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Abstract: Community forestry (CF) is increasingly used in developing countries to achieve both the
socioeconomic outcome of poverty reduction and an ecological outcome. There have been many
single case studies in a specific region to identify the factors affecting the success or failure of CF.
Other studies have used large-N data collected from multiple countries. However, there is a dearth
of large-N studies within a single country. In this study, we used a country scale dataset of 197 CF
projects, established between 1994 and 2005 across Cambodia, to identify the biophysical factors
that affected forest cover changes from 2005 to 2016. A mixed-effects logistic regression model was
used for a total of 71,252 randomly sampled data pixels nested in the 197 CF. Results showed that
deforestation in CF was likely to increase with increasing size of CF area at lower elevations and
on gentler slopes. Deforestation also increased if CF was located close to villages, markets and
CF boundaries, but further away from main roads. These findings on biophysical factors can help
the government to decide on priority locations for further conservation interventions or for the
establishment of new CF projects.
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1. Introduction

Over half a billion people are relying on forests managed by the communities [1] and to combat
with forest decline, there is an increasing global trend of shifting forest ownership from the state to the
local communities [2]. Community forestry (CF) is an increasingly important form of management,
where forests are managed by local community members at the village level. It is expected to
be a successful tool in achieving both socioeconomic outcomes (poverty reduction and livelihood
improvement) and ecological outcomes (biodiversity and carbon conservation) [3–6]. It is also reported
that CF is more effective than protected areas for forest conservation [7,8] and has potentials in reducing
emission from deforestation and forest degradation, conservation, and sustainable management of the
forests and enhancement of forest carbon (REDD+) for climate change mitigation and adaptation [9,10].
Although CF is perceived as a successful forest management model for forest conservation globally [11],
some studies indicate that the success or failure of CF depends on a variety of often site-specific contexts
in different countries [11,12].

Many studies have tried to find the factors affecting the success or failure of CF, most of which
have conducted a single or a few case studies in a specific region. Literature reviews of the case
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studies from different counties qualitatively summarized key factors such as tenure security, clear
ownership, and effective enforcement [11,12]. Case studies can be effective in providing in-depth
knowledge of specific conjunctures and highlighting the importance of causal processes significant in
those conjunctures, but they are less effective when the objective is to assess the magnitude or relative
importance of various factors [13]. In contrast, some studies have conducted statistical analysis using
large-N datasets from different regions within single countries or across different countries to identify
the success factors of CF [13–18]. Meta-analysis using data from different countries may provide us
with universal insights of success factors that can be applicable all over the world, but the sample
size from each country is often quite small, e.g., n = 83 from six countries [16], n = 152 from nine
countries [15] and n = 80 from 10 countries [18]. Agrawal and Chhatre [13] and Nagendra [14] used
large-N (95 and 55) from a specific region within the single countries of Nepal and India, respectively.
Nevertheless, there have been relatively few studies which have analyzed a county-wide, large-N
dataset, which can provide useful results for decision makers in a given country.

Cambodia is a Southeast Asian country with a total population of about 15 million people in 2015
where more than 70% of its population live in relative poverty in rural areas and depend on forests and
agricultural land for subsistence. Millions of households in Cambodia depend directly and indirectly
on forests, and the natural resources from forests are vital for rural livelihoods. The Royal Government
of Cambodia (RGC) has recognized the importance of forests, laying down policies and strategies both
to conserve forests and to improve local livelihoods in a sustainable manner. To this end, CF is one of
the initiatives that was started in the 1990s. Under the Ministry of Agriculture, Forestry and Fisheries
(MAFF) of Cambodia, the Forestry Administration (FA), which facilitates CF establishment, and other
stakeholder initiatives from local non-governmental organizations and international organizations
as well as development partners have supported CF establishment and operation actively. According to
the statistics of CF in Cambodia in 2017, there were 580 CF in 21 provinces covering a total forest
area of 470,970 ha [19]. The FA plans to create 1000 CFs by 2029 with a total land area of 2 million
ha [20,21]. Therefore, it would be useful to know where and under which biophysical conditions CFs
would best be newly established. As in other counties, there have been some case studies on CF in
Cambodia [22–25], but there have been no county-scale studies on the effectiveness of CF in Cambodia.

The objective of this study was to use a country scale dataset of 197 CF, which were established
between 1994 and 2005 across Cambodia, to identify the biophysical factors that affected forest cover
changes from 2005 to 2016. A mixed-effects logistic regression model was adopted for a total of
71,252 randomly sampled data pixels nested in the 197 CF. Due to limited data availability, this study
focused on biophysical factors although it may be best also to consider other socio-economic and
institutional factors to affect forest cover changes. For example, Pagdee et al. [11] identified nine factors
as important to the success of CF, summarized from 31 articles reviewed in the meta-analysis, and the
Cambodian REDD+ project found 10 underlying factors of deforestation and forest degradation [26].
The biophysical factors are just one among the 9 or 10 factors. Nevertheless, biophysical factors are
of considerable importance as found by Agrawal and Chhatre [13], especially when considering the
establishment of new CF within a country.

2. Materials and Methods

2.1. Study Area

After checking the available data for CF in the whole of Cambodia which were recorded by the FA,
we found missing information for some CF regarding the year of establishment and the village names
involved in that CF. As a result, only 197 CF in 19 provinces (Figure 1), which were established between
1994 and 2005, were selected for our study. The forest change was analyzed between 2005 and 2016
to see the impact of CF since its establishment. The selected CF were located mainly to the north
and south of Tonle Sap Lake with average elevations between 0 m and 589 m above sea level and
slopes between 0% and 43%. Annual rainfall in the area was between 1000 mm and 2600 mm [27,28].
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The main forest types were semi-evergreen, evergreen and deciduous forests, and the condition of
the forests in CF were generally degraded but being restored and regenerated [29]. The major tree
species include Beng (Afzelia xylocarpa (Kurz) Craib.), Thnong (Pterocarpus pedatus Pierre), Kokoh
(Sindora cochinchinensis H. Baill), Phcheuk (Shorea obtusa Wallich ex Blume), Sokram (Xylia dolabriformis
Benth.), Tbaeng (Dipterocarpus obtusifolius Teijsm. ex Miq.) [29].
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Figure 1. Location of 197 selected community forests (CF), forest cover in 2000 and forest loss between
2001 and 2016 using data created by Hansen et al. [30] and Hansen [31].

2.2. Data

Forest data were obtained from the global forest change map 2000–2016 created by
Hansen et al. [30] and Hansen [31] including tree canopy cover (%) in 2000 and information on
forest-loss or no forest-loss from 2001 to 2016 for each pixel with 30 m × 30 m resolution. In this study,
we defined forest as a pixel with at least 30% tree canopy cover, as in Davis et al. [32]. We estimated
forest or non-forest for each pixel in 2005 and 2016. We defined a pixel as “deforestation (forest loss)”
when the pixel changed from forest in 2005 to non-forest in 2016 and “no deforestation (no forest loss)”
when the forest pixel in 2005 was also forest in 2016.

Statistical data on CF and the location of CF boundaries in GIS files were obtained from the FA.
The boundaries of the country, markets (district centers) and villages were obtained from the National
Institute of Statistics of the Ministry of Planning of Cambodia from 2008 census map layers and
databases [27]. A road network (main roads and sub-roads) was obtained from the Ministry of Public
Work and Transport of Cambodia. The elevation and slope were generated from Advanced Spaceborne
Thermal Emission and Reflection Radiometer Global Digital Elevation Model (ASTER GDEM).

2.3. Data Analysis

To evaluate the biophysical factors affecting the probability of deforestation, we considered
accessibility to forest, forest size, and group size based on the previous studies [11,26]. We used
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a generalized linear mixed model (GLMM) with a binomial distribution and a logit link function
was applied using the ‘glmmML’ software package in the statistical software of R environment for
statistical computing [33]. The response variable was whether the forest pixel in 2005 was deforested
(1) or not deforested (0) in 2016 (Table 1). The fixed effects were group size (household number) [17],
CF size (ha), elevation (m), slope (%) [13,14], distance to road (m), distance to market (district center)
(m) [7], and distance to CF boundary (m) (Table 1). The identity (ID) of each CF was considered as
a random effect. For the GLMM, we randomly selected 10% of pixels (71,252 pixels) from the total
number of pixels with 30 m × 30 m resolution within the 197 CF that were “forest” in 2005. Among the
selected 71,252 pixels, 16,536 and 54,716 pixels were deforested (1) and not deforested (0) in 2016,
respectively, and these served as the binary dependent variable. We checked multi-collinearity among
independent variables and confirmed no collinearity with Variance Inflation Factor (VIF) < 5 [34].
The importance of each independent variable in the full model was tested based on the Akaike’s
information criterion (AIC). The delta AIC (∆AIC), which is the difference in the AIC between the
best model and the model that excluded a variable from the best model, was calculated to see which
variables were more influential (variables with a higher ∆AIC were more influential).

Table 1. Characteristics of the response and explanatory variables used for the generalized linear mixed
model (GLMM).

Variables Unit Mean Median Min. Max.

Objective variable
Forest loss (1) Binary (0,1)

No forest loss (0)
Explanatory variables

Group size Number of households 334.3 219.0 30.0 1663.0
Forest size ha 1995.3 1395.1 7.0 6112.8
Elevation m 88.5 73.0 0.0 589.0

Slope % 4.1 3.0 0.0 43.0
Distance to road m 4645.6 3679.2 0.1 17,512.6

Distance to market m 20,024.5 17,734.0 1449.5 45,340.5
Distance to village m 4480.6 3898.8 34.1 12,786.8

Distance to CF boundary m 524.2 417.3 0.0 3150.7

3. Results and Discussion

The GLMM result showed that all the explanatory variables except for group size were
significant for explaining the probability of deforestation in the 197 CF that were examined (Table 2).
The deforestation probability increased with increasing forest size and distance to road, and with
decreasing elevation, slope, and distance to market, village, and CF boundary (Table 2). Among the
eight explanatory variables, elevation was most influential, followed by distance to village and CF
boundary (Table 3).

An example of the GLMM prediction is shown in Figure 2, indicating how the deforestation
probability increased with greater forest size and lower elevation. A similar effect of forest size
on forest cover was also confirmed from meta-analysis using a dataset of 152 forests across nine
countries, implying that larger patches of forests are less easy to monitor and control [15]. Judging from
Figure 2, it seems that the risk of deforestation steadily becomes higher when forest size is between
2000 and 6000 ha depending on the elevation. In our study, elevation was the most influential factor,
based on the ∆AIC values when this variable was omitted (Table 3). Agrawal and Chhatre [13]
also emphasized the importance of elevation among 26 variables covering biophysical, economic,
demographic, institutional, and socio-political aspects in 95 CF in the Indian Himalaya. It should
be noted that although there was a similarity in elevational importance between the two studies,
the elevation ranges were quite different: 0 m to 589 m in our study and 400 m to 3450 m in Agrawal
and Chhatre [13].
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Table 2. The estimates of the generalized linear mixed model (GLMM) 1 explaining the probability
of deforestation.

Coefficients Estimate Std. Error z Value Pr (>|z|)

(Intercept) −2.718 0.3070 −8.855 <0.0001
Group size (households) −0.0008990 0.0007648 −1.175 0.240

Forest size (ha) 0.001270 0.0002036 6.241 <0.0001
Elevation (m) −0.009288 0.0003745 −24.802 <0.0001

Slope (%) −0.01822 0.003951 −4.61 <0.0001
Distance to road (m) 0.00008554 0.00001012 8.456 <0.0001

Distance to market (m) −0.00002074 0.000006543 −3.17 0.002
Distance to village (m) −0.0001739 0.00001013 −17.167 <0.0001

Distance to CF boundary (m) −0.0003640 0.00002883 −12.626 <0.0001
1 The scale parameter in the mixing distribution and its standard error were 2.268 and 0.1255, respectively.

Table 3. The estimated delta Akaike’s information criterion (4AIC) values showing the relative
importance of the variables.

Models Number of
Variables AIC 4AIC 2

S.Group S.Forest Elevation Slope D.road D.market D.village D.boundary 8 46,920 0
S.Forest Elevation Slope D.road D.market D.village D.boundary 7 46,920 0

S.Group Elevation Slope D.road D.market D.village D.boundary 7 46,950 30
S.Group S.Forest Slope D.road D.market D.village D.boundary 7 47,590 670
S.Group S.Forest Elevation D.road D.market D.village D.boundary 7 46,940 20
S.Group S.Forest Elevation Slope D.market D.village D.boundary 7 46,990 70
S.Group S.Forest Elevation Slope D.road D.village D.boundary 7 46,930 10
S.Group S.Forest Elevation Slope D.road D.market D.boundary 7 47,210 290
S.Group S.Forest Elevation Slope D.road D.market D.village 7 47,080 160

2 4AIC was calculated by subtracting the AIC values between the full model using eight variables and the other
models. S.group = group size; S.forest = forest size; D.road = distance to road; D.market = distance to market;
D.village = distance to village; and C.boundary = distance to CF boundary.
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The accessibility of the forest is one known key factor that affects forest condition. For example,
Top et al. [35,36] showed that higher population density and shorter distance to villages led to more
forest degradation in Cambodia. Popradit et al. [37] indicated forest stocks and biodiversity were
reduced with decreasing distance to villages in Thailand. In our study, five variables (elevation, slope,
and distance to market, to village, and to CF boundary) were likely to be related to forest accessibility,
and these all were negatively related to the probability of deforestation. This confirms that more
accessible areas were more susceptible to deforestation (Table 2). In contrast, distance to road was
positively related: the nearer the road, the less was the probability of deforestation. Similar results
have been found in other studies (e.g., Agrawal and Chhatre [13]; Htun et al. [38]). We suggest that
the distance from roads can be a proxy also for the distance from government offices, and an official
presence acts as a disincentive to deforestation [13]. The proximity to road might also enable people to
out-migration for other employment so that forest dependency is less [39].

Researchers are increasingly paying attention to the effects of group size on collective action
and resource outcomes. Researchers debate whether the group-size effect is linear, positive, negative,
curvilinear, or non-significant [17]. In our study, group size was the only non-significant factor (Table 2),
but the reason for this was not clear. As Chhatre and Agrawal [15] suggested, instead of the absolute
number of group users, it may be more important to investigate the nature of demands on a forest to
identify how use and dependence are related to changes in forest condition. Our study only focused on
biophysical factors due to shortage of data related to variables such as socio-economic and institutional
factors. Those studying collective action have pointed out the importance of local enforcement [15],
rulemaking participation [16], and leadership [40]. Thus, it would be attractive if further research can
use large-N data covering not only biophysical factors but also other factors within a single country.

Over the past two decades, the numbers of CF have steadily increased in Cambodia, and the
government plans to double the number and area of CF in the coming decade. Such a new
establishment plan calls for quantitative information on the contribution of biophysical conditions to
the success of CF. Our study used a country-wide dataset of CF in Cambodia to identify biophysical
factors affecting forest cover changes through statistical modelling. Our findings were compatible with
interpretations from the previous case studies and meta-analyses using data from different countries.
We recommend for land use planning decisions of the government that new CF should be established
with smaller size if it is located at lower elevation on gentle slope. For example, CF size should be
smaller than 2000 ha if CF is established at elevation lower than 200 m (Figure 2). CF should be also
located far away from the market and villages. In addition to the biophysical factors, the government
should consider other important factors to the success of CF such as tenure security, clear ownership,
effective enforcement, monitoring, equitable benefit sharing, sanctioning, and strong leadership [11,41].

4. Conclusions

Using a country-wide large-N dataset of CF in Cambodia, we conclude that deforestation risk
in CF increased for larger CF in locations with easier accessibility (lower elevation, gentle slope,
and shorter distance from village, market, and CF boundary). It can be suggested that at least the
government should not establish new large CF of more than 2000 ha at low elevation. In addition,
monitoring and patrol activities should not be done only from the main roads because the probability
of deforestation in CF is higher further away from roads.
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