outcome total Treatment 95% CI p-value
Effect (ATT)
Agricultural 4 200 —-2.30% to
Expansion 900 1.39% —0.48% 0.0029
Natural Cover 0 —-2.58% to
Loss 900 1.55% —0.52% 0.0032
-0.0046 kg C -0.0279 to
GPP Mean 538 m-2 yr-t +0.0187 0.70
PP Variabilit
?ACV) ariability 476 +0.76 % +0.10 to +1.42 <0.02
Mean Field Size 828 -0.297 ha ~0.72310 0.172
+0.129

12
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Table S6. Land cover transition matrices. a) Agrobiodiversity Zones and b)
Matched controls. Values represent the percentage of the total landscape area
transitioning between land cover classes from baseline (2000-02) to endline (2020—
22). Rows indicate the initial state (2000); columns indicate the final state (2022).

a) Treatment

From (2000) \ To AGRICULTUR FORES GRASSLAN MININ OTHER_NON_VE
(2022) E T D G G
AGRICULTURE 4.606 1.727 7.125 0.000 0.426
FOREST 1.466 8.035 4.088 0.000 0.384
GRASSLAND 7.363 4.542 45.402 0.205 3.325
MINING 0.000 0.000 0.000 0.001 0.000
OTHER_NON_VE
G 0.432 0.412 3.500 0.004 6.956

b) Matched control landscape
From (2000) \ To AGRICULTUR FORES GRASSLAN MININ OTHER_NON_VE
(2022) E T D G G
AGRICULTURE 7.168 1.173 5.641 0.002 0.659
FOREST 1.274 6.933 2.717 0.000 0.087
GRASSLAND 6.688 2.772 49.161 0.043 4.203
MINING 0.000 0.000 0.004 0.001 0.000
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200
201
202
203
204
205
206
207

208

209

210
211

OTHER_NON_VE
G

0.733 0.080 3.968 0.009 6.684

Figure S1. Net agricultural expansion in the Andes and within the Area of
Interest (AOI).

Change in total agricultural area (ha) comparing the baseline period (2000-2002) to the
endline period (2020-2022). The data indicates a total growth of +4.4%, increasing from
3,364,494 ha to 3,510,874 ha over the two-decade observation period. Agriculture is
defined as a composite of cropland (annual and perennial crops), managed pasture, and
agricultural mosaics where small-scale farming and grazing land are interspersed. This
trend highlights the background pressure of agricultural expansion in the region, against
which the Agrobiodiversity Zones (ABDZs) were evaluated. Data derived from MapBiomas
Peru.

Agricultural Expansion in the Andes biome and AOI (Southern Andes)
Net change in hectares and percentage (2000-2022)

4.3% growth
(+272,517 ha)

6,645,231
6,372,714

4.4% growth

7,500,000

5,000,000 (+146,380 ha)

3,510,874

3,364,494

Agricultural Area (Hectares)

2,500,000

Andes Biome Area of Interest

Time Period 2000-2002 . 2020-2022

Figure S2. Trends in agricultural intensification in Peru: yields. A) Arable land

required to produce a fixed quantity of crops calculated as arable land divided by the
crop production index. B) Comparative yield trajectories (tonnes per hectare) for key

14



212  staples: Quinoa, Roots/Tubers, Potato, and Corn. Data sources: Food and Agriculture
213  Organization of the United Nations and Our World in Data.
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216  Figure S3. Trends in agricultural intensification in Peru: pesticides and
217  fertilizer use. (A) Total fertilizer consumption (nitrogen, potassium, phosphorus, and

15



218
219

220

221

222
223
224
225

organic inputs) from 1961 to 2022. (B) Total pesticide use measured in tonnes per
year from 1990 to 2022.

Fertilizer use
Total fertilizer consumption is the sum of synthetic inputs of nitrogen, potassium and phosphorus, measured in tonnes (t)

800,000 t
600,000 t
400,000 t Peru
200,000 t

0551 1970 1980 1990 2000 2010 2022

Pesticide use

Total pesticide use, measured in tonnes.
16,000 t

12,000t

8,000t

4,000t

0t
1990 2000 2010 2022

Figure S4. Directed Acyclic Graph (DAG) illustrating the quasi-experimental

design and causal assumptions. The diagram maps the hypothesized causal

pathway connecting the treatment—Long-term community management of
agrobiodiversity zones (ABDZs)—to conservation outcomes. Biophysical
Confounders (elevation, slope, temperature, precipitation) and Socio-economic

16



226  Confounders (population density, income, market access) are accounted for via
227  statistical matching to isolate the treatment effect. Intermediate Mechanisms include
228 intercropping, reciprocal labor, and crop-fallow rotation. These mechanisms drive the
229 observed Outcomes: reductions in agricultural expansion, natural cover loss, and
230 intensification. The model assumes that matching on baseline (early 2000s)
231 confounders effectively controls for pre-existing landscape configurations and
232  structural drivers of change.

233

‘ Elevation ‘ ‘ Slope ] Temperature ‘ Precipitation
OUTCOME VARIABLES
1. Agricultural
Expansion
IMPACT
QEESRIIE N INTERMEDIATE MECHANISMS
) 2.Natural Higher
Long-term community Cover Loss Ecological
mcanEm‘?nt‘Of Iur‘d Traditional Agroecological Practices - hEterogeneftY-
and GgrOb'DdWerls't\" —_— (e.g. crop-fallow rotation, polycultures, — I e 4 crop diversity
(early 2000s baseline) reciprocal manual labor) 3.Annual and wild crop
Mean GPP relatives
L conservation
4.GPP
Interannual
Variability
5.Mean
AVERAGE TREATMENT EFFECT ON THE (el el
Fatch Size

TREATED (ATT)

Accounting for external pressures that typically drive agricultural

Population Time travel to . i i i i i
el Income <l Distance to road expansion and intensification. By balancing these drivers, we isolate the
density large cities impact of long-term community management from confounding
factors that might otherwise force a shift away from traditional farming

practices.

Including these as matching covariates ensures that the estimated treatment
effect accounts for the pre-existing landscape configuration, effectively comparing
ABDZs to control areas that possessed similar ‘ecological room’ for expansion and a
similar structural starting peint for intensification.

Baseline mean cropland
patch size for outcome 5
in 2000-2002

Land cover proportions (cropland
only for outcome 2,3,4) in 2000-
2002
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Figure S5. Principal Component Analysis (PCA). PCA of environmental variables

for agricultural areas in Peru. Ellipses show 95% confidence intervals around the
ABDZ and control area clusters.
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Figure S6. Covariate balance (loveplots). Loveplots for the three matched
samples using propensity score caliper = 0.2 or malanahobis. Points show
standardized mean differences (SMD) between ABDZs and control before matching
(red) and after matching (blue). Dashed lines are my +0.10 SMD threshold.

Agricultural expansion and natural cover loss (Caliper 0.2 SD) Field Size (Mahalanobis)
| 1 |
distance . : 9 precipitation : ° | °
T
precipitation : e : ° : :
. i temperature @ , e i
temperature L ] :t : : :
: : population_density ° H @ :
population_density ® ' L 1 '
! ' 1 '
! ' elevation 'ee !
elevation ‘et ! ! !
' ' ' '
' ' 1
slope Ve ° slops { -
' ' ! '
' ' ' '
distance_to_road » o distance_to_road [ 2 [} °
'
: ; | i
accessibility ' o ' o y | |
' 1 accessibility ! q 'e
' '
< ' '
income ® : d i i
1 1 crop_2000s 3 e
' '
Forest_2000 Y ® i '
' '
: : income ® " e '
Grassland_2000 oe ] : :
1
' ' ! !
Agriculture_2000 ° : b : 1ean_patch_size_ha_2000 1 & .:
L T T T L L T T
05 0.0 05 10 0.6 0.4 0.2 0.0 0.2 0.4
Standardized Mean Differences Sample Standardized Mean Differences
® Unadjusted
e Adjusted
GPP Mean (Caliper 0.2 SD) GPP Interannual Variability (Caliper 0.2 SD)
' ' ' '
distance 4 ' ) L distance : : e
' ' ' '
T T T 0
precipitation 4 1o 1 ® precipitation e !
' ' ' '
' ' ' '
temperature - ® : o temperature o : ® :
' ' ' '
' ' '
population_density - <] : & : spulation_density 4 o : E: :
' ' ' '
' ' ' '
elevation 4 e : ° : elevation ® :. i
' ' ' '
' ' ' '
income4 @ : o : income @ A p !
'
' ' ' '
' ' ' '
slope 4 ' o ' ® slope ' !
' '
1 Ll 1
' ' ' '
distance_to_road - ' o0 Histance_to_road ' o0
' '
1 l ' :
' ' ' '
accessibility < L [ accessibility L d [
' '
! ! ' '
'
crop_2000s 4 © [ ® crop_2000s ® : o :
' '
£ ! ' '
0.5 0.0 0.5 0.5 0.0 0.5
Standardized Mean Differences Standardized Mean Differences

Figure S7. Specification grids to different matching combinations. Grids
showing the sensitivity of estimated treatment effects across all outcome variables to
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design choices: covariate inclusion/exclusion, matching algorithm (logit PS, random
forest PS, Mahalanobis), and moving time windows. Points indicate model
specifications; color marks statistical significance; rows denote features (covariates,
method, balance tier).
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