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Introductory Chapter

Humans have transformed large proportions of the Earth’s land surface, and with increasing
globalization and a higher consumption demand, the modification of the land surface has
accelerated (Foley et al., 2011; Lambin and Meyfroidt, 2011). Indeed, 83% of the Earth’s land
surface is directly or indirectly affected by humans (Sanderson et al., 2002). Land-use changes
such as agricultural expansion and deforestation cause water pollution, greenhouse gas
emissions, and biodiversity loss (Foley et al., 2011). Humans are facing the challenge of
mitigating the loss of ecosystems that provide goods and services society relies on (Foley et al.,

2005).

The land surface is changed by agriculture, forestry, and urbanization, due to the growing
demand for resources (DeFries et al., 2004; Vitousek et al., 1997). Cropland and pasture cover
approximately 33% of the land surface and have become some of the most widespread land
surface type on the Earth (DeFries et al., 2004). Between 1980 and 2000, 55% of newly
developed agricultural land in the Tropics occurred in formerly intact forests and an additional
28% was converted from disturbed forest (Gibbs et al., 2010). However, forests are not only
logged for the expansion of intensive agriculture, but also for timber supply (Matthews et al.,
2000). Globally forest loss is almost 2.8 times higher than forest gain from 2000 to 2012 (Hansen
et al., 2013). For example, in boreal Eurasia, not only fires but also the increase in logging
activity, such as clear cuts and high intensity selective logging, has resulted in rapid forest-cover

changes (Achard et al., 2006).

Land-cover changes can stem from socio-economic changes such as shifts in a political regime
(Lambin and Meyfroidt, 2010). The collapse of the Soviet Union, for example, strongly affected

land-use management after 1991. In many Eastern European countries and European Russia,



widespread agricultural abandonment was a result of the break-up of collective farms, a change
from a planned to a market economy, and institutional changes (Gutman and Radeloff, 2016;
Prishchepov et al., 2012). However, in some countries there was re-cultivation or agriculture
intensification (Kuemmerle et al., 2016), but in others, there was permanent abandonment with
forests re-growing on former abandoned fields (Prishchepov et al., 2017). A similar decline in
land-use intensity occurred in the forest sector, with a general decline in logging rates, but an
increase in illegal logging in countries where restitution of forest to former owners took place
(Potapov et al., 2015). However, since the 2000s the logging rates started to increase in many
parts of Eastern Europe, for example, in Romania and the Baltic countries (Gutman and

Radeloff, 2016; Kuemmerle et al., 2016).

Among the causes that lead to land-use change, wars and armed conflicts can have detrimental
effects on land use. Wars have strong direct effects where conflicts occur, and even areas farther
away may still be affected, often for a long time (Baumann and Kuemmerle, 2016). The land-use
type that is primarily affected by war is agriculture (Baumann and Kuemmerle, 2016). The
adverse effects of wars result in agricultural abandonment either directly, for example, due to the
contamination of landmines and destruction by bombs (The Halo Trust, 2014), or indirectly, for
example, due to the weakening of the economy or shortages of agricultural supplies (ICRC,
2007). In general, the closer the conflict event is to the agricultural fields, the more likely it is
that field will be abandoned (Yin et al., 2019). Furthermore, wars can also affect agriculture
indirectly due to a lack of workforce when people are displaced and seek refuge elsewhere (Alix-
Garcia et al., 2013). However, the displacement of people can result in an agricultural expansion
in the destination area, including the vicinity of refugee camps (Alix-Garcia et al., 2013; Kranz et

al., 2015). Wars can also result in agricultural expansions to create revenue (Eklund et al., 2017).



The varied outcomes of war on agriculture may be partly due to the inherently different
backgrounds and characteristics of the wars, such as their intensity or their duration. However,
differences in reported effects may also be due to the different methods employed in studies,
which do not allow for direct comparisons of the effects of different wars on agricultural

abandonment.

Forests are also affected during political upheavals. When people have to flee from the war,
lower human pressure may lead to forest recovery (Sanchez-Cuervo and Aide, 2013). However,
when people seek refuge in forests during the time of war, forests are illegally logged which
results in forest degradation (Draulans and Krunkelsven, 2002; Nackoney et al., 2014). A strong
dependency on forest resources during armed conflicts occurred, for example, in Rwanda
(Ordway, 2015), and wildlife harbored by forests is especially at risk to poaching as protected

species are sold as bushmeat in urban markets (Merode and Cowlishaw, 2006).

To preserve biodiversity, protected areas are the cornerstone of conservation. As of 2018, 14.9%
of the Earth’s land surface was under protection, but how much area was protected differed
among countries (UNEP-WCMC, IUCN and NGS, 2018). Protected areas reduce deforestation
in tropical Africa (Bowker et al., 2017), prevent overexploitation of plant species (Souza and
Prevedello, 2020), and protect avian species richness (Evans et al., 2006). Moreover, protected
areas supply many cultural services, thus supporting human wellbeing and local livelihoods
(Naidoo et al., 2019). However, protected areas are not always effective. For example, large
mammal populations are declining in western African protected areas (Craigie et al., 2010), and
protected areas can exhibit forest loss, for example, in the Carpathians (Butsic et al., 2016), or
Guatemala (Bullock et al., 2019). To assess the effectiveness of protected areas, deforestation is

typically used as a proxy (Andam et al., 2008; Bowker et al., 2017; Pfaff et al., 2015). However,



deforestation as a sole measure may bias protected area effectiveness, especially when
deforestation pressure is low, and forest degradation plus the loss of specific forest types may be

better indicators.

To map changes in cropland and forests, remote sensing is essential, especially when mapping
large areas. The freely available Landsat archive provides 30-m resolution satellite imagery
going back to 1983, which allows to map land cover and it’s changes over more than 30 years
(Wulder et al., 2012). Image composting allows to map large-areas without gaps due to clouds or
limited data availability (Frantz et al., 2016; Griffiths et al., 2013). However, challenges occur in
mountainous regions where illumination differences due to topography introduce classification
errors (Vanonckelen et al., 2014). Topographic correction methods can remove differences in
illumination in topographically complex terrain prior to classifications by estimating the
reflectance of a pixel without topography (Liang, 2005). Topographic correction can improve
land-cover classification accuracy and forest change detection (Tan et al., 2013; Vanonckelen et
al., 2014). However, topographic correction has typically only been tested for small areas.
Fortunately, recent advances in software development allow to apply topographic correction

methods over large areas (Frantz et al., 2016).

However, the removal of single tress can lead to forest degradation and is more challenging to
detect than forest loss, because the spectral response is subtle and does not result in land-cover
conversion (Bullock et al., 2019; Souza et al., 2003). Analyzing intra-class variability, for
example, via spectral mixture analysis, allows to detect forest degradation. Spectral mixture
analysis quantifies the abundance of pre-selected spectrally-pure land surfaces within a pixel and
allows to estimate fraction of, e.g., green vegetation, soil or shade. Combining spectral mixture

analysis with time series analysis captures shifts among the fractions over time. Spectral mixture



analysis of long satellite data record detected vegetation loss and degradation in grasslands in the

Caucasus (Lewinska et al., 2020) and in forests in the Amazon (Bullock et al., 2020).

Overarching goal

The overarching goal of my dissertation was to understand large-scale land-cover change, to
assess what causes the observed land-cover change, and consequently to evaluate whether

conservation tools are sufficient in preventing land-cover change.

My specific objectives were:

1) Does topographic correction improve large-area land-cover classification accuracy? To what
extent did cropland and forest change in the Caucasus from 1987 to 2015, what was the timing of

these changes, and how did the countries in the Caucasus differ among each other?

2) What is the overall effect of war on cropland abandonment, and how does the effect differ

among wars in the Caucasus?

3) Are strictly protected areas effective in preventing forest loss and forest degradation, and

forest degradation in different forest types, in the Caucasus?

To address my dissertation goal, | mapped land-cover changes in the Caucasus Mountains based
on almost 30 years of Landsat data which | corrected for topographic effects. | employed large-
area imagery compositing, land-cover probabilities, and a post-classification approach to assess
changes in cropland and forest. The Caucasus Mountains presented an ideal study area for this
research question because of the complex topography and a long history of land use, and because

there was no prior comprehensive land-cover change assessment.



The Caucasus also allowed me to assess the effect of wars on cropland abandonment. After the
collapse of the Soviet Union, tensions among countries and within countries flared up and
resulted in four major wars in the Caucasus. Agriculture is a leading economic sector with many
people relying on farming for their livelihoods in the Caucasus. | assessed the effect of war on
cropland abandonment for each war and compared the outcomes among the wars that differed
greatly in their level of violence. To do so, | employed econometrics such as matching statistics
and panel regression to compare conflict areas affected by wars with valid non-conflict areas, as
well as the interaction between distances to conflict locations and intensity of these conflict

locations.

Last but not least, the Caucasus is a biodiversity hotspot, but forest loss and forest degradation
are threats to the endemic biodiversity of the region. Protected areas are a conservation tool to
prevent forest loss and forest degradation, and consequently, protect biodiversity, however the
commonly used effectiveness measure is forest loss. | analyzed forest loss, overall forest
degradation, and forest degradation in different forest types, to assess the effectiveness of strictly
protected areas. In terms of statistical methods, | analyzed protected area effectiveness using

matching statistics and panel regressions.

Chapter summaries

Chapter I. Land-cover change in the Caucasus Mountains since 1987 based on the
topographic correction of multi-temporal Landsat composites

Mountainous regions are important for ecosystem services and biodiversity, but the resources
they harbor are under threat due to land-use change and climate change. Satellite data, such as

Landsat imagery, provide a great resource to map land-cover changes because the data are freely



available for more than 30 years. However, the use of remotely sensed imagery for land-cover
classification in the mountains is challenging because of the so-called ‘topographic effect’, i.e.,
differences in illumination in topographically complex terrain. Despite the general understanding
how topography affects classification accuracy, an assessment of topographic correction on the
accuracy of land-cover classifications for large areas has not been done. In my first chapter, 1 1)
examined the effect of topographic correction on land-cover classification for a mountainous
region, and 2) assessed land-cover changes, specifically cropland and forest changes, since 1987
across the Caucasus. The Caucasus represents an ideal study area for these objectives due to the
complex topography and the long history of land-cover change, especially after the breakdown of

the Soviet Union in 1991.

In a first step, | compared two land-cover classifications for 2015, one based on topographically
corrected and one on non-topographically corrected data, to assess the effect of topographic
correction on the accuracy of large-area land-cover classifications. | applied the open-source
software FORCE with an integrated enhanced C-correction to derive a non-topographically
corrected and a topographically-corrected classification for 2015. Once it was clear that the
topographic correction improved classification results, | calculated best-available pixel
composites based on Landsat imagery for six time steps (1987, 1995, 2000, 2005, 2010, and
2015) using FORCE. Gap-free imagery composites allow to overcome limited data availability
in one year by including observations from the previous or the following year. | derived
topographically-corrected land-cover classifications based on class probabilities derived with a

C5.0 algorithm and a post-classification approach to assess cropland and forest changes.

Topographic correction improved the overall accuracy of the 2015 land-cover classification by

2% from 79% to 81%, and the F1-score of the topographically-corrected map outperformed the



non-topographically corrected map for all but two classes. The greatest improvement among
land-cover classes was for coniferous forest (0.15 points), deciduous forest (0.05 points), and
mixed forest (0.04 points). Disagreement rates between the non-topographically corrected and
the topographically corrected classification were as high as 100% in rugged terrain, where
illumination conditions were most extreme. In these areas, rangeland pixels were often
misclassified as deciduous forest, and deciduous forest as mixed forest, when the satellite data
were not corrected for topographic effects. This misclassification was especially widespread in
very-low illuminated areas. Cropland loss was the most dominant land-cover change in the
Caucasus since 1987, and cropland decreased in all four countries, albeit with different rates.
Cropland loss was especially widespread in the South Caucasus countries, i.e., Georgia,
Armenia, and Azerbaijan, with a ~30% decrease in cropland in Georgia in 2015, and Azerbaijan
in 2005, compared to 1987. In the North Caucasus, i.e., the Russian Federation, active cropland
had the largest extent and was relatively stable over time. Forest-cover changes were minor
across the Caucasus, with forest loss and forest gain almost equal in area. | found that Azerbaijan

had the largest extent of forest loss, where forest cover decreased by 4% in 2005 relative to 1987.

My first chapter represents the first large-area land-cover change assessment for the Caucasus
Mountains spanning almost 30 years. | found that the overall extent of cropland loss was much
smaller than in e.g., temperate European Russia or the Baltics. | assume that the different land
reforms of the different countries after the collapse of the Soviet Union may have affected
cropland loss rates in the Caucasus. In Russia, the structure of the former collective farms was
often maintained, making the cultivation of large areas easier. In the South Caucasus countries,
the distribution of land resulted in fragmented land ownership, potentially leading to more

agricultural abandonment. Limited access to the international market for the South Caucasus just



after 1991 may also have caused higher cropland loss rates in Georgia, Armenia, and Azerbaijan.
The very fertile soils, the flat landscape, and the mild climate in the North Caucasus may further
explain the lower rates of cropland loss there. The low rates of forest change may be related to
the high protection status of forests under the Soviet Union, small scale illegal logging, and
fuelwood extraction rather than large-scale clear cuts, and a decrease in grazing pressure since

the collapse of the Soviet Union.

The results of my first chapter highlight the feasibility and the importance of topographic
correction in steep terrain, especially when distinguishing among forest types. Accurate land-
cover mapping is crucial for land-cover change assessments which helps to improve our
understanding of how socio-economic changes such as the collapse of the Soviet Union affect

land use.

Resulting paper: Buchner, J., Yin, H., Frantz, D., Kuemmerle, T., Askerov, E., Bakuradze, T.,
Bleyhl, B., Elizbarashvili, N., Komarova, A., Lewinska, K.E., Rizayeva, A., Sayadyan, H., Tan,
B., Tepanosyan, G., Zazanashvili, N., Radeloff, VV.C., 2020. Land-cover change in the Caucasus
Mountains since 1987 based on the topographic correction of multi-temporal Landsat

composites. Remote Sensing of Environment 248, 111967.

Chapter Il. Different effects of wars on cropland abandonment in the Caucasus

Wars are unfortunately frequent and can have strong effects on land use, especially agriculture.
However, wars vary greatly in their overall intensity and may affect land-use differently. In my
second chapter, | assessed the effect of wars on cropland abandonment in the Caucasus. The
Caucasus presented a ‘natural” experiment, as the region went through several wars after the

collapse of the Soviet Union in 1991, namely the Chechen wars (Russia), the wars in Abkhazia
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and South Ossetia (Georgia), and the war over Nagorno-Karabakh (between Armenia and
Azerbaijan). The Chechen wars were the most brutal ones with an estimated 72,000 casualties
and the war in Nagorno-Karabakh forced an estimated 1,000,000 people to leave their homes.
Both regions saw fighting with heavy military operations. The wars in Abkhazia and South
Ossetia had fewer casualties, but travel restrictions and a crash of the economy still keep these
regions struggling. The wars have different historic backgrounds and vary in their intensity in
terms of number of events, the number of people killed, the number of refugees or internally
displaced people, or the duration of the war, which may affect land use differently. | assumed
that wars that were extremely brutal and violent have a stronger and broader effect on agriculture
than wars with a low intensity level of violence. However, to assess the effect of war, a valid
control group and observations before and after conflict events are needed and land-use decisions
may depend on complex interaction of near and far away conflict events. Multiple conflict events
may put more pressure on agriculture and may lead to higher abandonment. In general, the
assessment of the effect of war includes a single war at a time and the lack of a consistent
methodology makes direct comparison among wars difficult. To better understand the
differences among wars, and the effect of the wars on permanent cropland abandonment, | was
interested in 1) the intensity of each war in terms of the number of conflict events, the number of
fatalities, and which land-cover classes were affected most, 2) the effect of all wars and of each
war in its entirety on permanent cropland abandonment, and 3) whether permanent cropland
abandonment was more likely when conflict locations occurred nearby with additional conflict

locations farther away, and accounting for their intensity.

To address my questions | analyzed the Uppsala Conflict Data Program dataset from 1989 to

2015, cropland abandonment derived from Landsat imagery for five time periods from 1995 to
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2015 from my first chapter, plus several physical and socio-economic variables that may affect
agricultural land use. To better understand the differences among wars, | summarized the number
of conflict events and the total number of fatalities in each war, as well as the number of conflict
events in different land-cover classes. | applied matching statistics to account for differences in
observable covariates, and a difference-in-differences model to isolate the overall effect of wars
and the individual effect of wars on cropland abandonment by using both a conflict area and a
valid non-conflict area. To assess the interaction between distance and intensity on cropland

abandonment | parameterized logistic regression with panel data.

The results showed that the wars in Chechnya resulted in seven times more conflict events and
four times more fatalities than the wars in Abkhazia, South Ossetia, and Nagorno-Karabakh
combined. Across the Caucasus, | found that the majority of conflict locations occurred in
cropland, rangeland, and urban areas. When 1 isolated the effect of wars on cropland
abandonment, | found that 47% and 45% of cropland abandonment in the conflict area was
attributed to the wars in Chechnya and Abkhazia, respectively, a result that was surprising,
because the overall intensity in Chechnya was much higher than in Abkhazia. However, the
effect of the wars differed greatly in spatial extent. Permanent cropland abandonment was wide-
ranging in Abkhazia and affected almost the entire region, but was localized in Chechnya, where
the effect was strongest near conflict locations. In Nagorno-Karabakh, the war did not result in
higher abandonment, despite intense combat. | found that across the Caucasus, nearby conflict
events had a stronger effect on land use than conflict events father away. For Chechnya and
Nagorno-Karabakh the probability of cropland abandonment was significantly higher when

conflict events occurred <10 km away. However, the war in Abkhazia resulted in the highest
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probability of abandonment when conflict events were within 10-20 km, indicating a broader

effect on cropland abandonment there.

By applying consistent methodology and harmonized data | was able to directly compare the
effects of wars on cropland abandonment among different wars. Both in Chechnya and
Abkhazia, almost half of the abandonment in the conflict area can be attributed to the wars,
despite the different character and levels of violence of the wars. However, in Chechnya the
effect was rather localized maybe because attacks targeted the military, police, and government,
and less the rural population. The wide-ranging effect in Abkhazia is most likely related to the
patterns of displacement and refugee movement, and the post-war travel restriction. Across the
Caucasus, the probability of abandonment was the highest when conflict events occurred nearby,
especially in Chechnya and Nagorno-Karabakh. However, in Abkhazia, conflict events farther
away resulted in higher probability of abandonment, which shows that considering only the
closest conflict events would lead to imprecise estimations. Although there was a clear effect of
the wars, my results and overall low abandonment rates in the Caucasus suggest that the people
in the Caucasus continued cultivating their fields despite life-threatening challenges and they

showed exceptional resilience during the time of war.

My second chapter shows the importance of applying consistent methods to compare the effect
of wars on cropland abandonment directly. More broadly, the results of my second chapter
highlight that the effect of wars is far from uniform, and wars that vary greatly in their intensity,

can have similar detrimental effects on permanent land-use change.
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Related manuscript: Buchner, J., Butsic, V., Yin, H., Kuemmerle, T., Baumann, M.,
Zazanashvili, N., Stapp, J., Radeloff, V.C. (in preparation). Different effects of wars on cropland

abandonment in the Caucasus. To be submitted to Global Environmental Change.

Chapter I11. The effectiveness of protected areas in the Caucasus in preventing forest loss
and forest degradation of different forest types

Protected areas are a cornerstone of conservation designed to preserve biodiversity and
ecosystems. However, not all protected areas are effective. When assessing effectiveness, the
proxy measure is typically forest loss. While forest loss, when present, is a clear indicator for
protected area effectiveness, selective logging and the removal of single valuable trees is also
detrimental to forests causing forest degradation. However, forest degradation does not indicate a
land-cover conversion and often remains undetected. It is essential to check for both forest loss
and forest degradation and also if effectiveness differs by forest type because forest types may
vary in their conservation value. The Caucasus has an extensive network of protected areas and
forests in the Caucasus harbor many endemic species. However, forests are under threat due to
illegal selective logging, especially in coniferous forests where species like the Nordmann fir are
of high economic value. My goal was to assess if strictly protected areas across the Caucasus
were effective in reducing 1) forest loss, 2) forest degradation, and 3) forest degradation in

different forest types, namely in coniferous, mixed, and deciduous forests.

| analyzed both forest loss and forest degradation maps derived from Landsat imagery. Land-
cover change maps from 1987 to 2015 derived from my first chapter captured forest loss, and
annual spectral mixture analyses of all 1988 to 2018 Landsat data captured forest degradation, a

new dataset produced for this study. To assess protected area effectiveness, | applied propensity
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score matching, including a set of control variables to account for non-random placement of

protected areas, and panel regression techniques.

In terms of forest loss, protected areas appeared to be ineffective for the whole Caucasus in that
probability of forest loss was significantly higher with protection than without protection from
1995 to 2015 (0.1 p.p.). Results were different among countries, but consistent within, e.g., in
Azerbaijan protected areas were effective in reducing forest loss, but in Russia they were not. In
Georgia, the result was insignificant and varied over time. In contrast, forest degradation was
significantly lower inside protected areas for the entire Caucasus (-1.1 p. p.) from 1988 to 2018.
However, that effectiveness was limited to deciduous forests and coniferous forest, and forest

degradation in mixed forests was insignificant.

The effect of protected areas was overall low in the Caucasus, because in general forest loss and
forest degradation is low across the Caucasus. However, larger clear-cuts in preparation for the
Olympic Games in Sochinksy National Park and ski resorts in Kavkazsky most likely resulted in
the in-effectiveness of protected areas in reducing forest loss in Russia. Protected areas were
effective in reducing forest degradation, which is promising despite the small effect. Both
deciduous forests and coniferous forests harbor endemic species in the Caucasus. Especially in
the western Caucasus, the endemic Nordmann fir is at higher risk for logging due to its high

commercial value.

Despite the overall low effect of protected areas in the Caucasus, the results from my third
chapter highlight two important points. First, including forest degradation in protected area
analysis provides important additional information and should be considered when forest loss is

overall rare. Second, it is necessary to differentiate among forest types when assessing protected
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area effectiveness because effectiveness measures will depend largely on the most common
forest types. Even when forests overall are secure, rare forest types may still be lost, and they

may have higher conservation value than the dominant forest type.

Related manuscript: Buchner, J., Butsic, V., Lewinska, K. E., Burivalova, Z., Kuemmerle, T.,
Rogova, N., Bragina, E., Zazanashvili, N., Ghoddousi, A., Radeloff, V.C. (in preparation). The
effectiveness of protected areas in the Caucasus in preventing forest loss and forest degradation

of different forest types. To be submitted to Conservation Biology.

Significance and implications

Humans have transformed large proportions of the Earth’s land surface, but to manage resources
sustainably, it is necessary to better understand where land-cover changes occur, and what causes
the changes in land cover. My dissertation advances the knowledge in land-use science and
conservation by providing the timing and the extent of cropland and forest-cover changes during
the time of a political regime shift and wars, subsequently addressing the effect of war on

cropland changes, and assessing the role of protected areas to prevent forest changes.

Scientifically my dissertation provides insight in long-term land-cover changes in the Caucasus.
In my first chapter my findings highlight the variability of land-cover changes among countries,
at a time of political upheaval, the breakdown of the Soviet Union. | showed that cropland
abandonment was the major land-cover change in the South Caucasus, but cropland was
surprisingly stable in the North Caucasus. Forest loss and forest gain were almost equal for the
whole Caucasus. After the collapse of the Soviet Union four major wars broke out in the
Caucasus. Wars can cause major disruption in land management and can have substantial effects

on a farmer's decision whether to farm their fields or not. | advance the understanding of how
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wars in their entirety affect land abandonment, by comparing wars of different intensity and
duration in my second chapter. | showed that the effect of individual wars on cropland
abandonment can be similarly strong, despite their difference in violence intensity. An important
scientific contribution because usually the effect of war is assessed for one war at a time, which

makes the direct comparison with other wars difficult.

The methodological contribution of my research includes the application of large-area
compositing with implemented topographic correction of Landsat imagery to provide accurate
and gap-free land-cover classification. The methods | used are available through the open-source
software FORCE, which makes the approach and topographic correction available for any
mountain region. | further provide consistent methodology when | assessed the effect of wars on
land-use change to allow direct comparison among regions. Different effects of wars on cropland
in other studies partially result from inconsistent methods that do not allow for direct
comparisons. By applying difference-in-differences models, | took into account valid non-
conflict controls, to estimate the effect of wars consistently. This method is not region-specific
and can be applied in other war-torn areas worldwide. It can also be used to assess the effect of
other drivers that can be of socio-economic nature, e.g., political interventions or ecological
nature, e.g., fire events. In my third chapter, | tested new measures to assess the effectiveness of
protected areas by focusing on forest degradation, and applying it to different forest types. Forest
loss is a standard measure to evaluate whether protected areas are effective or not. However, in
many regions of the world, selective logging poses a great risk to forests, which is not detected

when using data on forest-cover loss only.

My dissertation makes major contributions to conservation by 1) providing new insight into the

effectiveness of protected areas using forest loss and forest degradation in different forest types
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as effectiveness measures, and 2) providing land-cover change maps for the Caucasus. Firstly,
the results for my third chapter have strong implications for conservation because using either
forest loss or forest degradation can lead to an incomplete picture and can bias conservation
management. Assessing protected area effectiveness for both forest loss and forest degradation is
not only useful in the Caucasus but should become common practice when evaluating protected
area effectiveness in forest biomes. Further, | showed that it is essential to assess differences in
forest types because forest types often differ in their conservation value. In the forests of the
western Caucasus, coniferous forests originally occupied larger areas and are nowadays reduced
to a small extent of their original extent. My study emphasizes the assessment of forest types
separately because the effectiveness of protected areas is dominated by the most common forest
type and rare forest types may be lost in the assessment. Thus, conservation efforts should
include and prioritize rare forest types. Second, the developed land-cover change maps from my
first chapter are directly available for conservation applications in the Caucasus. Land-cover
change information is especially important for conservation in a biodiversity hotspot such as the
Caucasus. To protect endemic species such as the snow leopard, land-cover information is
needed for species distribution modelling, connectivity analysis, or future range maps. My land-
cover maps can be used to prioritize regions for future protection, and to develop plans to

integrate protected areas into the broader landscape.
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Chapter 1. Land-cover change in the Caucasus Mountains since 1987 based on the
topographic correction of multi-temporal Landsat composites

Contributors: Buchner, J., Yin, H., Frantz, D., Kuemmerle, T., Askerov, E., Bakuradze, T.,
Bleyhl, B., Elizbarashvili, N., Komarova, A., Lewinska, K.E., Rizayeva, A., Sayadyan, H., Tan,

B., Tepanosyan, G., Zazanashvili, N., Radeloff, V.C.

Abstract

Mountainous regions are changing rapidly across the world due to both land-use change and
climate change. Given the importance of mountainous regions for ecosystem services and
endemic biodiversity, monitoring these changes is essential. Satellite data provide a great
resource to map land-cover change in mountainous regions, however mapping is especially
challenging there because topographic complexity affects reflectance. The so-called ‘topographic
effect’ has been successfully corrected for in case studies of small areas, but a comparison of
large-area classifications and land-cover change analyses with and without topographic
correction is missing. Here, we performed a long-term land-cover change assessment for a large
mountainous region, i.e., the Caucasus Mountains with topographic correction. Our two goals
were 1) to examine the effect of topographic correction on land-cover classification for a large
mountainous region, and 2) to assess land-cover changes since 1987 across the Caucasus based
on the full Landsat archive. Both the complex topography and the history of land-use changes,
especially after the collapse of the Soviet Union in 1991, make the Caucasus Mountains an ideal
study area to understand topographic effects on large-area land-cover mapping for the last three
decades. First, we compared a non-topographically-corrected Landsat classification for 2015
with a classification that was topographically-corrected with an enhanced C-correction for the

same year and assessed the accuracy of both. Second, we derived topographically-corrected
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Landsat classifications for six dates to assess changes in cropland and forest from 1987 to 2015,
based on class probabilities and post-classification comparisons. In regard to our first goal,
topographic correction improved the overall accuracy of the classification only by 2% (from 79
to 81%), but disagreement rates were as high as 100% in mountainous regions, especially among
forest types. In regard to our second goal, we found that cropland loss was the most prevalent
change process since 1987. Cropland loss was particularly widespread in Georgia and Armenia
until 2000, and in Azerbaijan until 2005. The North Caucasus (the Russian Federation) had more
stable cropland over time, most likely due to different land reforms after the collapse of the
Soviet Union, and the prevalence of flat landscapes and very fertile soils, which make cultivation
easier than in the South Caucasus. Rates of forest change throughout the Caucasus Mountains
were surprisingly low, with forest loss and forest gain being roughly equal. Forest loss was most
likely related to both illegal logging and natural disturbance, whereas forest gain was most likely
due to cropland abandonment and less grazing pressure. Our results highlight both the
importance and the feasibility of topographic correction for accurate large-area land-cover

classifications in steep terrain.

Introduction

Mountainous regions have a unique environment, harbor rich biodiversity, are high in endemism,
and provide important ecosystem services such as water supply and recreation (EEA, 2010).
However, mountainous regions are often subjected to land-use changes and climate changes,
both of which impact mountain environments substantially. For example, forests in mountainous
regions are often under threat due to illegal logging and livestock grazing (Bhatta et al., 2018;
Garcia-Ruiz et al., 1996). Mountainous areas are also often hotspots of agricultural abandonment

resulting in forest expansion, particularly on steep slopes where cultivation is labor-intensive, for
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example, in the European Alps (Gellrich and Zimmermann, 2007; MacDonald et al., 2000).
Changes in climate have contributed to increased tree mortality in some areas, but also increased
growth and tree line shifts in other areas (Kulakowski et al., 2011). Further, extreme weather
events such as drought can have detrimental effects on agricultural production, especially in
regions where water is scarce (Lipper et al., 2014). Last but not least, land-use change and
climate change often interact (Oliver and Morecroft, 2014), and to identify the causes of changes
in land cover in mountainous regions, and ultimately ensure their sustainable management, it is

necessary to map their spatial and temporal patterns accurately.

Land-cover changes in mountains require long-term observation with high-spatial resolution to
ensure accurate mapping. With the opening of the Landsat archive (Woodcock et al., 2008;
Wulder et al., 2012) the spatial and temporal coverage of satellite imagery has increased
substantially, opening new opportunities for land-cover mapping such as gap-free imagery
composites for large areas that overcome the challenges of limited, cloud-free data availability
for large-areas (Griffiths et al., 2013; White et al., 2014). Such composites ensure that satellite
image analyses are no longer restricted to scenes that are cloud-free in their entirety, and include
all pixels that are not affected by clouds (Griffiths et al., 2013). Similarly, multi-seasonal
imagery composites derived from Landsat imagery can capture phenological patterns among
different parts of a study area. Phenology-adapted compositing algorithms dynamically adjust for
spatial and temporal variations in land surface phenology due to, e.g., climate or altitude, and
choose observations that matches the phenological phase of interest best (Frantz et al., 2017).
Additionally, image metrics (e.g., average, standard deviation or percentiles) created during the

compositing process based on all available cloud-free observations can provide valuable
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information for land-cover classifications (Bleyhl et al., 2017; Frantz et al., 2017; Gomez et al.,

2016).

However, in mountainous regions land-cover mapping is challenging because of topographic
effects (Tan et al., 2013; Vanonckelen et al., 2013). Topographic illumination effects due to
shadows and steep slopes alter reflectance and thereby introduce classification errors
(Vanonckelen et al., 2014). Topographic correction methods aim to remove these effects by
calculating the radiance a pixel would have received and reflected without topography (Liang,
2005). Multiple topographic correction algorithms have been proposed to eliminate topographic
effects. These algorithms can be categorized into three different types. First, empirical
approaches only considering image-based statistical relationships that transform pixel reflectance
so that the correlation between reflectance and illumination condition derived from a Digital
Elevation Model (DEM) is eliminated (Tan et al., 2013). Second, physically based models model
the transfer of radiance through the atmosphere to the target pixel and back (Balthazar et al.,
2012). Third, semi-empirical models combine empirical and physical terms, via the inclusion of
both image-based statistics and physical formula. The C-correction is one such semi-empirical
model and compares favorably to other correction methods (Riano et al., 2003; Richter et al.,
2009; Sola et al., 2016). The original C-correction has been improved to a modified C-correction,
which includes an additional empirically derived parameter C (Frantz, 2019; Frantz et al., 2016;
Kobayashi and Sanga-Ngoie, 2008). In prior studies, topographic correction of Landsat imagery
improved land-cover classification accuracy in general (Moreira and Valeriano, 2014) and of
forest mapping in particular to distinguish between forest types (i.e., coniferous forest and mixed
forest) (Vanonckelen et al., 2013; Yin et al., in review). Topographic correction also increased

overall accuracy of forest change maps up to 34% (Tan et al., 2013). However, most studies
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testing topographic correction have been limited to one or two Landsat footprints (e.g., Balthazar
et al., 2012; Dorren et al., 2003; Hantson and Chuvieco, 2011; Li et al., 2015; Moreira and
Valeriano, 2014), and very few have analyzed large areas (Flood et al., 2013; Frantz et al., 2016;
Rufin et al., 2019). A topographically corrected Sentinel-2 product is made available by ESA
since May of 2019, but the USGS does not offer operational correction for the Landsat data, and
there is little information how topographic correction can affect broad-scale land-cover
classification accuracy. In the era of Analysis Ready Data (ARD), an automatic approach for
atmospheric and topographic correction of satellite imagery covering large areas is of growing
importance though. Our aim was thus to test the feasibility and effectiveness of topographic
correction for large-area mapping, and we selected the Caucasus Mountains as our study area.
The Caucasus Mountains with their high elevation range and complex land-cover patterns are an
ideal study area to assess the value of topographic correction for land-cover mapping of large

areas.

The Caucasus underwent major institutional and political changes after the collapse of the Soviet
Union in 1991 when the transition from a planned economy to a market-oriented economy
altered institutions and triggered land reforms (Hartvigsen, 2014). The countries of the Caucasus
implemented different land reforms regarding land ownership, affecting primarily agriculture
and forests (Hartvigsen, 2013). The Russian Federation mostly distributed agricultural land
through land shares to individuals, who often leased their acquired land shares back to large
corporate farms, ultimately limiting the fragmentation of the land ownership. In Georgia,
Armenia, and Azerbaijan, collective farms were privatized, and parcels were distributed to new
owners resulting in a high fragmentation of both ownership and land use with an average parcel

size of < 2.8 ha (Giovarelli and Bledsoe, 2001; Hartvigsen, 2014, 2013; Spoor, 2004; Terra
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Institute, 2005). Forest was also state-owned during Soviet times and highly protected under the
Soviet forest code since the 1950s (FAO, 2019). Public ownership and management of forests
remained in the Caucasus region after the collapse (FAO, 2019). However, enforcement of
environmental regulations varies, and there have been several armed conflicts in the Caucasus
region raising the question of how land cover, particularly cropland and forest, has changed since

the collapse.

Our overall goals were thus 1) to compare large-area Landsat classification accuracy for non-
topographically-corrected versus imagery that was topographically-corrected with an enhanced
C-correction, and 2) to map gains and losses of croplands and forests, the timing of these
changes, and differences in these change trajectories among countries, across the Caucasus
Mountains from 1987 to 2015. These two goals were mutually dependent. Our first, technical
goal required to evaluate a land-cover classification in a large mountainous region, and our
second goal, mapping land-cover changes in a mountainous region with steep terrain required

topographic correction to obtain accurate results.
Methods

Study area

Our study area encompassed Georgia, Armenia and Azerbaijan in the south (South Caucasus)
and parts of the Russian Federation in the north (North Caucasus), with a total area of 455,000
km? and included two major mountain ranges: the Greater Caucasus Mountain Range and the
Lesser Caucasus Mountain Chain (Figure 1) (Zazanashvili et al., 2012). The mountains in the
Greater Caucasus range from 500 - 3,000 m a.s.l. in the west but are lower eastwards towards the

Caspian Sea (Volodicheva, 2002). The so called Side or Parallel range contains the tallest
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mountains peaking at 5,642 m a.s.l. at Mount Elbrus in the western part. Precipitation exceeds
2,000 mm per year in the coastal area close to the Black Sea (Zazanashvili et al., 1999). The
majority of the mountains in the Lesser Caucasus range from 2,000 - 2,800 m a.s.l. in the west
and 2,500 - 3,300 m a.s.l. in the south-east with the highest point of 4,090 m a.s.l. at Mount
Aragats in Armenia (Volodicheva, 2002). Similar to the Greater Caucasus, the Lesser Caucasus
has wet climate in its western part, but is more continental and dry in the eastern and south-

eastern parts (Zazanashvili et al., 1999).

The Caucasus region contains seven major vegetation zones: deserts and semi-deserts, steppes,
sparse arid woodlands, forests, subalpine woodlands, subalpine meadows, and alpine meadows
(Gulisashvili, 1964; Volodicheva, 2002). Semi-deserts occur in southern Armenia and
Nikhichevan, Azerbaijan, and along the coast of the Caspian Sea. Steppes occur in both the
North Caucasus and South Caucasus, but have been heavily modified by humans and are largely
replaced by agriculture. In the Russian part, secondary steppe occurs on the highlands of
Stavropol and on lower elevation slopes of the Greater Caucasus. In the south, steppes occur on
plains and upper mountain ranges of Armenia. The transitional zone between semi-desert and
forests is typically covered by sparse arid woodland. Natural formations of this vegetation type
remain in eastern Georgia, Azerbaijan, and Karabakh. Forests span across the entire Caucasus
and occur from sea level up to 2,700 m a.s.l. Forests are often dominated by one or two species
and species’-rich forests are fairly rare. Mixed and coniferous forests, including spruce (Picea
orientalis), fir (Abies nordmanniana), and pine (Pinus spp.), are typical for the western part of
the Caucasus at higher altitudes, whereas deciduous forests, including monodominant beech
(Fagus orientalis), oak (Quercus spp.), oak and hornbeam (Qercus-Carpinus caucasica), and

chestnut and hornbeam (Castanea sativa-Carpinus caucasica), are typical at lower elevations
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and towards the east. Forests transition into subalpine woodlands in higher altitude, but both
being threatened by wood cutting and grazing. Subalpine woodlands are succeeded by subalpine
meadows and alpine meadows between 2300 and 3700m (Gulisashvili, 1964; VVolodicheva,

2002).

The countries of the South Caucasus, i.e., Georgia, Armenia, and Azerbaijan are relatively small
with a population of 3.7 million, 2.9 million, and 9.6 million in 2015, respectively (World Bank
Data, 2019a), especially when compared to their northern neighbor, the Russian Federation.
Russia’s North Caucasian Federal District, which covers parts of our study area, had a population
of 9.4 million in 2010 (Rosstat, 2010). Both the North Caucasus and the countries of the South
Caucasus are highly agrarian and have a high rural population (Holland, 2016; Lerman, 2009;
O’Loughlin et al., 2007). The agricultural sector is important for employment, economic growth,
poverty reduction, and food security (Welton et al., 2013). Agricultural employment rates in
Georgia, Armenia, and Azerbaijan were 44%, 35%, and 36% in 2015 and agriculture provided
7%, 18%, and 6% of the country’s GDP respectively in 2010 (World Bank Data, 2019b).
Agriculture is predominantly carried out by individual households and is often a mix of crop and
fruit production and small-scale animal husbandry, with specific products such as wine, nuts,
cognac, or sugar concentrated in individual countries (Ahouissoussi et al., 2014; Welton et al.,
2013). The republics of the North Caucasus were famous for their potato production during
Soviet times, but the economy of the region was weaker compared to other republics in Russia
after the collapse. Although increasing social polarization occurred in the North Caucasus,
agriculture remains important for rural livelihoods and some republics experienced rising
consumer demands, which created an increase of agricultural products such as wheat, corn,

sunflower, and fruits (O’Loughlin et al., 2007; Rada et al., 2017).
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Image pre-processing and topographic correction

We processed 12,651 L1T Landsat TM/ETM+/OLI images from the USGS archive acquired
between 1985 and 2016, i.e., all available images with < 70% cloud cover for 35 WRS-2
footprints covering the Caucasus Mountains (Figure 1). We processed the imagery with the
Framework for Operational Radiometric Correction for Environmental monitoring (FORCE)
software (version 1.1 beta, available at http://force.feut.de) (Frantz, 2019; Frantz et al., 2016).
FORCE is based on the radiative transfer theory and includes both atmospheric and topographic
correction, as well as a correction for adjacency effects to estimate Bottom-of-Atmosphere
(BOA) reflectance. Topographic correction is included in the form of an enhanced C-correction
in FORCE (Frantz et al., 2016). Please refer to Appendix A at the end of the paper for a detailed
description of FORCE and the implemented topographic correction. All images were projected
to Lambert Azimuthal Equal Area (Datum: WGS 1984, latitude of origin: 42.5, central meridian:
43.5) with a spatial resolution of 30 m and were organized as data cubes with a tile size of 30 x

30 km.

To generate a gap-free dataset of clear-sky observations, we used FORCE to calculate pixel-
based composites for six target years (1987, 1995, 2000, 2005, 2010, 2015, including +/- 1 year
for 1995, because we expected most changes during the transition period, and +/- 2 years for the
others ones). We analyzed multi-year time steps, because image availability from 1987 to 1995

was too limited for annual analyses (Figure Al).

We embedded land surface phenology in the compositing process to account for phenological
differences related to both climatic variability and topographic complexity (Frantz et al., 2017).
We calculated land surface phenology by pooling all available observations across all years to

one annual set, because the number of cloud-free Landsat pixels was too limited to derive annual
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phenology, especially from 1985 to 1995. We used the Spline analysis of Time Series (SpliTS)
algorithm to calculate land surface phenology (Mader, 2012). SpliTS derives phenological
parameters (e.g., beginning and end of the growing season) by fitting polynomial splines to a
time series of enhanced vegetation index (EVI) values and extracts parameters thereof. The
pixel-based land surface phenology dynamically adjusts the target date for each pixel in an image
composite (Frantz et al., 2017). We choose the following key vegetation stages such as start of
season (SOS), which is the timing of year when vegetation growth begins, peak of season (POS),
which is timing of maximum vegetation growth, and end of season (EOS), which is the timing
when senescence occurs, for our analysis. We defined the extracted phenological parameters, i.e.,
SOS, POS, and EOS as the anchor sequence for the three image composites (Figure A2). We
calculated land surface phenology only for one set of imagery, the uncorrected images, because
our motivation for calculating this phenology was to account for the strong climatic gradient
from east to west, and the elevation gradient. Furthermore, we needed to ensure that the target
dates for our composites were the same for both the topographically-corrected and non-
topographically corrected datasets. We determined the suitability of each observation for each
seasonal composite based on several scores, i.e., acquisition day, acquisition year, distance to
clouds or cloud shadows, potential contamination with haze, spectral correlation, and off-nadir
view angle. A detailed description of the derivation of these scores is provided in Frantz et al.
(2017). The total score St was computed as the weighted linear combination of the scores

following Frantz et al. (2017):

_YWS

St = W

1)
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where S denotes the phenology-adapted suitability of the acquisition day (Sp) and year (Sy), the
probability of cloudiness (Sc), the potential contamination with haze (Sw), the spectral correlation
(Sr) and the view zenith angle (Sv), and W denotes the weight for each score. The highest total
score defined the best observation which in turn was used for the seasonal composite (Frantz et
al., 2017). In addition we calculated spectral-temporal metrics for each season to take advantage
of all clear observations and to represent the variability of the land surface during the
compositing period (target year +/- 2 years) (Frantz et al., 2017; Griffiths et al., 2013) (Table A1,
Table A2, Figure A3). We calculated average, 25% quantile, 50% quantile, 75% quantile, range,
standard deviation, and the number of observations for each spectral band for each of the three

Seasons.

To quantify the effect of topographic correction on land-cover classification, we calculated one
set of Landsat imagery and seasonal composites for 2015 that were topographically-corrected
and a second set of Landsat imagery and composites that were not topographically-corrected

(detailed workflow Figure A4).

Land-cover classification with and without topographic correction

In our land-cover classifications we separated 10 land-cover classes namely coniferous forest,
mixed forest, deciduous forest, barren, rangeland, cropland, built-up, wetlands, water, and snow
and ice. To obtain training samples for all classes, we digitized polygons in areas that were both
homogenous and stable over time according to high-resolution imagery in Google Earth, field
visits, and the Climate Engine web app (Huntington et al., 2017) and assured that training
samples were located across the study area to capture the heterogeneity of the landscape. Forest
types were identified based on their phenology in fall and winter imagery and mixed forest was

defined as woody vegetation with neither coniferous nor deciduous tree species covering > 70%
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of the canopy. Cropland was identified based on the shape of the cultivated fields, evidence of
plowing, and the homogenous green-up cover during one year. Areas with sparse vegetation,
shrubs, and grassland were defined as rangeland. Barren was defined as high altitude areas in
rocky terrain and areas with no vegetation cover (Figure A5). We randomly collected 2000
training pixels within the polygons of each class with a minimum distance of 30 m, and
combined these with training samples that were available for two footprints in our study area
from previous studies that followed the same land-cover classification scheme and mapped land-
cover classes such as stable cropland, as well as different forest types and grassland (Yin et al., in
review, 2018b). Our final set of training samples consisted of 9.7% coniferous forest, 9.1%
mixed forest, 10.8% deciduous forest, 10% barren, 10.1% rangeland, 11.7% cropland, 9.5%
built-up, 9.5% wetlands, 10% water, and 9.7% snow and ice. As input for our 2015 non-
topographically and topographically-corrected classifications, we used the three seasonal Landsat
composites plus the following spectral-temporal metrics, i.e., average, 25% quantile, 50%
quantile, 75% quantile, range, standard deviation, and number of observations, calculated for
each season (Bleyhl et al., 2017; Griffiths et al., 2013; Yin et al., 2017). As our classifier, we
used the R package ‘C5.0° (Kuhn and Quinlan, 2018) for all classifications. ‘C5.0’ is a decision
tree classifier that consists of a collection of tree-structured classifiers and can accommodate
missing values (Friedl et al., 2002; Quinlan, 1986). By using C5.0 we were able to keep pixels
with missing values in the seasonal composites by using values from the spectral-temporal
metrics layers for the classification instead. We applied adaptive boosting with 100 trials.
Ultimately, we calculated the per-pixel class probability based on the percentage of tree votes for

each given class.
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Initial results showed strong confusion between built-up, rangeland, and barren land, with built-
up having a high commission error. To better separate the built-up class from other classes, we
used class probability and a calibration approach (Yin et al., 2018a). Specifically, we sampled
200 validation points with < 50% probability and 200 validation points with > 50% probability
of the built-up class for each time step, and labeled them based on high-resolution imagery in
Google Earth. Based on these 400 validation points we calculated user’s and producer’s accuracy
for different probability thresholds for the build-up class (i.e., probability > 50%, > 60%, > 70%,
> 80%, and > 90%). The threshold that yielded the most balanced user’s and producer’s accuracy
was selected for mapping the built-up class (Figure A6) (Yin et al., 2018a). Every built-up pixel
that was below the probability threshold was assigned to the second-highest ranked class.
Furthermore, based on visual interpretation, we label pixels above 2,000 m a.s.| that were
classified as ‘built-up’ as ‘rangeland’. In a final step, we applied a minimum mapping unit of 8
connected pixels and assigned smaller areas to the nearest neighboring class. We applied the
same post-classification rules to both the non-topographically and the topographically-corrected

classification.

To understand in which parts of our study area the topographic correction made the biggest
difference, we summarized the disagreement between the non-topographically-corrected and the
topographically-corrected classifications in a 300-m grid. Furthermore, we summarized the
disagreement results based on the cosine correction term Acc for the annual classification as

follows:

cos BOg cos BOg cos BOg
ACC — ( . Sos + . POS + . EOS)/3 (2)
COS1 g0s COS1pos COS1EQS
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where Os denotes the solar zenith angle and i denotes the solar incidence angle, both for the
different seasons. Values above 1 indicate shaded areas, and values below 1 indicate brightened

areas. Cos i is defined as in eq. (6) in Appendix A.

Land-cover change assessment for 1987, 1995, 2000, 2005, 2010, and 2015

Based on our results for 2015 (see section 3.1) we analyzed cropland and forest changes after
1987 using only topographically-corrected composites because they yielded higher classification
accuracy. Data processing for all the remaining target years (1987, 1995, 2000, 2005, and 2010)
followed the steps outlined for year 2015 in section 2.3. For our cropland change assessment, we
retained two classes, ‘cropland’ and ‘non-cropland’. For the forest change assessment, we
aggregated coniferous, mixed, and deciduous forest to ‘forest” and the remaining classes to ‘non-
forest’. We applied a post-classification comparison based on the classification maps for the six
time steps. We did not classify change classes directly, because changes were generally rare
making it infeasible to collect sufficient training samples for each of the 20 changes classes
among the six time steps for both cropland and forest. In a final step, we applied a 3 x 3 window

majority filter for both the cropland change map and the forest change map to reduce noise.

To compare cropland loss and gain, and forest loss and gain among different countries, regions

and time steps, we calculated relative net changes (RNC) following Kuemmerle et al. (2009) as:
RNC = (% - 1) 100 i = {1987, 1995, 2000, 2005, 2010} (3)

where L denotes the land class (either cropland or forest in km?), and i denotes the time step.
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Accuracy assessment
We validated both the non-topographically-corrected and the topographically-corrected
classification map for 2015 by calculating overall accuracy, user’s and producer’s accuracy

(Congalton, 1991), and the F1-score. The F1-score was calculated following Powers (2011) as:

2 UAPA
T UA+PA (4)

F1

where UA denotes user’s accuracy, and PA producer’s accuracy. The F1-score ranges from 0 to
1, being 1 when both UA and PA are 1, and being 0 if either UA or PA is 0. Greater differences

between UA and PA result in a lower F1-score (Powers, 2011).

We selected a disproportionate stratified sampling approach for our validation samples to
account for small classes (Olofsson et al., 2014; Stehman et al., 2003). We generated a total of
1,553 validation samples (Table A3), randomly sampled within each class of the
topographically-corrected map and corrected the resulting confusion matrix by the area
proportions of each class (Griffiths et al., 2014; Olofsson et al., 2014). For the accuracy
assessment of the non-topographically-corrected map we used the same validation samples.
Because the strata of the topographically-corrected map differed spatially from the non-
topographically-corrected map, we took the inclusion probability of the validation samples into
account to derive unbiased estimators (Stehman, 2014; Yin et al., 2018b). All samples for the
accuracy assessment of the topographically-corrected classification were visually interpreted and
labeled by two independent interpreters using high-resolution images in Google Earth and time
series of the normalized difference vegetation index (NDVI), the bare soil index (BSI), and
tasseled cap wetness calculated from the original Landsat imagery for 2015 in Google Earth

Engine (Gorelick et al., 2017; Yin et al., 2020).
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For the validation of our change detection maps, we selected new samples, and calculated
overall, user’s and producer’s accuracies (Congalton, 1991). For both the cropland and the forest
change map we aggregated some of the change classes, and kept single classes only when one
consistent change and no deviations in any year occurred (example 1: 1987-°95: cropland and
2000-°15: non-cropland; example 2: 1987-’00: non-cropland and 2005-°15: cropland). Classes
with a deviation in any year were aggregated to a ‘transitional’ class (e.g., 1987-°95: cropland,
1995-00: non-cropland, and 2005-°15: cropland). We applied disproportional random sampling
for both the cropland and the forest change map. We randomly selected 50 validation samples for
each cropland and each forest change class. Because the transitional cropland class was much
larger than the transitional forest class, we selected 150 validation samples for the former and 50
validation samples for the latter. Furthermore, we selected 150 validation samples each for the
stable non-cropland class, stable non-forest class, stable cropland class, and stable forest class. In
total, we generated 950 validation samples for the cropland change map and 850 validation
samples for the forest change map (Olofsson et al., 2014). Samples for the change detection
assessment were visually interpreted and labeled by only one interpreter, who was very familiar
with the study region and the prevailing land-cover changes, using high-resolution images in
Google Earth, and plotting NDVI, BSI, and tasseled cap wetness times series based on 1985 -
2016 Landsat imagery in Google Earth Engine to detect changes (Gorelick et al., 2017; Yin et
al., 2020). Lastly, we calculated the error matrix with estimated proportions of area for both the

cropland change map and the forest change map.
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Results

Effects of topographic correction on land-cover mapping

Applying topographic correction improved the overall accuracy of the 2015 classifications from
79.4 £0.9% to 81.2 £1.8% (Table A4, Table A5). The error adjusted area estimates for our
topographically-corrected classes were the largest for rangeland (175,787 km? +14,904 km?),
followed by cropland (142,669 km? +11,522 km?), deciduous forest (72,669 km? +9,593 km?),
water (21,066 km? +£5,210 km?), barren (11,408 km? +3,069 km?), wetlands (11,062 km? +2,308
km?), mixed forest (10,455 km? +3,662 km?), coniferous forest 7,685 km? +1,670 km?), built-up

(1,466 km? 2,552 km?), and ice and snow (564 km? +135 km?) (Figure 2, Figure A7).

User’s accuracy for the non-topographically-corrected map was highest for deciduous forest
(87%) and lowest for mixed forest (23%) (Figure 3). User’s accuracy for the topographically-
corrected map was generally higher and highest for rangeland (89%) and lowest for mixed forest
(36%). The topographically-corrected classification had higher user’s accuracies for all three
forest types (coniferous forest (65%), mixed forest (36%), deciduous forest (88%)) compared to
the non-topographically-corrected classification (coniferous forest (48%), mixed forest (23%),
deciduous forest (87%)). Producers’ accuracy was always higher for the topographically-
corrected classification map, except for two classes (mixed forest and rangeland). Confidence
intervals for producer’s accuracy were always smaller for the topographically-corrected

classification, except mixed forest (Figure 3).

The F1-score of the topographically-corrected map outperformed the non-topographically-

corrected map for all but two classes (barren and snow and ice) (Figure 3). Topographic
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correction improved the F1-score of the coniferous forest class by 0.15 change points, deciduous

forest by 0.05, mixed forest by 0.04, and rangeland, and cropland by 0.01 change points.

We found that barren, coniferous forest, mixed forest, and deciduous forest occurred on steeper
slopes (on average 26.57°, 25.97°, 23.15°, and 17.15° respectively). Rangeland occurred on
slopes with an average of 10.35° and cropland, built-up, wetlands, and water occurred in flat
terrain with an average slope smaller than 3° (Table A6). We found the highest disagreement in
class assignments between the non-topographically-corrected and the topographically-corrected
maps along the crests of both the Greater and the Lesser Caucasus Mountain ranges (Figure 2).
We observed the lowest agreement for the mixed forest class (Figure A8). When summarizing
the disagreement by Acc, disagreement was generally highest in extreme conditions, i.e., with
very high Acc (Figure 4). In areas that were moderately shaded or moderately brightend the
disagreement rates were slightly higher for shaded areas than for bright areas. Disagreement rates
were very low for highly brightend areas, however the percentage of cells, where that was the
case, was less than 0.05% of the study region. In almost flat areas where the solar zenith angle
O®s and the incidence angle i were roughly the same, disagreement rates were lowest (7%)

(Figure 4). A good expample for this are the flat lands of the Northern Caucasus.

Cropland change

The overall cropland area decreased in all four countries when using 1987 as the baseline (Figure
5, Figure 6). The North Caucasus had the least amount of cropland loss, i.e., only 6% in 2000
compared to 1987. Georgia had biggest cropland loss in 2005 (-28%) and 2015 (-31%). Armenia
had its highest cropland loss in 2000 (-17%), followed by an immediate increase in 2005.
Armenia was the only country where cropland increased by 2% in 2010 compared to 1987.

Azerbaijan went through the greatest cropland loss from 1987 to 2005 (-30%), with an increase
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in 2010 before again decreasing in 2015 (Figure 6). Throughout the study region cropland loss
was mainly due to the conversion of cropland to rangeland and only occasionally due to the
conversion to forest. Cropland gain was mostly due to the conversion of rangeland to cropland

(Figure A9).

The North Caucasus had the largest extent of stable cropland (Figure 7), 39% of the total land
area was continuously in cultivation from 1987 to 2015 there, and only 8% of what was cropland
in 1987 was abandoned in a later year. In contrast, in Georgia, Armenia, and Azerbaijan, only
7%, 9%, and 10% of the total land area was continuously cultivated until 2015, and 10%, 10%

and 15% of cropland in 1987 was abandoned in each country, respectively (Figure 7).

Aggregating cropland changes by administrative units (see Figure A10 for names of
administrative units) revealed the substantial spatial variation in land-cover change trends
(Figure 8). From 1987 to 1995 cropland decreased in all countries but Armenia, where a 6%
increase was observed in its southern regions. Until 2000, Samtskeh-Javakheti and Shida Kartli
in Georgia, as well as Shirak in Armenia showed a decrease in cropland. At the same time, parts
of the North Caucasus, Kakheti in Georgia, and several regions in Azerbaijan had a slight
increase in cropland. Between 2000 and 2005 cropland decreased in the eastern regions of the
North Caucasus, Georgia and in two regions of Azerbaijan, namely Aran and Lankaran with a
decrease of 14.9% and 7.4%, respectively. In Armenia, we found hardly any decrease in
cropland between 2000 and 2005. In Azerbaijan, Aran and Lankaran had the highest increases of
13.3% and 6.6%, respectively, from 2005 to 2010, the time period during which most areas
showed cropland gains. From 2010 to 2015 we observed a slight decrease in all regions in the
North Caucasus and Georgia, as well as a decrease of 7.2% in Lori, Armenia. In Azerbaijan we

found an increase in most regions, except Lankaran with a decrease of 7.4% (Figure 8).
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Forest change

We found far less forest changes than cropland changes (Figure 9). Overall, forests increased
during our study period (Figure 10). Most forest gains occurred along forest edges and on
abandoned cropland and were due to the conversion of barren, rangeland, and cropland to forest
(Figure 9, Figure A9). Forest loss was scattered throughout the study region and mostly due to

the conversion of forest to rangeland or cropland (Figure A9).

Forest area increased in the North Caucasus (6%), Armenia (8%), and Georgia (6%) from 1987
to 2015, and only Azerbaijan experienced a decrease of forest compared to 1987 (-4%) (Figure
10). The highest forest loss rates of 6% occurred in Azerbaijan between 2000 and 2005 (Figure

10).

We found the highest forest loss rates in earlier years and less forest loss in later years. The
highest forest loss rates from 1987 to 1995 were in mountain regions in the North Caucasus, in
two regions in Georgia and in the northern part of Azerbaijan (Figure 11). During that time,
Kalbajar-Lachin in Azerbaijan and Racha-Lechkhumi-Kvemo Svaneti in Georgia had the highest
forest gain of 4.7% and 4.2%, respectively. From 1995 to 2000 more regions experienced forest
loss than forest gain, with the highest forest loss rates occurring in two regions in Georgia,
concomitant to the highest forest gain in Georgia. Between 2000 and 2005, forest loss was again
more widespread than forest gain, although forest losses in the northern part of the Caucasus
were minor, whereas the southern part of the Caucasus showed higher forest losses, especially in
Azerbaijan. The highest forest gain occurred in Georgia (Imereti, 2.6%) and Armenia. From
2005 to 2010 forests mostly increased in Georgia, with a forest gain up to 6% in Guria. Lankaran

in Azerbaijan had the highest forest loss (2.7%) for this time period. From 2010 to 2015, only
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one region in Georgia showed a decrease in forest higher than 2%, all other areas were more or

less stable (< 1.9% change) or experienced forest gain (Figure 11).

Change accuracy assessment

Our cropland change map had an overall accuracy of 75.7 £2.6%, but with high variation among
classes (Table 1). We observed highest user’s and producer’s accuracies of 97% and 78%,
respectively, for non-cropland, and 71% and 88%, respectively, for stable cropland. Cropland
change classes obtained much lower accuracies ranging from 8% to 43% for user’s accuracy, and
from 9% to 68% for producer’s accuracy. Confusion occurred mainly between the non-cropland
and stable cropland classes, and change classes often showed confusion with the previous or

following time step, i.e., the change was mapped correctly but its timing was not (Table 1).

The overall accuracy for the forest change map was 90.2 £2.7%, and similar to the cropland
change map with high variation among classes (Table 2). We found highest user’s and
producer’s accuracies of 95% and 97%, respectively, for non-forest, and 95% and 83%,
respectively, for stable forest. Our forest gain classes had lower producer’s accuracies from 5%
to 30%, and higher user’s accuracies from 22% to 36%. The forest loss classes had higher
producer’s accuracies from 14% to 78%, but lower user’s accuracies from 4% to 24%. Forest
change classes, similar to cropland, often showed confusion with the previous or the following

time step (Table 2).

Discussion

Effects of topographic correction on land-cover mapping
Land cover in mountainous regions is notoriously difficult to map with satellite images, because

high variation in illumination conditions introduces errors in land-cover classifications. Here we
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show that topographic correction for large-area and long-term analyses is feasible and can
improve classifications considerably. Our results are in line with previous studies for small study
areas that showed that topographic correction improves the separation of forest types (Pimple et
al., 2017; Vanonckelen et al., 2013), and these results make sense given that forests are often
found in steep terrain where topographic correction has the largest effect. Topographic correction
also enhanced the separation of forests from other land-cover classes, such as rangeland. By
applying topographic correction, we were able to improve our large-area land-cover

classifications, and hence our broad-scale land-cover change assessment.

The overall accuracy of the topographically-corrected classification map improved by only 2%
compared to uncorrected imagery. The reason why that number was relatively low was that the
large northern part of our study area has little topography and that is where mostly cropland and
rangeland occur. Topographically-corrected imagery improved the classification especially in
areas with extreme illumination conditions. In areas with steep topography, differences between
the classification of topographically-corrected and uncorrected imagery were substantial, similar
to what has been found previously (Vanonckelen et al., 2013; Yin et al., in review) and
especially the accuracies for forest classes were higher when topographic correction was applied
(Huang et al., 2008). Only two of our land-cover classes, barren and snow and ice, had a slightly
higher F1-score for the non-topographically corrected classification. In a previous study of
topographic correction methods for different land-cover classes (Sola et al., 2016), the intraclass
interquartile range (IQR) reduction was best for the rock class, suggesting that this class is very
homogenous and therefore its reflective behavior more controlled. In our case, barren and snow
and ice were not homogenous, but rather often a mix of rock and ice that occurred in heavily

jointed terrain with cast-shadows and very low illumination conditions. It is likely that a low
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availability of same-class pixels in the local pixel neighborhood resulted in an unreliable
estimate of the regression parameters for the C-factor. Thus, the topographic correction
potentially produced less accurate corrections. Indications for this can be derived from Figure
All, where a lower number of same-class pixels is apparent for snow-covered areas — although a
lower number of available pixels does not result in lower Rz for all land-cover classes. A second
potential reason for the slightly higher F1-scores for barren, and snow and ice are errors in the
SRTM, both in terms of geolocation relative to Landsat and the SRTM height estimates. In high
relief areas with steep slopes and high elevation, SRTM tends to underestimate both slope and
elevation (Guth, 2006; Mukul et al., 2017), and that may have adversely affected our topographic
corrections. The highest disagreement rate between the two classification maps occurred in areas
with extreme illumination conditions. In these areas, rangeland pixels were misclassified as
deciduous forest, and deciduous forest was misclassified as mixed forest, when using
uncorrected imagery. This is in line with a previous study that found that land-cover mapping
accuracies for uncorrected images were lowest in very low and high illuminated areas (Moreira
and Valeriano, 2014). Results from Vanonckelen et al. (2013) show similar results that the
largest accuracy improvements were obtained in low illuminated areas. The disagreement
between our two maps was lowest in areas where cos ®s and cos i were similar, which is the case
in areas where the topographic effect is minimum, such as in flat terrain, which was in our study
area especially the case in the Northern Caucasus. We further found that within the total area
where the land-cover classification differed, shaded pixels were more common than brightened
pixels. For brightened pixels topographic correction mainly has to correct for geometric terms,
whereas in shaded areas, direct illumination is reduced, resulting in larger correction factor areas,

and consequently higher disagreement rates, too. This result is in line with Dorren et al. (2003),



48

who found that classification errors for uncorrected images are more common for pixels with
high incidence angles. Another reason for the lower disagreement rates in brightened areas may
be the favored distribution of training samples in sunlit areas and therefore an optimized

classification result (Meyer et al., 1993).

We found that in mountainous regions topographic correction is particularly valuable for
distinguishing forest types, especially in a study region such as the Caucasus, where most forest
occurs in rugged terrain. The mixed forest class had the highest disagreement between the non-
topographically-corrected and topographically-corrected maps, which is similar to previous
studies (Hill et al., 1995; Meyer et al., 1993). When illumination conditions are high, mixed
forest is misclassified as deciduous forest, and when illumination conditions are low, mixed
forest is misclassified as coniferous forest. By using topographically-corrected imagery, we
greatly reduced the classification error among forest types, thereby improving the F1-score for

all three forest types.

Cropland and forest change assessment

Our study presents the first broad-scale land-cover change assessment for the Caucasus
Mountains that spans the entire 30-m resolution Landsat record. We successfully mapped
cropland and forest changes over a large spatial extent with high-temporal frequency. By
mapping the Caucasus Mountains frequently and identifying the timing of cropland and forest

change, we provide important information to understand determinants for land-change processes.

We found a general decline in cropland from 1987 to 2000 (North Caucasus, Georgia, Armenia)
and 2005 (Azerbaijan), similar to what occurred elsewhere in Eastern Europe and former Soviet
Union countries (Estel et al., 2015; Kraemer et al., 2015; Kuemmerle et al., 2006; Schierhorn et

al., 2013). However, we were surprised to find though that the North Caucasus had much less
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cropland loss than temperate European Russia, the Baltics, and Ukraine (Alcantara et al., 2013;
Prishchepov et al., 2013). Our rates of cropland loss were also considerably lower than what had
been previously estimated based on the mapping of early-successional woody vegetation as a
proxy of abandonment, but those maps were based on 250-m MODIS data (Alcantara et al.,
2013), which may be too coarse for the finely grained cropland cover in the Caucasus Mountains

(Yin etal., 2019, 2018b).

Interestingly, we detected much more stable cropland in the North Caucasus compared to
Georgia, Armenia, and Azerbaijan, although the agricultural sector of all four countries
underwent major land reforms after the collapse of the Soviet Union (Lerman, 2006). A possible
explanation for observed differences may be the differences in land distribution (Spoor, 2012). In
Georgia, Armenia, and Azerbaijan, land of collective farms was distributed among community
members and villagers (Hartvigsen, 2014). Communities with higher population density received
smaller parcels resulting in highly fragmented land ownership, which may have hampered
cultivation if parcels were far apart from each other. In contrast, in the Russian Federation, land
distribution was carried out through land shares and the structure of the collective farms was
often maintained resulting in less ownership fragmentation (Hartvigsen, 2014; Spoor, 2012).
Another possible reason for higher rates of stable agriculture in the North Caucasus could be
market demand, market accessibility and cost of cultivation (Rada et al., 2017). In the North
Caucasus, the internal demand and access to the main market (the Russian Federation) did not
change considerably shortly after the collapse of the Soviet Union. In the South Caucasus
however, crop production that was oriented towards the Russian market (e.g. tea) became
problematic, due to, among others factors, increased transportation costs and rising competition

with other countries (Kochlamazashvili and Kakulia, 2013; O’Loughlin et al., 2007). Further, the
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plains of the North Caucasus with fertile chernozem soils and good climatic conditions make
cultivation much easier than the hilly terrain of the South Caucasus (Afonin et al., 2008; de
Beurs et al., 2017). The South Caucasus, especially the eastern part, is also prone to climate
change. Droughts, heat events and water stress, as well as insufficiently managed irrigation and
drainage systems, make cropland cultivation challenging (Ahouissoussi et al., 2014;

Elizbarashvili et al., 2018).

We found that forest change rates in the Caucasus between 1987 and 2015 were smaller than
forest changes in Central and Eastern Europe, and the former Soviet Union during the same time
(Baumann et al., 2012; Griffiths et al., 2014; Potapov et al., 2015), which also surprised us. In
general, we found a slight increase in forest cover for the North Caucasus, Georgia and Armenia
since 1987, but a decrease until 2005 for Azerbaijan. Forest gain was often due to the conversion
of cropland or rangeland to forest. Forest recovery on abandoned agricultural fields is common
across former Soviet countries (Griffiths et al., 2014). Our results generally matched those from
prior case studies of parts of our study area. For the war-torn regions Chechnya and Nagorno-
Karabakh, located in Kalbajar-Lachin and Yukhari-Karabakh, we found very low rates of both
forest loss and forest gain, and cropland change dominated, similar to previous results (Baumann
etal., 2015; Yin et al., 2018b). For Georgia, a previous study found 0.8% forest loss from 1990
to 2000 and forest gain was miniscule (0.09%, (Olofsson et al., 2010)). We found an overall
slight increase of 1.17% in forest cover between 1987 and 2000 across Georgia and some forest
gains along forests edges and on abandoned fields in Abkhazia, which may be related to the
armed conflict there in the early 1990s. In the North Caucasus, our results are in line with a
previous study that detected large areas of forest loss related to the Olympic Games in Sochi in

2014 (Bragina et al., 2015).
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In general, the reasons for forest change in the Caucasus Mountains are multifold, but are most
likely primarily a result of the political situation, illegal logging, and sheep and cattle grazing
(FAO, 2019). The increase in forest in Georgia and Armenia is likely related to the reduction of
sheep grazing. After the collapse of the Soviet Union not only did the demand for sheep
decrease, but the herds from Georgia also lost access to winter pastures in Dagestan (North
Caucasus) (Radvanyi and Muduyev, 2007). As a result, forests started to regrow on former
pastures in the mountains. A similar decline in sheep herds was observed in Armenia, when the
Azerbaijani population moved to Azerbaijan after the start of the Nagorno-Karabakh conflict and
forests started to regrow in some areas of former rangelands located within forested zones. Yet,
in Azerbaijan pressure from sheep grazing on mountain grasslands increased since the collapse
of the Soviet Union and may have resulted in forest loss (de Leeuw et al., 2019) and cattle
grazing inside forests is causing forest degradation (UNECE and FAO, 2019). Another reason
for forest loss in all four countries between 1987 and 2000/2005 was the unstable political
situation. The forest sectors suffered from weak law enforcement and illegal logging both for
fuelwood by the local population and for wood export by companies (FAO, 2015; Ozdogan et
al., 2017). lllegal forest cutting has been identified as one of the main threats to biodiversity in
the Caucasus (Zazanashvili et al., 2012). However, most forests occur in high elevation making
transportation costly. Further, the establishment of many protected areas with relatively high
protection status in the last 20 years likely protected forest from large clear cuts and broad-scale

exploitation.

Limitations
To our knowledge, this is the first broad-scale land-cover change assessment for the Caucasus

Mountains back to the 1980s. However, we acknowledge that our maps have some limitations.
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To account for the climatic variability in our study region we integrated phenology for each
pixel. Unfortunately, the number of cloud-free Landsat pixels was very limited in some years and
consequently we had to average phenology across all years. Moreover, to generate gap-free
composites we had to use satellite observations acquired within 1 or 2 years of the target year.
Both steps reduced the temporal accuracy of our maps. This is why we restricted our land-cover
change assessment to only two trajectories (gain and loss) and aggregated more complex changes
to one transitional class, which improved change classification accuracies but prohibited an
analysis of re-cultivation. Further, because of the lack of ground truth, most of our training
samples were gathered using visual image interpretation. Labeling errors may have biased our
accuracy assessment, but collecting a sufficient amount of error-free reference to validate land-
use change maps over a large area is challenging (Stehman and Foody, 2019), and was not

feasible for our study.

Our change detection maps had overall high accuracy, but user’s and producer’s accuracies for
change classes were low. Validating a large number of change classes is challenging, especially
for small change classes (Stehman and Foody, 2019). In our case, 19 out of the 20 change classes
covered less than 1% of the study area, making it difficult to achieve high area adjusted user’s
and producer’s accuracies. However, change classes often showed confusion with the previous or
following time step, indicating that the changes are mapped correctly, but the exact timing may
be shifted by one time step. Cropland change mapping is especially difficult in areas where the
climate is highly variable, and where a variety of cropland cultivation methods are applied.
Furthermore, non-intensively managed fields in arid regions are spectrally very similar to
rangelands. For forest change maps, forest gain is typically more difficult to map than forest loss,

because it occurs gradually and its timing is difficult to determine (Hansen et al., 2010; Li et al.,
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2017). Spectral similarities between orchards, vineyards, and forests also resulted in some
classification errors. Lastly, we were not able to detect sub-pixel-level changes, which is
unfortunate because overgrazing and selective logging are the dominant threats to forests, not

large clear cuts (FAO, 2019).

Conclusion

We applied an integrated atmospheric and topographic correction approach and mapped land-
cover changes in the Caucasus Mountains from 1987 to 2015 based on the full Landsat archive.
In deriving our topographically-corrected land-cover classification, we demonstrated that it is
feasible to correct for topographic effects when mapping large areas. The resulting maps were
considerably more accurate, especially where the terrain is steep. It follows that we recommend
making an integrated atmospheric and topographic correction of Landsat satellite imagery a
matter of routine in mountainous regions to ensure accurate land-cover classifications. We found
that the majority of the land-cover changes in the Caucasus were related to cropland changes that
occurred between 1987 and 2005. Cropland was much more stable in the northern part of the
Caucasus (the Russian Federation) compared to the southern countries, Georgia, Armenia, and
Azerbaijan. In the South Caucasus, cropland was much more variable and the amount of
cultivated cropland dropped especially from 2000 to 2005. Few changes occurred in forests, and
forest loss and forest gain had similar magnitude. The observed changes are most likely
connected to the collapse of the Soviet Union in 1991, and the subsequent land reforms and

armed conflicts during the 1990s.

Data availability

All land-cover maps can be downloaded at http://silvis.forest.wisc.edu/maps-data/caucasus.
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Appendix A: Methods - FORCE and implemented topographic correction

The framework for operational radiometric correction for environmental monitoring (FORCE) is
a software to enable mass-processing of medium-resolution satellite imagery for large area
applications. The FORCE Level 2 Processing system (L2PS) masks clouds, cloud shadows and
snow pixels with an extended Fmask algorithm, which drops the termination criterion to increase
cloud classification producer’s accuracy, and includes a darkness filter to counteract false
positives in dryland areas (modifications are described in Frantz et al., 2015; Zhu et al., 2015;
Zhu and Woodcock, 2012). The cloud masking was evaluated in the Cloud Masking Inter-

comparison Exercise (Earth ESA, 2016).

The atmospheric correction in FORCE L2PS is based on radiative transfer theory (Tanre et al.,
1979) and includes integrated atmospheric and topographic correction, as well as a correction for
adjacency effects to estimate Bottom-of-Atmosphere (BOA) reflectance (Frantz et al., 2016).
Aerosol optical depth is estimated for each image over dark water and dense dark vegetation
objects using multiple scattering. A precompiled water vapor database (Frantz et al., 2019;
Frantz and Stellmes, 2018) was derived from MODIS (Gao and Kaufman, 2003) to correct for
gaseous absorption (Frantz et al., 2016). The performance of the atmospheric correction

implemented in FORCE was compared to other approaches (including ATCOR, LaSRC, and
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Sen2Cor) in the Atmospheric Correction Intercomparison eXercise (ACIX) (Doxani et al., 2018).
In those comparisons, FORCE produced high quality estimates of aerosol optical thickness and
surface reflectance that were similar to those from LaSRC. The second edition of ACIX will

include more in the depth comparison using a much larger reference dataset (Earth ESA, 2016)

The topographic correction algorithm in FORCE L2PS is an enhanced C-correction based on the
theoretical principles outlined in Kobayashi and Sanga-Ngoie (2008) and on the predecessor
algorithm described in Frantz et al. (2016). The topographic correction is closely integrated with

atmospheric correction featuring both empirical and physical terms.

The traditional C-correction complements the cosine correction with a factor C (Teillet et al.,

1982):

cos Og + C
A= ()
cosi+ Cy

where cos i represents the illumination angle and is defined as:
cosi = cos Ogcos O, + sin Og sin O, cos(Pg — D)) (6)

with ®s being the solar zenith angle, ®n the topographic slope angle, ®s is the solar azimuth
angle, and @y is the aspect angle of the topographic surface (Civco, 1989). Cos i ranges from -1
(minimum illumination) to 1 (maximum illumination). Values below 0 do not receive direct

radiance. The subscript A indicates terms that are dependent on wavelength.

The C-factor is assumed to model the contribution of the diffuse illumination (Teillet et al.,
1982) and thus the C-correction is less affected by overcorrection in poorly illuminated areas

because C; has a moderating influence on the cosine correction (Teillet et al., 1982). Commonly,
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C,. is empirically derived from a linear regression between the at-satellite radiance or reflectance

and the illumination angle:

G =2 7

my

with by and m;, being the intercept and slope of the regression line, respectively. The empirical
estimation of C, accounts for non-Lambertian scattering of the surface target (Teillet et al.,
1982). However, due to different Lambertian characteristics of different land surfaces, it is
generally advised to estimate C;, for at least vegetated and non-vegetated surfaces separately,
e.g., by applying an NDVI threshold and to exclude relatively flat pixels (e.g. Hantson and
Chuvieco, 2011). Frantz et al. (2016) analyzed the performance of approx. 40,000 C-corrected
Landsat images, and results indicated that the correction was generally successful for the near
and shortwave infrared bands, whereas topographic correction results for the visible bands were
not a substantial improvement over non-corrected imagery for a considerable share of images.
Frantz et al. (2016) concluded that this was likely due to the lack of a relationship between
radiance and illumination angle in the visible bands when aerosol optical depth was high, i.e.,
when a strong and spatially homogeneous diffuse illumination component affected both sunlit

and shaded areas.

Kobayashi and Sanga-Ngoie (2008) proposed that the topographic correction factor A;, can be

expressed with consideration of diffuse and direct illumination components as:

cos Og + f) cosOg (8)

AT cosi+ hf) cos@g

where h is the portion of the sky dome diffusing on to the tilted surface:
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1-0,

h =

(®n in radians) ©)

and fy is the proportionality factor between the direct Ey, » and the diffuse Eq,» irradiance reaching

the horizontal surface:

f, = 92 (10)

 Epa
Kobayashi and Sanga-Ngoie (2008) derived that C; can be expressed as:
C) = hg fj cos Og (12)

with ho being the h-factor at cos i = 0, and can be expressed as:

_T[+2@S
T om

h, (®s in radians) (12)

When combining eq. 8 and 11, the A-factor becomes

cos Os + Cy hy?

A, =
A7 Ccosi+Cyhyth

(13)

Thus, if direct and diffuse illumination terms are known, and that is the case when the
topographic correction is integrated with atmospheric correction, the topographic correction
factor can be computed. However, the reader may notice that this formulation of C;, only takes
into account the diffuse illumination, but not land surface characteristics such as non-Lambertian
behavior. Therefore, an image-based estimation of C, might still be more practical. Nevertheless,
as 1) C; can be modelled when direct and diffuse components are available, and 2) the empirical
estimation of C is most successful for the SWIR2 band, but 3) might fail for the visual bands, it

is feasible to empirically estimate C in the SWIR2 band only (Csw2) and then propagate through
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the spectrum to any other wavelength. From eq. 11, it follows that the wavelength-dependency of

Cs. is only due to fi. Thus, C;, can be computed from Csw: as:

Cx = Cswy fswz fa (14)

As shown in literature, it is most desirable to estimate Csw2 for each land-cover class
individually to capture different land surface characteristics. Our approach thus estimated Csw:
for each pixel individually. However, this is computationally expensive, thus, we only estimated
C swz for lower illumination areas (cos i < cos ®s), whereas C sw2 was computed with eq. 11 for
sunlit areas where overcorrections were less problematic. No topographic correction was
attempted for deep shadow areas (cos i < 0), and we assumed that topographic correction became
less reliable for i > 80° (Flood et al., 2013). For relatively flat pixels (slope < 2°), the traditional
cosine correction was used. Please see an example map of Csw: in Figure A11 for one Landsat

image.

To calculate Csw2 for each pixel, it is necessary to include pixels from its neighborhood to
parameterize the linear regression. Tan et al. (2013) suggested to use 3 x 3 km kernels for their
empirical correction, which we basically adopted. Nevertheless, for performance considerations
we only used sparse sampling, wherein the area closer to the central pixel was more densely
sampled. Flat pixels (slope < 2°) were excluded from the linear regression. Pixels that were in a
different land-cover class were excluded, too. Commonly, this is achieved using a fixed NDVI
threshold of e.g., 0.4. However, this was disadvantageous in two respects: 1) this arbitrary
division is ill-suited for pixels that are close to this threshold and 2) NDVI only separates
vegetated a non-vegetated areas, thus e.g., forest and grassland are in the same class although

they have substantially different Lambertian characteristics. Therefore, we used a (SWIRL -
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SWIR2) / (SWIR1 + SWIR2) threshold, which we found more meaningful when estimating C
for the SWIR band. In addition, we did not use a fixed threshold but accepted a pixel if it differs
less than + /- 0.025 from the central pixel. If C could not be estimated (e.g., because there were

not enough samples or negative retrieval), the computed C (eqg. 11) was used instead.
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Tables and figures

Table 1: Error matrix (area proportion in percent) for user’s accuracy (UA) and producer’s accuracy (PA) for cropland change map
(NC = non-cropland, TC = transitional cropland, SC = stable cropland, CG = cropland gain, CL = cropland loss) for topographically-
corrected images for the five time intervals.

Classification

Reference
Class NC TC SC CG15 CG10 CG05 CG00 CG95 CL95 CLOO0 CLO5 CL10 CL15 UA
NC 52.05 0.00 0.72 0.36 0.00 0.00 0.00 0.00 0.36 0.00 0.36 0.00 0.00 96.67
TC 8.55 7.39 0.92 0.00 0.00 0.00 0.00 0.00 0.23 0.23 0.00 0.00 0.00 42.67
SC 1.54 3.51 15.01 0.00 0.00 0.00 0.14 0.14 0.00 0.00 0.14 0.42 0.14 71.33
CG15 0.61 0.08 0.00 0.07 0.05 0.00 0.00 0.00 0.02 0.00 0.02 0.00 0.00 8.00
CG10 0.25 0.04 0.01 0.01 0.07 0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 18.00
CGO05 0.17 0.05 0.01 0.00 0.01 0.05 0.00 0.00 0.00 0.01 0.00 0.00 0.00 16.00
CGO00 0.21 0.04 0.03 0.00 0.01 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 10.00
CG9%5 0.30 0.21 0.19 0.00 0.06 0.00 0.06 0.11 0.02 0.00 0.00 0.00 0.00 12.00
CL95 1.60 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.43 0.00 0.00 0.00 0.00 20.00
CLO00 0.40 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.14 0.06 0.00 0.00 18.00
CLO05 0.23 0.04 0.03 0.00 0.00 0.00 0.00 0.00 0.04 0.02 0.12 0.00 0.00 26.00
CL10 0.12 0.05 0.02 0.00 0.00 0.00 0.00 0.00 0.04 0.07 0.08 0.05 0.00 12.00
CL15 0.39 0.22 0.11 0.00 0.00 0.00 0.00 0.00 0.02 0.09 0.02 0.09 0.15 14.00
PA 78.36 62.43 88.07 15.52 36.33 67.60 13.99 44.59 3391 25.98 15.48 9.31 52.16 75.7+2.6
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Table 2: Error matrix (area proportion in percent) for user’s accuracy (UA) and producer’s accuracy (PA) for forest change map (NF =
non-forest, TF = transitional forest, SF = stable forest, FG = forest gain, FL = forest loss) for topographically-corrected images for the
five time intervals.

Reference

Class NF TF SF FG15 FG10 FGO05 FG00 FG95 FL95 FLOO FLO05 FL10 FL15 UA

NF 73.46 0.00 0.51 1.54 1.03 0.51 0.00 0.00 0.00 0.00 0.00 0.00 0.00 95.33

TF 1.33 0.63 1.72 0.00 0.08 0.00 0.08 0.00 0.00 0.00 0.00 0.00 0.08 16.00

SF 0.00 0.00 15.50 0.00 0.33 0.00 0.00 0.33 0.00 0.00 0.00 0.00 0.11 95.33

FG15 0.14 0.00 0.08 0.16 0.04 0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 36.00

FG10 0.04 0.00 0.05 0.03 0.07 0.02 0.01 0.02 0.00 0.00 0.00 0.00 0.00 30.00

% FGO05 0.04 0.00 0.04 0.00 0.01 0.06 0.01 0.00 0.00 0.00 0.00 0.00 0.00 34.00

% FGO00 0.04 0.02 0.12 0.00 0.01 0.01 0.06 0.01 0.00 0.00 0.00 0.00 0.00 22.00
O

FG95 0.06 0.04 0.31 0.01 0.00 0.02 0.00 0.15 0.00 0.00 0.00 0.00 0.00 26.00

FL95 0.37 0.01 0.07 0.00 0.00 0.00 0.00 0.00 0.02 0.02 0.00 0.00 0.00 4.00

FLOO 0.09 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.01 0.02 0.01 0.00 0.00 12.00

FLO5 0.03 0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.03 0.01 0.00 24.00

FL10 0.03 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.01 20.00

FL15 0.04 0.00 0.09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 20.00

PA 97.07 87.71 83.43 9.24 4.73 9.18 34.28 29.84 63.66 40.58 77.93 53.50 1406  90.2+2.7

9/,
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Figure 1: Overview of the 35 WRS2 Landsat footprints covering the Caucasus study area

between the Black Sea and the Caspian Sea, including parts of the Russian Federation in the
north, and Georgia, Armenia and Azerbaijan in the south.
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Figure 2: (A) Topographically-corrected land-cover classification for 2015 and (B) disagreement

in percent between non-topographically-corrected and topographically-corrected classification

maps summarized in a 300-m grid for visualization and analysis purposes.
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Figure 3: (A) Area adjusted user’s accuracies (UA) and producer’s accuracies (PA) of non-
topographically-corrected and topographically-corrected classification. Error bars indicate the
95% confidence intervals. (B) F1-score based on user’s and producer’s accuracy of non-
topographically-corrected and topographically-corrected classification.
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Figure 4: Mean disagreement in percent between the non-topographically-corrected and the
topographically-corrected classification in a 300-m grid based on the mean annual values of Acc
for 2015. Please note that bin sizes on the extreme ends differ (0.75<Acc<=0.80, Acc>1.95).
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Figure 5: Cropland gain and loss in the Caucasus region from 1987 to 2015. The transitional
cropland class contains pixels that alternated between cropland gain and loss. Zoom-ins show
(A) cropland loss in Chechnya (Russian Federation), (B) cropland loss in parts of Guria and
Samegrelo-Zemo Svaneti (Georgia), and (C) cropland gain in Aran (Azerbaijan).
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Figure 7: Percentage of stable active cropland from 1987 to 2015 (dark grey) and of cropland in
1987 that was subsequently abandoned (light grey).



84

1987-1995 1995-2000 2000-2005

2005-2010 2010-2015
Cropland change [%)]

[ 110-159 0.1--5.9
6.0-109 [l -6.0--10.9
00-59 [l -120--159

Figure 8: Cropland change aggregated for administrative units of the North Caucasus (Russian
Federation), Georgia, Armenia and Azerbaijan. Please refer to supplemental information Figure
A10 for names of administrative units.
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Figure 9: Forest gain and loss in the Caucasus region from 1987 to 2015. The transitional forest
class contains pixels that alternated between forest gain and loss. Zoom-ins show (A) forest loss
in Sochi (Russian Federation), (B) forest gain in Guria and Samegrelo-Zemo Svaneti (Georgia),
and (C) forest gain in Chechnya (Russian Federation).
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Figure 10: Relative forest change for six time steps with 1987 as baseline for the North Caucasus
(Russian Federation), Georgia, Armenia and Azerbaijan. Note that the y-axis starts at 50%.
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Figure 11: Forest change aggregated for administrative units of the North Caucasus (Russian
Federation), Georgia, Armenia and Azerbaijan. Please refer to supplemental information Figure
A10 for names of administrative units.



Appendix B: Supplementary information

Table A1: Mapping accuracies for topographically-corrected classification for 2015 based on bottom 20" percentile of validation data
(1: Coniferous forest, 2: Mixed forest, 3: Deciduous forest, 4: Barren, 5: Rangeland, 6: Cropland, 7: Built-up, 8: Wetlands, 9: Water,
10: Snow and ice).

Reference

Class 1 2 3 2 5 6 7 8 9 10 UA

1 19 2 2 0 0 0 0 0 0 0 0.7

2 0 3 5 0 1 0 0 0 0 0 0.3

3 1 1 25 0 4 2 0 0 0 0 0.8

S 4 1 0 2 29 18 0 0 0 0 0 0.6
g s 0 0 4 0 %2 3 1 0 1 0 09
2 6 0 0 0 0 8 11 6 0 0 1 0.4
° 0 0 1 4 3 0 5 0 0 1 0.4
8 0 0 0 2 1 0 0 7 5 3 0.4

9 0 0 0 4 0 0 0 0 6 1 0.5

10 0 0 0 3 0 0 0 0 0 24 0.9

PA 0.9 0.4 0.6 0.7 0.7 0.7 0.4 10 05 0.8 0.7

88



Table A2: Mapping accuracies for topographically-corrected classification for 2015 based on top 20" percentile of validation data (1:
Coniferous forest, 2: Mixed forest, 3: Deciduous forest, 4: Barren, 5: Rangeland, 6: Cropland, 7: Built-up, 8: Wetlands, 9: Water, 10:
Snow and ice).

Reference

Class 1 2 3 4 5 6 7 8 9 10 UA

1

2
3 51 0 1 0 0 0 0 10
s 4 3 0 2 0 0 0 0 0.0
g s 4 3 % 7 2 0 0 0.9
2 6 2 0 27 82 4 1 0 0.7
° g 0 0 0 1 6 1 0 0.8
8 0 0 1 0 0 2 0 0.7
9 0 0 0 0 0 0 20 10

10
PA 0.9 0.0 0.8 0.9 05 05 10 0.8

68
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Table A3: Number of validation samples for all land-cover classes for the topographically-
corrected map for 2015 after Olofsson et al. (2014) (Wi=mapped area proportion,
Ui=conjectured values of user’s accuracy, Si=standard deviation). Columns 5 and 6 are two
different allocations with Alloc2(cleaned) as final allocation.

Stratum Wi Ui Si Allocl Alloc2(cleaned)
1 Conif. forest 0.017 0.7 0.46 50 46

2 Mixed forest 0.023 0.7 0.46 50 47

3 Decid. forest 0.160 0.8 0.40 228 216

4 Barren 0.025 0.7 0.46 50 49

5 Rangeland 0.386 0.8 0.40 552 540

6 Cropland 0.314 0.8 0.40 448 443

7 Built-up 0.003 0.8 0.40 50 50

8 Wetlands 0.024 0.8 0.40 50 50

9 Water 0.046 0.9 0.30 66 66

10 Snow and ice 0.001 0.7 0.46 50 46




Table A4: Area adjusted mapping accuracies for non-topographically-corrected classification for 2015 (1: Coniferous forest, 2: Mixed
forest, 3: Deciduous forest, 4: Barren, 5: Rangeland, 6: Cropland, 7: Built-up, 8: Wetlands, 9: Water, 10: Snow and ice).

Reference
Class 1 2 3 4 5 6 7 8 9 10 adj UA
1 0.97 0.34 0.41 0.00 0.24 0.00 0.04 0.04 0.00 0.00 0.48+0.14
2 0.27 0.55 1.62 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.23+0.09
3 0.11 0.45 13.78 0.00 1.32 0.22 0.00 0.00 0.00 0.00 0.87+0.03
_§ 4 0.00 0.00 0.00 1.45 0.72 0.00 0.01 0.00 0.05 0.01 0.65+0.14
E 5 0.07 0.00 1.36 0.62 34.30 2.40 0.99 0.00 0.07 0.00 0.86+0.03
c_$s 6 0.00 0.00 0.41 0.00 6.72 22.59 0.20 0.17 0.00 0.00 0.75+0.04
° 7 0.00 0.00 0.00 0.00 0.03 0.00 0.17 0.00 0.00 0.00 0.8740.12
8 0.00 0.00 0.36 0.00 0.92 0.05 0.00 1.07 0.38 0.00 0.38+0.13
9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.42 0.00 1.00+0.03
10 0.00 0.00 0.00 0.02 0.01 0.00 0.00 0.00 0.00 0.07 0.75+0.14

adj PA  0.68+0.03 0.41+0.24 0.77+0.01 0.69+0.10 0.78+0.01 0.89+0.00 0.12+0.04 0.84+0.04 0.90+0.00 0.87+0.00 0.79+0.02

16



Table A5: Area adjusted mapping accuracies for topographically-corrected classification for 2015 (1: Coniferous forest, 2: Mixed
forest, 3: Deciduous forest, 4: Barren, 5: Rangeland, 6: Cropland, 7: Built-up, 8: Wetlands, 9: Water, 10: Snow and ice).

Reference

Class 1 2 3 4 5 6 7 8 9 10 adj UA
1 1.10 0.22 0.29 0.00 0.00 0.00 0.04 0.04 0.00 0.00 0.65+0.14
2 0.10 0.83 1.27 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.36+0.14
3 0.15 0.30 14.13 0.00 1.18 0.22 0.00 0.00 0.00 0.00 0.88+0.04
_§ 4 0.00 0.00 0.00 1.48 0.92 0.05 0.00 0.05 0.00 0.00 0.59+0.14
E 5 0.07 1.36 0.00 0.50 34.21 1.57 0.86 0.00 0.07 0.00 0.89+0.03
c_$s 6 0.00 0.00 0.64 0.00 7.08 23.37 0.21 0.07 0.00 0.00 0.74+0.04
° 7 0.00 0.00 0.00 0.00 0.06 0.00 0.26 0.00 0.00 0.00 0.80+0.11
8 0.00 0.00 0.24 0.00 0.68 0.05 0.05 1.17 0.24 0.00 0.48+0.14
9 0.00 0.00 0.00 0.07 0.00 0.00 0.00 0.00 4.56 0.00 0.98+0.03
10 0.00 0.00 0.00 0.03 0.01 0.00 0.00 0.00 0.00 0.08 0.67+0.14
adjPA 0.78+0.17 0.31+0.04 0.85+0.04 0.71+0.15 0.77+0.03 0.92+0.03 0.18+0.06 0.88+0.15 0.94+0.06 1.00+0.12  0.81+0.01

c6



Table A6: Average slope in degree for each land-cover class across the entire study region.

Land-cover class Average slope in [°]
Coniferous forest 25.97

Mixed forest 23.15

Deciduous forest 17.15

Barren 26.57

Rangeland 10.35

Cropland 2.64

Built-up 2.65

Wetlands 1.71

Water 0.14

Snow and ice 29.03
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Figure A1: Number of L1T images (Landsat 4/5 TM, Landsat 7 ETM+, Landsat 8 OLI + TIRS)
for 35 Landsat footprint from March, 1% to October, 31% for each target year 1987, 1995, 2000,
2005, 2010, 2015 with cloud cover <70%.
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Figure A3: Number of observations available for the three seasonal composites for the 2015
land-cover classification.
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Figure A4: Processing workflow for Landsat compositing and classification.
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Figure A5: Examples of homogenous areas on high-resolution images in Google Earth that were
used for classification training samples: (A) coniferous forest, (B) mixed forest, (C) deciduous
forest, (D) barren, (E) rangeland, (F) cropland, (G) built-up, (H) wetlands. Water and snow and

ice not shown.
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Figure A6: Threshold for ’built-up® class probability based on user’s accuracy (UA) and
producer’s accuracy (PA) (200 validation samples < 0.5 probability, 200 validation samples >
0.5 probability). Examples for 50-100% probability error matrix and 90-100% probability error
matrix to receive intersection ~ threshold between PA and UA.
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Figure A7: Land-cover classification map for 2015 derived from (A) non-topographically-
corrected Landsat image composites and spectral-temporal metrics and (B) topographically-
corrected Landsat image composites and spectral-temporal metrics.
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Figure A8: Percentage of non-topographically-corrected classes within topographically-corrected
class for 2015, with mixed forest having lowest agreement of 68% and water having the highest
agreement of 97%.
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Figure A9: Land-cover flow diagram (Sankey diagram) between consecutive time steps from
1987 to 2015.
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I:I 1, Krasnodar, Russia
l:’ 2, Adygey, Russia
I:I 3, Stavropol', Russia

l:’ 4, Karachay-Cherkess, Russia
l:l 5, Kabardin-Balkar, Russia
’—‘ 6, North Ossetia, Russia
|:| 7, Ingush, Russia

’—I 8, Chechnya, Russia

|:| 9, Dagestan, Russia

l:’ 10, Abkhazia, Georgia

l:l 11, Samegrelo-Zemo Svaneti, Georgia

I:I 22, Shirak, Armenia

|:| 12, Racha-Lechkhumi-Kvemo Svaneti, Georgia l:l 23, Lori, Armenia |:| 33, Ganja-Qazakh, Azerbaijan
I:I 13, Guria, Georgia l:l 24, Tavush, Armenia |:| 34, Shaki-Zagatala, Azerbaijan
|:| 14, Imereti, Georgia I:l 25, Aragatsotn, Armenia |:| 35, Quba-Khachmaz, Azerbaijan
E 15, Shida Kartli, Georgia l:l 26, Kotayk, Armenia |:| 36, Kalbajar-Lachin, Azerbaijan
|:| 16, Mtskheta-Mtianeti, Georgia |:| 27, Gegharkunik, Armenia |:| 37, Yukhari-Karabakh, Azerbaijan
E 17, Ajaria, Georgia l:l 28, Armavir, Armenia |:| 38, Aran, Azerbaijan

|:| 18, Samtskhe-Javakheti, Georgia I:l 29, Yerevan, Armenia |:| 39, Daglig-Shirvan, Azerbaijan
E 19, Kvemo Kartli, Georgia l:l 30, Ararat, Armenia |:| 40, Absheron, Azerbaijan

|:| 20, Thilisi, Georgia I:l 31, Vayots Dzor, Armenia |:| 41, Lankaran, Azerbaijan

E 21, Kakheti, Georgia l:l 32, Syunik, Armenia |:| 42, Nakhchivan, Azerbaijan
Figure A10: Administrative unites in the North Caucasus (Russian Federation), Georgia,
Armenia, and Azerbaijan.
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2 October 2016
RGB:743

Figure Al1l: (a) Landsat fall image (RGB: 743) for footprint 172/030, (b) number of pixels N, (c)
R? value of linear regression, and (d) C-factor (for visualization the color stretch is bounded
between 0 and 0.5, values for C range from 0 to 10).
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Chapter I1. Different effects of wars on cropland abandonment in the Caucasus
Contributors: Buchner, J., Butsic, V., Yin, H., Kuemmerle, T., Baumann, M., Zazanashvili, N.,

Stapp, J., Radeloff, V.C.

Abstract

Wars are unfortunately frequent and can have strong and long-lasting consequences for
agriculture. However, wars vary greatly in their overall intensity, which may affect permanent
land-use outcomes differently, but this is not well understood. The challenge of assessing the
effect of wars on land use is that valid control observations are needed before and after the
conflict events, and that land-use decisions may depend on complex interaction of near and far
away conflict locations. Our goal here was to isolate and compare the effect of four very
different wars on permanent cropland abandonment in the Caucasus region since the breakdown
of the Soviet Union. Specifically, we (1) assessed the intensity of each war in terms of conflict
events and fatalities, and affected land-cover types, (2) tested the hypothesis that a war with an
overall higher intensity leads to higher cropland abandonment than a war with overall lower
intensity, and (3) tested the hypothesis that the probability of cropland abandonment increases
when not only the closest but additional conflict locations farther away were considered, while
accounting for the intensity at the conflict location. To do so we analyzed the Uppsala Conflict
Data Program Dataset from 1989 to 2015 and Landsat-derived land-cover maps from 1987 to
2015, and used matching statistics and difference-in-differences estimators as well as logistic
regressions with panel data. We found that among the four wars, Chechnya had the highest
overall intensity with seven times more conflict events and four times more fatalities from 1989
to 2015 than Abkhazia, South Ossetia, and Nagorno-Karabakh combined. Surprisingly though,

the war in Abkhazia had a similar strong effect on abandonment than the wars in Chechnya
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despite their differences in overall intensity. In other words, 45% and 47% of permanent
cropland abandonment can be attribute to the war in Abkhazia and Chechnya, respectively.
However, the effect of the wars differed greatly in spatial extent. Permanent cropland
abandonment was wide-ranging in Abkhazia and affected almost the entire region, but was
localized in Chechnya, where the effect was strongest near conflict locations. We suggest that the
wide-ranging effect in Abkhazia was both related to the conflict events and the indirect
mechanisms such as migration patterns, travel restrictions, and economic hardship in the post-
war period. The war over Nagorno-Karabakh did not result in higher permanent abandonment,
despite very intense fighting. Neither did the war in South Ossetia, where the overall intensity of
the war was lowest in the Caucasus region. Interestingly, conflict locations father away did not
have an additional effect, and abandonment depended mostly on the distance to the nearest
conflict location. We suggest that farmers continued farming amidst war unless threat was
nearby. Overall, we applied consistent methods which allowed us to compare wars among each
other. By doing so we showed that almost half of the cropland abandonment can be attributed to

war even when the overall war intensity is low, affecting land-use outcomes noticeably.

Introduction

Wars can have strong and potentially long-lasting consequences on land use (Baumann and
Kuemmerle, 2016). The effects of war on agricultural land use are particularly important,
because conflict events are often concentrated in agricultural areas (Baumann and Kuemmerle,
2016). Furthermore, in many developing countries, subsistence farming is crucial for food
security (Adelaja and George, 2019a), but wars can be highly detrimental for farmers (Baumann
and Kuemmerle, 2016). One effect of wars is thus land abandonment. Land abandonment can

result from the destruction of irrigation infrastructure (Ozerdem and Roberts, 2012), or directly
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through the contamination of farm land with land mines or combat (The Halo Trust, 2014).
Additionally, wars can have indirect effects when agricultural input such as seeds and tools are
short (ICRC, 2007), when agricultural labor is lacking during wars due to military service and
people fleeing the region, or - in the worst case - death, which causes abandoned agricultural
fields (Eklund et al., 2016; Sanchez-Cuervo and Aide, 2013; Temudo and Silva, 2012).
However, the effect of wars on land use and the spatial extent of land abandonment varies
greatly among different wars, as do the wars themselves. The differences of the effects of wars
on land use are partially due to the history and the heterogeneous characteristics of wars. Wars
can vary greatly in their overall intensity, with some of them entailing fairly little violence and
few displaced people, while others are extremely brutal and cause mass-displacement (Cook and
Lounsbery, 2017). However the effect of wars on permanent land-use change is not well
understood, and the overall intensity of the war in terms of conflict events and fatalities, may
affect land-use outcomes differently. Our assumption was that wars with an overall higher
intensity of violence would have stronger and wide-ranging effects on permanent land-use

change than wars with an overall lower intensity.

For the remainder of this article, we use the term ‘war’ for the overall hostile situation between
two countries, i.e., inter-state war (e.g., Armenia vs Azerbaijan, or within a country, i.e., intra-
state war (e.g., Chechnya within Russia). Each war is a combination of many ‘conflict locations’,
and at each conflict location the number of ‘conflict events’ and the number of ‘fatalities’ are a
measure of ‘conflict intensity’. We define the ‘overall intensity’ of a war as the sum of all
conflict events and all fatalities during the study period. We define the ‘conflict area’ of each war

as the area surrounding all conflict locations of this war at a certain distance.
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We suggest that the differences in the reported effects of wars not only depend on unique
characteristics of the wars, but may also arise from two analytical challenges. First, assessing the
effect of a given war on land use has to account for changes in land use that would have
happened even without the war, and that means that both a valid non-conflict area for control is
needed and land-use information before and after conflict events. Assessments that lack such a
control area cannot provide reliable estimates (Schutte and Donnay, 2014). The problem with
just summarizing the changes in land use before and after the war in the conflict area itself
(Jaafar et al., 2015; Witmer and O’Loughlin, 2009) is that land abandonment can be caused by
many factors such as environmental conditions, e.g., draughts, or changes in markets. In studies
that do not consider environmental conditions that confound the effect of wars (Eklund et al.,
2016; Jaafar et al., 2015), the results may be biased. Here, we propose an approach that includes
both matching statistics and a difference-in-differences model, also known as before-after-
control-impact (BACI), to consistently estimate the effect of wars. By comparing cropland
abandonment before and after the conflict events and with valid non-conflict area controls for
different areas around conflict locations, we can assess the spatial extent, such as localized or

wide-ranging, of land abandonment due to the war (Figure 12).

The second analytical challenge is that typically the effect of war is either based on a pre-defined
unit of analysis such as a region or a municipality (Schutte and Donnay, 2014) which does not
take into account the distance to conflict locations, or the effect is assessed based only on the
nearest conflict location (Landholm et al., 2019; Yin et al., 2019). The expectation is that
cropland closer to a conflict location is more likely to be affected, and that the effect is larger
when the number of conflict events or the number of fatalities is high, which was the case in

Chechnya (Yin et al., 2019). However, if there are multiple conflict locations, farmers may be
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more likely to abandon their fields than if there is only a single conflict location, and land-use
decisions may also vary based on the intensity of the near and far conflict locations (Linke and
O’Loughlin, 2015). For example, we would predict that farmer A, who experienced a conflict
event in 1 km distance and a second conflict event in 2 km distance, is more likely to abandon

his field than farmer B, who only experienced one conflict event in 1 km distance.

Last but not least, because wars are different in their characteristics, it is challenging to derive
conclusions about the effect of war on land use in general from a single war. The comparison of
the effect of different wars requires consistency in methods and the way conflict intensity is
measured. To compare the effect of individual wars among each other, we analyzed four wars

with the same datasets and with consistent methods.

Our goal was to assess the effect of four wars on land use. In particular, we wanted to know how
the effect of wars on permanent cropland abandonment differed among the four wars in the
Caucasus that varied greatly in their overall intensity and how the interactions between distance-
to and intensity-of conflict locations influenced permanent cropland abandonment. The
Caucasus, with its unfortunately high number of wars, provided a unique site to evaluate the
effect of wars on land use and during the era detailed satellite imagery was available to provide
land-cover data. Regarding cropland abandonment outcomes, we hypothesized that the effect of
a war with overall higher intensity resulted in more cropland abandonment with a wide-ranging
spatial extent, compared to a war with overall low intensity. We further hypothesized that
conflict locations that were farther away added further pressure on cropland abandonment in
addition to the conflict locations nearby, especially if those far-away conflict locations were of

high intensity.
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Specifically, we asked the following questions:

1. How different were the four wars in the Caucasus, i.e., Chechnya, Abkhazia, South
Ossetia, and Nagorno-Karabakh, in the number of conflict events, the number of
fatalities, and the affected land-cover types?

2. How much permanent cropland abandonment did all wars cause, how did their effects
differ, and how broad was the effect on the spatial extent?

3. What was the effect of the number of conflict events and fatalities of both near and
far conflict locations on permanent cropland abandonment for the whole Caucasus

and for each war individually?
Methods

Study area and the four wars in the Caucasus

Our study area encompassed parts of the Russian Federation (North Caucasus), Georgia,
Armenia, and Azerbaijan (South Caucasus), with a total area of approximately 455,000 km?
(Figure 13). The study area included two major mountain ranges: the Greater Caucasus Mountain
Range and the Lesser Caucasus Mountain Chain (Zazanashvili et al., 2012). In the Greater
Caucasus the average elevation ranges from 500-3,000 m a.s.l. in the west and declines towards
the Caspian Sea in the east (\Volodicheva, 2002), peaking at 5,642 m a.s.l. at Mount Elbrus.
Precipitation is highest in the coastal area close to the Black Sea, exceeding 2,000 mm per year
(Zazanashvili et al., 1999). Elevation in the Lesser Caucasus ranges from 2,000-2,800 m a.s.l. in
the west and 2,500-3,300 m a.s.l. in the south-east with the highest point being Mount Aragats
(4,090 m a.s.l.) in Armenia (Volodicheva, 2002). The climate in the Lesser Caucasus is wet in its

western part, but continental in the east and south-east (Zazanashvili et al., 1999).
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In all four countries agriculture is important for employment, economic growth, poverty
alleviation, and food security (Holland, 2016; Welton et al., 2013). In the North Caucasus
agriculture accounts for 22% of the gross regional product (Holland, 2016). In Georgia,
Armenia, and Azerbaijan, in 2015 agricultural employment was as high as 44%, 35%, and 36%,
respectively (World Bank Data, 2019). In the South Caucasus, small family farms practice
agriculture as a combination of crop and fruit production as well as animal husbandry.
Agriculture focuses on vegetables and crops such as wheat and potatoes, but also specialty

products such as grapes and nuts (Ahouissoussi et al., 2014; Welton et al., 2013).

During Stalin’s regime and hard-ruling policy, tensions were generally suppressed, but started to
rise with the dissolution of the Soviet Union. After the collapse of the Soviet Union in 1991, the
tensions turned into full-scale wars in Chechnya (Russia), Abkhazia and South Ossetia
(Georgia), and Nagorno-Karabakh (between Armenia and Azerbaijan) (Zurcher, 2007). The
collapse of the federal system of the Soviet Union and its planned economy forced the countries
to rebuild nations (Cornell, 2000; Freni, 2013; Lerman, 2001; Witmer and O’Loughlin, 2011).
The Caucasus is a region of high ethnic diversity and strong national differences, as well as
unequal living standards and economic disadvantages, which fueled four major wars in
Chechnya, Abkhazia, South Ossetia, and Nagorno-Karabakh (Freni, 2013; Kolossov and
O’Loughlin, 2011; Nussberger, 2008). As a successor of the Soviet Union, Russia’s continued

interest further contributed to the wars in the Caucasus (Wiberg and Scherrer, 1999).

The Chechen wars were the most intense with an estimated 72,000 casualties (Zurcher, 2007).
The first Chechen war (1994 — 1996) started three years after Chechnya declared independence
from Russia and caused an immediate wave of Chechens fleeing into neighboring Ingushetia and

into the mountains. Although the capital Grozny was largely destroyed, the majority of villages
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and cities in the region remained intact. Nevertheless, the war killed 25,000 civilians (Zircher,
2007). The first war ended with a withdrawal of the Russian Army. Between the first and the
second war, crime increased dramatically in Chechnya, state institutions were dismantled, and an
Islamic governing body was established. The invasion of Dagestan and several bombings in
Moscow by Islamic rebels from Chechnya triggered the Second Chechen War in 1999. Better
prepared than the First Chechen War, the Russian military relied this time on heavy artillery and
aerial bombing. The bombing destroyed many settlements and cities, and the number of civilian
deaths was even higher. Attacks from rebels mostly targeted Russian offices, military, and
police. Major operations ended in 2001, and in 2003 Chechnya presidential elections were held,
overseen by Russia. The second war displaced more than 700,000 people, many more than the

first war (Zurcher, 2007).

In Abkhazia, the fighting started in 1992 after Abkhazia declared itself independent from
Georgia. In August 1992, roughly 5,000 soldiers form others parts of Georgia entered Abkhazia
(Zurcher, 2007). Nevertheless, by September 1993, Abkhazian forces gained control over
Abkhazia, with weapons and tanks provided by Russia (De Waal, 2010). Roughly 240,000
Georgians fled the region, 8000 - 10,000 people died, more than half of whom were civilians (De
Waal, 2010; Zurcher, 2007). Russian peacekeepers were stationed in Abkhazia in July 1994, but
further clashes occurred in 1997 and 2001 (Zurcher, 2007). Clashes occurred again in 2008
during the Five-Day War between Georgia and Russia (Pallin and Westerlund, 2009). Traveling

between Georgia and Abkhazia has been even more restricted since then (De Waal, 2010).

The war in South Ossetia started right after South Ossetia proclaimed itself independent from
Georgia in 1991. In 1992, the Dagomys agreement on South Ossetia was implemented, but did

not solve the underlying issues (De Waal, 2010). The Five-Day War in 2008 primarily affected
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South Ossetia (Pallin and Westerlund, 2009). However, compared to the other wars in the
Caucasus the South Ossetia war was not as intense with 600 - 1,000 people died and 42,000
Georgian refugees (De Waal, 2010; Zurcher, 2007). Over time ordinary civilians who lived

within the conflict zone were allowed to cross the border between South Ossetia and Georgia.

In Nagorno-Karabakh the tensions started to rise in 1988 and intensified by 1991 when Armenia
and Azerbaijan both declared independence and started the war over Nagorno-Karabakh, after
Karabakh declaring independence from Azerbaijan (De Waal, 2010; Zurcher, 2007). By 1992,
both sides were fighting with heavy weapons including rockets and tanks, causing widespread
damage and destroying entire villages (De Waal, 2010). After 1992, both, Armenia and
Azerbaijan, operated state-run armies (Zurcher, 2007). Once Armenia gained control over
Lachin, it was able to provide arms and supplies to Karabkah and occupied additional territory
outside Nagorno-Karabakh, which triggered a large wave of refugees to Azerbaijan in 1993. In
1994 the numbers of casualties increased steeply during a failed offensive in the Kelbajar region,
and Armenia gained full or partial control over seven Azerbaijani regions. In total , the war in
Nagorno-Karabakh killed about 16,000 people, and displaced 604,000 Azerbaijani citizens and
72,000 Armenians, by the time a ceasefire was signed in May 1994 (Zircher, 2007). Since then,
ceasefire violations have occurred repeatedly (Bekiarova and Ilina, 2019). The latest military
events in 2020 changed the situation over Nagorno-Karabakh, but to discuss the latest political

events is out of scope of the article.

For the remainder of this paper we named conflict locations after the region in which the war
originated in. For example, we referred to conflict location in the North Caucasus as ‘Chechnya’,
even though some conflict locations were outside Chechnya. We further analyzed wars related to

one region as one, for example, we analyzed the first and the second Chechen war jointly.
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Data

Remotely sensed land-cover change

To estimate cropland abandonment from 1987 to 2015, we analyzed six land-cover maps (1987,
1995, 2000, 2005, 2010, and 2015) that captured active cropland for each time step from Landsat
imagery covering the Caucasus region with 35 Landsat footprints, which we had classified
previously (Buchner et al., 2020). We compiled the 30-m resolution Landsat imagery into large-
area imagery composites and classified them with the C5.0 decision tree classifier. The stable
cropland class had a user’s accuracy of 71.3% and a producer’s accuracy of 88.1%. We defined
permanent cropland abandonment when a pixel was classified as cropland in 1987, but non-
cropland in the following time steps, and mapped cropland abandonment in 1995, 2000, 2005,

2010, and 2015. We did not include pixels that were re-cultivated after abandonment.

Conflict data and control variables

We analyzed conflict data provided by the Uppsala Conflict Data Program Georeferenced Event
Dataset (UCDP GED, Version 19.1) (Hogbladh, 2019; Sundberg and Melander, 2013). This
dataset defines a conflict event as ‘an instance of organized violence with at least one fatality’.
The UCDP dataset provides detailed information about the location and time, the number of
events per location and the best estimate of number of total fatalities, which we used as proxies
for ‘conflict intensity’. We chose the UCDP dataset because it dates back to 1989 and covers all
four wars in their entirety. Although the actual duration of the wars did not last for the length of
the study period, frequent ceasefire violations occurred for all four wars and therefore we
included all conflict events and fatalities that occurred for the duration of the study period. We
summarized the number of conflict events and the number of total fatalities for each location for

five time periods based on the land-cover maps (1989-1995, 1996-2000, 2001-2005, 2006-2010,
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and 2011-2015). In total, there were 543 conflict locations with a total of 2633 conflict events

from 1989 to 2015 (Figure 13).

When estimating the effect of wars on cropland abandonment, other factors that affect
agricultural land use needed to be accounted for (Adelaja and George, 2019a; Yin et al., 2019).
To do so, we included a suite of environmental, accessibility, and political-economic variables in
our analyses (Table 3). We selected the ALOS Global Digital Surface Model (DSM) dataset to
calculate elevation, slope, and aspect (Tadono et al., 2014; Takaku et al., 2014) and the
TerraClimate database to extract maximum temperature and precipitation accumulation
(Abatzoglou et al., 2018). We extracted soil carbon content from the FAO Harmonized World
Soil Database (Wieder et al., 2014). Other variables captured accessibility to market and
infrastructure, such as the distance to highways, and settlements, which we based on
OpenStreetMap (OpenStreetMap contributors, 2017). All of the datasets were available and
processed in Google Earth Engine (GGE, Gorelick et al., 2017). We further included information
about the percentage of rangeland and forests within 100 m window, because cropland is more
likely to be abandoned on marginal lands (Prishchepov et al., 2013). Finally, we added the
country name as a categorical dummy variable to account for political and economic differences.
We natural log-transformed the control variables and the conflict intensity measures to decrease

the effects of scaling on the model.

Models

Sampling design and summary statistics
We generated a 2-km point grid covering the entire study area, as a tradeoff between the need of

a sufficient amount of samples and the computational costs for our statistical models, and
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minimizing spatial autocorrelation between observations. We further ensured that observations
were cropland in 1987 and removed observations that were not cropland in 1987. This resulted in
40,220 grid points with a total of 241,320 observations over six time steps. For each observation
we calculated the distance to each conflict location within 35 km, for which we had summarized
the number of events and the number of total fatalities for the five time periods (1989-1995,
1996-2000, 2001-2005, 2006-2010, and 2011-2015). We selected the 35-km threshold based on
the size of our study region, and because two prior studies in the Caucasus region found a
negligible influence of conflict events on cropland abandonment beyond that distance (Baumann
etal., 2015; Yin et al., 2019). We binned the number of events and the number of total fatalities
within distances of 0-5, 5-10, 10-20, and 20-30 km for each observation. In a final step, we
extracted and added the value of the response variable (i.e., cropland abandonment or not), and

the control variables to the observations.

We calculated summary statistics for each of the four wars. First, we summarized the number of
events and the number of fatalities from the UCDP dataset for each of the four wars -- Chechnya,
Abkhazia, South Ossetia, and Nagorno-Karabakh -- for each of our five time periods. Second, we

summed the number of conflict events for each land-cover class for each war and time period.

Effects of war in its entirety on cropland abandonment

Our second objective was to identify the effect of all wars together and of each war in its entirety
on permanent cropland abandonment. To do so, we first controlled for differences in observables
between conflict area and non-conflict area by creating valid treatment and control datasets via
propensity score matching. We estimated the propensity score using a probit model (Guo and
Fraser, 2014; Jones and Lewis, 2015), where the propensity score is the probability of an

observation experiencing treatment, e.g., conflict event. Similar techniques have been
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successfully used to build valid counterfactuals for analyzing the effects of protected areas
(Andam et al., 2008; Bragina et al., 2015, Jones and Lewis, 2015) and payments for

environmental services (Arriagada et al., 2012).

Second, we controlled for unobservable or omitted-variable bias. To do this, we parameterized
difference-in-differences models. These are regression models that compare observations in
areas with and without treatment before and after the treatment event (Butsic et al., 2017). In this
study, we compared permanent cropland abandonment in conflict area and non-conflict area
before and after conflict events. The estimated difference in abandonment from observations in
the conflict area and the non-conflict area is based solely on changes that took place between the
two time periods. Therefore, time-invariant unobservable covariates, such as land-use history, do
not bias the estimated effect (Wooldridge, 2002). We used the same observations as described in
section 2.3.1. We defined the conflict area as the area within a distance of 5, 10, 20, or 30 km of
all the conflict locations with conflict events for each war (Figure 14). We excluded observations
within a distance of 30-35 km to clearly separate the conflict area from the non-conflict area. We
then matched conflict area observations and non-conflict area observations (i.e. observations >35
km away from conflict events) based on our natural log-transformed control variables (Table 3)
for 1995, 2000, 2005, and 2010 for each distance. In total we had 16 matched datasets, i.e.,
matched conflict area observations (5 km distance of all conflict events) with non-conflict area
for 1995, 2000, 2005, 2010, matched conflict area observation (10 km distance of all conflict
events) with non-conflict area for 1995, 2000, 2005, 2010, and the same for 20 km and 30 km
distance and all years. We removed observations labeled as conflict area in the subsequent time

step to avoid double labeling with non-conflict area observations. We merged the years for each
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conflict area definition, resulting in four datasets with conflict area defined as 5, 10, 20, and 30

km distance of all conflict events.

We analyzed the four datasets to estimate the effect of war on cropland abandonment using the
following difference-in-differences model for the entire Caucasus, i.e., the four wars together

(Wooldridge, 2002):

Yir = B1*Coip + By % Ajp + B3 * Cojp * Ajp + By x Timey + Bs * C; + Po—o * Xie + ;¢ (1)

In this model, Yit is cropland abandonment (1), or not (0), for observation i in period t, Coit is
whether observation i in a time period t was in conflict area (1) or not (0), i.e., treated or not, Ait
stands for after and indicates before (0), or after (1), conflict event, Coit = Ait is the interaction
between treatment and Ait and indicates the effect of war, Timeit is a categorical variable
indicating time period, C;j indicates the country, Xi: is the vector of control variables (i.e.,
maximum temperature, precipitation accumulation, percent rangeland, and percent forest), S1- B9
are the coefficients to be estimated, and e;: is the error term (equation for individual wars in the
appendix). In the fixed effects model time-invariant covariates (e.g., elevation) were not
considered. The fixed effect model eliminates the assumption that unobserved variables are
uncorrelated with the error term but relies on linear regression to fit a binary dependent variable.
In total, we ran 4 regressions incorporating the four conflict areas at a distance of 5, 10, 20, or 30
km from all the conflict locations. We used the ‘margins’ command in StataSE 16 to calculate
the marginal effects of war on permanent cropland abandonment. Marginal effects represent the
percentage point change in the probability an observation is abandoned due to war. In addition to
the model for the entire Caucasus, we also modeled the effect of each individual war (equation

(1) in the appendix).
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Effects of distance to and intensity of conflict locations

To understand how the nearest conflict location and additional ones farther away, plus their
intensities, affected permanent cropland abandonment, we parameterized a logistic panel
regression with random effects. In this model, we included a large number of interactions, and
these interactions can be best interpreted through predicted probabilities, which is why we chose
a random-effects model. Our goal was to estimate the effect of multiple conflict locations.
Therefore, we considered the nearest conflict location and its intensity, as well as additional
conflict locations and their intensities that took place at farther distances, which is a novel
contribution of our study (Figure 14). We again used the point grid described in section 2.3.1.
We identified the nearest conflict location by distance bins (i.e., 0-5, 5-10, 10-20, and 20-30 km),
and included the number of conflict events or fatalities at each location as measures of intensity.
The inclusion of the additional variables allowed us to understand how conflict events or
fatalities farther way from the observation affected cropland abandonment. Again, we included
the natural log-transformed control variables (Table 3) to account for factors related to

agricultural land use. We estimated the following regression for the entire Caucasus.

Yie = B1 x nearesto_skm it + B2 * lo—skm it + B3 * nearesto_symit * lo—skmic + Ba *
nearests_yokmic + Bs * Is—10km it + Be * nearests_ioxm it * Is—10kmic + B7 *
nearestio_zoxmit + Bs * lio—20kmic + Bo * nearestio_zoxmic * lio—20kmic + B1o *
nearestyo_zokmic + B11 * l20-30km it + B12 * nearestyo_sormic * l20-30km it + P13z * Ci +

B1a—23 * Xit + Boa * CiXje + Bos * Year; + ey 2

In this model, Yitis cropland abandonment (1), or not (0), for observation i in time period t,
nearestit IS a dummy variable indicating if conflict location within defined distances (0-5, 5-10,

10-20, and 20-30 km) is nearest (1), or not (0), lit is the intensity measure, i.e., the number of
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conflict events or number of total fatalities, of observation i in time period t, nearestit * lit is the
interaction term between nearestit and li;, Ci is a categorical variable indicating the country, Xit
is the vector of control variables (e.g., elevation, maximum temperature, distance to settlements),
Ci* Xit Is the interaction term between country and the control variables, Yearitis a categorical
variable indicating the time step, $1-f2s are the coefficients to be estimated, and ej; is the error
term. We ran one model with number of conflict events as intensity measure and a second one
with fatalities as intensity measure. In addition to the model for the entire Caucasus, we also

modeled the effect of each individual war (equation (2) in the appendix).

The model resulted in coefficients indicating the relationship between conflict intensity at
different distances and cropland abandonment, and we calculated the predictive margins of
conflict intensity and distance on cropland abandonment for better interpretability. In addition,
we used the regression results to predict the probability of abandonment over a range of distance
scenarios and conflict intensities to understand how abandonment changed due to both near and

far conflict events and fatalities.

Results

Summary statistics of the four wars

The overall intensity of the wars, e.g., the sum of all events and fatalities, differed greatly among
the four wars. Chechnya had by far the overall highest number of conflict events and the highest
number of fatalities (Figure 15), with seven times more conflict events and four times more
fatalities than the three other wars combined from 1989 to 2015. In Abkhazia, South Ossetia, and

Nagorno-Karabakh the overall number of events were much lower, but most of the events
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occurred before 1995. The war in South Ossetia had the overall lowest number of conflict events

and the lowest number of total fatalities (Figure 15).

Across the four wars, the majority of conflict events occurred in rangeland, cropland, and built-
up areas (Figure A12). We found differences among wars in land cover and over time. In
Chechnya, most conflict events occurred in urban, cropland areas or rangeland, but the number
of events started to increase in urban areas from 1996 until 2000. In Abkhazia and South Ossetia,
most conflict events occurred in cropland and urban areas, and in Nagorno-Karabakh in

rangeland and cropland.

Overall effect and effect of each of the four wars on cropland abandonment

The results of our difference-in-differences model showed that across the whole Caucasus,
conflict areas had higher permanent cropland abandonment probability after a war than non-
conflict areas (Table 4, Figure 16). Across the Caucasus that result was consistent and
abandonment was significantly higher if the conflict area included all conflict events within 10
km and 20 km, but highest within 30 km. Our global model for all four wars together showed
that overall 27% of cropland abandonment in the conflict area was due to the wars. However, we
found clear differences among individual wars. First, while abandonment was significantly
higher in the conflict area in Chechnya and in Abkhazia, this was not the case in Nagorno-
Karabakh and in South Ossetia. Second, in Chechnya, abandonment was highest in the conflict
area within 10 km of all conflict events. In contrast, in Abkhazia abandonment was only
significantly higher within 20, or 30 km of all conflict events (Table 4). Please refer to the
appendix for matching results (Table A7 - Table A38), and full regression results (Table A39,

Table A40).
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Effects of distance and intensity of conflict locations

In regards to the effects of conflict locations, the results of the panel logit regression with
random effects showed that conflict events nearby were more important than conflict events
farther away for the whole Caucasus (Figure 17). However, we found again clear differences
among the four wars. In Chechnya and Nagorno-Karabakh, the probability of abandonment was
highest, and significant, when the nearest conflict event occurred within 5 km, e.g., in the
immediate surrounding of an observation with cropland abandonment. The probability of
abandonment was four times higher in Nagorno-Karabakh (28%) than in Chechnya (6.7%). In
contrast, in Abkhazia, conflict events within a 10-20 km distance resulted in the highest
probability of abandonment (45%), and that was also the highest probability of abandonment
among all four wars. In South Ossetia, there were no significance differences in the effects of

conflict events among different distances (Figure 17).

When taking into account the distance and the intensity of the conflict locations, we found that
the probability of abandonment was higher across the Caucasus when the conflict event intensity
was higher, especially when the nearest conflict event was within 5 km (Figure 18). However,
neither the number of conflict events nor the number of fatalities resulted in significant
differences within a given distance. The pattern that we found for the whole Caucasus held true
for Chechnya, but the probability of abandonment was generally lower there. In contrast, in
Abkhazia a low number of fatalities within a distance of 10-20 km resulted in a higher
probability of abandonment than a higher number of fatalities closer or farther away. In
Nagorno-Karabakh, the probability of abandonment was highest for the nearest distance (<5 km)
and differed significantly from the 10-20 and 20-30 km distance when using fatalities, but

neither the number of conflict events nor the number of fatalities resulted in significant
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differences within a given distance. In South Ossetia none of the distances and intensities

differed significantly from each other (Figure 18).

When we combined the nearest conflict location with the ones father away as well as the
intensity measures, we found that adding conflict locations farther away to the ones nearby, did
not significantly increase the probability of abandonment for any of the wars (Figure 19). In
Abkhazia, adding fatalities in 5-10 km distance to the nearest fatalities in 5 km distance, resulted
in higher probability of abandonment, but was insignificant due to the large confidence intervals.
Our panel logistic regression results also allowed us to assess the importance of other control
variables for cropland abandonment. For the most part, they had only a small marginal effect on
cropland abandonment. The exception was the percent rangeland and percent forest within

100 m. When their values were highest, e.g. 100%, the probability of abandonment reached 50%
and 26%, respectively (Figure A13). Please refer to the appendix for full regression results

(Table A41 - Table A44).

Discussion

Comparing the effect of wars on land use is challenging due to the unique characteristics of
individual wars and the implementation of different methods that lack consistency. We
investigated the effects of wars that differed greatly in their overall intensity and the effect of
distance to conflict locations on permanent land-use change using consistent data and
methodology. We hypothesized that wars with overall higher intensity have a stronger effect on
permanent cropland abandonment than low intensity wars, but we found that wars that varied
greatly in their overall intensity affected permanent cropland abandonment similarly. However,
the spatial extent of abandonment affected by the wars varied and was localized in Chechnya and

wide-ranging in Abkhazia. The effect of distance-to and the intensity-of conflict locations also
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differed among wars. In Chechnya and Nagorno-Karabakh conflict events within 5 km had the
largest effects on the probability of cropland abandonment, whereas in Abkhazia conflict events
that were 10-20 km away had the highest abandonment probability. For each war individually, a
higher number of events, or a higher number of fatalities at conflict location was associated with
higher abandonment probability, but those differences were not significant, and only the distance
to the nearest conflict location was important. Furthermore, when there were conflict locations
nearby, additional conflict locations farther away did not have an additional effect on cropland

abandonment, a finding that surprised us.

The wars in the Caucasus entailed large numbers of conflict events and fatalities, but the
Chechen wars differed the most in their overall intensity compared to Nagorno-Karabakh,
Abkhazia, or South Ossetia. The war in Chechnya resulted in the overall highest number of
fatalities and conflict events over the study period from 1989 to 2015, largely due to heavy
artillery and bombing from the air by the Russian military, and Grozny, the largest city in
Chechnya with the highest population density was fully destroyed (Zircher, 2007). In Nagorno-
Karabakh rockets and tanks caused widespread damages of houses and settlements (De Waal,
2010), but the duration of heavy fighting was shorter and concentrated before 1995. In Abkhazia
and South Ossetia the overall numbers were lower, most likely due to the shorter duration of
active combat and sporadic airstrikes (Pallin and Westerlund, 2009). Most of the conflict events
occurred in croplands, rangelands, and urban areas, which is similar to most wars globally: cities
are disproportionally targeted, and fighting often occurs in agricultural land and grassland

(Baumann and Kuemmerle, 2016; Landholm et al., 2019).

We found a clear effect of wars on cropland abandonment using a difference-in-differences

model and thereby comparing the conflict area with a valid non-conflict area before and after
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conflict events. Our global model that combined all four wars showed that 27% of permanent
cropland abandonment in the conflict areas was due to the wars. Among the four wars, we
hypothesized that the wars in Chechnya would result in the most abandonment and at broader
spatial extent, because of the prolonged intensity of the wars. However, we found that the war
over Abkhazia affected a similar amount of abandonment in the conflict area than in Chechnya.
Almost half of the abandonment could be attributed to the war in each conflict area, despite the
overall higher level and duration of violence in Chechnya. But we also found that the effect of
the wars in Chechnya and Abkhazia occurred at different spatial extents, where in Chechnya the
effect of war was localized, but wide-ranging in Abkhazia, opposite to what we had expected.
We hypothesized that overall higher intensity would lead to a broader spatial extent of permanent
cropland abandonment. However, the indirect underlying mechanism of internally displaced
persons movements, subsequent travel restrictions hindering people returning to their homes, and
economic hardship, is important to understand the spatial extent of abandonment, in combination
with the overall number of conflict events. In other war-torn areas, such as Colombia, a higher
level of violence results in farmers shifting to subsistence farming and cultivating their fields
amidst conflict rather than abandoning their land. Further, farmers maintain and cultivate their
neighbors’ fields as well (Arias et al., 2018). Similar, in Nigeria, an increase intensity of attacks
by the Boko Haram, significantly reduce the output and productivity in agriculture, but do not
decrease the total amount of land that is cultivated (Adelaja and George, 2019b). This shows that
when people can retain their land, the spatial extent of permanent land-use change may differ
greatly compared to areas with limited access in the post-war period. Agriculture is remarkably

resilient, but extremely difficult to rebuilt once the agricultural system is lost (FAO, 2018).
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Surprisingly, the war in Nagorno-Karabakh did not result in widespread permanent cropland
abandonment, despite intense combat and large numbers of refugees and internally displaces
persons. Previously, abandonment near the battle field had been estimated to be up to 60%, based
on matching statistics (Baumann et al., 2015). We found that permanent cropland abandonment
was higher in non-conflict areas than in conflict areas. The differences between our study and the
one by Baumann et al. 2015, are related to multiple aspects. First Baumann et al. 2015 analyzed
major battle sites collected from literature, a more narrow definition of the conflict area than the
one we employed here. Second, our abandonment was lower in the conflict area because we
included a much longer time period for our abandonment definition (1987 to 2000 in Baumann et
al. 2015, versus 1987 to 2015 in our study). Third, we excluded re-cultivated observations
because we were interested in the effects of wars on permanent land-use change. Lastly, we
included the entire non-conflict area of Armenia and Azerbaijan as control and found more

abandonment in our non-conflict areas.

Assessing the interaction of distance to conflict locations and intensity of conflict locations
showed that the highest probability of permanent cropland abandonment depended largely on the
nearest conflict location, and additional locations were less important than we expected. Our
findings are in line with a previous study in Chechnya that found higher probability of
abandonment nearest to the conflict event, but the mapped probability was higher than in our
study (Yin etal., 2019). We believe that the differences in abandonment probability was most
likely due to the much larger size of our study region. Nevertheless, these results show that using
the nearest conflict location for assessing the effect on permanent cropland abandonment was
valid for Chechnya and Nagorno-Karabakh war. The same pattern occurred in Dafur, where a

higher number of violent events result in less cropland, with a stronger effect when conflict
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events were close (Alix-Garcia et al., 2013). However, the pattern was different in Abkhazia,

where conflict locations farther away had a larger effect than conflict locations nearby.

When the nearest conflict locations was accounted for, additional conflict locations farther away
did not result in higher abandonment. We had hypothesized that farmers would base their
decision whether to cultivate or to abandonment a field not only on the nearest conflict location
but also on conflict locations that were father away, especially when those conflict locations had
high intensity. Our results, however, did not support this hypothesis. One explanation for this
could be that a farmer may only heard or read about the additional violence farther away and this
may not affect the land-use decision as much as it does when the conflict location occurs in the
immediate vicinity (Linke and O’Loughlin, 2015). Further, farmers may rather adjust their
management and diversify their crop than abandoning their fields (Adelaja and George, 2019a),

especially when off-farm alternatives for income are rare (Bozzoli and Briick, 2009).

In the following we want to discuss the land use effects of the four wars for each war
individually, starting with Chechnya. In Chechnya, one reason for the localized effect of the wars
may be that the majority of rural residents are farmers and household based agriculture is their
main source of income (ICG, 2015). Further, during the early years attacks were targeted
towards the military, police, and governmental officials (O’Loughlin et al., 2011), and may have
had less influence on farmers and hence on permanent cropland abandonment. In later years, the
war spread into neighboring republics, which were initially involved in the fight for Chechnya’s
independence (O’Loughlin et al., 2011; O’Loughlin and Witmer, 2011). After the war, many
people that were displaced, were relocated within Chechnya and to neighboring Ingushetia and
Dagestan (UNHCR, 1996) and may have maintained agricultural activity. Furthermore, a

majority of the land is still under state control in the Russian Caucasus, which may have eased



128

the process to re-cultivate the land (Yin et al., 2019). Last but not least, most active fighting
occurred in urban areas (O’Loughlin et al., 2011), especially in the later years of the war, and
that may also explain the localized nature of the wars and may have prevented farmers in the

countryside abandoning their fields.

In Abkhazia, the effects of the war were wide-ranging and rather regional. This may be mostly
due to the patterns of displacement and refugee movements. 230.000 people that were registered
in Georgia in 2010 had fled Abkhazia and South Ossetia due to the wars there (IDMC, 2011).
After the war, people displaced from Abkhazia were not allowed to return to their homes
(NRC/IDMC, 2015; UNHCR, 1996), except in one district in Abkhazia, i.e., Gali (IDMC, 2011).
This limited access may explain the wide-ranging effect of the war on permanent cropland
abandonment. The effect of the war is also visible in a reduction of tourism, even in regions that
are remote from military activates (Radvanyi and Muduyev, 2007). Travelling from and to
Abkhazia is still very restricted and the border between Abkhazia and Georgia is controlled by
Russian troops (ICG, 2006). The limited access, the dispute over land, and the impeded return of
internally displaced persons to their homes most likely hampered the cultivation of the

agricultural fields (NRC/IDMC, 2015).

The effect of the war in South Ossetia on cropland abandonment was insignificant. One reason
could be the lower numbers of conflict events and fatalities compared to Chechnya, Abkhazia,
and Nagorno-Karabakh, leading to fewer observations in our models and therefore insignificant
results. Another reason may be that agriculture is less common there. Furthermore, most of
South Ossetia’s agriculture is in the form of small-scale subsistence farming (Gerrits and Bader,

2016).
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The war in Nagorno-Karabakh resulted in the largest number of internally displaced persons and
refugees, but did not result in widespread permanent cropland abandonment. Roughly 205,000
Azerbaijani fled Armenia and 247,000 Armenians fled Azerbaijan (Zlrcher, 2007). The
agricultural sector suffered heavy losses because of remaining mines and damaged irrigation
systems (NRC/IDMC, 2005). However, Armenia provided economic support to the Karabakh
region and subsidized wheat exports to Armenia (ICG, 2016, 2005), fostering agriculture in the
region. Since 2006, the de facto government of Nagorno-Karabakh established programs to
support agriculture (ICG, 2017), and arranged long-term land rental agreements (ICG, 2017).
This activities were valid for the duration of our study period, but may change due to the political

changes in 2020.

In general, cropland abandonment in the Caucasus was low compared to post-soviet
abandonment rates in other parts of Russia and Eastern Europe. We expected that the four wars
on top of the collapse of the Soviet Union would have resulted in very high cropland
abandonment rates. However, while cropland abandonment varied across our study region (6-
30%) (Buchner et al., 2020), rates in all countries were low compared to European Russia, where
up to 56% of pre-collapse agricultural land is no longer farmed (Alcantara et al., 2012; Baumann
et al., 2011; Prishchepov et al., 2013). This means that although we found a clear effect of the
four wars on cropland abandonment, and even though these wars were intense and resulted in
large numbers of refugees, people in the Caucasus largely continued to cultivate their fields
amidst the wars, despite the many challenges, and were exceptionally resilient during difficult
times (Radvanyi and Muduyev, 2007). Similar patterns occurred in Colombia and Niger, where

farmer’s continued cultivating their fields amidst conflict (Adelaja and George, 2019a; Arias et
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al., 2018). However, this also highlights the importance of humanitarian help for farmers in these

war-torn regions to support their livelihood during the challenging times of war.

When interpreting our results, it is important keep some limitations of our models in mind.
Although we included many variables, we were not able to include information on numbers of
internally displaced persons and refugees, land ownership, or economic welfare of farmers.
Similarly, we only included permanent abandonment in our analysis, because we were interested
in long-term effects, but this means we may have missed fields that were abandoned due to the
wars, but re-cultivated later. Another limitation is that our difference-in-differences approach
may have missed abandonment before some of the conflict events occurred, because we mapped
abandonment the first time in 1995. Furthermore, our land-cover maps included some mapping
errors, but we assume that errors were randomly distributed across space. Spatial autocorrelation
is another source of uncertainty and can lead to biased standard errors. To address this, we
spaced the points in our sampling grid afar from each other to minimize autocorrelation, and

included a country dummy variable to account for potential unobserved variation.

In summary, political instability after the collapse of the Soviet Union resulted in four major
wars in the Caucasus since 1991. However, the characteristics of each war in terms of overall
number of conflict events, differed greatly and even wars with a lower overall intensity can have
detrimental effects on permanent land-use change. It is important to assess the effect of wars in
their entirety as they may vary in their spatial extent. Additional conflict locations farther away
were not as important as hypothesized. We highlight the importance of applying a consistent
methodology when making comparison among wars to better understand their effects on

permanent cropland abandonment in particular, and on land use in general. More broadly, our
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results highlight that the effects of wars on land use are far from uniform, and that it is important

to consider the differences among wars.
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Tables and figures

Table 3: Variables included in the models to assess the effect of wars on cropland abandonment.

Variable Unit Period Resolution Source

Cropland change 1: cropland 1987, 1995, 2000, 2005, 2010, 30m Buchner et al. 2020
8 abandonment 0: 2015
§ = no
R abandonment
o >

" Number of conflict events Count annual numbers summarized Point Sundberg and Melander, 2013

g 29 for following time periods: location
= % ‘€  Number of total fatalities 1987-1995, 1996-2000, 2001-
SE g 2005, 2006-2010, 2011-2015

Elevation m Time-invariant larcsecond Tadono et al., 2014, Takaku et

al., 2014

Slope degree

Aspect degree

Maximum temperature C 1990, 1995, 2000, 2005, 2010, 2.5 arc Abatzoglou et al., 2018

2015 minutes

“ Precipitation accumulation mm
@
fg Topsoil carbon content % Time-invariant 0.05 degree  Wieder et al. 2014
o
; Euclidean distance to highways m Time-invariant - OpenStreetMap contributors,
= 2017
8 Euclidean distance to settlements

Percent rangeland within 100m % 1987, 1995, 2000, 2005, 2010, 30m Buchner et al. 2020

2015
Percent forest within 200m
Administrative boundaries of dummy Time-invariant vector Database of Global

countries

Administrative Areas (GADM
version 3.6) (www.gadm.org)
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Table 4: Marginal effects of conflict events on cropland abandonment expressed as both
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percentage point change and percent change (based on cropland abandonment in conflict area)
depending on the distance from conflict events that delineated the conflict area affected by a
given war (5, 10, 20, and 30 km). A positive percentage point change indicates an increase from
non-conflict to conflict area. Standard error in parentheses, *** p-value < 0.01, ** p-value <
0.05, * p-value < 0.1. Bold formatting indicates significant results.

Marginal effect

Marginal effect

wr (Percentage point change) (Percent change in abandonment)
5km 10km 20km 30km 5km 10km  20km  30km

Whole 03(0.8) 0.9 (04)**  1.0(03)*** 12(0.2*** 4.4 158 204 273

Caucasus

Chechnya  1.2(0.8) 2.0 (0.5)***  1.7(0.3)*** 1.2(0.2)*** 20.7 46.5 472 387

Abkhazia 2.0 (14.7) 11.7(11.2) 22.0 (5.8)*** 18.4 (3.3)*** 3.14 19.0 409 451

South 44(56)  4.8(3.5) -1.5(2.2 0.9 (1.7) 48.9 50.0 91  -7.1

Ossetia

Nagomo- g4 (38)  -125(20)** 7.6 (LL)*** -54(0.8)** -660 -644 -531 -39.7

Karabakh
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Localized effect Wide-ranging effect

Figure 12: Conceptual figure of the effect of war on the spatial extent of cropland abandonment.
Localized effect when the abandonment is closest to conflict events vs. wide-ranging when
abandonment also occurs farther away (created with BioRender.com).
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Figure 13: Study area in the Caucasus, and the four major wars in Chechnya, Abkhazia, South
Ossetia, and Nagorno-Karabakh with the number of conflict events from 1989 to 2015 in each

conflict location (source: UCDP).
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Figure 14: Conceptual figure for (A) matching procedure to assess the effects of wars in their
entirety on cropland abandonment and (B) to assess the effects of conflict locations with events,
including the interaction between distance to conflict locations and intensity thereof, on
abandonment. For the observation of interest, the nearest conflict location occurred within a
distance of 5-10 km, with a conflict intensity of one conflict event, and additional conflict
locations with one conflict event each occurred within a distance of 10-20 and 20-30 km that

were also considered in the model.
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Figure 15: Number of conflict events and number of total fatalities in the five time periods for
(A) Chechnya, (B) Abkhazia, (C) South Ossetia, and (D) Nagorno-Karabakh. Note: y-axis ranges
differ among wars.
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Figure 16: Predictive margins with 95% confidence intervals (Cl) across the Caucasus before
and after conflict events based on the area around all conflict events (5, 10, 20, and 30 km) that
are considered conflict area of the four wars.
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Figure 17: Predictive margins of conflict events on cropland abandonment when nearest conflict
events occurred at different distances (0-5, 5-10, 10-20, and 20-30 km) with 95% confidence
intervals. Note that y-axes differ among panels. For the whole Caucasus, and for Chechnya, and
Nagorno-Karabakh the probability was highest when the conflict event was nearby, but the
opposite was true for Abkhazia, and there were no differences among distances for South

Ossetia.
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Figure 18: Predicted margins of cropland abandonment with increasing intensity of conflict
location (i.e., increasing events or fatalities) for different distances with 95% confidence
intervals. Note that y-axes differ among panels. For the whole Caucasus, the line representing
effects of conflicts within 5 km (orange line) is on top, indicating that nearest conflict event or
fatalities resulted in a higher probability for abandonment. With an increasing number of conflict
events (top row) or number of fatalities (bottom row), probability of abandonment increased.
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Figure 19: Predicted margins of cropland abandonment when the nearest conflict event or
fatalities is within 5 km and the number of conflict events or fatalities increases at distances >

5 km (95% confidence intervals). Note that y-axes differ among panels. For the whole Caucasus,
the line representing effects of conflict events or fatalities within 5-10 km (yellow line) is
overlapping with 0-5 km distance (orange line), indicating that additional conflict events or
fatalities in a 5-10 km distance do not result in a higher probability for abandonment, with
conflict events as intensity measure (top row) or number of fatalities as intensity measure
(bottom row).
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Appendix: Supplementary information

Difference-in-Difference model with individual wars taken into account.

Yit = B1 % Coi + By * Aje + 3 * ColD; + By * Coie * Aje + Ps * Coye x ColD; + B * Ay *

ColD; + B5 * Coj * Ajy * ColD; + Bg *x Time;; + Bo_12 * Xit + €t D

Yit is cropland abandonment (1) or not (0) for observation i in time period t, Coit is whether
observation i in a time period t was in conflict area (1) or not (0), i.e., treated or not, Ai: stands for
after and indicates before (0) or after (1) a conflict event, ColD; is a war specific dummy
variable, Coit *Ait *ColD; is the interaction between treatment and At and war specific dummy
variable indicating the effect of each war, Time;t is a categorical variable indicating time periods,
Xit is the vector of covariates, 1- f12 are the coefficients to be estimated, and eit is the error term.

In the fixed effects model time-invariant covariates are not considered.
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Panel logistic regression with random effects for individual wars:

Yitcorp = Br * closesto_sim it + B2 * lo—skm it + B3 * closesto_sim it * lo—sim it + Ba *
closests_1okmic + Bs * Is—10km it T Be * closests_1orm it * Is—10km it T B7 *
closestyg_z0kmic + Bs * lio—20km it + Bo * closestio_zoxm it * Ti0-20km it T B1o *
closestyo_sokm it + B1z * lao—30km it T P13 * closestyo_sormic * l20-30km it + B1a-23 * Xir +

P24 * Yeary + Bas * Cli + ;1 2

In this model, Yitcoip is cropland abandonment (1) or not (0) for observation i in time period t for
individual conflict with conflict id ColD (Chechnya, Abkhazia, South Ossetia, Nagorno-
Karabakh), closesti is a dummy variable indicating if conflict within defined spatial interval is
nearest (1) otherwise (0), lit is the intensity measure, i.e., number of conflict events or number of
total fatalities, of observation i in time period t, closestit * lit is the interaction term between
closest-interval variable and the intensity measure, Xit is the vector of covariates, Yearitis a
categorical variable indicating each time step, 1-S2s are the coefficients to be estimated, and ejt

is the error term.
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Table A7: Probit regression results from propensity score matching model in 1995 for conflict
area vs non-conflict area with conflict area defined as 5 km.

Variables Coef.  Std. Err. z P>z  [95% Conf. Interval]
In_elevation 0.198792 0.016507 12.04 0 0.166439 0.231146
In_slope -0.01319 0.041415 -0.32 0.75 0.0943662 0.067979
In_aspect -0.0265 0.011901 -2.23 0.026 0.0498235 -0.00317
In_distance_to_highways 0.009619  0.01491  0.65 0.519 0.0196035 0.038842
In_distance_to_settlements  -0.07033 0.030293 -2.32 0.02 0.1297066 -0.01096
In_maximum_temperature ~ 3.778519 0.289093 13.07 0 3.211907 4.34513
In_precipitation_accumul. -0.91443 0.111167 -8.23 0 -1.132309 -0.69654
In_topsoil_organic_content  0.301325 0.096464  3.12 0.002 0.1122594 0.490391
In_percent_rangeland_100m -0.08647 0.014388 -6.01 0 0.1146678 -0.05827
In_percent_forest_100m 0.076453  0.03605 2.12 0.034 0.0057962 0.14711
_cons -18.274 1.757762 -10.4 0 -21.71918 -14.8289
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Table A8: Balance between conflict area (treated) and non-conflict area (untreated), matched
(M) and unmatched (U) observations in 1995. Conflict area defined as 5 km.

Variables Treated Control % bias % bias
reduction

In_elevation U 505 4.6612 26.4
M 5.05 4.7349 21.4 18.7

In_slope U 1.15 1.1583 -0.5
M 1.15 1.0971 9 -1599.3

In_aspect U 3.64 3.8323 -8.7
M 3.64 3.5058 6 30.6

In_distance_to_highways U 6.4 6.3945 0.6
M 6.4 6.4508 -3 -383.5

In_distance_to_settlements U 9.89 9.9904 -13.4
M 9.89 9.7865 13 3.3

In_maximum_temperature U 51 5.0109 91.2
M 51 5.1189 -18 80.3

In_precipitation_accumul. U 3.64 3.8623 -82.8
M 3.64 3.6178 9.7 88.3

In_topsoil_organic_content U 091 0.9543 -19.3
M 091 0.895 7.1 63.2

In_percent_rangeland_100m U 0.99 1.0309 -2.6
M 0.99 1.3709 -22.8 -794

In_percent_forest_100m U 0.16 0.0973 10.5
M 0.16 0.1496 2 80.9




155

Table A9: Probit regression results from propensity score matching model in 2000 for conflict
area vs non-conflict area with conflict area defined as 5 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 1.124436 0.159631  7.04 0 0.8115657 1.437307
3 1.400112 0.087752 15.96 0 1.228121 1.572104
4 -0.3219 0.213305 -1.51 0.131 0.7399696 0.096172
In_elevation 0.215317 0.013772 15.63 0 0.188325 0.24231
In_slope -0.00523 0.03426 -0.15 0.879 0.0723794 0.061919
In_aspect -0.01499 0.009879 -1.52 0.129 0.0343518 0.004373
In_distance_to_highways 0.005447 0.012072 0.45 0.652 0.0182129 0.029107
In_distance_to_settlements  -0.02293 0.025172 -0.91 0.362 0.0722618 0.02641
In_maximum_temperature  2.364774  0.38758 6.1 0 1.605132 3.124416
In_precipitation_accumul. -2.68728 0.124486 -21.59 0 -2.93127 -2.44329
In_topsoil_organic_content  0.490888 0.09371  5.24 0 0.3072203 0.674556
In_percent_rangeland_100m 0.025085 0.011322  2.22 0.027 0.0028947 0.047276
In_percent_forest_100m 0.030688 0.03986  0.77 0.441 0.0474364 0.108812
_cons -6.37273 2.297277 -2.77 0.006 -10.87531 -1.87015




156

Table A10: Balance between conflict area (treated) and non-conflict area (untreated), matched
(M) and unmatched (U) observations in 2000. Conflict area defined as 5 km (country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.00635 0.0689 -33.3
M 0.00635 0.0127 -34 89.8

3.country id U 0.92122 0.7402 49.7
M 0.92122 0.8869 9.4 81.1

4.country_id U 0.00381 0.0486 -28.3
M 0.00381 0.0178 -8.8 68.8

In_elevation U 4.8842 4.5539 18.7
M 4.8842 4.4408 25.2 -34.3

In_slope U 11405 1.1452 -0.7
M 11405 1.1641 -3.6 -406

In_aspect U 3.6892 3.8033 -5.1
M  3.6892 3.7789 -4 21.4

In_distance_to_highways U 6.3832 6.3867 -0.2
M  6.3832 6.4019 -1.2 -434.1

In_distance_to_settlements U 9.9402 9.9872 -6.2
M 9.9402 9.9639 -3.1 49.6

In_maximum_temperature U 5.1317 5.0901 45.4
M 51317 5.1068 27.2 40.1

In_precipitation_accumul. U 36084 3.8645 -100.9
M  3.6084 3.5252 32.8 67.5

In_topsoil_organic_content U 0.95512 0.9606 -2.5
M 0.95512 0.8968 26.6 -964.4

In_percent_rangeland_100m u 11111 1101 0.6
M 11111 1.8029 -39.9  -6760.7

In_percent_forest_100m U 0.07745 0.0989 -4.3
M 0.07745 0.0584 3.8 11.3
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Table A11: Probit regression results from propensity score matching model in 2005 for conflict
area vs non-conflict area with conflict area defined as 5 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 1.100864 0.120466 9.14 0 0.8647549 1.336973
3 1.804212 0.092641 19.48 0 1622639 1.985785
4 0.090927 0.199703 0.46 0.649 0.3004841 0.482339
In_elevation 0.173613 0.014233 12.2 0 0.1457166 0.201509
In_slope 0.060573 0.030506 1.99 0.047 0.0007817 0.120364
In_aspect -0.00433 0.009162 -0.47 0.636 0.0222905 0.013625
In_distance_to_highways 0.004266 0.011024 0.39 0.699 0.0173405 0.025872
In_distance_to_settlements -0.03775 0.022825 -1.65 0.098 0.0824844 0.006987
In_maximum_temperature 1.935691 0.270921 7.14 0 1.404695 2.466686
In_precipitation_accumul. -0.85652 0.094525 -9.06 0 -1.041786 -0.67126
In_topsoil_organic_content -0.3199 0.084301 -3.79 0 -0.48513 -0.15467
In_percent_rangeland_100m 0.178081 0.010565 16.86 0 0.1573735 0.198788
In_percent_forest_100m 0.101665 0.038803 2.62 0.009 0.0256125 0.177718
_cons -10.2537 1.633812 -6.28 0 -13.45587 -7.05144
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Table A12: Balance between conflict area (treated) and non-conflict area (untreated), matched
(M) and unmatched (U) observations in 2005. Conflict area defined as 5 km (country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.0342 0.0728 -17.2
M 0.0342 0.0425 -3.7 78.5

3.country id U 093161 0.701 62.4
M 0.93161 0.8808 13.7 78

4.country_id U 0.00415 0.0539 -30
M 0.00415 0.0145 -6.2 79.2

In_elevation U 5.0331 4.6525 22.7
M  5.0331 5.0551 -1.3 94.2

In_slope U 12261 1.1459 12
M 12261 1.2583 -4.8 59.9

In_aspect U 38947 3.7899 4.8
M 3.8947 4.0163 -5.6 -16

In_distance_to_highways U 6.3892 6.3912 -0.1
M  6.3892 6.4179 -1.8  -1358.7

In_distance_to_settlements U 9.9429 9.9864 -5.7
M 99429  9.926 2.2 61.1

In_maximum_temperature U 5.0878 5.0704 15.2
M 5.0878 5.0756 10.7 29.8

In_precipitation_accumul. U 37741 3.8919 -43.6
M 3.7741 3.7536 7.6 82.6

In_topsoil_organic_content U 0.94037 0.9617 -9.5
M 0.94037 0.8957 19.8 -109

In_percent_rangeland_100m U 14994 11821 17.2
M 1.4994 1.8612 -19.6 -14

In_percent_forest_100m U 0.08091 0.0494 7.2
M 0.08091 0.1023 -4.9 32.1
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Table A13: Probit regression results from propensity score matching model in 2010 for conflict
area vs non-conflict area with conflict area defined as 5 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. y P>z  [95% Conf. Interval]
country_id

2 0 (empty)

3 1.976858 0.111034 17.8 0 1.759236 2.194479
4 1.266542 0.155044 8.17 0 0.9626612 1.570423
In_elevation 0.120912 0.013234 9.14 0 0.0949735 0.146851
In_slope 0.087163 0.032647 2.67 0.008 0.0231749 0.15115
In_aspect -0.01746 0.009736 -1.79 0.073 -0.036545 0.001621
In_distance_to_highways 0.011028 0.011862 0.93 0.353 0.0122212 0.034277
In_distance_to_settlements -0.0414 0.024412 -1.7 0.09 0.0892491 0.006443
In_maximum_temperature ~ 1.252147 0.32214 3.89 0 0.620764 1.88353
In_precipitation_accumul. -1.16448 0.105125 -11.08 0 -1.370524 -0.95844
In_topsoil_organic_content  -0.28694 0.085461 -3.36  0.001 0.4544451 -0.11944
In_percent_rangeland_100m 0.178926 0.011246  15.91 0 0.1568837 0.200968
In_percent_forest_100m 0.174911 0.040547 431 0 0.0954407 0.254382
_cons -5.71113 1.902467 -3 0.003 -9.439891 -1.98235
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Table Al4: Balance between conflict area (treated) and non-conflict area (untreated), matched
(M) and unmatched (U) observations in 2010. Conflict area defined as 5 km (country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0 0.0723 -39.5
M 0 0 0 100

3.country id U 094574  0.719 63.7
M 0.94574  0.9225 6.5 89.7

4.country_id U 0.0323 0.0366 -24
M 0.0323 0.0491 -9.2 -289.2

In_elevation U 4.8218 4.5057 16.3
M 48218 4.9348 -5.8 64.3

In_slope U 12331 1.1439 135
M 12331 1.299 -9.9 26.1

In_aspect U 3.8411 3.8045 1.7
M 3.8411 3.9772 -6.3 -271.7

In_distance_to_highways U 64278 6.3972 1.9
M  6.4278 6.3697 3.7 -90.1

In_distance_to_settlements U 9.9522 9.9909 -5.1
M 9.9522 9.9442 1.1 79.2

In_maximum_temperature U 50931 5.093 0.1
M  5.0931 5.0834 8.8 -11600.1

In_precipitation_accumul. U 3.7489 3.8659 -44.7
M 37489 3.7479 0.4 99.2

In_topsoil_organic_content U 0.96037 0.9627 -1.1
M 0.96037 0.9475 5.9 -449.5

In_percent_rangeland_100m U 1.515 1.0158 27.6
M 1515 1.6025 -4.8 82.5

In_percent_forest_100m U 0.10255 0.0498 111
M 0.10255  0.092 2.2 80
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Table A15: Probit regression results from propensity score matching model in 1995 for conflict
area vs non-conflict area with conflict area defined as 10 km.

Variables Coef. Std. Err. y P>z  [95% Conf. Interval]
In_elevation 0.138869 0.010496 13.23 0 0.118297 0.15944
In_slope 0.0716 0.02906  2.46 0.014 0.014644 0.128556
In_aspect -0.0213 0.008604 -2.48 0.013 -0.03816 -0.00444
In_distance_to_highways -0.00874 0.010389 -0.84 04  -0.0291 0.011621
In_distance_to_settlements  -0.02631 0.021702 -1.21 0.225 -0.06885 0.01622
In_maximum_temperature -1.08031 0.077108 -14.01 0 -1.23144 -0.92918
In_precipitation_accumul. 2.908565 0.194591 14.95 0 2527175 3.289956
In_topsoil_organic_content  0.176689 0.06823 259 0.01 0.042961 0.310416
In_percent_rangeland_100m -0.06587 0.009849 -6.69 0 -0.08517 -0.04657
In_percent_forest_100m 0.12458 0.024656  5.05 0 0.076255 0.172906
_cons -12.9023 1.181171 -10.92 0 -15.2174 -10.5873
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Table A16: Balance between conflict area (treated) and non-conflict area (untreated), matched
(M) and unmatched (U) observations in 1995. Conflict area defined as 10 km.

Variables Treated Control % bias % bias
reduction

In_elevation U 4.8687 4.653 13.2
M 48687 4.4781 24 -81.1

In_slope U 12202 1.1544 9.9
M 12202 1.2282 -1.2 87.8

In_aspect U 38379 3.8268 0.5
M 3.8379 3.6261 9.8 -1806.9

In_distance_to_highways U 6.35 6.3951 -2.8
M 6.35 6.3403 0.6 78.6

In_distance_to_settlements U 9.9335 9.9912 -7.4
M 9.9335 9.8724 7.9 -5.8

In_maximum_temperature U 5.0896 5.0114 74
M 5.0896 5.0975 -1.4 89.9

In_precipitation_accumul. U 3.6518 3.8604 -79.1
M  3.6518 3.608 16.6 79

In_topsoil_organic_content U 0.91649 0.95805 -18.3
M 0.91649 0.88488 13.9 24

In_percent_rangeland_100m U 1.0469 1.0162 1.8
M 10469 1.3238 -16.4 -799.7

In_percent_forest_100m U 0.18247 0.09509 13.6
M 0.18247 0.19327 -1.7 87.6
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Table A17: Probit regression results from propensity score matching model in 2000 for conflict
area vs non-conflict area with conflict area defined as 10 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z [95% Conf. Interval]
country_id

2 0.852911 0.099817 8.54 0 0.657274 1.048547
3 0.959889 0.051968 18.47 0 0.858034 1.061744
4 -1.05341 0.143426 -7.34 0 -1.33452 -0.7723
In_elevation 0.173603 0.009528 18.22 0 0.154929 0.192278
In_slope 0.024493 0.02467 0.99 0.321 -0.02386 0.072845
In_aspect -0.00562 0.007334 -0.77 0.444 -0.01999 0.008758
In_distance_to_highways 0.002394 0.008856  0.27 0.787 -0.01496 0.019751
In_distance_to_settlements  -0.01683 0.018607 -0.9 0.366 -0.0533 0.019637
In_maximum_temperature -0.49609 0.202623 -2.45 0.014 -0.89323 -0.09896
In_precipitation_accumul. -2.75273 0.086804 -31.71 0 -2.92287 -2.5826
In_topsoil_organic_content  0.245717 0.067737  3.63 0 0.112956 0.378479
In_percent_rangeland_100m 0.011893 0.008545 1.39 0.164 -0.00485 0.02864
In_percent_forest_100m 0.036771 0.027085 1.36 0.175 -0.01632 0.089857
_cons 9.655396 1.253233 7.7 0 7.199103 12.11169
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Table A18: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2000. Conflict area defined as 10 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.01165 0.0687 -29.4
M 0.01165 0.00388 4 86.4

3.country_id U 0.90571 0.74021 44.4
M 0.90571 0.86356 11.3 74.5

4.country_id U 0.00333 0.04861 -28.8
M 0.00333 0.01387 -6.7 76.7

In_elevation U 4.8222 4.5536 14.8
M 4.8222 4.9509 -7.1 52.1

In_slope U 11988 1.1451 8
M 11988 1.2392 -6 24.8

In_aspect U 3.8474 3.8028 2
M 3.8474  3.9607 -5.2 -154.3

In_distance_to_highways U 6.3858 6.3869 -0.1
M 6.3858 6.4457 -3.8  -5184.3

In_distance_to_settlements U 99603 9.9872 -3.6
M 9.9603 9.9349 3.4 5.8

In_maximum_temperature U 51171 5.09 26.6
M 51171 5.1022 14.7 44.9

In_precipitation_accumul. U 3.642 3.8642 -84.2
M 3.642 3.6287 5 94

In_topsoil_organic_content U 0.94826 0.96067 -5.5
M 0.94826 0.90048 21.2 -284.9

In_percent_rangeland_100m U 1.0845 1.1002 -0.9
M 1.0845 1.4145 -19.1  -2005.2

In_percent_forest_100m U 0.08647 0.09865 -2.4
M 0.08647 0.08274 0.7 69.4
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Table A19: Probit regression results from propensity score matching model in 2005 for conflict
area vs non-conflict area with conflict area defined as 10 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.52864 0.078974  6.69 0 0.373854 0.683426
3 1.454602 0.053183 27.35 0 1.350365 1.558839
4 -0.28165 0.109641 -2.57 0.01 -0.49654 -0.06676
In_elevation 0.111561 0.008826 12.64 0 0.094262 0.128859
In_slope 0.076156 0.021386  3.56 0 0.034241 0.118072
In_aspect 0.002609 0.006485 0.4 0.687 -0.0101 0.01532
In_distance_to_highways -0.00311 0.007737 -0.4 0.688 -0.01827 0.012059
In_distance_to_settlements -0.0283 0.016197 -1.75 0.081 -0.06005 0.003444
In_maximum_temperature ~ 0.235218 0.149351 157 0.115 -0.0575 0.52794
In_precipitation_accumul. -0.66344 0.061149 -10.85 0 -0.78328 -0.54359
In_topsoil_organic_content  -0.48895 0.057393 -8.52 0 -0.60144 -0.37647
In_percent_rangeland_100m 0.160745 0.007807 20.59 0 0.145443 0.176046
In_percent_forest_100m 0.113846 0.026855  4.24 0 0.061211 0.166482
_cons -1.10519 0.926451 -1.19 0.233 -2.921 0.710618
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Table A20: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2005. Conflict area defined as 10 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.02807 0.07294 -20.6
M 0.02808 0.02808 0 100

3.country id U 0.91882 0.70126 57.7
M 0.91879 0.90398 3.9 93.2

4.country_id U 0.00683 0.05394 -21.7
M 0.00683 0.01366 -4 85.5

In_elevation U 49139 4.6501 14.9
M 49129 5.0128 -5.7 62.1

In_slope U 12411 1.1455 14
M 12403 1.2469 -1 93.1

In_aspect U 39321 3.789 6.6
M 39314 3.9599 -1.3 80.1

In_distance_to_highways U 6.3665 6.3911 -1.6
M 6.3661 6.3423 1.5 3.5

In_distance_to_settlements U 9.955 9.9862 -4.2
M 99552 9.9522 0.4 90.4

In_maximum_temperature U 5.0704 5.0706 -0.1
M 5.0704 5.0649 44  -3316.9

In_precipitation_accumul. U 38132 3.8919 -28.6
M 3.8132 3.8058 2.7 90.6

In_topsoil_organic_content U 0.94424 0.9618 -7.5
M 0.94426 0.92737 7.3 3.9

In_percent_rangeland_100m U 13923 1.1818 114
M 13912 1.3998 -0.5 95.9

In_percent_forest_100m U 0.08902 0.04953 8.8
M 0.08792 0.07689 2.4 72.1
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Table A21: Probit regression results from propensity score matching model in 2010 for conflict
area vs non-conflict area with conflict area defined as 10 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 -0.55807 0.304364 -1.83 0.067 -1.15461 0.038477
3 1.785331 0.06266 28.49 0 1.662519 1.908142
4 0.894928 0.088944 10.06 0 0.7206 1.069255
In_elevation 0.147347 0.008983  16.4 0 0.12974 0.164953
In_slope 0.042728 0.022707 1.88 0.06 -0.00178 0.087234
In_aspect -0.0044 0.006791 -0.65 0.517 -0.01771 0.008913
In_distance_to_highways -0.00358 0.008187 -0.44 0.662 -0.01962 0.012466
In_distance_to_settlements  -0.02742 0.017177 -16 011 -0.06108 0.00625
In_maximum_temperature -0.00522 0.180519 -0.03 0.977 -0.35903 0.348594
In_precipitation_accumul. -1.26656 0.071839 -17.63 0 -1.40736 -1.12576
In_topsoil_organic_content  -0.43166 0.059709 -7.23 0 -0.54869 -0.31463
In_percent_rangeland_100m 0.180171 0.008155 22.09 0 0.164187 0.196154
In_percent_forest_100m 0.149701 0.030362  4.93 0 0.090193 0.20921
_cons 1.774395 1.099479 1.61 0.107 -0.38054 3.929334
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Table A22: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2010. Conflict area defined as 10 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.00044 0.07147 -38.9
M 0.00044 0.00221 -1 97.5

3.country_id U 0.93251 0.71878 58.7
M 0.93251 0.90428 7.8 86.8

4.country_id U 0.03661 0.03704 -0.2
M 0.03661 0.04543 -4.7  -1976.9

In_elevation U 49181 45116 21
M 49181 5.0405 -6.3 69.9

In_slope U 12332 11431 13.3
M 12332 1.2159 2.6 80.8

In_aspect U 3.8868 3.8017 3.9
M 3.8868 3.8987 -0.5 86

In_distance_to_highways U 6.3679 6.3968 -1.8
M 6.3679 6.4456 -4.9 -168.8

In_distance_to_settlements U 99652 9.9912 -3.5
M 9.9652 9.9965 -4.2 -20.3

In_maximum_temperature U 5.0824 5.0933 -9.6
M 5.0824 5.0797 2.3 76

In_precipitation_accumul. U 3.7691 3.8646 -36.5
M 37691 3.7544 5.6 84.6

In_topsoil_organic_content U 0.95752 0.96304 -2.5
M 0.95752 0.95828 -0.3 86.3

In_percent_rangeland_100m U 14345 1.0151 23.3
M 14345 15126 -4.3 81.4

In_percent_forest_100m U 0.08964 0.04869 9.1
M 0.08964 0.05717 7.2 20.7
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Table A23: Probit regression results from propensity score matching model in 1995 for conflict
area vs non-conflict area with conflict area defined as 20 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.521619 0.075653 6.89 0 0.373342 0.669896
3 0.802233 0.048108 16.68 0 0.707943 0.896523
4 -0.12037 0.105266  -1.14 0.253 -0.32669 0.085945
In_elevation 0.132162 0.007965  16.59 0 0.116551 0.147772
In_slope 0.087515 0.022039 3.97 0 0.04432 0.13071
In_aspect -0.01563 0.006572  -2.38 0.017 -0.02851 -0.00274
In_distance_to_highways -0.01944 0.007844 -2.48 0.013 -0.03482 -0.00407
In_distance_to_settlements  0.018405 0.016636 1.11 0.269 -0.0142 0.051011
In_maximum_temperature ~ 2.908098 0.174037 16.71 0 2.566991 3.249205
In_precipitation_accumul. -1.10445 0.06334 -17.44 0 -1.22859 -0.9803
In_topsoil_organic_content -0.2148 0.058057 -3.7 0 -0.32859 -0.10101
In_percent_rangeland_100m 0.048274 0.007571 6.38 0 0.033435 0.063113
In_percent_forest_100m 0.10225 0.020458 5 0 0.062152 0.142347
_cons -13.1463 1.03946 -12.65 0 -15.1836 -11.109
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Table A24: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 1995. Conflict area defined as 20 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction
2.country_id U 0.02982 0.0576 -13.6
M 0.02982 0.04473 -7.3 46.3
3.country id U 0.82386 0.77674 11.8
M 0.82386 0.75116 18.2 -54.3
4.country_id U 0.01072 0.04455 -20.7
M 0.01072 0.01445 -2.3 89
In_elevation U 4816 4.6424 9.7
M 4.816 4.921 -5.9 39.5
In_slope U 12224 1.1487 10.8
M 1.2224 1.2757 -7.9 27.6
In_aspect U 38669 3.8171 2.3
M 3.8669 3.9484 -3.8 -63.9
In_distance_to_highways U 6.3293 6.3975 -4.3
M 6.3293 6.2691 3.8 11.7
In_distance_to_settlements U 99872 9.9931 -0.8
M 99872 10.011 -3.1 -303
In_maximum_temperature U 5.0708 5.0101 50.5
M 5.0708 5.0602 8.8 82.5
In_precipitation_accumul. U 36861 3.8636 -65.2
M 3.6861 3.6676 6.8 89.6
In_topsoil_organic_content U 0.91335 0.96372 -21.7
M 0.91335 0.83989 316 -45.8
In_percent_rangeland_100m U 1.2635 0.97513 16.7
M 12635 1.7926 -30.6 -83.5
In_percent_forest_100m U 0.14002 0.09314 8
M 0.14002 0.15488 -2.5 68.3
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Table A25: Probit regression results from propensity score matching model in 2000 for conflict
area vs non-conflict area with conflict area defined as 20 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.258854 0.068186 3.8 0 0.125211 0.392497
3 0.599647 0.034442 17.41 0 0.532141 0.667153
4 -1.57606 0.095347 -16.53 0 -1.76294 -1.38918
In_elevation 0.176484 0.00701 25.17 0 0.162744 0.190224
In_slope -0.00372 0.018719 -0.2 0.842 -0.04041 0.032968
In_aspect 0.005155 0.005599 0.92 0.357 -0.00582 0.01613
In_distance_to_highways -0.00727 0.006682 -1.09 0.276 -0.02037 0.005824
In_distance_to_settlements  0.016513 0.014232  1.16 0.246 -0.01138 0.044407
In_maximum_temperature -1.63542 0.128115 -12.77 0 -1.88653 -1.38432
In_precipitation_accumul. -2.40825 0.062209 -38.71 0 -2.53017 -2.28632
In_topsoil_organic_content  -0.11576 0.049175 -2.35 0.019 -0.21214 -0.01938
In_percent_rangeland_100m 0.022296 0.006513  3.42 0.001 0.009532 0.035061
In_percent_forest_100m -0.03194 0.021551 -1.48 0.138 -0.07418 0.010298
_cons 15.01331 0.817814 18.36 0 13.41043 16.6162
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Table A26: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2000. Conflict area defined as 20 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction
2.country_id U 0.01662 0.06833 -25.9
M 0.01662 0.00471 6 77
3.country_id U 0.85612 0.73959 29.3
M 0.85612 0.84322 3.2 88.9
4.country_id U 0.00422 0.04889 -28.1
M 0.00422 0.00521 -0.6 97.8
In_elevation U 4.8824 4.5468 18.4
M  4.8824 5.0465 -9 51.1
In_slope U 1.2103 1.1453 9.7
M 12103 1.2036 1 89.7
In_aspect U 3.9092 3.804 4.9
M 3.9092 3.9306 -1 79.7
In_distance_to_highways U 6.3644 6.3876 -1.5
M 6.3644 6.3975 -2.1 -42.5
In_distance_to_settlements U 99831 9.9872 -0.6
M 99831 9.9802 0.4 30
In_maximum_temperature U 51023 5.0901 10.9
M 51023 5.0917 94 13.8
In_precipitation_accumul. U 36849 3.8635 -65.3
M 3.6849 3.6968 -4.4 93.3
In_topsoil_organic_content U 0.92575 0.96032 -14.7
M 0.92575 0.91968 2.6 82.4
In_percent_rangeland_100m U 11987 1.0975 5.7
M 11987 1.2451 -2.6 54.2
In_percent_forest_100m U 0.07239 0.09849 -5.2
M 0.07239 0.07323 -0.2 96.8
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Table A27: Probit regression results from propensity score matching model in 2005 for conflict
area vs non-conflict area with conflict area defined as 20 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.081094 0.055964 145 0.147 -0.02859 0.190781
3 119621 0.03657 32.71 0 1.124535 1.267885
4 -0.49955 0.075556 -6.61 0 -0.64764 -0.35146
In_elevation 0.070612 0.006211 11.37 0 0.058439 0.082785
In_slope 0.055154 0.016668  3.31 0.001 0.022486 0.087822
In_aspect 0.006088 0.004991 1.22 0.223 -0.00369 0.015869
In_distance_to_highways -0.00673 0.005933 -1.13 0.257 -0.01835 0.004902
In_distance_to_settlements  0.010579 0.012609  0.84 0.401 -0.01413 0.035293
In_maximum_temperature -0.07664 0.103944 -0.74 0.461 -0.28037 0.127087
In_precipitation_accumul. -0.19401 0.042896 -4.52 0 -0.27808 -0.10993
In_topsoil_organic_content -0.6694 0.044004 -15.21 0 -0.75564 -0.58315
In_percent_rangeland_100m 0.149338 0.006096  24.5 0 0.13739 0.161287
In_percent_forest_100m 0.074579 0.021524  3.46 0.001 0.032393 0.116764
_cons -0.57787 0.644382 -0.9 0.37 -1.84084 0.685093
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Table A28: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2005. Conflict area defined as 20 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction
2.country_id U 0.03195 0.07356 -18.7
M 0.03276 0.03531 -1.1 93.9
3.country_id U 0.88675 0.70159 47
M 0.88389 0.8586 6.4 86.3
4.country_id U 0.00828 0.05439 -26.7
M 0.00849 0.01664 -4.7 82.3
In_elevation U 47918 4.6413 8.1
M 47604 4.8722 -6.1 25.7
In_slope U 1.2153 1.1455 10.2
M 1.1941 1.2075 -2 80.9
In_aspect U 3.901 3.7886 5.2
M 3.8818 3.8539 1.3 75.2
In_distance_to_highways U 6.3753 6.3905 -1
M  6.3852 6.3952 -0.6 34.5
In_distance_to_settlements U 9.9952 9.9859 1.2
M 9.996 9.9929 0.4 65.8
In_maximum_temperature U 5.0621 5.0712 -7.1
M 5.066 5.0631 2.3 68.2
In_precipitation_accumul. U 38565 3.8921 -12.5
M  3.8558 3.843 4.5 64
In_topsoil_organic_content U 0.93982 0.96207 -9.4
M 0.94795 0.91595 13.6 -43.8
In_percent_rangeland_100m U 13836 1.1827 10.9
M 1.3092 1.3404 -1.7 84.5
In_percent_forest_100m U 0.07933 0.04965 6.9
M 0.06407 0.085 -4.8 29.5
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Table A29: Probit regression results from propensity score matching model in 2010 for conflict
area vs non-conflict area with conflict area defined as 20 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 -0.18811 0.093058 -2.02 0.043 -0.3705 -0.00572
3 1.534835 0.042418 36.18 0 1451698 1.617973
4 0.558799 0.064203 8.7 0 0.432964 0.684634
In_elevation 0.194164 0.007155 27.14 0 0.180141 0.208187
In_slope -0.00518 0.017813 -0.29 0.771 -0.04009 0.029734
In_aspect 0.010002 0.005363 1.87 0.062 -0.00051 0.020513
In_distance_to_highways -0.0114 0.006378 -1.79 0.074 -0.0239 0.001095
In_distance_to_settlements  0.013751 0.013511  1.02 0.309 -0.01273 0.040232
In_maximum_temperature -0.04039 0.129722 -0.31 0.756 -0.29464 0.213859
In_precipitation_accumul. -1.18454 0.054583 -21.7 0 -1.29152 -1.07756
In_topsoil_organic_content  -0.56903 0.047301 -12.03 0 -0.66174 -0.47632
In_percent_rangeland_100m 0.165618 0.006601 25.09 0 0.152681 0.178556
In_percent_forest_100m 0.119723 0.024147  4.96 0 0.07239%6 0.16705
_cons 1.908338 0.799733  2.39 0.017 0.340891 3.475786
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Table A30: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2010. Conflict area defined as 20 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.00497 0.07003 -34.8
M 0.0051 0.00755 -1.3 96.2

3.country_id U 0.90541 0.717 49.6
M 0.9029 0.86475 10 79.8

4.country_id U 0.03835 0.03802 0.2
M 0.03937 0.05182 -6.5 -3577.5

In_elevation U 5.0319 4.5336 26.9
M 5.0067 5.1776 -9.2 65.7

In_slope U 12298 1.1436 12.7
M 12154 1.2256 -1.5 88.2

In_aspect U 39317 3.7972 6.2
M 3.919 3.9046 0.7 89.4

In_distance_to_highways U 6.3675 6.3974 -1.9
M 6.3732 6.3826 -0.6 68.7

In_distance_to_settlements U 9.9948 9.989 0.8
M 9.9964 9.9905 0.8 -0.4

In_maximum_temperature U 5.0814 5.0942 -11.1
M 5.0819 5.0804 1.3 88.2

In_precipitation_accumul. U 3.7841 3.8596 -28.8
M 37869 3.7677 7.3 74.6

In_topsoil_organic_content U 0.95174 0.96314 -5
M 0.95723 0.9492 3.5 29.6

In_percent_rangeland_100m U 13158 1.0153 16.9
M 12383 1.2252 0.7 95.6

In_percent_forest_100m U 0.07765 0.04887 6.7
M 0.06221 0.06034 0.4 93.5
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Table A31: Probit regression results from propensity score matching model in 1995 for conflict
area vs non-conflict area with conflict area defined as 30 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.396095 0.058673  6.75 0 0.281098 0.511092
3 0.368605 0.037368  9.86 0 0.295365 0.441845
4 -0.78371 0.090297 -8.68 0 -0.96069 -0.60673
In_elevation 0.122582 0.006503 18.85 0 0.109837 0.135327
In_slope 0.069626  0.01883 3.7 0 0.032721 0.106531
In_aspect -0.00912 0.005611 -1.63 0.104 -0.02012 0.001876
In_distance_to_highways -0.01841 0.006672 -2.76 0.006 -0.03148 -0.00533
In_distance_to_settlements  0.012899 0.014141  0.91 0.362 -0.01482 0.040615
In_maximum_temperature ~ 1.614117 0.123283 13.09 0 1.372487 1.855748
In_precipitation_accumul. -1.18999 0.052031 -22.87 0 -1.29197 -1.08801
In_topsoil_organic_content -0.1851 0.049388 -3.75 0 -0.2819 -0.0883
In_percent_rangeland_100m 0.055997 0.006482  8.64 0 0.043293 0.0687
In_percent_forest_100m 0.095553 0.017248 5.54 0 0.061747 0.129359
_cons -5.566 0.754404 -7.38 0 -7.0446 -4.08739
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Table A32: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 1995. Conflict area defined as 30 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.04268 0.05402 -5.3
M 0.04268 0.07077 -13.1 -147.8

3.country_id U 0.78349 0.79865 -3.7
M 0.78349 0.75793 6.3 -68.5

4.country_id U 0.00814 0.04249 -22
M 0.00814 0.01545 -4.7 78.7

In_elevation U 4.7915 4.636 8.3
M 47915 4.8543 -3.4 59.6

In_slope U 12174 1.144 10.8
M 1.2174  1.2477 -4.5 58.6

In_aspect U 3.8983 3.8044 4.4
M 3.8983 4.0312 -6.2 -41.4

In_distance_to_highways U 6.3317 6.3979 -4.1
M 6.3317 6.2938 2.4 42.7

In_distance_to_settlements U 99812 9.9933 -1.6
M 99812 9.9699 1.5 6

In_maximum_temperature U 5.0603 5.0082 42.1
M 5.0603 5.0476 10.2 75.8

In_precipitation_accumul. U 3.7084 3.8715 -59.4
M 37084 3.7082 0.1 99.8

In_topsoil_organic_content U 0.91588 0.97238 -24.3
M 0.91588 0.88372 13.8 43.1

In_percent_rangeland_100m U 1.3243 0.91734 23.6
M 13243 1.5086 -10.7 54.7

In_percent_forest_100m U 0.13809 0.09342 7.7
M 0.13809 0.12567 2.1 72.2
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Table A33: Probit regression results from propensity score matching model in 2000 for conflict
area vs non-conflict area with conflict area defined as 30 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 0.153092  0.05472 2.8 0.005 0.045843 0.260341
3 0.417227 0.029518 14.13 0 0.359372 0.475082
4 -1.79554 0.073439 -24.45 0 -1.93947 -1.6516
In_elevation 0.205904 0.006261 32.89 0 0.193633 0.218175
In_slope -0.02935 0.01651 -1.78 0.075 -0.06171 0.003011
In_aspect 0.009114 0.00495 1.84 0.066 -0.00059 0.018816
In_distance_to_highways -0.0057 0.005894 -0.97 0.333 -0.01726 0.005847
In_distance_to_settlements  0.017341 0.012511 1.39 0.166 -0.00718 0.041862
In_maximum_temperature -2.13867 0.103799 -20.6 0 -2.34212 -1.93523
In_precipitation_accumul. -2.35838 0.052469 -44.95 0 -246122 -2.25555
In_topsoil_organic_content  -0.12026 0.042674 -2.82 0.005 -0.2039 -0.03662
In_percent_rangeland_100m 0.032662 0.005657  5.77 0 0.021576 0.043749
In_percent_forest_100m -0.02786 0.018195 -1.53 0.126 -0.06352 0.007806
_cons 17.65687 0.666344  26.5 0 16.35086 18.96288
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Table A34: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2000. Conflict area defined as 30 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.02722 0.06653 -18.7
M 0.02722 0.02738 -0.1 99.6

3.country_id U 0.81978 0.73946 19.5
M 0.81978 0.78902 7.5 61.7

4.country_id U 0.00628 0.04974 -26.6
M 0.00628 0.00564 0.4 98.5

In_elevation U 49818 4.5236 25.1
M 49818 5.1294 -8.1 67.8

In_slope U 12171 1.1438 10.9
M 12171 1.2012 2.4 78.4

In_aspect U 39302 3.8021 59
M 39302 3.9216 0.4 93.3

In_distance_to_highways U 6.3786 6.3897 -0.7
M 6.3786 6.3815 -0.2 74.3

In_distance_to_settlements U 99879 9.9881 0
M 9.9879 9.9741 1.8 -8154.5

In_maximum_temperature U 5.0896 5.0904 -0.6
M 5.0896 5.0921 -2 -215.6

In_precipitation_accumul. U 3.7085 3.8631 -54.2
M 37085 3.7137 -1.8 96.7

In_topsoil_organic_content U 0.92423 0.96028 -15
M 0.92423 0.91849 2.4 84.1

In_percent_rangeland_100m U 13074 1.0939 11.9
M 13074 1.3142 -0.4 96.8

In_percent_forest_100m U 0.0825 0.09765 -3
M 0.0825 0.08488 -0.5 84.2
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Table A35: Probit regression results from propensity score matching model in 2005 for conflict
area vs non-conflict area with conflict area defined as 30 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 -0.17786 0.047957 -3.71 0 -0.27185 -0.08386
3 0.975134 0.030768 31.69 0 0.914829 1.035439
4 -0.57803 0.062282 -9.28 0 -0.7001 -0.45596
In_elevation 0.048721 0.005265  9.25 0 0.038401 0.059041
In_slope 0.028423 0.014929 1.9 0.057 -0.00084 0.057683
In_aspect 0.013491 0.004408 3.06 0.002 0.004853 0.02213
In_distance_to_highways -0.00516 0.005227 -0.99 0.324 -0.0154 0.005087
In_distance_to_settlements  0.004981 0.011072 0.45 0.653 -0.01672 0.026681
In_maximum_temperature -0.08209 0.092739 -0.89 0.376 -0.26385 0.09968
In_precipitation_accumul. 0.040404 0.036194 1.12 0.264 -0.03054 0.111343
In_topsoil_organic_content  -0.72945 0.038329 -19.03 0 -0.80458 -0.65433
In_percent_rangeland_100m 0.130451 0.005375 24.27 0 0.119915 0.140986
In_percent_forest_100m 0.063145 0.019095 3.31 0.001 0.02572 0.10057
_cons -0.74437 0567916 -1.31 0.19 -1.85747 0.368722
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Table A36: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2005. Conflict area defined as 30 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction

2.country_id U 0.0336 0.07314 -17.7
M 0.03516 0.04015 -2.2 87.4

3.country id U 0.86275 0.70471 39.1
M 0.85637 0.83152 6.1 84.3

4.country_id U 0.01007 0.05521 -25.6
M 0.01054 0.01686 -3.6 86

In_elevation U 4.6853 4.6223 34
M 46398 4.7918 -8.1 -141

In_slope U 11902 1.1439 6.8
M 1.1658 1.1887 -3.4 50.3

In_aspect U 39121 3.792 55
M 3.8816 3.9161 -1.6 71.3

In_distance_to_highways U 6.3762 6.3892 -0.8
M  6.3813 6.395 -0.9 -5

In_distance_to_settlements U 9.9893 9.986 0.4
M 9.9873 9.9851 0.3 33.8

In_maximum_temperature U 5.065 5.0732 -6.3
M 50711 5.0647 5.2 17.4

In_precipitation_accumul. U 38733 3.8918 -6.4
M 3.8714 3.8748 -1.2 81.6

In_topsoil_organic_content U 0.93492 0.96273 -11.7
M 0.94631 0.9067 16.6 -42.5

In_percent_rangeland_100m U 13429 1.1732 9.3
M 1.2104 1.2122 -0.1 98.9

In_percent_forest_100m U 0.07526 0.05017 5.9
M 0.05832 0.07623 -4.2 28.6
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Table A37: Probit regression results from propensity score matching model in 2010 for conflict
area vs non-conflict area with conflict area defined as 30 km (country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
country_id

2 -0.06065 0.062811 -0.97 0.334 -0.18375 0.062462
3 1.347993 0.035385  38.1 0 1278639 1.417346
4 0.466079 0.055136  8.45 0 0.358014 0.574144
In_elevation 0.207059 0.006545 31.64 0 0.194231 0.219887
In_slope -0.05245 0.016131 -3.25 0.001 -0.08406 -0.02083
In_aspect 0.01535 0.004833  3.18 0.001 0.005878 0.024823
In_distance_to_highways -0.0077 0.005733 -1.34 0.179 -0.01893 0.003537
In_distance_to_settlements  0.002937 0.012133 0.24 0.809 -0.02084 0.026718
In_maximum_temperature -0.15659 0.111381 -1.41 0.16 -0.37489 0.061715
In_precipitation_accumul. -1.09002 0.048223 -22.6 0 -1.18453 -0.9955
In_topsoil_organic_content  -0.81416 0.042783 -19.03 0 -0.89801 -0.7303
In_percent_rangeland_100m 0.147461 0.005961 24.74 0 0.135779 0.159144
In_percent_forest_100m 0.104405 0.022258  4.69 0 0.06078 0.14803
_cons 2.87909 0.690154  4.17 0 1526413 4.231767
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Table A38: Balance between conflict area (treated) and non-conflict area (untreated), matched

(M) and unmatched (U) observations in 2010. Conflict area defined as 30 km (country id: 1 -

Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Treated Control % bias % bias
reduction
2.country_id U 0.01269 0.07132 -29.5
M 0.01303 0.01538 -1.2 96
3.country_id U 0.87368 0.71136 40.9
M 0.87029 0.82816 10.6 74
4.country_id U 0.04453 0.03873 2.9
M 0.04573 0.06444 -9.4 -222.1
In_elevation U 5.0713 4.5607 28.2
M  5.0503 5.2253 -9.7 65.7
In_slope U 1.2047 1.1429 9
M 11913 1.2092 -2.6 71
In_aspect U 39096 3.7893 55
M 3.8974 3.9577 -2.8 49.9
In_distance_to_highways U 63716 6.3951 -1.5
M  6.3779 6.3839 -0.4 74.3
In_distance_to_settlements U 9.9864 9.988 -0.2
M 9.9891 9.9846 0.6 -181
In_maximum_temperature U 5.0806 5.0949 -12.4
M 5.0819 5.0815 0.3 97.2
In_precipitation_accumul. U 3.7884 3.8517 -23.8
M 37904 3.7701 7.7 67.9
In_topsoil_organic_content U 0.93395 0.96254 -12.2
M 0.94237 0.93859 1.6 86.7
In_percent_rangeland_100m U 1.2813 1.0229 14.5
M 1.201 1.1431 3.2 77.6
In_percent_forest_100m U 0.06962 0.04626 5.6
M 0.05978 0.04594 3.3 40.7
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Table A39: Overall difference-in-difference model, linear regression with fixed effects results on
cropland abandonment, with the conflict area defined as a 5, 10, 20 and 30 km (Country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables 5km all FE 10km all FE 20km all FE 30km all FE
1.conflict
1.after 0.0710*** 0.0548*** 0.0433*** 0.0365***
(0.00685) (0.00361) (0.00215) (0.00167)
1.conflict#1.after 0.00381 0.00909** 0.0101*** 0.0118***
(0.00781) (0.00435) (0.00268) (0.00207)
2.time 0.0683** 0.0131 0.0391*** 0.0439***
(0.0324) (0.0176) (0.0104) (0.00797)
3.time 0.0253 -0.00708 0.0159* 0.0271***
(0.0260) (0.0139) (0.00828) (0.00637)
4.time 0.0445 -0.0171 0.0112 0.0251***
(0.0330) (0.0179) (0.0107) (0.00827)
5.time 0.0724 -0.0107 0.0292** 0.0448***
(0.0444) (0.0238) (0.0137) (0.0104)
In_maximum_temperature -1.295** 0.0857 -0.237 -0.457***
(0.525) (0.279) (0.159) (0.119)
In_precipitation_accumul. 0.00645 0.109** 0.0771** -0.0184
(0.0955) (0.0523) (0.0323) (0.0238)
In_percent_rangeland_100m  0.0591*** 0.0615*** 0.0527*** 0.0521***
(0.00257) (0.00154) (0.000983) (0.000762)
In_percent_forest_100m 0.00484 0.0268*** 0.0265*** 0.0272***
(0.00734) (0.00433) (0.00286) (0.00220)
Constant 6.527** -0.853 0.884 2.356***
(2.819) (1.500) (0.863) (0.647)
Observations 7,907 20,297 43,326 64,361
R-squared 0.163 0.174 0.146 0.144
Number of grid_pt id 3,511 8,424 16,429 22,542

Standard errors in
parentheses

*** n<0.01, ** p<0.05, * p<0.1
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Table A40: Conflict specific difference-in-difference model, linear regression with fixed effects
results on cropland abandonment, with the conflict area defined as a 5, 10, 20, 30 km (Conflict
id: 1 — Chechnya, 2 — Abkhazia, 3 — South Ossetia, 4 — Nagorno-Karabakh).

Variables 5km_conflict 10km_conflict 20km_conflict 30km_conflict
FE FE FE FE
1.after 0.0622*** 0.0408*** 0.0316*** 0.0248***
(0.00724) (0.00376) (0.00224) (0.00175)
1.conflict#1.after 0.0116 0.0199*** 0.0165*** 0.0179***
(0.00818) (0.00450) (0.00278) (0.00216)
1.after#2.conflict_id 0.276*** 0.247** 0.112** 0.0955***
(0.0933) (0.102) (0.0527) (0.0281)
1.after#3.conflict_id 0.0430* 0.0259* 0.0797*** 0.0560***
(0.0234) (0.0150) (0.0116) (0.00773)
1.after#4.conflict_id 0.0587*** 0.152*** 0.110*** 0.0979***
(0.0187) (0.0110) (0.00697) (0.00526)
1.conflict#l.after#2.conflict_id 0.00893 0.0967 0.203*** 0.166***
(0.147) (0.112) (0.0582) (0.0332)
1.conflict#l.after#3.conflict_id 0.0328 0.0276 -0.0317 -0.0273
(0.0569) (0.0352) (0.0222) (0.0167)
1.conflict#l.after#4.conflict_id -0.103*** -0.145*** -0.0921*** -0.0716***
(0.0387) (0.0201) (0.0111) (0.00792)
2.time 0.0506 -0.0332* 0.00530 0.00544
(0.0330) (0.0178) (0.0105) (0.00815)
3.time 0.0131 -0.0416*** -0.00796 -0.000837
(0.0264) (0.0141) (0.00837) (0.00649)
4.time 0.0310 -0.0564*** -0.0191* -0.0123
(0.0334) (0.0181) (0.0108) (0.00843)
5.time 0.0596 -0.0582** -0.00841 -0.00222
(0.0448) (0.0240) (0.0139) (0.0106)
In_maximum_temperature -1.194** 0.559** 0.179 0.0904
(0.529) (0.282) (0.161) (0.121)
In_precipitation_accumul. 0.00666 0.146*** 0.0865*** 0.0159
(0.0961) (0.0526) (0.0321) (0.0237)
In_percent_rangeland_100m 0.0587*** 0.0613*** 0.0523*** 0.0518***
(0.00257) (0.00153) (0.000975) (0.000757)
In_percent_forest_100m 0.00573 0.0247*** 0.0254*** 0.0255***
(0.00733) (0.00430) (0.00284) (0.00219)
Constant 6.026** -3.368** -1.235 -0.522
(2.839) (1.516) (0.872) (0.660)
Observations 7,907 20,297 43,326 64,361
Number of grid_pt_id 3,511 8,424 16,429 22,542
R-squared 0.168 0.191 0.160 0.156

Standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1
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Table A41: Overall results of logistic regression with random effects on cropland abandonment,
with interaction term between distances and number of events (Country id: 1 - Azerbaijan, 2 —
Georgia, 3 — Russia, 4 — Armenia).

Variables All_events  Standard error
2000.year -0.789*** -0.0835
2005.year -1.343*** -0.0964
2010.year -0.939*** -0.1
2015.year -0.0354 -0.0873
1.closest0 5 -0.0766 -0.2
In_no._eventsO_5km 0.173 -0.124
1.closest5_10 0.0259 -0.162
In_no._events5 10km 0.203** -0.084
1.closest5_10#c.In_no._events5 10km -0.0365 -0.125
1.closest10_20 -0.240* -0.139
In_no._events10 20km 0.0515 -0.056
1.closest10_20#c.In_no._events10_20km 0.219** -0.0977
1.closest20_30 -0.0576 -0.167
In_no._events20_30km 0.0199 -0.0402
1.closest20_30#c.In_no._events20_30km -0.108 -0.132
In_elevation -0.0828 -0.0749
2.country_id 4.936 -4.609
3.country_id 3.856 -4.123
4.country_id -0.742 -9.264
2.country_id#c.In_elevation -0.179* -0.101
3.country_id#c.In_elevation -0.0587 -0.0802
4.country_id#c.In_elevation 0.652 -0.449
In_slope 0.0177 -0.116
2.country_id#c.In_slope 0.412** -0.169
3.country_id#c.In_slope 0.0694 -0.13
4.country_id#c.In_slope 0.0265 -0.221
In_aspect 0.0212 -0.0386
2.country_id#c.In_aspect -0.061 -0.0578
3.country_id#c.In_aspect -0.0282 -0.0434
4.country_id#c.In_aspect -0.0494 -0.0943
In_distance_to_highways 0.0383 -0.0439
2.country_id#c.In_distance_to_highways -0.00921 -0.0618
3.country_id#c.In_distance_to_highways -0.0297 -0.0501
4.country_id#c.In_distance_to_highways 0.0387 -0.103
In_distance_to_settlements -0.0557 -0.0948
2.country_id#c.In_distance_to_settlements 0.194 -0.139
3.country_id#c.In_distance_to_settlements -0.0292 -0.108
4.country _id#c.In_distance_to_settlements -0.0198 -0.23
In_maximum_temperature 0.0347 -0.489

2.country _id#c.In_maximum_temperature 0.307 -0.695
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3.country_id#c.In_maximum_temperature
4.country_id#c.In_maximum_temperature
In_precipitation_accumul.
2.country_id#c.In_precipitation_accumul.
3.country_id#c.In_precipitation_accumul.
4.country_id#c.In_precipitation_accumul.
In_topsoil_organic_content
2.country_id#c.In_topsoil_organic_content
3.country_id#c.In_topsoil_organic_content
4.country_id#c.In_topsoil_organic_content
In_percent_rangeland_100m
2.country_id#c.In_percent_rangeland_100m
3.country_id#c.In_percent_rangeland_100m
4.country_id#c.In_percent_rangeland_100m
In_percent_forest_100m
2.country_id#c.In_percent_forest_100m
3.country_id#c.In_percent_forest_100m
4.country_id#c.In_percent_forest_100m
Insig2u

Constant

Observations

Number of grid_pt_id

-0.128
0.041
0.731*
-0.665
0.282
-1.316*
-0.128
0.2
-0.416
-0.628
2.188***
-1.411%**
-0.826***
0.358
1.410***
-0.717***
-0.523***
0.392
-1.931**
-11.12%**
49,740
11,257

-0.562
-1.261
-0.394
-0.54
-0.416
-0.736
-0.256
-0.494
-0.306
-0.827
-0.114
-0.12
-0.114
-0.272
-0.116
-0.123
-0.118
-0.279
-0.775
-3.707

*** n<0.01, ** p<0.05, * p<0.1
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Table A42: Conflict specific results of logistic regression with random effects on cropland
abandonment, with interaction term between distances and number of events (CH: Chechnya,
AK: Abkhazia, SO: South Ossetia, NK: Nagorno-Karabakh).

Variables CH events AK events SO events NK events
2000.year -0.931*** -0.388 0.0260 -0.427**
(0.112) (0.370) (0.674) (0.205)
2005.year -1.314*** -0.808 0.0150 -1.331***
(0.130) (0.526) (0.738) (0.227)
2010.year -0.708***  -1.418*** -0.227 -0.963***
(0.138) (0.474) (0.860) (0.249)
2015.year 0.163 -0.441 1.463** -0.268
(0.117) (0.504) (0.648) (0.219)
1.closest0_5 -0.120 -2.275** 30.10 0.0308
(0.248) (1.095) (4,919) (0.581)
In_no._eventsO 5km 0.218 1.297 -40.43 0.174
(0.142) (0.867) (7,097) (0.398)
1.closest5_10 0.0176 -0.864 27.66 -0.0844
(0.206) (0.733) (5,208) (0.414)
In_no._events5_10km 0.173* 1.372%** -0.0618 0.0159
(0.0980) (0.454) (0.875) (0.311)
1.closest5_10#c.In_no._events5 10km -0.0215 -0.483 -37.97 0.0412
(0.144) (0.639) (7,514) (0.409)
1.closest10_20 -0.288 -0.0234 1.670* -0.405
(0.191) (0.505) (0.989) (0.273)
In_no._events10_20km 0.0522 0.0932 0.488 0.224
(0.0670) (0.241) (0.436) (0.175)
1.closest10_20#c.In_no._events10_20km 0.165 0.310 -1.053 0.0915
(0.127) (0.335) (0.701) (0.240)
1.closest20_30 -0.0694 -0.956 4.853* -0.0999
(0.236) (0.882) (2.480) (0.266)
In_no._events20_30km -0.00198 0.127 -0.271 -0.0334
(0.0501) (0.149) (0.431) (0.119)
1.closest20_30#c.In_no._events20_30km -0.144 0.659 -4.956 -0.0177
(0.177) (0.652) (3.262) (0.237)
In_elevation -0.145***  -0.191** 1.064 -0.0630
(0.0312) (0.0849) (0.666) (0.0579)
In_slope 0.104* 0.307* 0.476** 0.0109
(0.0629) (0.166) (0.240) (0.0916)
In_aspect -0.00923 -0.0335 -0.104 0.00278
(0.0208) (0.0503) (0.111) (0.0337)
In_distance_to_highways 0.00579 0.0232 0.0289 0.0448
(0.0253) (0.0513) (0.0993) (0.0380)
In_distance_to_settlements -0.0844 0.195 -0.0385 -0.0739
(0.0533) (0.124) (0.218) (0.0827)
In_maximum_temperature -0.235 0.367 -3.864* -0.145
(0.323) (1.044) (2.135) (0.456)
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continued

In_precipitation_accumul.
In_topsoil_organic_content
In_percent_rangeland_100m
In_percent_forest_100m
Insig2u

Constant

Observations
Number of grid_pt id

0.990%**
(0.163)
-0.591%**
(0.180)
1.394%%%
(0.0363)
0.934%**
(0.0453)

-0.992%*
(0.447)
-6.554%**
(2.082)
41,805
9,000

-0.822
(2.015)
0.105
(0.464)
0.709%%*
(0.0730)
0.641%%*
(0.0777)
-1.748
(2.091)
-2.575
(6.601)
1,368
490

-3.575%*
(1.663)
0.808
(1.895)
1.319%%x
(0.192)
0.988%**
(0.168)
-2.199
(4.959)
19.37
(17.29)
916
222

0.317
(0.338)
-0.168
(0.227)

2.185%%*
(0.0988)

1.423%%*
(0.101)

-12.91

(21.45)
-8.513%*
(3.356)
5,651
1,545

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A43: Overall results of logistic regression with random effects on cropland abandonment,
with interaction term between distances and number of total fatalities (Country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables All_fatal Standard error
2000.year -0.780*** -0.084
2005.year -1.298*** -0.0961
2010.year -0.864*** -0.102
2015.year 0.0198 -0.0893
1.closest0_5 -0.0338 -0.191
In_no._fatalitiesO_5km 0.106 -0.065
1.closest5_10 0.043 -0.158
In_no._fatalities5_10km 0.129** -0.0542
1.closests 10#c.In_no. fatalities5 10km -0.0276 -0.0747
1.closest10 20 -0.0748 -0.127
In_no._fatalities10_20km 0.0238 -0.037
1.closest10_20#c.In_no._fatalities10_20km 0.065 -0.055
1.closest20_30 -0.115 -0.139
In_no._fatalities20_30km 0.0108 -0.0266
1.closest20_30#c.In_no._fatalities20_30km -0.0353 -0.0607
In_elevation -0.0823 -0.0749
2.country_id 5.197 -4.634
3.country_id 3.903 -4.149
4.country_id -0.529 -9.297
2.country_id#c.In_elevation -0.182* -0.101
3.country_id#c.In_elevation -0.0559 -0.0802
4.country_id#c.In_elevation 0.675 -0.451
In_slope 0.012 -0.117
2.country_id#c.In_slope 0.429** -0.169
3.country_id#c.In_slope 0.0789 -0.131
4.country_id#c.In_slope 0.0316 -0.222
In_aspect 0.0221 -0.0387
2.country_id#c.In_aspect -0.0634 -0.0578
3.country_id#c.In_aspect -0.0314 -0.0435
4.country_id#c.In_aspect -0.0477 -0.0944
In_distance_to_highways 0.0377 -0.044
2.country_id#c.In_distance_to_highways -0.00596 -0.0619
3.country_id#c.In_distance_to_highways -0.028 -0.0501
4.country_id#c.In_distance_to_highways 0.0403 -0.104
In_distance_to_settlements -0.0544 -0.0951
2.country_id#c.In_distance_to_settlements 0.192 -0.139
3.country_id#c.In_distance_to_settlements -0.032 -0.108
4.country_id#c.In_distance_to_settlements -0.0201 -0.23
In_maximum_temperature 0.0656 -0.493

2.country_id#c.In_maximum_temperature 0.288 -0.698




continued

3.country_id#c.In_maximum_temperature
4.country_id#c.In_maximum_temperature
In_precipitation_accumul.
2.country_id#c.In_precipitation_accumul.
3.country_id#c.In_precipitation_accumul.
4.country_id#c.In_precipitation_accumul.
In_topsoil_organic_content
2.country_id#c.In_topsoil_organic_content
3.country_id#c.In_topsoil_organic_content
4.country_id#c.In_topsoil_organic_content
In_percent_rangeland_100m
2.country_id#c.In_percent_rangeland_100m
3.country_id#c.In_percent_rangeland_100m
4.country_id#c.In_percent_rangeland_100m
In_percent_forest_100m
2.country_id#c.In_percent_forest_100m
3.country_id#c.In_percent_forest_100m
4.country_id#c.In_percent_forest_100m
Insig2u

Constant

Observations

Number of grid_pt_id

-0.136
-0.0178
0.720*
-0.683
0.287
-1.339*
-0.125
0.2
-0.364
-0.619
2.200%**
-1.427***
-0.836***
0.354
1.401***
-0.704***
-0.516***
0.414
-1.909**
-11.34%**
49,740
11,257

-0.565
-1.266
-0.398
-0.543
-0.419
-0.74
-0.257
-0.495
-0.307
-0.828
-0.114
-0.12
-0.114
-0.272
-0.115
-0.122
-0.118
-0.28
-0.756
-3.739

*** n<0.01, ** p<0.05, * p<0.1
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Table A44: Conflict specific results of logistic regression with random effects on cropland
abandonment, with interaction term between distances and number of total fatalities (CH:

Chechnya, AK: Abkhazia, SO: South Ossetia, NK: Nagorno-Karabakh).

Variables CH fatal AK fatal SO fatal NK fatal
2000.year -0.940*** -0.488 -0.213 -0.372*
(0.112) (0.352) (0.669) (0.212)
2005.year -1.282***  -0.949* -0.268  -1.282***
(0.129) (0.515) (0.738) (0.232)
2010.year -0.640***  -1.466***  -1.002  -0.914***
(0.140) (0.478) (0.882) (0.254)
2015.year 0.214* -0.500 1.179* -0.228
(0.120) (0.493) (0.646) (0.221)
1.closest0_5 -0.136 -1.934**  3.096**  -0.0594
(0.238) (0.909) (1.475) (0.490)
In_no._fatalitiesO_5km 0.145* 0.461* -0.631 0.131
(0.0804) (0.264) (0.604) (0.159)
1.closest5_10 -0.0253 -1.046 2.409* -0.0283
(0.206) (0.711) (1.349) (0.345)
In_no._fatalities5_10km 0.0891 0.624***  -0.119 0.0603
(0.0684) (0.203) (0.548) (0.144)
1.closests_10#c.In_no._fatalities5_10km 0.00392 -0.166 -0.351 -0.0143
(0.0939) (0.272) (0.820) (0.176)
1.closest10_20 -0.0943 0.297 1.282 -0.252
(0.182) (0.509) (1.000) (0.225)
In_no._fatalities10_20km 0.0574 0.0554 0.117 0.107
(0.0481) (0.115) (0.285)  (0.0902)
1.closest10_20#c.In_no._fatalities10_20km  -0.0200 0.00758 -0.193 0.0331
(0.0782) (0.170) (0.404) (0.111)
1.closest20_30 -0.128 -0.521 1.322 -0.204
(0.206) (0.689) (0.928) (0.215)
In_no._fatalities20_30km -0.00558 0.0769 -0.323 -0.0420
(0.0359) (0.0823)  (0.267)  (0.0628)
1.closest20_30#c.In_no._fatalities20_30km  -0.0620 0.108 -0.0493 0.0879
(0.0871) (0.241) (0.504) (0.109)
In_elevation -0.142***  -0.206** 0.991 -0.0602
(0.0312) (0.0832)  (0.655)  (0.0577)
In_slope 0.106* 0.347** 0.413* 0.0158
(0.0629) (0.167) (0.238)  (0.0916)
In_aspect -0.0106 -0.0374 -0.105 0.00351
(0.0208) (0.0502)  (0.109)  (0.0337)
In_distance_to_highways 0.00694 0.0348 0.0185 0.0446
(0.0253) (0.0512) (0.0978)  (0.0380)
In_distance_to_settlements -0.0863 0.179 -0.0408 -0.0717
(0.0533) (0.122) (0.216)  (0.0827)
In_maximum_temperature -0.238 0.325 -3.843* -0.0838
(0.322) (1.046) (2.095) (0.456)
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continued

In_precipitation_accumul.
In_topsoil_organic_content
In_percent_rangeland_100m
In_percent_forest_100m
Insig2u

Constant

Observations
Number of grid_pt id

0.985%**
(0.163)
-0.547%x
(0.179)
1.396%*
(0.0363)
0.930%**
(0.0452)

-1.006%*
(0.450)
_B.5TTHr
(2.078)
41,805
9,000

-0.184  -3.425**  0.343
(2.031)  (1.635)  (0.338)
00751  0.476 -0.178
(0.456)  (1.869)  (0.229)

0.693%**  1.313%**  2.189g***

(0.0718)  (0.193)  (0.0990)

0.647***  0.955%** 1 420%**

(0.0781)  (0.168)  (0.101)
-1.903  -2.469  -12.90
(2.404)  (6.732)  (21.54)

-5.266 19.84  -9.020%**

(6.668)  (17.01)  (3.368)
1,368 916 5,651
490 222 1,545

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Figure A12: Land cover and number of conflict events for (A) Chechnya, (B) Abkhazia, (C)
South Ossetia, and (D) Nagorno-Karabakh, for five time periods. Note: y-axis ranges differ
among wars.
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Figure A13: Predictive margins on cropland abandonment at different levels of percent
forest/rangeland within 1200x100 m window with 95% confidence intervals (based on logistic

regression with interaction term between distances and number of events).
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Chapter 3. The effectiveness of protected areas in the Caucasus in preventing forest loss
and forest degradation of different forest types
Contributors: Buchner, J., Butsic, V., Lewinska, K. E., Burivalova, Z., Kuemmerle, T., Rogova,

N., Bragina, E. V., Zazanashvili, N., Ghoddousi, A., Radeloff, V.C.

Abstract

Protected areas are a cornerstone of conservation designed to preserve biodiversity and
ecosystems. However, not all protected areas are effective at stopping forest loss or forest
degradation. When assessing the effectiveness of protection, it is thus important to check for
both, forest loss and forest degradation, and if effectiveness differs by forest type. Our goal here
was to assess if strictly protected areas were effective in preventing forest loss and forest
degradation, in coniferous, mixed, and deciduous forests across the Caucasus, a biodiversity
hotspot where forests are important habitat for endemic flora and fauna. We mapped forest loss
with 1987-2015 land-cover change maps, and forest degradation with annual spectral mixture
analyses of all 1988 to 2018 Landsat data. We assessed effectiveness for forest overall, and for
coniferous, mixed, and deciduous forests separately, because conifers are rare and have a high
commercial value in the Caucasus. We applied propensity score matching and panel regression
techniques to assess effectiveness. We found that in terms of forest loss, protected areas appeared
to be in-effective in that the probability of forest loss was significantly higher in protected areas
than outside from 1995 to 2015. In contrast, forest degradation was significantly lower in
protected areas than outside across the entire Caucasus (-1.1 percentage points) from 1988 to
2018. However, that effectiveness was limited to deciduous forests and coniferous forest,
whereas protected areas were insignificant for mixed forests. Our results highlight that a)

including forest degradation in protected area analysis can improve their usefulness, especially in
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regions where forest loss is overall rare, and b) that it is necessary to differentiate among forest
types when assessing protected area effectiveness, because effectiveness measures will be

dominated by the most common forest types, yet rare forest types may still be lost.

Introduction

Protected areas are the cornerstone of conservation and play an important role in preserving
biodiversity, habitat, ecosystem functions, as well as for education and recreation (EEA, 2012).
As of 2020, protected areas covered 15.2% of the terrestrial area of the globe (UNEP-WCMC et
al., 2020). However, protected area effectiveness varies and depends on, for example, protected
area location (Joppa and Pfaff, 2009), and governance (Ferraro et al., 2013; Sims and Alix-
Garcia, 2017). Furthermore, protected areas are missing in some important biomes (Brooks et al.,
2004; Mancheno et al., 2017), do not cover species diversity adequately (Rodrigues et al., 2004),
and are sometimes downgraded, downsized, or eliminated (Kroner et al., 2019; Mascia and
Pailler, 2011). Understanding where protected areas are effective is crucial to improve protected

area management and ultimately their success (Armsworth et al., 2011).

Protected areas that are forested are particularly important for endemic flora and fauna, carbon
sequestration, drinking water, and other ecosystem services (EEA, 2010; FAO and UNEP, 2020).
A total of 18% of the world’s forest is protected (FAO and UNEP, 2020). However, the
effectiveness of the protected areas in terms of stopping forest loss also varies greatly across the
globe. Protected areas have been generally effective in curtailing deforestation in the tropics
(Naughton-Treves et al., 2005), Africa (Bowker et al., 2017), and Brazil (Nolte et al., 2013), but
not as successful in the Carpathians (Butsic et al., 2016), or Russia (Sieber et al., 2013;
Wendland et al., 2015). While forest loss is a clear indicator of a lack of protected area

effectiveness and is mapped annually across the globe (Hansen et al., 2013), selective logging,
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which includes the removal of highly valuable tree species, is also highly detrimental, but
remains largely undetected (Burivalova et al., 2015). Unfortunately though, forest loss, e.g., the
conversion from forest to another land-cover class such as grassland, is typically the only
measure that is used to estimate the effectiveness of protected areas (Andam et al., 2008; Bowker
et al., 2017; Ferraro et al., 2013; Nolte et al., 2013; Pfaff et al., 2015), which can bias the

evaluation of the effectiveness of protected areas (Geldmann et al., 2019).

Forest degradation is caused by many factors, but one of the major causes is selective logging,
e.g., the removal of single trees or a small portion of trees (Hosonuma et al., 2012; Mon et al.,
2012). Forest degradation is also caused by the collection of fuelwood and non-timber products
(Burivalova et al., 2015), livestock grazing (Krever et al., 2001), and can result in lower carbon
storage (Asner et al., 2005; Putz et al., 2012) and biodiversity decline (Burivalova et al., 2014;
Putz et al., 2012). In the tropics, forest degradation has been wide spread, for example, in the
Amazon (Bullock et al., 2020), especially in the Brazil Amazon (Asner et al., 2005), and
exceeded deforestation inside a protected area in Myanmar (Mon et al., 2010). In Western
Siberia, selective logging and stripcuts account for 96.3% of all forest disturbances (Shchur et
al., 2017). For our study, we define forest degradation as a change in green vegetation in forests,

which we assumed occurred most likely due to the removal of single trees, i.e., selective logging.

Another limitation of both forest loss and forest degradation as measures of protected area
effectiveness is that not all forest types are affected the same due to differences in their economic
value. Often some forest types harbor tree species that have higher economic value but may also
have a high conservation value if they provide important habitat, and effectiveness assessment
may need to focus on those. For example, protected areas in southwest China are effective in

protecting old-growth forests, but not pine forests (Brandt et al., 2015). In mountain forests in the
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Himalayas, the number of IUCN listed tree species is equally low inside and outside protected
areas, but woody species richness is higher inside protected areas (Maren and Sharma, 2018),
and in Sudan tree species richness in dry forest is not significantly higher inside protected than

outside, indicating that conservation efforts are not sufficient (Paré et al., 2010).

Advances in remote sensing allow mapping forest loss, forest degradation, and forest types for
large areas. However, detecting forest degradation from satellite imagery is more challenging
than detecting forest loss because the spectral changes caused by degradation are more subtle
(Bullock et al., 2019; Souza et al., 2003). Spectral mixture analysis allows to decomposes the
spectral signature of a pixel into different land-cover fractions, such as green vegetation, soil, or
shade (Adams et al., 1995; Shi and Wang, 2014). Time series of these fractions capture even
subtle shifts in land-cover composition (Bullock et al., 2020; Lewinska, submitted; Souza et al.,
2003). By comparing fractions over time it is possible to identify changes, e.g. a decrease in the
green vegetation fraction concomitant with an increase of either the soil or the shade fraction.
The magnitude of the change in the green vegetation fraction can be quantified and is a proxy for

forest degradation.

The Caucasus region is one of the world’s 35 biodiversity hotspots, and has a well-developed
protected area network, but is also a place of political unrest and experienced several wars since
the collapse of the Soviet Union in 1991. During Soviet times protected areas and forests were
centrally managed by the government through Moscow (Wells and Williams, 1998). The highest
level of protection are the strictly protected areas (‘zapovedniks’), which were solely established
for conservation and scientific monitoring, and access was limited to wardens and scientists only
(Wells and Williams, 1998). However, after the collapse of the Soviet Union in 1991 a time of

political upheaval followed, when countries became independent and law enforcement was weak
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(Freni, 2013). Shortage of energy supply increased the amount of fuelwood collected (Ozdogan
et al., 2017) and the weak economy resulted in the extraction of valuable timber for sale (FAO,
2019). Even after the transition period and in recent years, forest degradation due to selective
logging is a prevalent threat in the Caucasus, decreasing the ecological capacity of the forest
ecosystem (Zazanashvili et al., 2012). The question arises whether protected areas are effective
in preventing forest loss and forest degradation in a region with political unrest and weak

institutions after the collapse of the Soviet Union.

Our goal was to assess the effectiveness of protected areas in the Caucasus in preventing forest

loss and forest degradation in different forest types. Our specific questions were:

1) Did strictly protected areas have less forest loss compared to non-protected areas?

2) Did strictly protected areas have less forest degradation compared to non-protected
areas?

3) How did the effectiveness of protected areas differ for forest degradation among

forest types?
Methods

Study area

Our study area, the Caucasus region, encompassed Georgia, Armenia, and Azerbaijan in the
south (South Caucasus) and parts of the Russian Federation in the north (North Caucasus), with a
total area of 455,000 km? (Figure 20). The mountains in the Greater Caucasus range from 500 to
3,000 m a.s.l. in the west, peaking at 5,642 m a.s.l. at Mount Elbrus, and decrease in height
towards the Caspian Sea (Volodicheva, 2002). Precipitation exceeds 2,000 mm a year close to

the Black Sea but drops to 150 mm a year near the Caspian Sea (Zazanashvili et al., 1999). The
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majority of the mountains in the Lesser Caucasus range from 2,000 to 3,300 m a.s.l.
(Volodicheva, 2002). Similar to the Greater Caucasus, the Lesser Caucasus has a wet climate in

the west, but is more continental and dry in the east and south-east (Zazanashvili et al., 1999).

The Caucasus has many different forest types, and forest is one of four priority biomes for
conservation in the Caucasus (Zazanashvili et al., 2012). The majority of forests is deciduous
(~80%), followed by mixed (~12%) and coniferous forest (~8%) (Buchner et al., 2020) (Figure
20). Forests are often dominated by one or two species. Coniferous forests, often dominated by
spruce (Picea orientalis), fir (Abies nordmanniana), and pine (Pinus spp.), are typical for higher
altitudes in the western part of the Caucasus. Deciduous forests, including beech (Fagus
orientalis), oak (Quercus spp.), oak and hornbeam (Qercus-Carpinus caucasica), and chestnut
and hornbeam forests (Castanea sativa-Carpinus caucasica), are typical at lower elevations and
towards the east. Forests transition into subalpine woodlands in higher altitude, and the upper
tree line is affected by both logging and grazing (Gulisashvili, 1964; Volodicheva, 2002). Two
forests of special conservation concern are the Colchic forests in the East along the Black Sea
and the Hyrcanian forests in the West close to the Caspian Sea. Both harbor relict and endemic

species (Nakhutsrishvili et al., 2015).

The Caucasus has a long history of human activities, and this resulted in an extensive land
conversion, with only 12% of the vegetation remaining pristine (Krever et al., 2001; Zazanashvili
et al., 2012). Forests have been under threat from unsustainable logging for timber and fuelwood,
agriculture, and grazing (Krever et al., 2001). Beech forests have been logged due to their
importance for the timber industry, and oak forests have been replaced with agriculture because
they were most common on soils that are favorable for grapes and crops. Chestnut forest were

lost due to their valuable wood, and coniferous forests such as spruce, spruce-fir, and beech-fir
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were logged for pulpwood (Krever et al., 2001). Especially in the Western Caucasus the
Nordmann fir is an endemic tree species, but its timer has a high commercial value (Bragina et
al., 2015). However, compared to other regions of the world the rates of forest loss and forest

degradation are generally low in the Caucasus (Buchner et al., 2020; Krever et al., 2001).

The Caucasus has a very extensive network of protected areas. The oldest protected area in the
Caucasus is the Lagodekhi strict nature reserve in Georgia (est. 1912). Before 1991, i.e., during
Soviet times, many protected areas were established in the Caucasus, but some were also
downgraded or eliminated (Krever et al., 2001). After 1991, the rate at which new protected
areas were established increased even further (Krever et al., 2001; Zazanashvili et al., 2012).
Among the four countries, 54 protected areas are strict nature reserves and national parks, which
do not allow for human actives other than for scientific, educational or recreational purposes
(TUCN I and II, IUCN and UNEP, 2014). Of these, 43 protected areas were established before
1991 (IUCN and UNEP, 2014). 23 out of these 43 protected areas had > 5% forest cover in 1987
(Figure 20, Table A45) (Buchner et al., 2020), and those were the protected areas that we

analyzed.

Data: forest loss and forest degradation

We analyzed two datasets, one for forest loss and one for forest degradation, to analyze protected
area effectiveness, respectively (Figure 21, Table A45, Figure Al14). The forest loss dataset
captures the conversion from forest to a different land-cover class, and we developed that dataset
in a prior study (Buchner et al., 2020). Our classification was based on Landsat imagery using
large-area best-pixel compositing to ensure gap-free coverage and a C5.0 classifier, followed by
post-classification comparisons to derive forest loss for five time steps (i.e., 1987-°95, 1995-

2000, 2000-°05, 2005-°10, and 2010-°15). User’s accuracy and producer’s accuracy was 65%



204

and 78 % for coniferous forests, 36% and 30% for mixed forests, and 88% and 85% for
deciduous forests for the 2015 land-cover classification, and 95% and 83% for stable forest for
the forest change classification. For a detailed description of the land-cover and forest change

dataset, see Buchner et al. (2020).

In the forest degradation dataset, which we developed newly for this study, we defined forest
degradation as a decrease in green vegetation fraction. For this, we analyzed 43.800 Landsat
Collection 1 Tier 1 surface reflectance images that were available in Google Earth Engine
(Gorelick et al., 2017) for the Caucasus from 1987 to 2019 as of December 2019. All Landsat
data were atmospherically corrected (LEDAPS (TM, ETM+ (Masek et al., 2006), LaSRC (OLI,

(Vermote et al., 2016)) and clouds, cloud shadows, and snow was removed by USGS.

We mapped forest degradation based on time series of fractions for green vegetation, non-
photosynthetic vegetation, soil, and shade, which we derived from spectral mixture analysis of
the complete Landsat record (Lewinska et al. 2020). Spectral mixture analysis quantifies the
fractions of different surface types (Bullock et al., 2020; Souza et al., 2003). We calculated these
fractions for each Landsat scene using the same input parameters as in Lewinska et al. (2020,
submitted). Next, we created monthly composites for each of our four surface fractions and
applied a weighted Whittaker filter to fill in missing values due to cloud cover, in our time series
(Atkinson et al., 2012; Eilers, 2003; Whittaker, 1922). We combined the original monthly
fraction time series with the predicted time series preserving the original data, and using the

predicted values to fill-in missing observations.

Based on the final monthly surface fraction time series, we summed up all monthly fractions for

one year. We used the summed up green vegetation to run LandTrendr, and masked the forest
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area based on our land-cover maps (Buchner et al., 2020). LandTrendr breaks up a time series
into trend segments based on statistically significant changes in the data (Kennedy et al., 2018,
2010), that indicates a change in e.g., forest over time. We defined a forested pixel as degraded
when the green vegetation fraction was < 20% of the per-pixel maximum across the entire time
series. For each change-segment representing a decline in green vegetation we calculated the
corresponding change in the non-photosynthetic vegetation, soil and shade fractions. We
excluded all declines in green vegetation with a corresponding increase in non-photosynthetic
vegetation, because we assumed that such changes were not caused by humans, but rather by
e.g., droughts, insects, or pathogens. Overall, we defined degradation as a decrease in green
vegetation with a corresponding increase in the soil or the shade fraction. For each change
degradation segment we derived its timing, absolute change and annual change rate, i.e., the

absolute change divided by the duration of the segment.

Data: protected areas and control variables

We analyzed protected area boundaries from the World Database on Protected Areas (WDPA,
IUCN and UNEP, 2014), and included all terrestrial IUCN category | and Il protected areas that
were established prior to 1988, i.e., the first year of our degradation datasets. We further limited
our analysis to protected areas with > 5% and > 300 ha of forest cover in 1987 according to
Buchner et al. (2020). For our robustness check, we analyzed three additional protected area
datasets. One dataset delineated protected area boundaries of protected areas in Georgia,
Armenia, and Azerbaijan in 1991 that were subsequently downgraded, downsized, and
degazetted according to the World Wide Fund for Nature (WWF Caucasus). For the North

Caucasus we obtained two datasets with the protected areas boundaries in 2014 and 2020
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(http://oopt.aari.ru/oopt/) to compare forest loss and forest degradation in Sochinsky National

Park boundaries before and after boundary change made for the Winter Olympic Games in 2014.

To control for factors other than protected area status that can affect forest loss and forest
degradation, we included environmental variables as well as variables related to access to
markets, and the percent of forest within a certain area to define core and edge forest in our
models (Table 5) (Butsic et al., 2016; Jones and Lewis, 2015). We calculated elevation, slope,
and aspect from the ALOS Global Digital Surface Model (DSM) (Tadono et al., 2014; Takaku et
al., 2014), and distance to highways, settlements, and waterways based on OpenStreetMap
(OpenStreetMap contributors, 2017). All datasets were processed in Google Earth Engine. We
further calculated the percentage of the nearest 4 (120 m) and 34 pixels (~1 km) that were
forested as a proxy whether a pixel was surrounded by dense forest or not. Lastly, we added a

country dummy variable to account for political and economic differences (GADM, 2020).

Statistical analysis

We applied matching statistics and panel regression to determine the effectiveness of protected
areas. We accounted for non-random placement of protected areas (Joppa and Pfaff, 2009), and
selected observations that were similar in their underlying characteristics, but differed in their
protection status (treated versus control). Specifically, we applied nearest-neighbor propensity
score matching without replacement and a caliper size of 0.2 (Guo and Fraser, 2014). The
propensity score is the probability of a unit of interest receiving a treatment (i.e., protection)
(Guo and Fraser, 2014; Jones and Lewis, 2015) and is estimated in Stata with a probit model
based on a set of observable control variables. We did not analyze every pixel to limit the
potential effects of spatial autocorrelation. Instead we implemented a systematic sample in form

of a 500 -m grid covering our study area, and extracted values for all variables for each grid
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point. Furthermore, we did not include any control points if there were within 5 km of a
protected areas ICUN category 1&I1 to exclude areas that were potentially affected by leakage
(Fuller et al., 2019). We further removed observations from protected areas with a lower
protection status (IUCN I11-V) and from protected areas that were established after 1988. We
matched observations forested in 1987, based on our natural log transformed variables (Table 5)
(Brandt et al., 2015). We used the same matched points to assess (1) forest loss and (2) forest
degradation. Furthermore, we created three matched datasets for coniferous, mixed, and
deciduous forest in 1987. Lastly, we analyzed each matched datasets with random-effects panel
regressions. The lack of temporal variation in the location of protected areas prevented the use of

a fixed-effects model (Wendland et al., 2015).

Specifically, we determined effectiveness based on forest loss for five time periods using the

following logistic regression model:

Yit = By * P, + By xYeary + B3 * C; + By * PiYeary + fs * PiC; + B¢ * Year;C; + [ *

PYear;:C; + Pg_15 * X; + e

where Yitis forest loss (1) or not (0) for pixel i in time period t, P; indicates if an observation is
protected (1) or not (0), Yearit: is the time dummy variable indicating the five time period, Ci is a
categorical variable indicating the country of observation i, Pi*Yeari, Pi*C;, Yeari*C;, and
Pi*Yeari*C; are the respective interaction terms, with Pi*Yeari*C; indicating the effect, X; is the

vector of control variables, 51-£1s are the coefficients to be estimated, and e;: is the error term.

Similarly, we determined effectiveness based on forest degradation using a linear panel
regression applying the same equation as for forest loss, but where Yit is the forest degradation

change rate for observation i in time period t and Yeari: is the time dummy variable indicating the
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annual time steps from 1988 to 2018. In addition, we ran three separate forest type models,

where Yi indicated the forest degradation in 1) coniferous, 2) mixed, and 3) deciduous forest.

We performed all statistical analyses in StataSE 16 and calculated the marginal effects using the
‘margins’ command (full model results in the appendix Table A46 - Table A50). Marginal
effects represent the percentage point change in the probability of forest loss if an observation

switches from unprotected to protected.

Robustness check

We were concerned that changes in protected area boundaries during our analysis period may
have affected our results. Therefore, we compared forest loss and forest degradation rates based
on the 2020 protected area boundaries from the WDPA dataset and on the 1991 boundaries
provided by the WWF. To do so, we applied the same statistical analyses outlined above for
forest loss but added three indicators of protection: 1) pixels that were only designated as
protected in 2020, 2) pixels only designated as protected in 1991, and 3) pixels that were
protected in both 2020 and 1991. Observations in (1) are areas that may have been unprotected in
1991 but are protected now. Observations in (2) are areas that may have been protected in 1991
but are no longer protected in 2020 and observation in (3) were protected in 1991 and 2020. By
including these time points of protection, we could statistically test if forest loss differed
systematically between categories. We excluded Russia for this analysis because the dataset from
1991 only covered the South Caucasus. However, for the North Caucasus we compared forest
loss and forest degradation within Sochinsky National Park before 2014, before the Olympic

Games, and 2020, after the Olympic Games.
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Results

Protected area effectiveness

We found that across the Caucasus, strictly protected areas increased forest loss by 0.1
percentage point (p.p.), a small but statistically significant effect (Table 6), suggesting that
protected areas were ineffective in preventing forest loss. In Russia protection increased forest
loss by 0.4 p.p. (Table 6) and this was true for each time step (Figure 22). However, protected
areas reduced the probability of forest loss significantly in Azerbaijan (-1.1 p.p.) and Georgia (-
0.2 p.p.) (Table 6). For Azerbaijan this pattern was consistent over time (Figure 22). In Georgia
the effect of protected areas varied over time and probability of forest loss in protected areas was
sometimes lower and sometimes insignificant over time (Figure 22). Armenia had too few forest

loss observations to credibly estimate the effectiveness of protected areas based on forest loss.

The percentage of surrounding forest had a strong effect, in that the probability of forest loss

decreased with more forest in the surrounding area, indicating that forest along forest edges was
most likely to be lost. Slope decreased the probability of forest loss, i.e., on steeper slopes forest
loss was less likely, and elevation had a positive effect, i.e., forest at higher elevations was more

likely to be lost than forest at lower elevation.

In contrast to forest loss, protected areas were overall effective in preventing forest degradation
in the Caucasus, and decreased degradation by (-1.1 p.p.) (Table 7). This was especially the case
in Russia (-1.4 p.p.), whereas estimates for Georgia, and Azerbaijan, were negative but not
significantly different from zero. For Armenia estimates were positive but insignificant (Table

7).
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The effectiveness of protected areas for different forest types for the whole Caucasus was
significant for coniferous (-0.2 p.p.) and deciduous forest (-1.3 p.p.), but not for mixed forest
(Table 7, Figure 23). However, among countries the effectiveness among forest types differed
(Table 7, Figure 23). First, for coniferous forest, protected areas were ineffective in Azerbaijan
(1.1 p.p.), effective in Russia (-0.04 p.p.), and had no significant effect in Georgia (-0.1 p.p.).
Second, for mixed forest the percentage point changes were insignificant in each countries.
Third, for deciduous forest protected areas had a lower probability of loss in all countries, but
was only statistically significant in Russia. Armenia had again too few forest degradation
observations in coniferous and mixed forest to estimate the effectiveness of protected areas on

forest degradation in these forest types.

Results of the robustness check

We compared the overall area of forest loss and forest degradation for protected areas in
Sochinsky National Park (North Caucasus) based on protected area boundaries before and after
the Olympic Games in 2014, and in the South Caucasus based on protected area boundaries in
both 1991 and 2020, to account for downgrading, downsizing, and degazettment. Our summary
statistics for Sochinsky National Park showed that the area of forest loss was overall higher when
we used the protected area boundaries before 2014 compared to 2020, but forest degradation was
almost the same (Figure A15). This means that by using protected area boundaries of 2020, we
may have underestimated the ineffectiveness of protected areas in the North Caucasus. However,

the overall picture of the ineffectiveness of protected areas would not have changed. .

For the South Caucasus, our summary statistics showed that the area of forest loss and forest
degradation was overall higher when we used the protected area boundaries in 2020 (WDPA)

compared to the protected area boundaries in 1991 (WWF) (Figure A16). This indicates that by
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using the protected area boundaries from 2020 we mapped more forest loss and forest
degradation inside protected areas and we did not underestimate the overall amount of forest loss

or forest degradation by using the protected area delineation in 2020.

Our modeling approach for the South Caucasus with different indictors for protection, i.e., 1)
only protected in 2020, 2) only protected in 1991, and 3) protected in 2020 and 1991, showed
that there was no significant difference between the estimated effects of the three categories

(Table A51). This also indicates that using only the 2020 boundaries is appropriate.

Discussion

Our results showed that effectiveness of protected areas in terms of stemming forest loss differed
considerably from their effectiveness to stem degradation. Protected areas that were not effective
in preventing forest loss none-the-less prevented forest degradation in the Caucasus. The results
for the different forest types, and the different countries were heterogeneous. While protected
areas in Russia were ineffective in preventing forest loss, they were effective in preventing forest
degradation overall, and in coniferous and deciduous forests. Protected areas in Georgia and
Azerbaijan were effective in preventing forest loss, but the effect was insignificant for forest

degradation.

Overall the magnitude of the effect of protected areas was low in the Caucasus, which is similar
to what has been found in Russia (Wendland et al., 2015) and in the Western part of the Russian
Caucasus (Bragina et al., 2015). The forest loss rates are generally low in the Caucasus, and
forest loss and forest gain are almost equal (Buchner et al., 2020). However, the effect of
protected areas on forest loss differed among countries in the Caucasus, which is in line with a

study in the Carpathian where effectiveness of protected areas varied greatly among countries
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and years (Butsic et al., 2016). For the Russian part of the Caucasus, we found that the
probability of forest loss was significantly higher inside protected areas (0.4 p.p.). However in
other parts of Russia, protected areas were effective in preventing forest loss, i.e., reducing forest
disturbance in comparison to their surrounding area (Sieber et al., 2013). For both the whole
Caucasus and Russia, it is important to point out the effect size was small, where protection was
not effective. For Russia, where protected areas where ineffective, we found 17,030 ha forest
loss inside protected areas, and an effect of (0.4 p.p.) translates into an additional 3.4 ha/year.
The largest effect size (-1.1 p.p. in Azerbaijan) means that with a total forest loss of 2,180 ha
inside protected areas, protection prevented the loss of 23.9 ha of forest over 20 years, or

approximately 1.2 ha/year.

We found that protected areas that were not effective in reducing forest loss, often significantly
reduced forest degradation. This surprised us because forest degradation is known to occur
across the Caucasus. However, the overall amount of forest degradation in the Caucasus is even
smaller than the amount of forest loss, which explains the rather small effect of protected areas
on forest degradation, similar to what we found for forest loss. Although the marginal effect was
overall significant for the whole Caucasus, of all the countries it was only significant for Russia.
To put the effect size into perspective, the largest effect size (-1.4 p.p. in Russia) indicates that
with a forest degradation of 6,650 ha inside protected areas, protection prevented 93.1 ha of
forest degradation over 30 years (1988-2018), or approximately 3.1 ha a year. For the whole
Caucasus, forest degradation of 9,165 ha inside protected areas and an effect size of -1.1 p.p.
translates to 3.4 ha/year. Nevertheless, we suggest that it is important to examine both forest loss
and forest degradation when estimating protected area effectiveness, especially when there is

little forest loss. In Myanmar mapped deforestation is lower inside the protected area, but forest
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degradation rates are higher than outside (Htun et al., 2013, 2009). Similarly, in Guatemala,
forest degradation is wide-spread inside protected areas (Bullock et al., 2019). In other words,
forest loss alone cannot confirm that protected areas are effective (Bullock et al., 2019; Htun et

al., 2013, 2009).

Analyzing forest degradation in different forest types is a further step, and necessary if some
forest types are more likely to be lost. We found that protected areas were effective in preventing
the degradation of coniferous forests, which is encouraging given Nordmann fir’s high
commercial value (Bragina et al., 2015). Similarly, we found that protected areas were effective
for deciduous forests, which is encouraging in the case of Colchic forests, which harbor many
endemic species in the Caucasus (Nakhutsrishvili et al., 2015; Zazanashvili et al., 1999). The
effect of protected areas on mixed forest was small and insignificant. This was surprising to us
because mixed forests cover a slightly larger area than coniferous forests. In general, separating
forest types when assessing effectiveness is important because assessment based on forests
overall may mask the ineffectiveness of protected areas of forest types that are rare. This is
especially important for countries such as Georgia and Russia that harbor the last remaining
Colchic forests along the Black Sea providing habitat for many endemic tree species such as the
Nordmann fir and several oak species (Nakhutsrishvili et al., 2015). However, we found that for
these two countries, the effect of protection on forest degradation in mixed forest was not
significant, and lowest among countries. Most studies use forests overall to assess protected area
effectiveness and may draw incomplete conclusion on the conservation success. However, in
southwest China protected areas were not effective in preventing forest loss of forest overall nor
in pine forests, but did protect old-growth forests effectively (Brandt et al., 2015). Although this

finding is opposite to what we found, the conservation implications are the same: a simple binary
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analysis of forest versus non-forest can obscure the effectiveness of protected areas (Brandt et

al., 2015).

In general protected area effectiveness can be less clear when there is an overall low rate of
forest loss or forest degradation. Low rates of forest loss or forest degradation usually result in a
low effect of protected areas or in insignificant results (Bragina et al., 2015; Wendland et al.,
2015). When forest loss or forest degradation is overall low and similar inside and outside
protected areas the effect may not be statistical significant. We want to caution that this does not
mean that protected areas have no ecological relevance or that they are not effective, it rather
shows that forest loss or forest degradation was not a good proxy to measure the effectiveness of
protected areas there. However, if forest loss or forest degradation is overall widespread and is
not lower inside protected areas, then a statistical significance allows to conclude that protected

areas are ineffective.

We suggest that several factors are related to the observed differences in protected area
effectiveness in the Caucasus. The collapse of the Soviet Union in 1991, which resulted in weak
institutions and low law enforcement, as well as wars in all four countries, certainly affected
protected areas effectiveness (Krever et al., 2001). Wars in the region, may have contributed to
increased logging rates, as happened in Rwanda where widespread forest loss occurred inside
protected areas during the conflict (Ordway, 2015). A shortage of energy in Georgia and
Armenia caused increased fuelwood collection by 200-300 % compared to the 1980s (Krever et
al., 2001). In Armenia, during the 1990s, 30% of the deforestation during that time was due to
illegal exports and an increasing black market for forest products (Sayadyan and Moreno-
Sanchez, 2006). A decrease in funding for protected areas hampered the management of

protected areas as ranger patrols declined and scientific research was cutback in Russia (Wells
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and Williams, 1998), and may explain the higher forest loss inside protected areas in 1995. In
Russia, we assume that a decline in enforcement after the collapse of the Soviet Union, may also
explain higher forest loss inside protected areas. During Soviet Union times, zapovedniks were
strictly controlled and regulated, and had a high acceptance in the public (Muller, 2014; Wells
and Williams, 1998). However, similar to the other countries, a lack of personnel resulted in
increasing numbers of violations inside protected areas, and some reserves had to create revenue
through logging (Miller, 2014). In the 2000s economic development and fostering economic
growth was more important in Russia than conserving biodiversity, and conservation was nog a
high priority for policy makers (Miller, 2014). Examples for this are the deforestation in
Sochinsky National Park in preparation for the Olympic Games in 2014 (Bragina et al., 2015),

and the ski resorts and recreation facilities that were built in Kavkazsky (Miller, 2014).

Management implications

Extending these findings, our research suggests that the assessment of the effectiveness of
protected areas should be based on multiple indicators and conservation priorities. This allows to
specifically address conservation efforts towards areas that are under threat and thereby
minimizing management costs. Differentiating the effectiveness of strictly protected areas among
forest types helps to monitor smaller areas for illegal activities and to promote specific changes
in management if needed, and to reassess the area at a later point in time. Further, the integration
of the livelihood of local communities is becoming an increasing goal of protected area
management (Adams et al., 2004) which needs to ensure a sustainable use of resources. We
suggest that a refined assessment of protected area assessment can further benefit a community

based protected area management plan in the long term.
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Methodological considerations

Advances in remote sensing allowed us to analyze forest degradation as an additional proxy to
assess protected area effectiveness, in a region where forest degradation is a known threat. Our
study highlights the benefits of spectral mixture analysis, the depth of the full Landsat archive,
and temporal segmentation for change detection (Lewinska, submitted). Forest degradation was
also successfully mapped using spectral mixture analysis and Landsat time series in Guatemala’s
protected areas (Bullock et al., 2019). Using the complete Landsat archive and the Whittaker
filter to address missing values allowed us to extend our analysis back to 1988. Our approach
provides spatial and temporal information of forest degradation on an annual basis. Our change
assessment is based on green vegetation fraction, which is advantageous in complex topography
and intra-annual changes in illumination conditions, such as the Caucasus, and in different forest
types such as deciduous and conifers forests, compared to approaches that are developed for the
tropics (Bullock et al., 2019, 2020). Furthermore, comparison among surface fraction abundance
allows to identify different degradation trajectories (i.e., changes from green vegetation to soil,
shade, or non-photosynthetic vegetation) (Lewinska, submitted), which makes it possible to

distinguish, for example, clear cuts from defoliation caused by drought.

Our study has some limitations in terms of our input datasets. Our protected area boundaries do
not include detailed information on protected areas downgrading, downsizing, and degazettment
over time. In general protected areas in the South Caucasus are mostly affected by downgrading
(Mancheno et al., 2017), upsizing exceeded the area of downsizing (Mancheno et al., 2017). To
account for downsizing and degazettment, we conducted a robustness check using the WWF
dataset outlining protected area boundaries in 1991 and compared the results with results derived

using the WDPA protected area boundaries from 2020. There was no evidence that downsizing
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and degazettment affected our region-wide analysis significantly. We emphasize though that the
differences may be more important locally. A further limitation is that our forest loss data
includes both loss due to human activities, such as clear cutting, but also due to natural
disturbance such as windthrow or fire, which may lead to an underestimation of the effectiveness
of protected areas. In addition both user’s and producer’s classification accuracies were low for
mixed forest, and mixed pixels may have been misclassified as coniferous or deciduous forest in
the original classification. This may have reduced the significance level of our estimates of the
effect of protected areas for the different forest types, however this was not the case for the
assessment of forest degradation of all forest types. Our forest degradation was further not

validated against ground truth data.

Conclusion

Protected areas are an important conservation tool to preserve biodiversity and pristine
landscapes. The Caucasus is a biodiversity hotspot harboring a large number of endemic species
and forests of high conservation value. Although forest loss is generally low compared to other
regions of the world, protection of the forests needs to be ensured to decrease any further
detrimental impact. We argue that using canopy removal as a proxy is not enough in regions
where a) degradation is a threat to forests, and b) different forest types are affected differently.
Here, we provide additional insight in protected areas effectiveness by providing forest loss and
forest degradation among forest types. A combination of both, forest loss and forest degradation,
allowed us to show that protected areas were overall not effective in preventing forest loss in the
Caucasus, and that protected areas affected forest degradation differently in coniferous, mixed,
and deciduous forests. Our results show that conservation efforts need to be targeted towards

specific goals, such as protecting different forest types, to fulfil their purpose.
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Tables and figures

Table 5: Variables used to assess protected area effectiveness.
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Variable Unit Period Resolution  Source
Forest-cover loss  1: forestloss 1987, 30m Buchner et al., 2020
0: no forest 1995,
@ loss 2000,
s 2005,
S 2010,
@ 2015
& Forest >0-1: 1988- 30m Newly calculated for
% degradation magnitude 2018 this study
o change rate
0: no change
rate
Protected area 1: protection 2020 vector World Database on
o 0:no Protected Areas
= protection (www.protectedplanet.
= com, April 2020)
2 Protected area 1: protection 1991 vector World Wide Fund For
S  (South Caucasus) 0:no Nature (WWF)
% protection Caucasus
f:’ Protected area 1: protection 2014, vector http://oopt.aari.ru/oopt
(Sochinsky 0: no 2020
National Park) protection
Elevation m Time- 1 arcsecond Tadono et al., 2014,
Slope degree invariant Takaku et al., 2014
Aspect degree
Euclidean m Time - OpenStreetMap
distance to invariant contributors, 2017
highways,
3 settlements,
€ waterways
§ Percentage of % Time- 30m Buchner et al., 2020
<  forest within invariant
£ 120m based on
S Percentage of forest in
forest within 1987
1 km window
Administrative dummy Time vector Database of Global
boundaries of invariant Administrative Areas

countries

(GADM version 3.6)
(www.gadm.org)
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Table 6: Marginal effect (percentage point change) of strict protection on the probability that a
forest pixel will be lost (1995-2015), for the whole Caucasus and for each country (logistic
regression with random effects, standard error in parentheses, *** p-value < 0.01, ** p-value <
0.05, * p-value < 0.1). Negative values indicate that protected areas reduce forest loss.

Marginal effect

Percentage point change

Whole Caucasus 0.1(0.1)*
Azerbaijan -1.1 (0.2)***
Georgia -0.2 (0.1)*

Russia 0.4 (0.1)***
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Table 7: Marginal effect (percentage point change) of strict protection on the probability that a
forest pixel will be degraded (1988-2015), for total, coniferous, mixed, and deciduous forest, for

the whole Caucasus and by country (standard error in parentheses, *** p-value < 0.01, ** p-
value < 0.05, * p-value < 0.1). Negative values indicate that protected areas reduce forest

degradation.

Perc. point
change

Total forest

Perc. point
change

Conif. forest

Perc. point
change

Mixed forest

Perc. point
change

Decid. forest

Whole Caucasus -1.1 (0.1)*** -0.2 (0.1)* -0.1(0.2) -1.3 (0.2)***
Azerbaijan -0.2 (0.4) 1.1 (0.5)* -0.8 (0.8) -0.1 (0.4)
Georgia -0.4 (0.3) -0.1 (0.3) 0.001 (0.4) -0.7 (0.4)
Russia 1.4 (0.1)***  -0.04 (0.1)**  -0.003(0.2)  -1.7 (0.2)***
Armenia 0.7 (0.8) - - -1.1 (0.8)




40°E
|

45°E 50|° E

Vo,
Y I .

e

v

45° N

40° N

Co. 5 5
Russian Federation
'.'.._{.

I 0° 30°E 60°E

125 250

=

45°E 50° E
Protected area Forest type

|:| IUCN |&Il est. pre 1991 - Eoitolisionest

(forest cover > 5%)

[ Jwenien I Mixed forest
[Nk [ | Deciduous forest

232

Figure 20: Forest types and terrestrial protected areas (World Database on Protected Areas) in
the study area (IUCN I&lII: strict nature reserves and national parks, IUCN I11-VI: multiple-use

protected areas).
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corresponds with Table A45). Zoom-in to areas with (A) high forest loss in Sochinsky National

Park, Russia, and (B) high forest degradation in the south of Chechnya, Russia.
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Figure 22: Marginal effects (percentage point change) of strict protection on the probability that
a forest pixel will be lost, by country and year with standard errors. Armenia had too few forest

loss observations to credibly estimate the effect and is therefore not shown. Negative values

indicate that protected areas reduce forest loss.
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Figure 23: Marginal effects (Percentage point change) of strict protection on the probability of a
forest pixel being degraded for total forest, coniferous forest, mixed forest, and deciduous forest,
in the whole Caucasus and by country with standard errors. Armenia had too few forest
degradation observations in coniferous and mixed forest to credibly estimate the effect and is
therefore not shown. Negative values indicate that protected areas reduce forest degradation.



Appendix: Supplementary information

Table A45: List of protected areas (WDPA) included in the study with ICUN categories and year of establishment, forest cover in
1987, percent forest in 1987 based on the total area covered by the protected area, total forest loss in area and percent, and total forest
degradation in area and percent.

No. Name IUCN Yearest. Country  Forestin Forest  Total forest Total Total forest Total forest
Category 1987 [ha]  in 1987 loss [ha] forest degradation degradation
[%] loss [%] [ha] [%]
1 Sochinsky 1 1983 RUS 184568.2 91.5 5475.2 3.0 3218.0 1.7
2 Kavkazsky la 1924 RUS 191745.5 715 8204.9 4.3 2762.4 14
3 Teberdinsky la 1936 RUS 25713.6 411 1613.3 6.3 492.2 19
4 Prielbrus'e 1 1986 RUS 9269.6 12.6 696.2 7.5 46.1 0.5
5 Kabardino-Balkarsky la 1976 RUS 2701.4 9.1 138.7 5.1 5.0 0.2
6 Severo-Osetinsky la 1967 RUS 14140.1 23.3 902.7 6.4 126.9 0.9
7 Ritsa la 1930 GEO 15368.8 94.0 226.2 15 164.1 11
8 Pskhu-Gumista la 1941 GEO 36672.8 94.7 4515 1.2 274.1 0.7
9 Bichvinta-Miusera la 1965 GEO 3649.2 91.2 20.7 0.6 305.6 8.4
10 Sataplia la 1935 GEO 329.0 99.9 0.0 0.0 24.8 7.5
11 Liakhvi la 1977 GEO 5731.6 87.4 20.2 0.4 59.6 1.0
12 Mariamjvari la 1935 GEO 7735 755 3.9 0.5 13.6 1.8
13 Lagodekhi la 1912 GEO 13596.0 68.8 226.6 1.7 378.4 2.8
14 Kintrishi la 1959 GEO 3061.4 98.5 9.3 0.3 13.0 0.4
15 Borjomi la 1929 GEO 12703.6 96.4 224 0.2 188.9 15
16 Vashlovani la 1957 GEO 1583.4 15.9 198.6 125 13.8 0.9
17 Zagatala State Nature la 1929 AZE 42834.9 88.3 931.1 2.2 660.5 15
Reserve
18 Ilisu State Nature Reserve la 1987 AZE 9105.4 72.8 214.0 2.4 95.6 1.0
19 Garayazi State Nature la 1978 AZE 2544.4 20.8 401.0 15.8 25 0.1
Reserve
20 Turyanchay State Nature la 1958 AZE 6214.1 23.2 606.5 9.8 1713 2.8
Reserve
21 Basitchay State Nature la 1974 AZE 557.8 20.3 22.7 4.1 204 3.7
Reserve
22 Khosrov Forest la 1958 ARM 3007.5 13.2 153.6 5.1 32.1 11
23 Shikahogh la 1958 ARM 10001.0 82.2 125.9 1.3 96.8 1.0

9¢g¢
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Table A46: Probit regression results from propensity score matching model for protected versus
unprotected pixels (Country id: 1 - Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Coef.  Std.Err. z P>|z| [95% Conf.
Interval]

Country _id

2 -0.67 0.01 -46.37 0.00 -0.70 -0.64
3 0.36 0.01 27.34 0.00 0.33 0.38
4 -0.37 0.03 -1462 0.00 -0.42 -0.32
In_elevation 0.22 0.01 3574 0.00 0.21 0.23
In_slope 0.62 0.01 7536 0.00 0.60 0.63
In_aspect 0.03 0.00 9.43 0.00 0.03 0.04
In_distance_to_waterways 0.00 0.00 154 0.12 0.00 0.01
In_distance_to_highways 0.00 0.00 095 0.34 0.00 0.01
In_distance_to_settlements 0.00 0.01 035 0.73 -0.01 0.01
In_percent_forest_120m -0.30 0.03 -9.53  0.00 -0.36 -0.24
In_percent_forest_1km 0.86 0.02 4855 0.00 0.83 0.90

_cons -1.44 0.14 -52.28 0.00 -1.72 -7.16
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Table A47: Balance between treated (protected areas) and control for unmatched and matched
observation (Country id: 1 - Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Mean
Variables Unmatched Treated Control 9%bias %bias
Matched reduction
2.country_id U 0.16 042 -59.70
M 0.16 0.15 2.00 96.60
3.country_id U 0.72 0.44  58.10
M 0.72 0.74 -4.60 92.10
4.country_id U 0.02 0.04 -8.90
M 0.02 0.02 2.00 77.30
In_elevation U 6.91 6.56  40.20
M 6.91 6.92 -1.10 97.20
In_slope U 3.26 2.84  67.40
M 3.26 3.26 -0.30 99.60
In_aspect U 491 478  11.40
M 491 491 0.00 99.80
In_distance_to_waterways U 10.01  10.00 1.30
M 1001 10.00 1.20 8.70
In_distance_to_highways U 6.38 6.37 0.70
M 6.38 6.36 1.30 -76.10
In_distance_to_settlements U 10.00 9.99 1.00
M  10.00 10.00 0.50 49.00
In_percent_forest_120m U 4.58 453  27.30
M 4.58 4.58 3.80 86.00
In_percent_forest_1km U 4.50 433  43.60
M 4.50 4.48 6.00 86.30
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Table A48: Results of logistic regression with random effects on forest loss (Country id: 1 -
Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z [95% Conf.
Interval]
1.PA -2.97262 0.686719 -4.33 0 -4.31856 -1.62667
year
2000 1.034246 0.389644 2.65 0.008 0.270557 1.797935
2005 1.508034 0.405348 3.72 0 0.713567 2.302502
2010 1.597747 0.427574 3.74 0 0.759718 2.435776
2015 2.465806 0.406967 6.06 0 1668165 3.263446
PAf#tyear
12000 1.490434 0.704257 212  0.034 0.110117 2.870752
12005 1.207158 0.761921 158 0.113 -0.28618 2.700496
12010 1.435555 0.781313 1.84 0.066 -0.09579 2.966901
12015 0.664906 0.782462 0.85 0.395 -0.86869 2.198503
country_id
2 -0.8581 0.531195 -1.62 0.106 -1.89922 0.183028
3 -0.18371 0.389928 -0.47  0.638 -0.94796 0.580533
4 -0.78924 1.020918 -0.77 0439 -2.7902 1.211724
PA#country id
12 2.452303 0.929352 2.64  0.008 0.630808 4.273798
13 3.91921 0.715984 5.47 0 2515907 5.322513
14 0.948322  1.50066 0.63  0.527 -1.99292 3.889562
year#country _id
2000 2 -0.52445 0.593597 -0.88  0.377 -1.68788 0.638975
2000 3 -0.85283 0.428998 -1.99  0.047 -1.69365 -0.01201
2000 4 0.016381 1.081562 0.02 0.988 -2.10344 2.136203
2005 2 -1.65577 0.697995 -2.37 0.018 -3.02382 -0.28773
2005 3 -1.58793 0.454401 -3.49 0 -2.47854 -0.69732
2005 4 0 (empty)
2010 2 -1.36676 0.691824 -1.98  0.048 -2.72271 -0.01081
20103 -1.45988 0.473953 -3.08 0.002 -2.38881 -0.53095
20104 -1.87514 1.434465 -1.31 0.191 -4.68664 0.93636
2015 2 -0.74674 0.598954 -1.25 0.212 -1.92067 0.42719
20153 -0.98385 0.438996 -2.24  0.025 -1.84427 -0.12344
20154 -1.27047 1.153726 -1.1 0.271 -3.53173 0.990791
PA#year#country _id
02005 4 0 (empty)
12000 2 -1.90783 1.019963 -1.87  0.061 -3.90693 0.091257
120003 -1.46404 0.743286 -1.97  0.049 -2.92085 -0.00722
12000 4 -2.25371 1.602889 -1.41 0.16 -5.39531 0.887895
12005 2 -0.87912 1.137792 -0.77 0.44 -3.10915 1.350914
120053 -1.89508 0.818267 -2.32  0.021 -3.49885 -0.2913
12005 4 0 (empty)




240

continued

120102 -0.79499 1.114493 -0.71 0.476 -2.97935 1.389378
120103 -1.34544 0.827058 -1.63 0.104 -2.96644 0.275564
120104 -1.66246 2.069651 -0.8 0.422 -5.7189 2.393986
120152 -1.69095 1.098499 -1.54  0.124 -3.84397 0.462071
120153 -1.19754 0.816883 -1.47 0.143  -2.7986 0.403524
120154 -2.27829  1.89422 -1.2 0.229 -5.99089 1.434311
In_elevation 0.38832 0.078541 4.94 0 0.234383 0.542256
In_slope -0.84662 0.105391 -8.03 0 -1.05319 -0.64006
In_aspect 0.261158 0.057266 4.56 0 0.148919 0.373397

In_distance_to_waterways -0.00627 0.039239 -0.16  0.873 -0.08318 0.070632
In_distance_to_highways  -0.02195 0.035329 -0.62  0.534 -0.0912 0.047292
In_distance_to_settlements -0.02127 0.075702 -0.28 0.779 -0.16964 0.127104

In_percent_forest_120m -6.94631 0.256298 -27.1 0 -7.44864 -6.44397
In_percent_forest_1km -3.30486 0.160615 -20.58 0 -3.61966 -2.99006
_cons 34.52012 1.438331 24 0 31.70104 37.33919
/Insig2u 2.795202  0.03328 2.729975 2.860429
sigma_u 4.045483 0.067316 3.915675 4.179595

rho 0.832626 0.004638 0.823338 0.84152
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Table A49: Results of linear panel regression with random effects on forest degradation for total

forest (Country id: 1 - Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Coef. Std. Err. z P>z  [95% Conf. Interval]
1.PA -0.00123 0.005912 -0.21  0.835 -0.01282 0.010356
year

1989 -0.00206 0.005883 -0.35  0.726 -0.01359 0.009471
1990 0.112249 0.005905  19.01 0 0.100676 0.123822
1991 0.031314 0.005903 53 0 0.019744 0.042884
1992 0.020758  0.00587 3.54 0 0.009253 0.032263
1993 0.004715 0.005905 0.8 0.425 -0.00686 0.016288
1994 0.011521 0.005916 195 0.051 -7.3E-05 0.023116
1995 0.017148 0.00587 292 0.003 0.005643 0.028652
1996 0.018288 0.005885 3.11 0.002 0.006754 0.029822
1997 0.020215 0.005862 3.45 0.001 0.008726 0.031704
1998 0.000999 0.005916 0.17 0.866 -0.0106 0.012594
1999 0.027936 0.005905 4.73 0 0.016364 0.039509
2000 0.001593 0.005944 0.27 0.789 -0.01006 0.013242
2001 0.002476 0.005895 042 0.674 -0.00908 0.014029
2002 0.007344 0.005862 1.25 0.21 -0.00415 0.018833
2003 0.058023 0.005874 9.88 0 0.04651 0.069537
2004 -0.00477 0.005865 -0.81  0.416 -0.01627 0.006722
2005 -0.0074  0.00587 -1.26  0.208 -0.0189 0.004106
2006 -0.00699 0.005868 -1.19  0.234 -0.01849 0.004512
2007 -0.00759 0.005876 -1.29  0.197 -0.0191 0.003931
2008 0.027269 0.005905 4.62 0 0.015696 0.038843
2009 -0.00028 0.005867 -0.05 0.961 -0.01178 0.011215
2010 -0.00276 0.005925 -0.47  0.642 -0.01437 0.008854
2011 0.004468 0.005861 0.76  0.446 -0.00702 0.015954
2012 0.007139 0.005941 1.2 0.23 -0.00451 0.018784
2013 0.024741 0.005886 4.2 0 0.013205 0.036277
2014 0.020206 0.005925 341 0.001 0.008593 0.031819
2015 0.008457 0.005901 143  0.152 -0.00311 0.020022
2016 -0.00365 0.005882 -0.62  0.534 -0.01518 0.007875
2017 -0.0109 0.006006 -1.82  0.069 -0.02267 0.000869
2018 -0.01092 0.005942 -1.84  0.066 -0.02256 0.000726
PA#year

11989 -0.00165 0.008271 -0.2  0.842 -0.01786 0.014566
11990 -0.03838 0.008271 -4.64 0 -0.05459 -0.02217
11991 -0.03233 0.008271 -3.91 0 -0.04854 -0.01612
11992 -0.01826 0.008271 -221  0.027 -0.03447 -0.00205
11993 -0.00547 0.008271 -0.66  0.508 -0.02168 0.010738
11994 -0.01275 0.008271 -1.54  0.123 -0.02896 0.003466
11995 -0.01658 0.008271 -2 0.045 -0.03279 -0.00037
11996 -0.0091 0.008271 -1.1 0.271 -0.02532 0.007107
11997 -0.02173 0.008271 -2.63  0.009 -0.03794 -0.00552
11998 -0.00546 0.008271 -0.66 0.51 -0.02167 0.010756




242

continued

11999 0.011226 0.008271 136 0.175 -0.00499 0.027437
12000 0.009523 0.008271 1.15 0.25 -0.00669 0.025734
12001 0.011889 0.008271 1.44  0.151 -0.00432 0.0281
12002 -0.00319 0.008271 -0.39 0.7 -0.0194 0.013019
12003 -0.04461 0.008271 -5.39 0 -0.06082 -0.0284
12004 0.014199 0.008271 172  0.086 -0.00201 0.03041
12005 0.002536 0.008271 031 0.759 -0.01368 0.018747
12006 0.000791 0.008271 0.1 0.924 -0.01542 0.017002
12007 -0.00017 0.008271 -0.02  0.984 -0.01638 0.016043
12008 -0.01775 0.008271 -2.15  0.032 -0.03397 -0.00154
12009 -0.00222 0.008271 -0.27  0.789 -0.01843 0.013996
12010 0.016179 0.008271 1.96 0.05 -3.3E-05 0.03239
12011 0.005228 0.008271 0.63  0.527 -0.01098 0.021439
12012 0.003627 0.008271 0.44  0.661 -0.01258 0.019838
12013 0.045238 0.008271 5.47 0 0.029026 0.061449
12014 0.003963 0.008271 0.48 0.632 -0.01225 0.020174
12015 -0.00034 0.008271 -0.04  0.967 -0.01655 0.015868
12016 -0.00055 0.008271 -0.07  0.947 -0.01676 0.015665
12017 -0.00066 0.008271 -0.08  0.936 -0.01687 0.015549
12018 -0.0003 0.008271 -0.04  0.971 -0.01651 0.015911
country_id

2 -0.01169 0.002592 -4.51 0 -0.01677 -0.00661
3 -0.00382 0.002588 -1.47 0.14 -0.00889 0.001257
4 -0.00832 0.003663 -2.27  0.023 -0.0155 -0.00114
In_elevation 0.000797 0.001525 052 0.601 -0.00219 0.003787
In_slope -0.00465 0.001477 -3.14  0.002 -0.00754 -0.00175
In_aspect -0.00354 0.000658 -5.38 0 -0.00483 -0.00225
In_distance_to_waterways 0.000735 0.000482 153 0.127 -0.00021 0.001679
In_distance_to_highways  -0.00104 0.000451 -2.31  0.021 -0.00193 -0.00016
In_distance_to_settlements -0.00124 0.000964 -1.29  0.197 -0.00313 0.000645
Inmax_temp 0.022315 0.003828 5.83 0 0.014813 0.029818
Inprecip_acc -0.00998 0.002808 -3.55 0 -0.01549 -0.00448
In_percent_forest_120m 0.013677 0.003954 346  0.001 0.005927 0.021428
In_percent_forest_1km 0.007213  0.00248 291 0.004 0.002353 0.012073
_cons -0.10012 0.033605 -2.98  0.003 -0.16598 -0.03425
Observations 724,686

Number of grid_pt_id 23,377




Table A50: Results of linear panel regression with random effects on forest degradation for
forest types (Country id: 1 - Azerbaijan, 2 — Georgia, 3 — Russia, 4 — Armenia).

Variables Coniferous Mixed forest Deciduous
forest forest
1.PA -0.00212 -0.00169 0.00942
(0.0224) (0.0342) (0.0187)
1989.year 7.42e-11 -1.26e-10 0.00378
(0.0209) (0.0343) (0.0186)
1990.year 7.42e-11 0.147*** 0.347***
(0.0209) (0.0343) (0.0186)
1991.year 7.42e-11 0.0154 0.0147
(0.0209) (0.0343) (0.0186)
1992.year 7.42e-11 0.0154 0.0123
(0.0209) (0.0343) (0.0186)
1993.year 7.42e-11 0.0154 0.0123
(0.0209) (0.0343) (0.0186)
1994.year 7.42e-11 0.0154 0.00330
(0.0209) (0.0343) (0.0186)
1995.year 7.42e-11 0.0172 0.00330
(0.0209) (0.0343) (0.0186)
1996.year 0.0768*** 0.157*** 0.143***
(0.0209) (0.0343) (0.0186)
1997.year 7.42e-11 0.0232 0.0382**
(0.0209) (0.0343) (0.0186)
1998.year 7.42e-11 0.00770 0.0229
(0.0209) (0.0343) (0.0186)
1999.year 7.42e-11 0.00770 0.0278
(0.0209) (0.0343) (0.0186)
2000.year 7.42e-11 0.00598 0.0118
(0.0209) (0.0343) (0.0186)
2001.year 7.42e-11 -1.26e-10 0.0169
(0.0209) (0.0343) (0.0186)
2002.year 7.42e-11 0.0369 0.00152
(0.0209) (0.0343) (0.0186)
2003.year 7.42e-11 0.0138 0.147***
(0.0209) (0.0343) (0.0186)
2004.year 7.42e-11 0.0402 -0.00595
(0.0209) (0.0343) (0.0186)
2005.year 0.00880 -0.00737 -0.00203
(0.0209) (0.0343) (0.0186)
2006.year 0.00880 0.0253 0.00174
(0.0209) (0.0343) (0.0186)
2007.year 0.00880 -0.00737 -0.000246
(0.0209) (0.0343) (0.0186)
2008.year 7.42e-11 -0.00737 -0.00417
(0.0209) (0.0343) (0.0186)
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continued
2009.year 7.42e-11 -0.00737 0.000830
(0.0209) (0.0343) (0.0186)
2010.year 7.42e-11 -0.00737 0.000830
(0.0209) (0.0343) (0.0186)
2011.year 7.42e-11 0.000692 0.00803
(0.0209) (0.0343) (0.0186)
2012.year 7.42e-11 0.0300 0.00803
(0.0209) (0.0343) (0.0186)
2013.year 7.42e-11 0.0681** 0.0882***
(0.0209) (0.0343) (0.0186)
2014.year 7.42e-11 0.0152 0.0565***
(0.0209) (0.0343) (0.0186)
2015.year 0.0186 0.0452 0.0511***
(0.0209) (0.0343) (0.0186)
2016.year 0.0186 -0.00737 0.00843
(0.0209) (0.0343) (0.0186)
2017.year 0.0186 -0.00737 -0.00191
(0.0209) (0.0343) (0.0186)
2018.year 0.0186 -0.00737 -0.00368
(0.0209) (0.0343) (0.0186)
1.PA#1989.year -1.21e-10 1.56e-10 -0.00378
(0.0313) (0.0479) (0.0260)
1.PA#1990.year 0.0667** 0.00658 0.000191
(0.0313) (0.0479) (0.0260)
1.PA#1991.year -1.21e-10 -0.000262 8.33e-05
(0.0313) (0.0479) (0.0260)
1.PA#1992.year -1.21e-10 -0.000262 0.0107
(0.0313) (0.0479) (0.0260)
1.PA#1993.year -1.21e-10 -0.0154 -0.00296
(0.0313) (0.0479) (0.0260)
1.PA#1994.year -1.21e-10 -0.0154 -0.00365
(0.0313) (0.0479) (0.0260)
1.PA#1995.year -1.21e-10 -0.0172 -0.00226
(0.0313) (0.0479) (0.0260)
1.PA#1996.year 0.175*** -0.134*** -0.117***
(0.0313) (0.0479) (0.0260)
1.PA#1997.year 0.0673** -0.0188 -0.0356
(0.0313) (0.0479) (0.0260)
1.PA#1998.year 0.0673** -0.00336 -0.0218
(0.0313) (0.0479) (0.0260)
1.PA#1999.year 0.0673** 0.0289 0.117***
(0.0313) (0.0479) (0.0260)
1.PA#2000.year 0.0592* 0.00573 0.0420
(0.0313) (0.0479) (0.0260)
1.PA#2001.year -1.21e-10 0.0117 0.0369
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continued

1.PA#2002.year
1.PA#2003.year
1.PA#2004.year
1.PA#2005.year
1.PA#2006.year
1.PA#2007.year
1.PA#2008.year
1.PA#2009.year
1.PA#2010.year
1.PA#2011.year
1.PA#2012.year
1.PA#2013.year
1.PA#2014.year
1.PA#2015.year
1.PA#2016.year
1.PA#2017.year
1.PA#2018.year
2.country_id

3.country id

4.country id

1.PA#2.country_id

1.PA#3.country_id

(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-0.00880
(0.0313)
-0.00880
(0.0313)
-0.00880
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-1.21e-10
(0.0313)
-0.0186
(0.0313)
-0.0186
(0.0313)
-0.0186
(0.0313)
-0.0186
(0.0313)
-0.000238
(0.0171)
0.00352
(0.0157)
0.000856
(0.130)
0.00195
(0.0253)
-0.000544
(0.0233)

(0.0479)
-0.0326
(0.0479)
-0.00944
(0.0479)
-0.0445
(0.0479)
0.0131
(0.0479)
-0.0196
(0.0479)
0.0131
(0.0479)
0.00311
(0.0479)
0.00311
(0.0479)
0.0261
(0.0479)
0.0309
(0.0479)
0.0293
(0.0479)
-0.0365
(0.0479)
-0.00139
(0.0479)
-0.0458
(0.0479)
0.00678
(0.0479)
0.00678
(0.0479)
0.00678
(0.0479)
-0.00779
(0.0279)
-0.00313
(0.0253)
5.40e-06
(0.213)
0.00170
(0.0388)
-0.00613
(0.0353)

(0.0260)
0.00506
(0.0260)
-0.0342
(0.0260)
-0.00548
(0.0260)
-0.0109
(0.0260)
-0.0172
(0.0260)
-0.0152
(0.0260)
-0.0128
(0.0260)
-0.0178
(0.0260)
-0.0158
(0.0260)
-0.0187
(0.0260)
-0.00722
(0.0260)
-0.0207
(0.0260)
-0.0610%*
(0.0260)
-0.0522**
(0.0260)
-0.0245
(0.0260)
-0.0141
(0.0260)
-0.0124
(0.0260)
-0.00228
(0.0189)
0.000174
(0.0146)
0.0200
(0.0300)
-0.0154
(0.0264)
-0.0183
(0.0205)

245



continued

1.PA#4.country_id

1989.year#2.country _id
1989.year#3.country _id
1989.year#4.country _id
1990.year#2.country _id
1990.year#3.country _id
1990.year#4.country _id
1991.year#2.country_id
1991.year#3.country _id
1991.year#4.country _id
1992.year#2.country _id
1992.year#3.country _id
1992.year#4.country _id
1993.year#2.country _id
1993.year#3.country _id
1993.year#4.country _id
1994.year#2.country _id
1994.year#3.country _id
1994.year#4.country _id
1995.year#2.country _id
1995.year#3.country _id
1995.year#4.country _id

1996.year#2.country id

0.00191
(0.160)
-7.56e-11
(0.0240)
0.000313
(0.0219)
-7.42e-11
(0.182)
-7.56e-11
(0.0240)
0.0153
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
0.00195
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
0.00195
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
0.0156
(0.0219)
-7.42¢-11
(0.182)
0.00715
(0.0240)
0.0300
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
0.0152
(0.0219)
-7.42¢-11
(0.182)
-0.0768***

0.0107
(0.368)
1.28¢-10
(0.0391)
0.00140
(0.0354)
1.26e-10
(0.299)
-0.147*%*
(0.0391)
-0.123%**
(0.0354)
-0.147
(0.299)
-0.00464
(0.0391)
0.0141
(0.0354)
-0.0154
(0.299)
-0.00345
(0.0391)
-0.0144
(0.0354)
-0.0154
(0.299)
0.0146
(0.0391)
-0.0155
(0.0354)
-0.0154
(0.299)
-0.0107
(0.0391)
-0.00138
(0.0354)
-0.0154
(0.299)
-0.00203
(0.0391)
0.0191
(0.0354)
-0.0172
(0.299)
-0.157%**

0.0450
(0.0410)
-0.00111
(0.0263)
0.00488
(0.0204)
-0.00378
(0.0419)

-0.338%*
(0.0263)
-0.237%**
(0.0204)
-0.347*x*
(0.0419)

-0.0162
(0.0263)
0.0519%*
(0.0204)

0.0561
(0.0419)
-0.00763
(0.0263)

0.0578%**
(0.0204)

-0.0310
(0.0419)
-0.0179
(0.0263)
0.00385
(0.0204)
-0.0255
(0.0419)
0.00952
(0.0263)

0.0172
(0.0204)
0.00886
(0.0419)
-0.00285
(0.0263)

0.0249
(0.0204)
-0.0165
(0.0419)

-0.111%%*
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continued

1996.year#3.country _id
1996.year#4.country _id
1997.year#2.country _id
1997.year#3.country _id
1997.year#4.country _id
1998.year#2.country _id
1998.year#3.country _id
1998.year#4.country _id
1999.year#2.country _id
1999.year#3.country _id
1999.year#4.country _id
2000.year#2.country _id
2000.year#3.country _id
2000.year#4.country _id
2001.year#2.country _id
2001.year#3.country id
2001.year#4.country id
2002.year#2.country _id
2002.year#3.country _id
2002.year#4.country _id
2003.year#2.country _id

2003.year#3.country _id

(0.0240)

-0.0685***

(0.0219)
-0.0768
(0.182)
-7.56e-11
(0.0240)
0.00600
(0.0219)
-7.42e-11
(0.182)
-7.56e-11
(0.0240)
0.00265
(0.0219)
-7.42e-11
(0.182)
0.0227
(0.0240)
0.0239
(0.0219)
-7.42e-11
(0.182)
-7.56e-11
(0.0240)
0.00599
(0.0219)
-7.42e-11
(0.182)
-7.56e-11
(0.0240)
0.0139
(0.0219)
-7.42e-11
(0.182)
-7.56e-11
(0.0240)
0.00689
(0.0219)
-7.42e-11
(0.182)
0.0289
(0.0240)
0.0195
(0.0219)

(0.0391)

-0.160***

(0.0354)
-0.157
(0.299)
-0.0165
(0.0391)
-0.0157
(0.0354)
-0.0232
(0.299)
-0.00770
(0.0391)
-0.00638
(0.0354)
-0.00770
(0.299)
0.0425
(0.0391)
0.100%**
(0.0354)
-0.00770
(0.299)
-0.00310
(0.0391)
-0.00400
(0.0354)
-0.00598
(0.299)
0.0167
(0.0391)
0.00469
(0.0354)
1.26e-10
(0.299)
-0.0265
(0.0391)
-0.0295
(0.0354)
-0.0369
(0.299)
0.0406
(0.0391)
-0.0171
(0.0354)

(0.0263)

-0.0870***

(0.0204)
-0.0839**
(0.0419)
-0.0336
(0.0263)
0.00514
(0.0204)
0.0630
(0.0419)
0.00572
(0.0263)
0.00499
(0.0204)
0.0693*
(0.0419)
0.0150
(0.0263)
0.119%**
(0.0204)
0.0630
(0.0419)
-0.00417
(0.0263)
0.0880***
(0.0204)
0.0540
(0.0419)
-0.00626
(0.0263)
0.0776%**
(0.0204)
0.0269
(0.0419)
0.00463
(0.0263)
0.0139
(0.0204)
0.0196
(0.0419)
0.0973***
(0.0263)
-0.145%**
(0.0204)




continued

2003.year#4.country _id
2004.year#2.country_id
2004.year#3.country_id
2004.year#4.country_id
2005.year#2.country _id
2005.year#3.country _id
2005.year#4.country _id
2006.year#2.country _id
2006.year#3.country _id
2006.year#4.country _id
2007.year#2.country_id
2007.year#3.country_id
2007.year#4.country_id
2008.year#2.country _id
2008.year#3.country _id
2008.year#4.country _id
2009.year#2.country _id
2009.year#3.country _id
2009.year#4.country _id
2010.year#2.country_id
2010.year#3.country_id
2010.year#4.country_id

2011.year#2.country id

-7.42e-11
(0.182)
-7.56e-11
(0.0240)
-0.00152
(0.0219)
-7.42e-11
(0.182)
-0.00880
(0.0240)
-0.0101
(0.0219)
-0.00880
(0.182)
-0.00880
(0.0240)
-0.0111
(0.0219)
-0.00880
(0.182)
-0.00880
(0.0240)
-0.00983
(0.0219)
-0.00880
(0.182)
0.0163
(0.0240)
0.00226
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
-2.48e-06
(0.0219)
-7.42¢-11
(0.182)
-7.56e-11
(0.0240)
0.0135
(0.0219)
-7.42¢-11
(0.182)
0.00328

-0.0138
(0.299)
-0.0402
(0.0391)
-0.0451
(0.0354)
-0.0402
(0.299)
0.00737
(0.0391)
0.00168
(0.0354)
0.00737
(0.299)
-0.0195
(0.0391)
-0.0264
(0.0354)
-0.0253
(0.299)
0.0131
(0.0391)
0.00221
(0.0354)
0.00737
(0.299)
0.0225
(0.0391)
0.144%%*
(0.0354)
0.00737
(0.299)
0.00877
(0.0391)
0.0146
(0.0354)
0.00737
(0.299)
0.00877
(0.0391)
0.0112
(0.0354)
0.00737
(0.299)
0.00697

-0.0930%*
(0.0419)
0.0172
(0.0263)
-0.00281
(0.0204)
-0.0194
(0.0419)
0.000644
(0.0263)
-0.00775
(0.0204)
-0.0233
(0.0419)
0.00547
(0.0263)
-0.00878
(0.0204)
-0.0271
(0.0419)
-0.00471
(0.0263)
-0.00499
(0.0204)
-0.0251
(0.0419)
0.0514*
(0.0263)

0.0721***

(0.0204)
-0.0212
(0.0419)
-0.00255
(0.0263)
0.00508
(0.0204)
-0.0262
(0.0419)
-0.00152
(0.0263)
0.00333
(0.0204)
-0.0262
(0.0419)
-0.00498
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continued
(0.0240) (0.0391) (0.0263)
2011.year#3.country id 0.00365 -0.00581 -0.00573
(0.0219) (0.0354) (0.0204)
2011.year#4.country _id -7.42e-11 -0.000692 -0.0334
(0.182) (0.299) (0.0419)
2012.year#2.country _id 0.00550 0.00830 0.00626
(0.0240) (0.0391) (0.0263)
2012.year#3.country _id 0.00553 -0.0357 0.00492
(0.0219) (0.0354) (0.0204)
2012.year#4.country _id -7.42e-11 -0.0300 -0.0179
(0.182) (0.299) (0.0419)
2013.year#2.country _id 0.0152 -0.0403 -0.0353
(0.0240) (0.0391) (0.0263)
2013.year#3.country id 0.0142 -0.0546 -0.0653***
(0.0219) (0.0354) (0.0204)
2013.year#4.country _id -7.42e-11 -0.0681 -0.0724*
(0.182) (0.299) (0.0419)
2014.year#2.country id 0.00550 -0.000736 -0.0291
(0.0240) (0.0391) (0.0263)
2014.year#3.country _id 0.00417 0.0223 -0.0282
(0.0219) (0.0354) (0.0204)
2014.year#4.country id -7.42e-11 -0.0152 -0.0147
(0.182) (0.299) (0.0419)
2015.year#2.country _id 0.000714 -0.0308 -0.0328
(0.0240) (0.0391) (0.0263)
2015.year#3.country _id -0.0197 -0.0328 -0.0494**
(0.0219) (0.0354) (0.0204)
2015.year#4.country _id -0.0186 -0.0452 -0.0476
(0.182) (0.299) (0.0419)
2016.year#2.country _id -0.0186 0.0147 -0.00105
(0.0240) (0.0391) (0.0263)
2016.year#3.country _id -0.0144 0.0103 -0.00973
(0.0219) (0.0354) (0.0204)
2016.year#4.country id -0.0186 0.00737 -0.0305
(0.182) (0.299) (0.0419)
2017.year#2.country id -0.0186 0.0147 0.000407
(0.0240) (0.0391) (0.0263)
2017.year#3.country _id -0.0144 0.00498 -0.00790
(0.0219) (0.0354) (0.0204)
2017.year#4.country _id -0.0186 0.00737 -0.0235
(0.182) (0.299) (0.0419)
2018.year#2.country _id -0.0186 0.0147 0.00217
(0.0240) (0.0391) (0.0263)
2018.year#3.country _id -0.0144 0.00447 -0.00658
(0.0219) (0.0354) (0.0204)
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continued

2018.year#4.country _id

1.PA#1989.year#2.country _id
1.PA#1989.year#3.country_id
1.PA#1989.year#4.country _id
1.PA#1990.year#2.country_id
1.PA#1990.year#3.country_id
1.PA#1990.year#4.country_id
1.PA#1991.year#2.country_id
1.PA#1991.year#3.country_id
1.PA#1991.year#4.country_id
1.PA#1992.year#2.country_id
1.PA#1992.year#3.country_id
1.PA#1992.year#4.country_id
1.PA#1993.year#2.country_id
1.PA#1993.year#3.country_id
1.PA#1993.year#4.country_id
1.PA#1994.year#2.country_id
1.PA#1994.year#3.country_id
1.PA#1994.year#4.country_id
1.PA#1995.year#2.country_id
1.PA#1995.year#3.country_id
1.PA#1995.year#4.country_id

1.PA#1996.year#2.country id

-0.0186
(0.182)
1.23e-10
(0.0354)
-0.000313
(0.0326)
1.21e-10
(0.224)
-0.0667*
(0.0354)
-0.0820**
(0.0326)
-0.0667
(0.224)
1.23e-10
(0.0354)
-0.00195
(0.0326)
1.21e-10
(0.224)
1.23e-10
(0.0354)
-0.00235
(0.0326)
1.21e-10
(0.224)
1.23e-10
(0.0354)
-0.00572
(0.0326)
1.21e-10
(0.224)
-0.00715
(0.0354)
-0.00148
(0.0326)
1.21e-10
(0.224)
1.23e-10
(0.0354)
-0.00526
(0.0326)
1.21e-10
(0.224)
-0.132***

0.00737
(0.299)
-1.57e-10
(0.0544)
-0.00140
(0.0494)
-1.56e-10
(0.516)
-0.00658
(0.0544)
-0.0160
(0.0494)
-0.00658
(0.516)
-0.0105
(0.0544)
-0.00834
(0.0494)
0.000262
(0.516)
-0.0117
(0.0544)
0.00470
(0.0494)
0.000262
(0.516)
-0.00920
(0.0544)
0.0195
(0.0494)
0.0154
(0.516)
0.0213
(0.0544)
0.00657
(0.0494)
0.0154
(0.516)
0.0260
(0.0544)
0.0578
(0.0494)
0.0172
(0.516)
0.134**

-0.0217
(0.0419)
0.00239
(0.0368)
-0.00440
(0.0286)
0.00378
(0.0573)
-0.00461
(0.0368)
-0.0586%*
(0.0286)
0.211%%*
(0.0573)
0.00269
(0.0368)
-0.0324
(0.0286)
-0.0874
(0.0573)
-0.0140
(0.0368)
-0.0651%*
(0.0286)
-0.0662
(0.0573)
0.00864
(0.0368)
-0.0123
(0.0286)
-0.0580
(0.0573)
-0.00917
(0.0368)
-0.0142
(0.0286)
-0.0859
(0.0573)
0.00182
(0.0368)
0.00126
(0.0286)
-0.0619
(0.0573)
0.100%**
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continued

1.PA#1996.year#3.country_id
1.PA#1996.year#4.country_id
1.PA#1997.year#2.country_id
1.PA#1997.year#3.country_id
1.PA#1997.year#4.country_id
1.PA#1998.year#2.country_id
1.PA#1998.year#3.country_id
1.PA#1998.year#4.country_id
1.PA#1999.year#2.country_id
1.PA#1999.year#3.country_id
1.PA#1999.year#4.country_id
1.PA#2000.year#2.country_id
1.PA#2000.year#3.country_id
1.PA#2000.year#4.country_id
1.PA#2001.year#2.country_id
1.PA#2001.year#3.country_id
1.PA#2001.year#4.country_id
1.PA#2002.year#2.country_id
1.PA#2002.year#3.country_id
1.PA#2002.year#4.country_id
1.PA#2003.year#2.country_id

1.PA#2003.year#3.country_id

(0.0354)
-0.183***
(0.0326)

-0.175

(0.224)
-0.0673*
(0.0354)
0.0737**
(0.0326)
-0.0673

(0.224)
-0.0673*
(0.0354)
-0.0678**

(0.0326)

-0.0673

(0.224)
-0.0899**

(0.0354)
-0.0618*

(0.0326)
0,694+

(0.224)

-0.0592*

(0.0354)

-0.0523

(0.0326)

-0.0592

(0.224)
1.23e-10

(0.0354)

-0.0106

(0.0326)

1.21e-10

(0.224)

1.23e-10

(0.0354)
-0.00618

(0.0326)

1.21e-10

(0.224)

-0.0289

(0.0354)

-0.0155

(0.0326)

(0.0544)
0.139%**
(0.0494)
0.134
(0.516)
0.0122
(0.0544)
0.0158
(0.0494)
0.0188
(0.516)
0.00336
(0.0544)
0.00651
(0.0494)
0.00336
(0.516)
-0.0266
(0.0544)
-0.0803
(0.0494)
-0.0289
(0.516)
-0.00861
(0.0544)
-0.00785
(0.0494)
-0.00573
(0.516)
-0.0284
(0.0544)
-0.0110
(0.0494)
-0.0117
(0.516)
0.0222
(0.0544)
0.0306
(0.0494)
0.0326
(0.516)
-0.0446
(0.0544)
0.0197
(0.0494)

(0.0368)
0.0607**
(0.0286)
-0.0192
(0.0573)
0.0310
(0.0368)
-0.00230
(0.0286)
-0.131**
(0.0573)
-0.00688
(0.0368)
-0.000525
(0.0286)
-0.125**
(0.0573)
-0.0629*
(0.0368)
-0.237***
(0.0286)
-0.245%**
(0.0573)
0.00683
(0.0368)
-0.143%**
(0.0286)
-0.137%*
(0.0573)
0.00988
(0.0368)
-0.117***
(0.0286)
0.148***
(0.0573)
-0.0102
(0.0368)
-0.0149
(0.0286)
-0.0711
(0.0573)
-0.209%**
(0.0368)
0.0413
(0.0286)
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continued

1.PA#2003.year#4.country _id
1.PA#2004.year#2.country_id
1.PA#2004.year#3.country_id
1.PA#2004.year#4.country _id
1.PA#2005.year#2.country_id
1.PA#2005.year#3.country_id
1.PA#2005.year#4.country_id
1.PA#2006.year#2.country_id
1.PA#2006.year#3.country_id
1.PA#2006.year#4.country_id
1.PA#2007.year#2.country_id
1.PA#2007.year#3.country_id
1.PA#2007.year#4.country_id
1.PA#2008.year#2.country_id
1.PA#2008.year#3.country_id
1.PA#2008.year#4.country_id
1.PA#2009.year#2.country_id
1.PA#2009.year#3.country_id
1.PA#2009.year#4.country_id
1.PA#2010.year#2.country_id
1.PA#2010.year#3.country_id
1.PA#2010.year#4.country_id

1.PA#2011.year#2.country id

1.21e-10
(0.224)
1.23e-10
(0.0354)
0.000744
(0.0326)
1.21e-10
(0.224)
0.00880
(0.0354)
0.00928
(0.0326)
0.00880
(0.224)
0.00880
(0.0354)
0.0103
(0.0326)
0.00880
(0.224)
0.00880
(0.0354)
0.00905
(0.0326)
0.00880
(0.224)
-0.0163
(0.0354)
-0.00304
(0.0326)
1.21e-10
(0.224)
1.23e-10
(0.0354)
-0.000778
(0.0326)
1.21e-10
(0.224)
1.23e-10
(0.0354)
-0.00338
(0.0326)
1.21e-10
(0.224)
0.0104

0.00944
(0.516)
0.0740

(0.0544)
0.0684

(0.0494)
0.0445
(0.516)
-0.0127

(0.0544)

-0.00593

(0.0494)
-0.0131
(0.516)
0.0141

(0.0544)
0.0232

(0.0494)
0.0196
(0.516)
-0.0185

(0.0544)

-0.00644

(0.0494)
-0.0131
(0.516)
-0.0180

(0.0544)
-0.0689

(0.0494)

-0.00311
(0.516)

-0.00421

(0.0544)

-0.00449

(0.0494)

-0.00311
(0.516)
-0.0251

(0.0544)
0.0409

(0.0494)
-0.0261
(0.516)
-0.0233

-0.0865
(0.0573)
0.0661*
(0.0368)
0.0279
(0.0286)
-0.0465
(0.0573)
0.0123
(0.0368)
0.0260
(0.0286)
-0.0411
(0.0573)
0.00996
(0.0368)
0.0253
(0.0286)
-0.0348
(0.0573)
0.0278
(0.0368)
0.0189
(0.0286)
-0.0368
(0.0573)
0.00240
(0.0368)
-0.00803
(0.0286)
-0.0392
(0.0573)
0.0245
(0.0368)
0.0293
(0.0286)
-0.0342
(0.0573)
0.0214
(0.0368)
0.0598**
(0.0286)
-0.0362
(0.0573)
0.0257
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continued

1.PA#2011.year#3.country_id
1.PA#2011.year#4.country_id
1.PA#2012.year#2.country_id
1.PA#2012.year#3.country_id
1.PA#2012.year#4.country_id
1.PA#2013.year#2.country_id
1.PA#2013.year#3.country_id
1.PA#2013.year#4.country_id
1.PA#2014.year#2.country_id
1.PA#2014.year#3.country_id
1.PA#2014.year#4.country_id
1.PA#2015.year#2.country_id
1.PA#2015.year#3.country_id
1.PA#2015.year#4.country_id
1.PA#2016.year#2.country_id
1.PA#2016.year#3.country_id
1.PA#2016.year#4.country_id
1.PA#2017.year#2.country_id
1.PA#2017.year#3.country_id
1.PA#2017.year#4.country_id
1.PA#2018.year#2.country_id

1.PA#2018.year#3.country_id

(0.0354)
-0.000857
(0.0326)
1.21e-10
(0.224)
-0.00253
(0.0354)
0.00233
(0.0326)
1.21e-10
(0.224)
0.00495
(0.0354)
0.0227
(0.0326)
1.21e-10
(0.224)
0.00732
(0.0354)
0.00995
(0.0326)
1.21e-10
(0.224)
0.00913
(0.0354)
0.0250
(0.0326)
0.0186
(0.224)
0.0248
(0.0354)
0.0181
(0.0326)
0.0186
(0.224)
0.0186
(0.0354)
0.0176
(0.0326)
0.0186
(0.224)
0.0186
(0.0354)
0.0176
(0.0326)

(0.0544)
0.00708
(0.0494)
-0.0309
(0.516)
-0.0389
(0.0544)
0.0150
(0.0494)
-0.0293
(0.516)
0.0924*
(0.0544)
0.130%**
(0.0494)
0.0365
(0.516)
0.0101
(0.0544)
0.0334
(0.0494)
0.00139
(0.516)
0.0818
(0.0544)
0.0400
(0.0494)
0.0458
(0.516)
0.00403
(0.0544)
-0.00639
(0.0494)
-0.00678
(0.516)
-0.00108
(0.0544)
-0.00341
(0.0494)
-0.00678
(0.516)
-0.00108
(0.0544)
-0.00290
(0.0494)

(0.0368)
0.0459
(0.0286)
-0.0333
(0.0573)
0.00937
(0.0368)
0.0251
(0.0286)
-0.0603
(0.0573)
0.0223
(0.0368)
0.195%**
(0.0286)
-0.0419
(0.0573)
0.0622*
(0.0368)
0.0847%%*
(0.0286)
-0.0582
(0.0573)
0.0699*
(0.0368)
0.0627**
(0.0286)
-0.0286
(0.0573)
0.0339
(0.0368)
0.0275
(0.0286)
-0.0308
(0.0573)
0.0217
(0.0368)
0.0222
(0.0286)
-0.0379
(0.0573)
0.0200
(0.0368)
0.0208
(0.0286)




continued

1.PA#2018.year#4.country_id
In_elevation

In_slope

In_aspect
In_distance_to_waterways
In_distance_to_highways
In_distance_to_settlements
In_percent_forest_120m
In_percent_forest_1km
Constant

Observations
Number of grid_pt id

0.0186
(0.224)
-0.00314%**
(0.00106)
-0.00136
(0.00140)
-0.00115**
(0.000546)
0.000225
(0.000470)
-0.000190
(0.000419)
0.000535
(0.000898)
0.0101%*
(0.00468)
-0.00177
(0.00240)
-0.0116
(0.0252)
201,655
6,505

-0.00678
(0.516)
-0.00713%**
(0.00232)
-0.00514%**
(0.00192)
-0.00301%**
(0.000753)
0.000663
(0.000650)
-0.000233
(0.000580)
0.000624
(0.00125)
0.00160
(0.0149)
0.0212%**
(0.00763)
-0.0238
(0.0709)
370,202
11,942

-0.0396
(0.0573)
-0.00445%**
(0.00120)
-0.0109%**
(0.00183)
0.00296%**
(0.000829)
0.000112
(0.000605)
-0.000185
(0.000559)
-0.00182
(0.00120)
0.0154**
(0.00640)
0.0180%**
(0.00371)
-0.0428
(0.0323)
731,042
23,582

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

254



255

Table A51: Pairwise comparisons of predictive margins among different protected area boundary
delineations. (PA = 0: no protection, PA = 1: only observations protected in 2020 (WDPA
dataset), PA = 2: only observations protected in 1991 (WWF PADDD dataset), PA = 3:
observations protected in both times).

Margin Std. Err. Unadjusted
(Delta-method) Groups
PA
0 0.00738 0.000411 B
1 0.006478 0.001723 AB
2 0.006882 0.001575 AB
3 0.004031 0.000556 A

Note: Margins sharing a letter in the group label are not significantly different at the 5% level.
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Figure Al4: Area of forest in 1987, total area of forest loss from 1995 to 2015, and total area of
forest degradation from 1988 to 2017 within strictly protected areas established before 1988 in
Russia (upper panel), Georgia, Azerbaijan, and Armenia (lower panel) (the order of protected
areas corresponds with the order in Table A45).
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Figure A15: Forest loss and forest degradation presented as a percentage of the forest cover in
1987, presented within protected area boundaries in 2014 versus protected area boundaries in
2020 for Sochinsky National Park (Russian Federation).
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Figure A16: Forest loss and forest degradation presented as a percentage of the forest cover in
1987, presented within protected area boundaries in 2020 (WDPA\) versus protected area
boundaries in 1991 (PADDD, WWF) for the South Caucasus (Georgia, Azerbaijan, and
Armenia; the order of protected areas corresponds with the order in Table A45).



