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Abstract
Sumatra’s tropical forest has been suffering from deforestation for decades. The causes remain
unclear although human activities such as agricultural expansion and timber extraction are
considered as the activities that affect deforestation. Furthermore, the increasing income and
population are also suspected to influence deforestation as fundamental forces. Following the
approach of Angelsen and Kaimowitz (1999), this research distinguished between proximate cause
which considered as the human activities that directly affect deforestation and the underlying cause
which considered as fundamental forces. The objective of this research was to examine the variables
of agricultural sectors, timber production, population and economic growth that could affect and
have a contribution to forest loss and to find evidence of environmental improvement in Sumatra.
Using econometric case study, this research applied panel data from 1991 to 2015, for eight provinces
in Sumatra to analyze the response of deforestation to the changing of palm oil prices, rice prices,
meat prices and timber production as proximate causes and GDP per capita, environmental
improvement and population growth as underlying causes. Despite not all data being available, this
research showed that the only significant variable in deforestation was palm oil prices; the higher
the palm oil price, the higher the level of deforestation. Other variables, such as rice prices, meat
prices, and timber production did not give any significant effect on deforestation. In underlying
cause level, GDP per capita and population growth also did not give any effect to deforestation. On
the other hand, environmental improvement regarding deforestation also could not be found.
Furthermore, this research suggested that other variables which rely on proximate cause and
underlying cause of deforestation should be conducted to know which factors could be suspected
as the cause of deforestation in Sumatra.
Keywords: deforestation, proximate cause, underlying cause, econometric
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1. Introduction
In this chapter, the thesis topic is introduced. It starts with the background (1.1) of the research,
continues with the problem statement (1.2) and ends with the research objective (1.3).

1.1. Background
Warming activity on earth is one of the problems that humanity is currently facing. The increasing
temperature of the earth, also known as global warming, has been projected to become higher in
the future if mankind continues its habits of supporting global warming, such as releasing excessive
CO2 by burning fossil fuels. Global warming occurs as we release greenhouse gases, such as carbon
dioxide (CO2), into the atmosphere. The CO2 traps the radiation that is normally released into space
and creates heat that causes the planet to get warmer (Cline, 1992). The impacts of global warming
could threaten the humanity as global warming damages ecosystems and crop production which
further could lead to natural disasters and food scarcity (IPCC, 1998). Bellard et al. (2012) projected
if the same level of global warming is maintained, by 2100, the world will experience an extinction
of 12.6% in plants, 9.4% in invertebrates and 17.7% in vertebrates. Another projection made in China
Regarding the impacts of climate change on agricultural production. They project, by the end of this
century, China’s production on rice, wheat and corn will likely to decrease by 36.25%, 18.26%,
45.10%, respectively if the level of global warming is maintained (Zhang el al., 2017). As one of the
causes of the excessive release of CO2, deforestation is an imperative factor in global warming.
Deforestation contributes to the global warming phenomenon by releasing 6–17% of global carbon
dioxide emissions (Baccini et al., 2012).
Deforestation occurs mainly in tropical countries and has a variety of causes. World annual
deforestation is at 13.7 million hectares (ha), and tropical deforestation contributes to approximately
one-quarter of carbon emissions (Kindermann et al., 2008). In South America, the loss of forest is
seen in many countries, such as Argentina, Brazil, and Paraguay. One of the causes of deforestation
in South America is cropland expansion. Forest land is often chopped down to provide land to
produce agricultural commodities. Cropland in South America contributes up to 14% of the
deforestation and continues rising as the need for agricultural products increase (Sy et al., 2015). In
Africa, deforestation occurs frequently in Congo, Ethiopia, Madagascar, Kenya, Nigeria, and West
Africa. Deforestation in Africa has occurred mainly due to the intensive wood logging (both illegal
and regulated) for industrial purposes and the dependency of Africans on using wood for their basic
needs (e.g., as a shelter and fuels) (Barnes, 1990; Cline-Cole et al., 1990; Fairhead & Leach, 1998). In
Southeast Asia, forests have been over-exploited, which results in a high percentage of forest loss
and a high rate of deforestation. Illegal logging is the main concern in Southeast Asia, considering
the low transparency of government resulting in uncontrolled timber extraction (Kummer & Turner,
1994; Miettinen et al., 2011). As explained above, these different causes correspond to the increasing
global rate of deforestation.
As Indonesia is a tropical country, its forests have been suffering from deforestation for quite a long
time. The history of deforestation began with the formation of the state of Indonesia in 1945. Ever
since, Indonesia has continually experienced forest loss. In the early 1950s, due to increasing
population growth, the government tended to increase agricultural production through large-scale
1

production or shifting cultivation. The expansion of agricultural land led to the achievement of selfsufficiency in rice production in the mid-1980s (Tsujino et al., 2016). In addition to its population
growth, Indonesia, as a newly independent country, entailed capital to develop the country by
utilizing the forest resources (Kartawinata et al., 2001). The result was significant, as it gave
Indonesia substantial economic benefits in the middle of a crisis in the early 1970s regarding forest
utilization for the wood industry. The wood product export increased because of the high demand
from countries like Japan and China and supported by the foreign wood products tariff reduction
that Japan had applied in the 1970s and followed by China in the 1990s (Lang et al., 2017; Tachibana,
2000). Currently, nearly 97 million ha of tropical forest remain in Indonesia, meaning that 51% of
Indonesian land is still considered forest area (KLHK, 2016).
Forests are one of Indonesia’s substantial resources. According to Indonesia’s Constitution number
41 regarding forestry, there are three functions of forests: 1) conservation, 2) protection of basic lifesupport systems (e.g., to regulate water, to control erosion, and to prevent floods), and 3) the
production of forest products. Those three functions of forest indeed play an important role as
drivers of Indonesia’s economic growth, both directly and indirectly. Forest as a production function
plays a direct role in boosting Indonesia’s economy. While forest as conservation and protection
functions play indirect roles, such as life buffer systems to regulate water, prevent floods, control
erosion, prevent sea water intrusion, and maintain soil fertility, which supports the economy both
locally and nationally. The contribution from forest resources that was recorded in 2014 is about
0.71% ($7.6 Million) of the gross domestic product (GDP) (BPS, 2014). In addition, as an economic
driver both locally and nationally, forests also become a source of livelihood for approximately 95
million people who directly depend on their resources (Lynch & Talbott, 1995).

1.2. Problem statement
Deforestation is currently garnering considerable attention as one of the key contributors to the
global warming phenomenon. Studies conducted by Bonan et al. (1992), Cramer et al. (2004),
Fearnside (1996), Malhi et al. (2008), Malhi & Phillips (2004), Nobre et al. (1991), and Shukla et al.
(1990) are examples of research on the relationship between deforestation and global warming.
However, research into the causes of deforestation is needed to understand what factors contribute
to the occurrence of deforestation, especially in tropical countries with high rates of deforestation.
Angelsen and Kaimowitz (1999), Contreras-Hermosilla (2000), Geist and Lambin (2001), and Müller
et al. (2012) have explored what factors cause deforestation. By knowing the factors that affecting
deforestation, the prevention of deforestation would be effective and efficient and would help to
make appropriate policy regarding deforestation mitigation. Thus, the research about causes of
deforestation is needed.
In tropical countries, the main causes of deforestation are direct human activities, such as
agricultural expansion and timber extraction. In the agricultural sector, there are three main causes
of deforestation: paddy field expansion for rice production, the palm oil industry, and cattle
ranching (Kaimowitz et al., 2014.; Koh & Wilcove, 2008; Panayotou & Sungsuwan, 1994; Dauvergne,
1993; Thiele, 1993). According to Thiele (1993), agricultural sectors, such as rice, influence
deforestation. The rice produced declines in the second year of cultivation, which obliges farmers
to clear new areas for another production (Thiele, 1993). In the palm oil sector, Carlson et al. (2012)
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analyzed the contribution of palm oil plantations to deforestation. Their research showed that from
2007 to 2008, palm oil plantations in West Kalimantan, Indonesia contributed to 27% of total
deforestation. For cattle ranching, according to Dauvergne (1993), cattle commodities are one of the
leading causes of deforestation. For example, in Brazil, cattle ranching has a considerable impact on
deforestation and has been a serious cause of deforestation along with the growing export of beef in
Brazil. Cattle ranching has been a problem in other countries as well, and the impact on
deforestation is massive (Kaimowitz et al., 2014; Rudel, 2007). In the timber sector, Burgess (1993)
found an imbalance in the demand and supply in timber products. The limited supply and excessive
demand of timber product led to a higher deforestation rate. In addition, the indirect environmental
impacts of logging, such as building access to forest areas, exacerbate the tropical deforestation by
clearing more forests (Burgess, 1993).
Angelsen and Kaimowitz (1999) argued that agricultural expansion and timber extraction as the
human activities that directly affect forests’ existence are not the only factors causing deforestation.
Fundamental forces or driving forces that underpin human activities in terms of forest clearing,
such as income and population, could be suspected to have an influence on deforestation.
Contreras-Hermosilla (2000) found that a large population leads to a higher demand for agriculture
and timber products, which are related to forest clearing. An increasing income per capita is also
suspected to be a fundamental force on the occurrence of deforestation; it leads to a growing
demand of agricultural products and forest-derived products, such as paper (Contreras-Hermosilla,
2000). In connection with income, Cropper and Griffiths (1994) found evidence of environmental
improvements regarding deforestation by using the environmental Kuznets curve (EKC) theory in
Latin America and Africa. They found that increasing income initially led to higher deforestation
rates and at some particular point of income, the addition of income led to lower deforestation rates.
Global studies regarding the causes of deforestation have found various factors that could influence
forest loss (Angelsen, 1999; Contreras-Hermosilla, 2000; Fehlenberg et al., 2017; Geist & Lambin,
2001; Hosonuma et al., 2012; Kaimowitz & Angelsen, 1998; Kaimowitz et al., 2014.; Miyamoto et al.,
2014). However, the specific causes, especially in Indonesia, remain unclear. Although human
activities such as agricultural expansion and timber extraction are considered direct causes of
deforestation, research on the influence of the development of these sectors as possible causes in
Indonesia is limited. Besides agricultural expansion and timber extraction, fundamental forces such
as the income per capita and population growth are also interesting to study as possible causes
considering the limited findings explaining the connection between these factors and deforestation
in Indonesia.
This study focused on researching possible causes of deforestation, with Sumatra as the case study.
The emphasis was placed on the development of agricultural sectors (i.e., palm oil, rice, and meat),
timber production, income per capita, and population growth. Sumatra was chosen as the case study
because it was recorded as the island with the most deforestation in Indonesia (Rijal et al., 2016). In
2010, Sumatra was recorded as the island with the most intensive forest clearing. Approximately,
70% of the land was converted in 2010 (Margono et al., 2012). Sumatra has also been a popular island
to invest in agricultural and timber sectors (Uryu et al., 2008). In the timber sector, Busch et al.
(2015) estimated that granting a concession for timber extraction in Indonesia’s forest area would
increase the deforestation rates up to 129%. However, Busch et al. (2015) did not specifically mention
3

the regional influence of timber extraction on deforestation especially in Sumatra. Thus, timber
production was chosen as one of the factors to research in the present study. In agricultural sector,
palm oil was chosen as one of the factors due to its vast development in the Sumatra region (Euler
et al., 2016). FAOSTAT (2015) recorded from 2000 to 2010 that Indonesian palm oil expanded and
reached 4 million ha, yet the influence of palm oil regionally is not clear. In the rice sector, rice was
chosen due to its vast contribution to the regional income. In 1990, agriculture contributed to on
average 20% of the GDP of provinces in Sumatra. The largest contributor to this GDP is rice
commodities with 65% of the GDP coming from rice (San et al., 2000). Meat as a factor of
deforestation has proven to be the major driver of deforestation in South America, and the impact
is massive (Kaimowitz et al., 2014; Rudel, 2007). However, in Indonesia, the impact of cattle ranching
on deforestation remains unknown yet interesting to be found.
In terms of income and population growth, the population in Sumatra today is approximately 50
million people compared to 1990, which had a population of 36 million; this is estimated to grow by
2.3 million yearly (BPS, 2015). Along with the increasing population, Sumatra also has an increasing
income per capita; it is thus suspected that the increases in these factors (population and income)
would increase the demand of agricultural and timber products. One interesting topic to be added
in this research was the curiosity about the potential correlation between the local income per capita
and deforestation. There is substantial evidence that the improvement of the environment coincides
with increasing income per capita in the end in developing countries, according to research by
Yandle et al. (2004). Thus, the aim of this study was to determine whether increasing income in
Sumatra correlated with environmental improvements, which in this case, was the deforestation
reduction.
Overall, all the factors explored in this research have proven to be the drivers of deforestation in
other studies, and the initial finding regarding these factors in Sumatra regarding the increase of
timber production, palm oil expansion, rice sector contribution to GDP and the meat sector as the
main driver of deforestation in South America which explained before, was supporting the
suspiciousness that such factors affect deforestation, yet the contribution and influence of those
factors in Sumatra remain unclear. The correlation between increasing income and deforestation
reduction (environmental improvement) has not been studied yet.

1.3. Objective and research questions
Sumatra has been suffering from deforestation since 1970 (Tsujino et al., 2016). Agricultural
expansion (i.e., palm oil, rice, and meat) and timber extraction are suspected to influence
deforestation. In addition, fundamental forces, such as the income per capita and population, are
also likely factors that influence deforestation. The efforts to stop the deforestation in Sumatra need
to be accelerated, and to achieve that, the urgency to know the causes of deforestation is important
to support efficient and effective policy. The study will analyze which factors/variables are
considered the drivers of deforestation, using data from 1991 to 2015. The variables consist of palm
oil, rice, meat, timber, income, and population. The study will examine how deforestation responds
to each variable. Furthermore, the response will be analyzed to explain how deforestation reacts to
the changing of particular variables.
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Thus, the objective for this research can be formulated as follows:
To analyze the variables of agricultural sectors, timber production, and population and economic
growth that could affect and contribute to forest loss and to find evidence of environmental
improvements in Sumatra.
The timeframe of this study captures the development of forest area for 25 years from 1991 to 2015.
Throughout the selected timeframe, many phenomena occurred that are connected to the use of
natural resource in Sumatra as the impact of national policy. For example, the transmigration policy,
the shifted political landscape, decentralization, timber export ban, and the development of palm
oil. The availability of data is the other reason this timeframe was chosen; data prior to 1991 hardly
exist.
Due to the broad research objective, the following research questions (RQ) are proposed:
1. What were the deforestation rates in Sumatra, Indonesia from 1991 to 2015?
2. How did the agricultural sector, timber harvesting, economic growth, and population influence
forest cover changes in Sumatra, Indonesia?
3. Is there any evidence of environmental improvements regarding deforestation in Sumatra?

1.4. Structure of the report
This thesis consists of seven chapters. The first chapter consists of the introduction, problem
statement, and objective of the research and research questions. The theoretical framework is
described in the second chapter. The methodology of this research is provided in the third chapter.
The results of this research are divided into two chapters. The fourth chapter provides an overview
of both the dependent and independent variables, and the regression analysis is discussed in the
fifth chapter. The sixth chapter, sequentially, discusses the reflection on results, theoretical
framework, and methodology. The conclusion is presented in the last chapter.

5

2. Theoretical Framework
This chapter provides the theoretical framework for this research. The chapter starts with defining
what deforestation is (2.1). The next subchapter explores the concept of the causes of deforestation
(2.2). In the next subchapter, the scale of the model (2.3) is categorized. The subchapter continues
with an explanation about the types of modeling in relation to the causes of deforestation (2.4). The
next subchapter explains the causation (2.5), and the final one ends with the conceptual framework
(2.6) of this research.

2.1. Deforestation defined
Deforestation as an environmental phenomenon driven by human activity occurring mostly in
tropical countries (Casse & Milhøj, 2013). Human activity, such as agricultural purposes or any other
activities that require forest clearing, is used to define deforestation (Meyer & Miller, 2015; Myers,
1991). According to the FAO, deforestation is “the conversion of forest to other land use or the longterm reduction of the tree canopy covers the minimum 10 percent threshold” (FAO, 2015, p. 5). The
FAO definition of deforestation is further elaborated by Kooten and Bulte (2000) as a situation in
which the forest is converted to non-forest land use for agricultural production, grazing, or urban
areas. Timber harvesting or logging is only considered deforestation when the reduction is above 10
percent, despite the fact that the structure and functions of forest are disturbed by the logging
process (Kooten & Bulte, 2000). Different from the FAO’s definition, the Marrakesh Accords
document used a different definition. Deforestation is defined as “the direct human-induced
conversion of forested land to non-forested land” (UNFCCC, 2001, p. 122). Marrakesh Accords ignored
the minimum tree covers, and it implies that every land cover change is counted as deforestation
regardless of the percentage of tree canopy covers. The similarity was found regarding the
deforestation definition by Indonesia Ministry of Environment and Forestry. Deforestation is a
“change in the condition of land cover from forest to non-forest including the changes to plantations,
industrial estates, housing” (KLHK, 2016, p. 4). The deforestation definition used by the Ministry of
Environment and Forestry also ignores the percentage of tree canopy cover.
The deforestation definitions mentioned above can be summarized into a single deforestation term
that is used henceforth in this research. The study would ignore the FAO element of deforestation
definition which is the minimum 10 percent threshold of tree canopy covers due to difficulties to
assess the 10 percent threshold in reality. The Ministry’s definition is selected because the
deforestation definition that is provided by the government of Indonesia fits with this research and
the source of data in this study. The deforestation definition that is used is the deforestation defined
by Indonesia’s Ministry of Environment and Forestry, which in this case is similar to UNFCCC (2001)
definition on deforestation, which emphasized the change of forest land to non-forest land. The
definition provides an explanation of the land use and land cover change caused by human activities
in agricultural and timber sectors.

2.2. Causes of deforestation
The discussions about what causes deforestation and its consequences have been popular since
1980. The discussion led to expanding research, especially in the economics discipline on how, when,
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and why forest land is converted to non-forest use. Many scholars have attempted to explain the
pattern of deforestation in tropical countries (Geist & Lambin, 2001; Kaimowitz & Angelsen, 1998).
After decades of research, theories have been developed over time and arguments have gradually
become stronger, yet evidence still suffers from a lack of statistical analysis in cross-national levels
(Geist & Lambin, 2001).
One of the most prominent frameworks of different types of variables affecting deforestation was
developed by Angelsen and Kaimowitz (1999). They distinguish three levels of variables influencing
deforestations: (1) sources of deforestation, (2) proximate or immediate causes of deforestation, and
(3) underlying causes of deforestation (see figure 1). Sources of deforestation are considered the
activities of agents of deforestation. Agents of deforestation could be individuals, groups,
companies, or even governments. The activities of the agents depend on the agents’ characteristics,
such as the preferences, resources, and background of the agents, and decision parameters, such as
information, technology, prices, and institutions. The decision parameters are considered proximate
causes of deforestation. The proximate causes of deforestation are the human activities that directly
affect deforestation. The parameters mentioned before as proximate causes (e.g., agricultural
expansion, timber extraction, and infrastructure extension) are used to determine whether the
agents need to convert the land into non-forest uses. Furthermore, the characteristics and decision
parameters are influenced by other forces. These are considered underlying causes of deforestation.
The underlying causes of deforestation are considered the fundamental driving forces that influence
the proximate causes of deforestation (Angelsen & Kaimowitz, 1999; Geist & Lambin, 2001).
Angelsen and Kaimowitz (1998) distinguished deforestation into three levels for several reasons.
First, to distinguish the background of the level of causes, for example in an economic perspective,
underlying causes fit better in a macroeconomic model and proximate/immediate causes in a
microeconomic model. Second, to avoid regression flaws, such as bias, which could happen if we
combine this scale in a regression. The segregation between models avoids the regression problem
due to causal relationship errors. Third, to identify clearly which parameters are relevant to agents
or decision makers as the consideration to clearing the forest in proximate cause perspective
(Kaimowitz & Angelsen, 1998).

7

Underlying Causes Of Deforestation
Socio-cultural factors

Economic factors

Technological factors

Demographical factors

Immediate/Proximate Causes Of Deforestation
Agricultural Expansion

Timber Production

Infrastructure Extension

Sources Of Deforestation
Agent Of Deforestation

Deforestation

Figure 1. Factors of Deforestation
Source: Angelsen & Kaimowitz (1999); Geist & Lambin (2001)

2.2.1. Underlying causes of deforestation
There are many fundamental aspects of the occurrence of deforestation such as socio-political,
economic, technological, and demographic (Geist & Lambin, 2001). These elements are known as
the underlying causes of deforestation (Contreras-Hermosilla, 2000). The summary of factors of
underlying causes of deforestation is shown in table 1.
Socio-political factors
Socio-political factors explain the deforestation situation relationships with public attitudes, values,
and beliefs society possess, both individually and in groups. According to Geist and Lambin (2001),
attitudes such as a lack of concern for forests, disregarding the environment and forests, are the
result of low morality, a lack of psychological value, and frontier mentalities. Socio-political factors
result in nearly two-thirds of deforestation in Asia and Latin America (Geist & Lambin, 2001). One
of the measurable instruments that could assess advanced society is the EKC theory, which argues
that increasing the level of income initially leads to environmental degradation, until reaching a
turning point at which the addition of income results in environmental improvements (Kuznets,
1955).
According to Stern (2003, p. 1), the “environmental Kuznets curve is a hypothesized relationship
between various indicators of environmental degradation and income per capita”; in logarithmic form,
income per capita is in a quadratic function. The quadratic function was applied to generate a path
of environmental quality, which is assumed to have an inverted U-shape. This is a sign of an
advanced society with high levels of income, education, and environmental awareness (Culas, 2007;
Yandle et al., 2004). Preference for a direct-use value, such as timber, and an indirect-use value,
such as environmental services, on the individual or group scale in deforestation case, for example,
can determine society‘s attitude toward fundamental environmental issues (Geist & Lambin, 2001).
8

Economic factors
The next underlying cause of deforestation is economic factors. This aspect encompasses economic
growth and development. The growth of sectoral economics constituted by increasing public
purchasing power and demand for specific consumer goods, both wood-related and agriculturalrelated, triggers an increasing level of deforestation, which corresponds to land use change.
Industrialization is one of the economic development parameters threatening forests’ existence,
especially in forest-based industry and agricultural-based production (Geist & Lambin, 2001). The
linear expansion of these sectors has a negative impact on forest land. Not only market expansion,
but also individual specific economic factors, such as poverty and economic crisis, influence
deforestation. Poor living standards, poor resource management, unemployment, and low nonagrarian income frequently appear as drivers of deforestation in Asian, Latin America, and African
countries (Geist & Lambin, 2001).
Technological factors
Another underlying cause that is interesting to discuss is technological factors. It is irrefutable that
technology plays a role in deforestation. Advanced technology has proven to have an impact on
product prices and factor prices, such as wage (Angelsen & Kaimowitz, 1999; Angelsen et al., 1999;
Geist & Lambin, 2001). The involvement of technology in agricultural and wood production
increases yields without significantly adjusting the labor requirements simply has a negative impact
on forest land and triggers deforestation. In the timber extraction process, the use of chainsaws
combined with tractors and trucks in logging contributes to forest loss in terms of damage caused
by the usage of these equipment and produces unnecessary waste due to bad performance of the
equipment. The processes supported by technology and equipment result in unnecessary damage
and inefficient yield, which further creates more forest loss, especially in Asia and Latin America
(Geist & Lambin, 2001).
Demographic factors
The last underlying cause of deforestation is demographic factors. The dynamics of the human
population linearly affect forest loss and are considered a demographic issue in deforestation case.
A change in population in one area simultaneously changes the demand and supply conditions, in
this case, the demand and supply of agricultural commodities and timber, thus affecting land
change (Pfaff, 1997). Higher demand for agricultural and timber products would trigger the
expansion of the agricultural and timber sector to achieve a particular supply to meet the demand.
In addition to an increasing demand for land, population density also decreases the productivity on
land. Higher population density not only enhances the need for residences, but also lowers the
quality of soil and water due to the intensive use of land (Contreras-Hermosilla, 2000).
Table 1 Underlying factors review
Source: Geist & Lambin, 2001

Underlying factors that influence deforestation
Indifferent position of society leads to
Socio-political
Values and beliefs
the unsustainable use of resources
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Individuals’ and
households’
behavior

Economic

Economic growth

Technological

Technological
sophistication

Demographic

Change in the
population size

Increasing demand materials and
energy consumption followed by
increasing income
Increasing public purchasing power and
demand for specific consumer goods
trigger
an
increasing
level
of
deforestation
Expansion of agricultural sectors
linearly has a negative impact on forest
land
The involvement of technology in
agricultural and wood production
increases yields
Advanced technology has proven to
impact the prices of products
Population growth is considered a
primary
underlying
cause
of
deforestation
Demand and supply fluctuations of
agricultural commodities and timber
thus affect land change due to
population growth

2.2.2. Proximate causes of deforestation
As noted previously, underlying causes are considered the fundamental forces that influence human
behavior relationships with the environment. The underlying causes discussed above provide
knowledge on a social process that leads to deforestation. Underlying causes as one of the elements
of deforestation occurrence are the basis for any immediate action that causes deforestation directly.
This immediate action is called a proximate cause of deforestation. There are three categories of
proximate causes of deforestation: agricultural expansion, timber production, and infrastructure
extension (Geist & Lambin, 2001). The summary of factors incorporated into these three categories
is illustrated in table 2.
Agricultural expansion
Agriculture expansion, which consists of either shifting or permanent cultivation, has proven to be
one of the drivers of deforestation. Cattle ranching is also suspected as a driver of deforestation from
the agricultural sector, although has only occurred in several areas. Still, it needs to be considered
due to its significant contribution in these areas. In the agricultural expansion factor, one variable
that needs to be considered as the driving force of the conversion of land is commodity prices
(Angelsen & Kaimowitz, 1999).
Panayotou and Sungsuwan (1994) found evidence that high agricultural prices have a positive
correlation with a high rate of deforestation, and this finding is strengthened by Binswanger et al.
(1987) finding of a clear correlation between cropped areas and agricultural commodity prices. This
shows that high agricultural prices encourage deforestation. According to Angelsen and Kaimowitz
(1999), agricultural product prices are not the only variables influencing deforestation. Input prices
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(e.g., fertilizer prices) could also influence deforestation. By promoting low input prices, agricultural
expansion becomes more affordable. On the contrary, high input prices reduce expansion because
agriculture is thus less profitable (Angelsen & Kaimowitz, 1999; Geist & Lambin, 2001).
Timber extraction
Timber extraction has a similar pattern to agricultural expansion. It is associated with price.
Angelsen and Kaimowitz's (1999) research regarding the influence of timber prices on deforestation
showed that it did not significantly influence deforestation. According to Barbier et al. (1995), the
high demand for timber products encourages deforestation. High demand for timber would
encourage agents of deforestation to extract more timber to obtain a higher profit. The profitability
of timber production is enhanced by clearing the land. The same assumption is used regarding the
supply and demand framework associated with the equilibrium price. The higher the price, the
higher the supply, increasing the amount of timber harvested. Efforts to reduce deforestation have
been made by some countries, such as restricted policies of timber harvesting, variations of taxes,
log export bans, and certification requirements. Lower prices discourage harvesters to clear their
land. However, the results have been inconsistent. Evidence indicates that even if a lower price
policy is applied and the timber price goes down, the demand for wood, especially domestic
demand, is still high, resulting in illegal logging and lower prices induce ineffective logging (Barbier
et al., 1995).
Infrastructure extension
The last proximate cause is infrastructure extension. Infrastructure extension covers transport and
market infrastructure, public services, settlement expansion, and private enterprise infrastructure.
To enhance economic growth, it needs to be stimulated by its supporting factors, such as a decent
infrastructure. Compliance with the need for viable infrastructure is required to support agricultural
and timber production because transportation is one of the elements that form prices. There is clear
evidence that infrastructure (e.g., roads) has a relationship with deforestation (Liu et al., 1993).
Infrastructure extension has been found to be responsible for three-quarters of Latin American
deforestation (Geist & Lambin, 2001).
Table 2 Proximate causes review
Source: Angelsen & Kaimowitz, 1999; Geist & Lambin, 2001

Agricultural
expansion

Timber
extraction

Proximate factors that influence deforestation
High
agricultural
prices
encourage
deforestation
Prices
Low input price stability for agricultural
commodities discourages deforestation
High price of timber encourages deforestation
by producing more timber
Profitability of timber production is higher by
clearing the land
Prices
The higher the price, the higher the supply, and
this results in a greater amount of timber being
harvested
Lower prices discourage harvesters to clear their
land
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Infrastructure
extension

Lower prices induce ineffective logging
Viable infrastructure is required to support agricultural and timber
production
Transportation is one of the elements that form price

2.2.3. Sources of deforestation
As explained earlier, causes of deforestation are divided into three categories (underlying causes,
proximate causes, and sources of deforestation) sequentially, which are interlinked. The next factor
is a source of deforestation, or an agent. Agent refers to an individual or group that has both a
physical role and a proximate decision-making role in land cover change (Sunderlin & Resosudarmo,
1996). Agents of deforestation can cause deforestation by converting forest land to non-forest use
(a proximate cause of deforestation). According to Angelsen and Kaimowitz (1999), agents of
deforestation can be households or companies that are involved in the change of land use. In this
case, the agents of deforestation could be farmers, loggers, ranchers and industries. Agents’ actions
and decisions are based on their characteristics that are explained in socio-political factors.
According to Angelsen and Kaimowitz (1999, p. 2), The “decision parameters such as prices,
technology, institutions, new information, and access to service and infrastructure” are believed to be
the element that constitutes further in proximate causes of deforestation. The characteristics of
decisions revealed in agents of deforestation depend on the underlying cause, which in this context
is broader (Angelsen & Kaimowitz, 1999).
Agents of deforestation play an important role due to their actions clearing the forests. According
to Kaimowitz and Angelsen (1998), agents’ decisions depend on variables referred to as proximate
causes and motivated by variables referred to as underlying causes. As explained, the agents of
deforestation as sources of the occurrence of deforestation clear forest land in an effort to establish
another productive land that gives more benefit, in this case for agriculture activity and timber
production. The focus of agents’ activity is the decision-making process that leads to clearing land.

2.3. Scale of modeling
Deforestation modeling has been widely used as a subject for research. The scales of the research
are varied considering the research objective and scope of the research. Kaimowitz and Angelsen
(1998) categorized four scales: the global level, the national level, the regional level, and the
household and firm level. The goal of categorizing the scales is to obtain a specific variable that
could influence deforestation depending on the level of scale. The scale categorization is also
considered efficient to explain deforestation specifically in one scale, considering that each scale has
different ecological characteristics, history in politics, agrarian structure, and institutions (Geist &
Lambin, 2001).
At the global scale, research regarding deforestation has been conducted in connection with various
aspects. Burgess (1993), Kant and Redantz (1997), Koop and Tole (1999), and Woodwell et al. (1983)
have done global-scale research on deforestation. On the national scale, Barbier and Burgess (1996),
Kaimowitz et al. (2014), Katila (1995), Panayotou and Sungsuwan (1994), and Tsujino et al. (2016)
are examples. At global and national scales, the research emphasizes the relationships underlying
variables such as national policies, macroeconomic trends, population, and international trade
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(Geist & Lambin, 2001). Andersen (1996), Nugroho et al. (2017), and Rijal et al. (2016) have done
research regarding deforestation at the regional scale. Regional research focuses on how the decision
parameters such as market prices, institution, technology, and infrastructure influence
deforestation. At the household scale, the research emphasizes georeferenced data, such as soil
quality, climate, topography, and land use (Geist & Lambin, 2001).
This study is categorized as regional-level (Sumatra) deforestation research and focuses on
agricultural and timber market development as proximate causes variables. The national-scale
variables, such as macroeconomic trends (income), environmental improvements, and population
are used in this scale to explain the underlying causes variables. The research regarding
deforestation could be conducted in several ways using different scales depending on the modeling
categories, which is explained in the next subchapter.

2.4. Modeling categories
Modeling in deforestation research varies depending on what type of research is being conducted,
both in natural science research and social science research. There are three types of models that
are available (see table 3): analytical, empirical, and simulation. An analytical model is a theory
constructs model. Theory-driven results are the basis of analytical model, which implies that this
model requires a rigorous framework. The model generally involves mathematical equations with
no numbers and only contains algebraic expressions. Unlike the analytical model, an empirical
model relies on credible data to find relationships between variables with statistical methods. It
relies on cross-sectional or panel data, which indicates that time does not matter. Third, a
simulation model results in scenarios gathered from facts as a parameter based on various sources
to evaluate policy and to assess scenarios. A simulation model tends to be more dynamic. There is
growing interest in using simulation models to predict deforestation using deforestation data from
previous periods as the explanatory variable. Such models tend to use a dynamic framework and
linear programming to simulate or predict the problems of deforestation (Geist & Lambin, 2001;
Lambin, 1994).
Different models can be applied following the different objectives for particular research. Most
research had assessed past deforestation, while other research had predicted why, when, and how
much deforestation occurred over several years. Another study examined how policy can influence
the event of deforestation. The selection of variables and methods are crucial in achieving a set of
particular objectives (Kaimowitz & Angelsen, 1998). The type of model is one element that needs to
be considered driven by the particular objectives and theories which support the research. Variables
are another element playing an important role in conducting research, particularly deforestation
research.
Table 3 Modeling categories review
Source: (Kaimowitz & Angelsen, 1998)

Analytical
Empirical

Modeling categories in deforestation research
Does not include empirical data
Theory-driven results
Credible data are needed
Relationships between variables with statistical methods
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Simulation

Scenario gathered from facts as parameter based on various
sources to evaluate policy and to assess scenarios

This study is an empirical model study due to the use of empirical data, which aims to quantify the
relationships between variables, as explained in the following session using empirical data gathered
from reliable sources using a statistical method (Lambin, 1994). The type of deforestation research
used was past deforestation assessment to find effects from the selected variables. By assessing past
events, the findings of this study demonstrate how variables affect deforestation. The variables in
this research were based on empirical data provided by Badan Pusat Statistik (BPS) of Indonesia
(The Central Bureau of Statistic). Variables such as prices, timber production, GDP per capita, and
population were generated from historical data. The variables included in this research formed
complex causation chains before causing deforestation. An explanation regarding causation is
provided in the next subchapter.

2.5. Causation
Figure 1 explains how deforestation occurs and the responsible factors. The sequential order shows
that the immediate cause of deforestation seems to have a direct link to deforestation through the
agents’ decision (Angelsen & Kaimowitz, 1999). According to Geist and Lambin (2001), several
causes might explain the causal relationship between factors and deforestation and between factors.
Single-factor causation
Single-factor causation as the first mode explains that one proximate-level variable independently
affects deforestation. For example, the expansion of a rice field using forest land directly leads to
deforestation, and following figure 1, the direction of the line is formed, and the same explanation
also appears in an underlying context. One variable of an underlying cause drives one factor at the
proximate level; for example, the larger population results in a higher demand of agricultural
products, which drives agricultural expansion (Geist & Lambin, 2001).
Chain-logical causation
The next mode, according to Geist and Lambin (2001), explains causation between factors at one
level (each factor) and two levels (between factors). The example was explained by Walker (1987) in
an immediate cause context, in that the first thing loggers do is build the roads and cut the forest
selectively, but they do not do the reseeding. After all mature trees are chopped, the loggers
abandoned the land and are substituted by farmers. Farmers use it for agricultural production, and
thus the forest has little chance to regenerate. In this research, the chain-logical situation is not
considered as a type of causation due to the different research focus.
Concomitant occurrence
The last mode is concomitant occurrence. According to Geist and Lambin (2001), the concomitant
occurrence is the separate operation of factors that concomitantly affect deforestation. In this
research, the concomitant occurrence is considerable in one-level factors. The immediate cause’s
variables are suspected in one formula that occurs concomitantly with other variables and thus
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affects deforestation differently depending on each variable. For example, traditional shifting
cultivation and commercial timber logging, simultaneously.
Single-factor causation theory is used in this research to determine how much each factor affects
deforestation, as explained in the level of analysis as the proximate cause of deforestation.
Underlying causes are also analyzed in single-factor causation to understand how factors play roles
in deforestation separate from the proximate causes.

2.6. Conceptual framework
Proximate causes, according to Geist and Lambin (2001), are responsible for directly influencing
deforestation. In this research, the changing of agricultural expansion and timber extraction
variables were analyzed to identify their effects on deforestation. An underlying cause, according to
Geist and Lambin (2001), is considered as the driving force that underpins the proximate cause. It
implies that an underlying cause is an indirect cause of deforestation. Kaimowitz and Angelsen
(1998, p. 95) argued that “it is hard to establish clear links between underlying cause and deforestation
(…) since the causal relationships are less direct.” However, despite the sequential order in the level
of causes developed by Angelsen and Kaimowitz (1999), Contreras-Hermosilla (2000) promoted the
analysis of underlying causes on deforestation. The goal was to identify the underlying causes of
deforestation regardless of the sequential order approached by Angelsen and Kaimowitz (1999).
Figure 2, as a conceptual framework for this research, was adapted from Geist and Lambin (2001),
Contreras-Hermosilla, (2000), and Kaimowitz and Angelsen (1998). The figure shows that both
proximate and underlying causes influence deforestation. Both are treated separately as singlefactor causation to determine the effects of both proximate and underlying causes. Regarding the
sequential order in Angelsen and Kaimowitz’s (1999) approach to studying the causes of
deforestation, the analysis of the relationship between proximate and underlying causes is beyond
this research. The complexity throughout the process of causation chains of levels of deforestation
made the identification difficult to analyze and often led to unreliable interpretations.
It is important to distinguish between factors to study the specific topic. From an economic
perspective, the relation and context in each factor can be divided in the microeconomic model
which assumes that variables tend to be adopted for a proximate cause. Meanwhile, the
macroeconomic model deals with the underlying cause. In this research, both proximate and
underlying causes are of interest. The economic growth as one of the underlying causes of
deforestation plays an important role. The increasing demand for the agricultural sector primarily
drives investors and individuals to invest in this sector and creating economic growth due to
increasing employment and income. It was also strengthened by the transmigration policy that
Indonesian government applied before in the mid-90s to reduce the population density in Javanese
islands.

15

Demographic factor
▪ Population growth

Socio-political factor
▪ Environmental improvement
Agricultural expansion
▪ Palm oil prices
▪ Rice prices
▪ Meat prices

Economic factor
▪ Income per capita

Timber extraction
▪ Timber production

Proximate level

Underlying level

Deforestation

Figure 2. Conceptual framework of this research
Adapted from Angelsen & Kaimowitz (1999); Contreras-Hermosilla (2000); and Geist & Lambin (2001)

It is important to note that although underlying and proximate cause occur sequentially, the
interrelation between factors is inevitable. Interrelations among these factors, in turn, result in
misspecifications in regression models (Angelsen & Kaimowitz, 1999). Therefore, the distinction
between both models should be considered to avoid problems. Misspecification such as
multicollinearity would be a problem that might be experienced in further steps. Using factors
adapted from Angelsen and Kaimowitz (1999), Contreras-Hermosilla (2000), and Geist and Lambin
(2001), this research was limited to the analysis of decision parameters (proximate causes), which
further could be used by agents of deforestation in decision-making processes regarding forest
clearing. Besides decision parameters, this research was also limited to the analysis of fundamental
forces that could affect deforestation, including the identification of environmental improvements,
using the EKC theory in Sumatra. Ignoring the sequential order (causation chains) of the level of
causes of deforestation, this research used single-factor causation, which applied to both underlying
and proximate causes of deforestation.
2.6.1 Causes selected to study
The focus of this research was to find the relationship between underlying and proximate causes of
deforestation. The sources of deforestation were not selected as a cause to study because the
research focused on the driving forces of deforestation and the decision parameters used by agents.
The dynamics of decision making at the sources of deforestation level were beyond this research.
Research regarding behavior and decision-making processes at the sources of deforestation level
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needs more advanced theories, concepts, and methods because such studies involve examining, for
example, preferences of agents of deforestation. Specific variables, such as agricultural prices (palm
oil prices, rice prices, and meat prices) and timber production are categorized as proximate causes.
Prices were selected as variables in this research because prices imply a perfect market (perfect
competition) and make the profitability of agricultural expansion the main determinant of
deforestation.
At the underlying level, the population growth variable was used to represent the demographic
factor, and the income per capita variable was used to represent economic development. At the
underlying level, the aim of this study was to prove the theory of Kuznets regarding environmental
improvements in the case of deforestation. Prior research regarding the causes of deforestation and
environmental improvements has been conducted in countries including Indonesia using the same
factors used in this research, for example, Angelsen (1996), Contreras-Hermosilla (2000), Geist and
Lambin (2001), Kaimowitz and Angelsen (1998), Cole et al. (1997), and Waluyo and Terawaki (2016).
However, the influence of these factors is unknown at the regional level.
Causes were separated into two different models to avoid regression flaws, which Angelsen and
Kaimowitz (1998) were concerned about and to help answer the research questions (RQ2, RQ3).
This research only focused on specific variables, and the analysis of all variables in the underlying
and proximate causes is beyond the scope of this research. The next section describes how the
variables were measured.
Underlying level
The variables used in regional-level research focused on socio-political, economic, and demographic
factors (RQ2, RQ3). The exclusion of technological factors is due to limited preliminary research
regarding the influence of technological issues, especially in Indonesia. From an economic
perspective, the income per capita or GDP per capita in this research represented the growing
economy in Sumatra. On the other hand, the inclusion of population variables regarding population
growth in this research was necessary to assess how population growth can affect deforestation,
considering that Sumatra was one of the islands targeted for Indonesia’s transmigration policy. Due
to the need to identify environmental improvements, the variable used in this research was the GDP
per capita squared as the EKC variable (RQ3). Then, the simple model for the underlying cause of
deforestation would be:
Dit = D (GDPit, GDPSit, Popgit).
Where Dit is the amount of forest loss (deforestation in ha), GDPit, is the income per capita (IDR),
GDPSit is the EKC/environmental improvement variables, which is the square of income, Popg it is
the population growth (%), i is the provinces in the sample, and t is the year (1991–2015).
Deforestation as an example of environmental degradation has a strong connection with economic
growth and income equality. The EKC model has been used widely in explaining the effect of income
per capita on deforestation (Culas, 2007; Waluyo & Terawaki, 2016). The EKC model simply
hypothesizes that an increase in the income per capita affects the environment. The EKC hypothesis
argues that there is a correlation between the income per capita and deforestation (Barbier &
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Burgess, 2002; Culas, 2007; Shafik, 1994; Waluyo & Terawaki, 2016). Furthermore, if there is evidence
of EKC, one can describe at what point deforestation is decreasing and forming a quadratic line,
indicating that deforestation is slowly decreasing. Thus, the EKC variable formed nonlinear variables
(squared). For the underlying causes, the model is as follows:
Dit = αi + X’it β + εit
D
α
β
X1
X2
X3
ε
i
t

= Amount of forest area loss (ha)
= Constant term
= Slope of the parameters
= GDP per capita (Rp/province)
= GDP per capita squared
= Regional population growth
= Error term
= Provinces of the sample
= Year of the sample

The GDP per capita (x1) and population growth (x3) are considered the underlying causes of
deforestation (macroeconomic level) according to Angelsen and Kaimowitz (1999). The GDP per
capita as an independent variable could indicate whether economic development threatens
deforestation. The population growth as an independent variable was measured regarding how
deforestation responded to population growth. The income per capita squared (x2) variable would
help answering the hypothesis of EKC whether environmental improvement occurs.
Proximate level
The proximate sources that were chosen in this research are the agriculture and timber sectors. The
research focused on the on-farm development and its impact on deforestation. The infrastructure
extension was not included due to limited prior research regarding the effect of infrastructure
extension on deforestation, especially in Indonesia. In addition, data regarding factors of
infrastructure extension likely do not exist. Palm oil prices, rice prices, meat prices, and timber
production were chosen to answer RQ2 due to their popularity in the investment sector. The
decision parameter used by agents is influenced by several factors, such as the market prices,
information, and the development of infrastructure (Angelsen & Kaimowitz, 1999). The idea is that
this study presumed the role of microeconomic factors, such as agricultural prices, and examined
the allocation of resources based on standard economic variables, in this case, prices of a commodity
(Angelsen & Kaimowitz, 1999). The allocation problem of resources has become a major issue in
Indonesia spatial planning. The changes in price affect the amount of forest loss, assuming all prices
are market determined, so market prices steer production decisions. The model below shows how
land use changes due to change in agricultural prices and timber production as proximate-level
variables (Angelsen & Kaimowitz, 1999). Thus, the potential model that can explain deforestation
under the microeconomic assumption is as follows:
Dit = D (Pit, TPit).
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Where Dit is the amount of forest loss (deforestation in ha), Pit is agricultural prices (IDR), TPit is for
timber production (cubic meters), i is the provinces in the sample, and t is the year (1991–2015). The
limited research about these two sectors’ correlation with deforestation, especially in Indonesia, is
still an ongoing debate. The recent debate is about the palm oil sector defense as a cause of
deforestation due to the obscure definition of deforestation that palm oil industry holds and the
international perspective on deforestation. Another reason this research was distinctive is that
Indonesia as a country that is formed by many islands with different ecological characteristics,
norms, agrarian structure, culture, and political history; thus, assessing deforestation on a regional
scale is expected to be more objective and reliable. For the microeconomic model as a proximate
cause, the model is as follows:
Dit = αi + X’it β + εit
D
α
β
X4
X5
X6
X7
ε
i
t

= Amount of forest area loss (ha)
= Constant term
= Slope of the parameters
= Price of CPO (Rp/L)
= Price of meat (no.)
= Price of rice (Rp/kg/province)
= Timber production (cubic meters)
= Error term
= Provinces of the sample
= Year of the sample

The agricultural prices included in this research are crude palm oil (CPO), rice, and meat. For several
types of research, the indication of these agricultural sectors’ contributions is the driver of
deforestation. This research analyzed how deforestation responded to the change of these variables
in Sumatra. The last variable is timber production. This variable represented the driver for
deforestation from the forestry sector. It was strongly considered to use the timber price index as a
variable instead of timber production due to potential errors, such as multicollinearity, but the
availability of the timber price index from early 1980 from the Indonesia Central Bureau of Statistics
was limited. Thus, timber production as closely associated with timber price as a proxy to explain
the timber sector was applied, as it could illustrate how timber production has affected deforestation
on Sumatra Island.
2.6.2. Implications for the scale of modeling
As stated in the title of the research, Sumatra was used as a case study. Since Sumatra is an island
in Indonesia, the national-scale level did not suit the research. The regional level was more suitable
for this research, although Sumatra is divided into several provinces. The regional level as the scale
used in this research could have several implications. The results from this research could neither
be used to explain the causes of deforestation in Indonesia at the national level nor to explain the
causes of deforestation outside Sumatra. However, if one aims to explore the province level or even
the household and firm level, the results of this research could be used as a basis to investigate the
causes of deforestation at lower levels.
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2.6.3. Implications for the type of modeling
To answer the specific research questions, an empirical model was chosen. The results of this
research are limited to correlational analysis of the variables. The results can neither predict nor
simulate deforestation. The implication of using empirical model research is that the results only
explain how certain variables influence deforestation by using historical data. Time is also ignored
due to the static framework being applied rather than a dynamic framework, which in this case fits
simulation models more (Kaimowitz & Angelsen, 1998).
2.6.4. Assumed causations
As discussed in the causations section, all variables have their classification regarding causations.
At the proximate level, every single variable has a specific causation. The expansion of palm oil
plantations, rice production, cattle ranching, and extensive logging affect deforestation; thus, singlefactor causation was assumed in this case. The case of these variables occurred at the same time;
according to Geist and Lambin (2001), this model could be treated as a concomitant occurrence
when variables occur concomitantly. This research focused on single-factor causations and
concomitant occurrence by quantifying the effect of variables on deforestation for each variable and
all variables together to determine the effect and how much variables affect deforestation. Similar
to the proximate level, in this research, the underlying level was considered single-factor causation
that might affect deforestation indirectly, although according to Geist and Lambin (2001), this is not
one of the causations.
2.6.5. Hypothesis
After empirical research and a literature review, the hypotheses arose and were formulated. A twotailed t-test was applied. Each variable was treated independently.
Income per capita
One hypothesis of this research is that the income per capita influences deforestation. This means
a change in income could influence deforestation. The mathematical form of this hypothesis is as
follows:
H0: β1 = 0; independently as a variable, the income per capita does not affect deforestation
Ha: β1 ≠ 0; independently as a variable, the income per capita affects deforestation
Income per capita squared
Following the approach of Kuzntes (1955), this research hypothesized that there is a relationship
between higher income and deforestation reduction forming a non-linear inverted U-shape
regression line. The mathematical form of this hypothesis is as follows:
H0: β2 = 0; independently as a variable, the income per capita squared does not affect
deforestation
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Ha: β2 ≠ 0; independently as a variable, the income per capita squared affects deforestation
Further, this variable is useful to identify whether there is a sign of environmental improvement
along with an increased income per capita.
Regional population growth
As one of underlying level variables, regional population growth was included in the model. This
research regarding demographic variables hypothesized that a change in population growth
influences deforestation. The mathematical form of this hypothesis is as follows:
H0: β3 = 0; independently as a variable, regional population growth does not affect deforestation
Ha: β3 ≠ 0; independently as a variable, regional population growth affects deforestation
Price of CPO
The hypothesis regarding palm oil prices in this research was that a change in the palm oil price
influences deforestation. The mathematical form of this hypothesis is as follows:
H0: β4 = 0; independently as a variable, the price of CPO does not affect deforestation
Ha: β4 ≠ 0; independently as a variable, the price of CPO affects deforestation
Price of rice
The hypothesis of this research regarding rice price was that a change in the rice price influences
deforestation. The mathematical form of this hypothesis is as follows:
H0: β5 = 0; independently as a variable, the price of rice does not affect deforestation
Ha: β5 ≠ 0; independently as a variable, the price of rice affects deforestation
Price of meat
The price of meat hypothesized that a change in the meat price influences deforestation. The
mathematical form of this hypothesis is as follows:
H0: β6 = 0; independently as a variable, the price of meat does not affect deforestation
Ha: β6 ≠ 0; independently as a variable, the price of meat affects deforestation
Timber production
As one of the proximate-level variables, timber production was included in the model. The
hypothesis of this variable was that a change in timber production influences deforestation in
Sumatra. The mathematical form of this hypothesis is as follows:
H0: β7 = 0; independently as a variable, timber production does not affect deforestation
Ha: β7 ≠ 0; independently as a variable, timber production affects deforestation
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In addition to individual hypotheses, the model as a whole was also assessed via a joint significant
test. In this model, the hypothesis was that at least one of the variables included in this research
influence deforestation. The mathematical form of this hypothesis is as follows:
H0: β1 = β2 = β3 = β4 = β5 = β6 = β7 = 0; variables as a whole do not contribute to deforestation
Ha: β1 ≠ β2 ≠ β3 ≠ β4 ≠ β5 ≠ β6 ≠ β7 ≠ 0; variables as a whole contribute to deforestation.
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3. Methodology
This chapter provides an explanation regarding the methodology used in this research. The chapter
starts with an explanation concerning the approach used in this research (3.1). Then, the data
collection is explained (3.2). The chapter ends with a discussion of the methods used to analyze the
data (3.3).

3.1. Research approach
The research approach adopted to answer the research questions was an econometrics case study.
First, the term econometrics is defined, and the rationale for choosing this as a research approach
is outlined. Second, the case study approach is described, including a description of the case study
selected.
Econometrics
Econometrics provides tools for analyzing economic problems. Econometrics is a combination of
mathematical economics and statistical methods. The statistical methods of econometrics are aimed
to obtain the values of parameters in a set of models containing coefficients of economic
relationships (Dougherty, 2007). Econometrics is focused on identifying a relationship between
different quantities using economic data based on economic theory (Frisch, 1933).
In general, the objectives of econometrics are threefold. The first objective is to provide knowledge
of the real economy. A simple economic theory, such as demand function theory, which explains
the relationship between quantity and price, could be explained using econometrics. Econometrics
fits the relationship between those two variables. Econometrics also can test hypotheses of whether
demand and price are related using a statistical method. Moreover, a statistical method can be used
to measure the responsiveness of one variable to another variable. The second objective of
econometrics is to make a prediction or forecast of the movement of a certain economic variable
based on the econometric model. Based on the prior example, suppose the proper relationship
shows that a price increase leads to decreasing demand; thus, the best way to respond is not to
increase the price and in case increase in the demand is avoided, the price needs to be maintained
in particular level. The third objective is to help to make and to evaluate a policy. Econometrics can
simulate the effects of one policy and predict the effects of an alternative policy. For example, with
the proper econometrics model, one could see, quantitatively, how the different increase in rice
subsidy affects the consumption of rice (Dougherty, 2007; Verbeek 2012; Wooldridge, 2010). The
third objective is not fully applied in this research because this research is not equipped to evaluate
policies. However, this research contributes to suggest policies based on results and discussions.
In the econometrics field, there are sub-divisions regarding the specializations: econometrics theory
and applied econometrics. Econometrics theory handles the development of methods and tools,
whereas applied econometrics handles the application of econometric methods and the
development of quantitative economic models (Hansen, 2014). In this research, the application of
econometrics was used to answer the research questions. Applied econometrics were helpful in
predicting the effects of certain subjects based on historical data, such as the area of land,
population, income, and prices from year to year. Applied econometrics was expected to assess and
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predict the effect of underlying causes on deforestation, the effect of proximate causes on
deforestation, and to explain the relationship between underlying and proximate causes.
Case study
The island of Sumatra (Indonesia) was chosen as a case study to explain how certain variables
influence deforestation. A case study allows the researcher to observe, explore, and understand a
complex issue, reconstructing (in this research) the history of a specific variable, which in this case
is land use change. According to Yin (1984, p. 23), “A case study investigates a contemporary
phenomenon within its real-life context, especially when the boundaries between phenomenon and
context are not clearly evident.” A case study was chosen in this research due to its ability to study
the phenomenon of interest, deforestation, offering a narrowly focused description of the single
individual or even groups as variables using historical data in Sumatra (Yin, 1984).
There are at least three types case studies: (1) intrinsic, (2) instrumental, and (3) collective case
studies. An intrinsic case study focuses on the uniqueness of a specific case and does not treat it as
a representative of another case; the researcher is more interested in a particular subject than the
general problem. In contrast to an intrinsic case study, an instrumental case study focuses on
general problems and the selection of a specific case is less important as long as general phenomena
and problems are offered. Thus, any case that can work well on the general problem can be chosen.
Third, a collective case study is based on several cases that are carefully selected. It allows
researchers to compare cases. In this type of case study, researchers are able to generalize the
findings based on several cases and to test a theory (Yin, 2009; Fidel, 1983). Based on the explanation
above, this research adopted an intrinsic case study approach, which put forward the uniqueness of
ecological characteristics, norms, agrarian structure, culture, and political history in Sumatra.
Sumatra is located in Indonesia, Southeast Asia and is surrounded by the Indian Ocean on the west
and south sides, Malaysia on the north side, and Borneo on the east side. Sumatra is one of the
largest islands in Indonesia with an area of 4.7 thousand square kilometers. The highest elevation
of Sumatra is located at Kerinci Mountain, which is 3805 meters. Sumatra is subdivided into ten
provinces: Aceh, North Sumatra, West Sumatra, Riau, Jambi, South Sumatra, Bengkulu, Lampung,
Bangka Belitung, and Riau Islands. Provincial boundaries can be seen in figure 3. The population in
Sumatra Islands is more than 50 million people (BPS, 2014), with a population density of 105 people
per square km. The highest populated city is Medan, North Sumatra. The booming population on
Sumatra began with the transmigration policy in the late 20th century, which aimed to redistribute
the population density in Java.
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Figure 3. Map of Sumatra Island with its 10 provinces (d-maps.com,
2017).

Most of the transmigrants work in the agricultural and plantation sectors as the mainstay of the
economy on the islands of Sumatra. Agricultural products such as rice, tea, coffee, and peanuts and
plantation products such as palm oil, rubber, and timber for various purposes and palm oil, rubber,
and timber derivation products are export commodities that drive the economy in Sumatra. The
development direction in Sumatra is to strengthen the economy in agriculture and plantations. This
has been proven by the amount of land provided by the government for seasonal crops and paddy
rice (Fearnside, 1997).

3.2. Data collection
As discussed above regarding econometrics, the need for proper economic data is important to
answer the specific research question. Each type of data has a unique form (cross-section, time
series, and panel). Therefore, the choice of using a specific statistical method to research a specific
problem depends on which type of data is to be used. There are three types of data in econometrics
that can be used for specific analysis.
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Cross-section data is a type of data that is collected at the same time for several variables without
considering the difference of time.
Time series data are a type of data in which the observations are repeated for the same variables
over time.
Panel data or longitudinal data are a combination of both cross-section and time series data.

This study used panel data. Panel data analysis is a method to study a specific subject with several
observations during specific a period of time. The repetition that panel data provides ease to the
researcher to observe the dynamics of change with short time series. The combination of crosssection and time series can increase the quality of the results that might be impossible if merely the
cross-section or time series method was used alone and estimate more complicated and realistic
models. In panel data analysis, the spatial dimensions, such as province and nation, are
accommodated and temporal dimensions related to periodic observations of a set of variables over
a particular lifetime are also accounted (Verbeek, 2008).
The use of panel data has advantages such as the explicit modeling of time and heterogeneity effects
and smaller potential bias due to the inclusion of unit specific effects in models (Baltagi, 2005). The
repeated observations on a set of cross-section units offers separation in within and between
variations that require many observations, which lead to efficient estimates. Panel data were applied
to assess how specific subjects affect deforestation based on provinces in Sumatra. The panel data
analysis predicted the interaction between each variable from the underlying level and proximate
level on deforestation. The steps of analysis are described below (for an overview, see figure 5). This
study dealt with panel data from the different provinces in Sumatra from 1990 until 2015 using
secondary data. According to Johnston (2014, p. 1), “Secondary data analysis is an analysis of data
that was collected by someone else for another primary purpose.” The sources of secondary data vary.
They can be obtained from the government, internet, books, and reports (Hox & Boeije, 2005). The
advantage of using secondary data is cost-effectiveness since the data have already been collected.
This study used secondary data due to the need to examine available data, which was provided by
the government to analyze how agricultural prices, timber production, economic development, and
population influenced deforestation in Sumatra from 1991 to 2015.
The (secondary) data were collected from the Central Bureau of Statistics of Indonesia. The Central
Bureau of Statistics office in Indonesia provides all the data needed for this research. The dependent
variable, forest area loss, was gathered by subtracting the forest area in recent year with the previous
year. The explanatory variables or independent variables used in this research are divided into two
categories: the underlying level and the proximate level. The variables in the underlying level are
the GDP per capita (thousand rupiahs) and population (number of people). The GDP per capita was
provided in every province in Sumatra every year. To examine whether there were environmental
improvements in Sumatra, the GDP per capita squared was obtain by squaring the GDP per capita
(Barbier & Burgess, 2002). Another variable in the underlying level is population. Population data
was one of the explanatory variables acquired from the Central Bureau of Statistics of Indonesia and
was published every year for each province. In the proximate level, the explanatory variables did not
vary; they concentrated on concerned commodity prices, such as palm oil prices, rice prices, and
meat prices and timber production. The complete properties of variables can be seen in table 4.
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Table 4. Variables used in statistical analysis (Source: Badan Pusat Statistik (BPS) (1991–
2016)
Dependent variable
Total deforestation area
(ha/year)

Variable
Code
defori

Years available

Information

1990–2015

Yt = Ft – Ft-1; where Y is the
forest area loss
(deforestation), Ft is the
forest area in the current
year, and Ft-1 is the forest
area in the previous year.

Deforestation in
Aceh
(ha/year)

1990; 1991;
1998; 2003–
2005; 2011–2015

Deforestation in
North Sumatra
(ha/year)

1990–1994;
1998; 2002–
2003; 2005;
2011–2015

Deforestation in
West Sumatra
(ha/year)

1990; 1991; 1993
–1995; 1997;
2002–2015

Deforestation in
Riau
(ha/year)

1990; 1991; 1995;
2000; 2002;
2003; 2005;
2011–2015

Deforestation in
Jambi
(ha/year)

1990; 1991;
1994; 1996–
2001; 2009–2015

Deforestation in
South Sumatra
(ha/year)

1990; 1991;
1999; 2002;
2006–2009;
2011–2015

Deforestation in
Bengkulu
(ha/year)

1990;1991; 1997–
2000; 2002–
2005; 2007–
2015

Deforestation in
Lampung
(ha/year)

1990; 1991;
1995–1997;
2000; 2001;
2005; 2011–2015

Independent Variables
Underlying level
GDP per capita (thousand
rupiah)

gdp

1990–2015

Environmental
Improvements (number)

gdps

1990–2015

Population growth
(number)

popg

1990–2015

gdps = (gdp)2
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Proximate level
Cooking oil prices, Palm
oil based (Rupiah)

palm

1990–2015

Meat prices (Rupiah)

meat

1990–2015

Rice prices (Rupiah)

rice

1990 2015

Timber production (cubic
meter)

timb

1990–2015

Data limitation became a problem in this study, as not all data for all variables were available for all
provinces over time (as shown in Table 4):
-

-

-

-

From the total of 10 provinces, two provinces (Bangka Belitung and Riau islands) could not be
included due to the required data being unavailable. This might be due to the fact that these
two provinces were only recently recognized as a province (early 2000). The two provinces were,
therefore, excluded from the analysis;
As illustrated in table 4, the data on the forest area per province were not provided every year,
so there are missing values in every province in particular years. For example, in Aceh Province,
the missing values for the forest area are from 1991 to 1997 and from 1999 to 2004. There are
some methods to deal with the missing data. The first is deleting the cases possessing missing
data. This method could not be applied in this research since the missing data are the topic of
this research (dependent variables). The second is mean imputation. This method replaces the
value with the average of the observations. This method could not be used in this research, as it
would take an average of 25 years to fill in the missing data. This could lead to even greater bias
since the trend in particular years could not be explained. The third is interpolation.
Interpolation is a method to construct new data points using available data within the range
(Allison, 2001; Honaker & King, 2010). The interpolation technique was applied to complete the
series of forest area in a missing year by considering the trend where the data are missing. The
advantage of interpolation is the stability of the data results (Dumitru et al., 2013).
For the timber sector, timber prices were not used in this study due to the unavailability of data.
One solution is the use of indices. Timber price indices were provided, but not yearly. The
problem with indices is also that the baseline per period is different considering every specific
year. For example, the price baseline for publication in the year 2000 in indices calculation used
year 1990, but for publication in 2005, the indices calculation used year 1995 as the price baseline.
These data could lead to bias if used together. Therefore, the usage of indices would be biased.
As the substitute for timber prices, timber production (in m3) was used as an explanatory
variable for finding the influence of the timber sector on deforestation following Burgess's (1993)
research in finding linkages between deforestation and timber production.
Due to the lack of available data on crude palm oil prices as an independent variable, the need
for another for palm oil prices was inevitable. Palm oil-based cooking oil prices were chosen as
the instrument to represent the crude palm oil prices. Palm oil in this case was an important
raw material to produce cooking oil. According to Rifin (2009), using the Granger causality
method, palm oil-based cooking oil could be used as the variable that represents palm oil prices
due to its natural behavior to follow the fluctuation of palm oil prices. Granger causality is a
statistical concept of causality based on premises and predictions (Granger, 1969). According to
Granger (1969), using Rifin’s (2009) results on Granger causality of crude palm oil and palm oil28

based cooking oil, if crude palm oil prices increase, it causes cooking oil prices to increase.
Cooking oil prices were used as a variable due to the information possessed in the variable as a
representative of palm oil prices. In this case, it could be a justification to use cooking oil prices
that are scientifically proven, strongly influenced by the fluctuation of palm oil prices.

3.3. Data analysis
The complete analysis took place in Stata (13th version). Stata is a multi-purpose statistical software
capable of solving the economic problem by providing and conducting data management, statistical
analysis, graphics, simulations, and regression. The use of this software is not limited to merely
economic subjects, but also used in various fields, especially social sciences, such as sociology,
political science, and health sciences, such as biomedicine and epidemiology (Cameron & Trivedi,
2014). Next, the steps taken to carry out the panel data analysis are described in more detail (for a
complete overview, see figure 5).
3.3.1. Determining the estimation model
Panel data analysis consists of two types of models, i.e., static and dynamic models (Verbeek, 2008).
A dynamic model deals with unique time series applications; in this case, the relationship between
variables are influenced by the different periods of time (Pedace, 2013). The use of a dynamic model
assumes current behavior depends on past behavior. Conversely, in a static model, the variables
included in the model refer to the same period of time. A static model without the influence of time
can tell the conditions at the equilibrium condition in a steady state (Pedace, 2013).
In general, this research only focused on how deforestation reacts to the change in each explanatory
variable at one point in time throughout the time span (1991–2015). Angelsen (1994), Scrieciu (2007),
Barbier (2001), and Bretschger and Smulders (2007) used a static model to explain the correlation
between dependent and explanatory variables. Kaimowitz and Angelsen (1998) reviewed the
economic model of tropical deforestation, which included a mostly static model to explain how
certain variables affect deforestation. With the static model, the responses of deforestation due to
underlying and proximate cause variables could be identified in a steady state without interference
from variables from the previous period. Thus, it is considered the best fit for this research. For
underlying causes, the model tried to explain how deforestation respond to the change of GDP per
capita and population growth. For proximate causes, the model tried to explain how deforestation
respond to the change of agricultural prices and timber production. The static framework considers
that forest clearing is determined by considering the present period only (Angelsen, 1999).
According to Wooldridge (2010), the static model in panel data analysis can be divided into two
categories. The first category is a model with unobserved effects. According to Wooldridge (2010, p.
248), an “unobserved effect is often interpreted as capturing features of an individual, such as cognitive
ability, motivation, or early family upbringing, that are given and do not change over time.” In the case
of land use, unobserved effects could be factors such as financial circumstances of the regional
government, industry, or even household and the unobserved effects are randomly distributed over
the landscape. In this category, unobserved effects are treated as a variable in the models. The
models consist of fixed effect (FE) and random effect (RE) models. The FE model assumes the
unobserved effect as an individual fixed effect that is arbitrarily correlated with other observed
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explanatory variables. Meanwhile, in the RE model, the unobserved effect is treated as an individual
random effect. The unobserved effect in the RE model is not correlated with other variables and
considered as an error. The second category is a model without an unobserved effect. The model is
also known as pooled ordinary least square (OLS). Pooled OLS is merely a linear panel data model
that has data over time in the same cross-section unit. The pooled OLS runs an OLS model on the
observation pooled across cross-sections and time periods (Wooldridge, 2010). Pooled OLS could
be applied after some tests for detecting the unobserved effect show the results which indicate that
unobserved effect is not present. (see testing for detecting unobserved effect part). The implication
of using the pooled OLS model while the unobserved effect is present is the inaccuracy of the results.
FE model
The term FE refers to the difference of intercept for each subject. In this research, subjects are
referred to provinces, but all intercepts and entities do not change over time and are called timeinvariant (Verbeek, 2008). “The fixed effect model is simply a linear regression model in which the
intercept terms vary over the individual units i” (Verbeek, 2008, p. 377). The FE estimation model is
shown as follows:
Yit = αi + βXit + εit
Where β is the estimate of Xit as a variable, εit is the error, and αi is a unique intercept for each
individual, which consists of the individual FE as unobservable factors in individual error, which
denotes a random element related to a subject at a particular point in time. The difference between
FE and OLS is that the OLS ignores the unit-specific intercept, which could lead to biased estimates
(Pedace, 2013).
RE model
In the RE technique, the FE is not estimated separately for each cross-sectional unit but estimated
as the error (Verbeek, 2008). The RE model is as follows:
Yit = μ + X’itβ + αi + εit
Where μ is the intercept, β is the estimate of Xit as a variable, αi is a unique specific element and εit
is error, and together αi and εit form a composite error.
The RE model consists of two residual variables (α and ε) which is called composite error term. This
composite error term consists of the unobserved effect related to the specific cross-sectional unit
(αi) and a random element that is not related to the cross-sectional unit (εit) (Verbeek, 2008). The αi
does not vary over time and common residual terms are uncorrelated over time. The assumption is
that αi are not correlated with independent variables if it is, and then the RE estimate is biased
(Pedace, 2013). The combination between αi and εi produces a correlation in error terms. The RE
model naturally relies on the generalized least square (GLS) procedure. GLS is a procedure that
eliminates correlation in error terms and produces a reliable standard error.
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Pooled OLS model
Pooled OLS is used when the tests show that there is no unique unobserved effect (as in the FE and
RE models explained above) found in the model. The pooled OLS model in the mathematical
equation is as follows:
Yit = αi + β Xit + εit
Where Y is the dependent variable, α is a constant, β is the coefficient of the independent variable,
X is an independent variable, and ε is the error term. At a glance, it looks similar to the FE model.
The difference is in the α component. Both FE and RE models possess unobserved heterogeneity,
which constitutes an unobserved effect as one of the components of the model. In the pooled OLS
model, the unobserved heterogeneity is not included, which indicates that there are no relevant
unobserved characteristics (Woolridge, 2010).
The difference between RE and OLS is that the OLS ignores the serial correlation in the error terms,
which could lead to biased estimates (Pedace, 2013). Both FE and RE estimations need to be tested
to decide which model is the best model. The error in estimating the model makes the estimate
either overestimated or underestimated. The difference between FE, RE, and pooled OLS model can
be seen in table 5.
Table 5. Differences between FE, RE, and pooled models (Dougherty 2007; Verbeek 2012,
Pedace 2013).
Fixed Effect

Random Effect

Pooled OLS

Yit = αi + βXit + εit

Yit = μ + X’itβ + αi + εit

Yi = αi + βXi + εi

αi as the unit-specific intercept

αi as the unit-specific error

αi as the unit intercept
constant

Intercepts vary over the individual unit.
The FE estimator includes a fixed
intercept and fixed effects are considered
deviations from the fixed intercept

Intercept constant

Absence of universal
effects across time

Does not affect the error term

Composite error, which
consists one unobserved
effect and completely
random element

Single error as the
disturbance term

Accommodate unobserved individual
heterogeneity

Correcting serial
correlation using the GLS
procedure

Relies on basic OLS
regression with
addition on entities
(pooled)
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Testing for detecting unobserved effects
There are several tests to determine what model should be used, which all can be conducted using
Stata software (the sequences of the tests can be seen in figure 5). First, the presence of an
unobserved effect in the model should be tested. The most common test is the Hausman test, which
tests the efficiency in contrast to the consistency of the model (Verbeek, 2008). Under the
hypothesis:
If E {Xit’ αi} = 0, RE&FE are both consistent, RE is efficient
If E {Xit’ αi} ≠ 0, FE is consistent, RE is not consistent
In the hypothesis above, consistent refers to a condition in which the sample size is changing
whether due to adding more or reducing the sample, the regression result is consistently showing
results that do not differ considerably. Efficient in the hypothesis above refers to small asymptotic
variance. Imagine the samples are spread out from their average value (e.g., linear regression line);
variance measures how far the numbers spread out. Thus, an efficient estimator is one that has a
small variance (Pedace, 2013). The technical calculation on how to calculate the Hausman test is:
H = (𝛽̂ FE - 𝛽̂ RE) / (σ2 FE - σ2 RE)
following the chi-square distribution where 𝛽̂ is the coefficient estimate of the independent variable
and σ2 is the covariance estimate of the coefficient. The RE model technique is more efficient than
the FE technique, but if a correlation between individual effects and independent variables is
present, the RE model technique is biased. In other words, the Hausman test checks the RE
assumption and help us determine which model is the best (Pedace, 2013; Verbeek, 2008; Dougherty,
2007; Gujarati, 2004).
If the Hausman test results in rejecting the null hypothesis (P < 0.05), the FE model should be
chosen, which indicates that the unobserved variable is present and correlated with the explanatory
variable. If the Hausman test results indicate that the null hypothesis cannot be rejected (P>0.05),
then the RE model should be chosen temporarily, which indicates the possibility that an unobserved
variable is present, not correlated with the explanatory variable and considered a composite error.
One test needs to be conducted immediately after the Hausman test has indicated that RE model
should be used temporarily, as it determines whether an RE is present. The name of the test is the
Breusch-Pagan Lagrange Multiplier (BPLM). It examines whether random effect variance is equal to
zero and implies that no random effect is present under the hypothesis:
H0: variance across entities = 0
Ha: variance across entities ≠ 0
If the results of the BPLM test show that the null hypothesis can be rejected (P < 0.05), the RE model
should be used permanently. If the results show that the null hypothesis cannot be rejected (P >
0.05), then there is no significant evidence on the difference across entities. If the BPLM test shows
an insignificant effect, it means that there is no unobserved effect in the model. Thus, pooled OLS
is the best estimator.

32

3.3.2. Assumption testing and model suitability
After having analyzed which model to use, in the next step, several tests (see figure 5) were taken to
determine:
-

Multicollinearity
Heteroscedasticity
Autocorrelation

Multicollinearity
The first test after deciding which model to use is multicollinearity. Multicollinearity arises when
two or more explanatory variables have a relationship in the model. There are two cases of
multicollinearity problems: perfect multicollinearity and high multicollinearity. Perfect
multicollinearity exists when a deterministic linear relationship occurs between two or more
independent variables in the regression model. A deterministic relationship refers to a situation in
which one variable depends on other variables. The implication of having multicollinearity in the
model is the low accuracy of the regression results. However, the regression model can be used but
with caution to avoid overestimation and overconfidence estimation. In high multicollinearity
cases, a high degree of correlation is present, but not entirely deterministic, or in other words, the
correlation is not perfect (Pedace, 2013; Dougherty 2007).
The implications of multicollinearity are the very high standard error and low significance level
although the joint significance and goodness of fit are high, and the possibility of an inaccurate
coefficient sign could lead to bias estimation (Greene, 2000). One way to see whether the model has
multicollinearity is by conducting a variance inflation factor (VIF) test. It examines the linearity
between independent variables. The VIF is calculated as follows:
VIF =

1
1−𝑅2

Where R2 can be obtained by regressing the model. The fundamental decision is if VIF < 10 then the
model do not suffer from multicollinearity (Pedace 2013, Dougherty, 2007).
Heteroscedasticity
The next test is the heteroscedasticity test. Heteroscedasticity exists when there is variability in error
over time. Imagine that sample errors are spread out from their average value (e.g., linear regression
line), the heteroscedasticity test measures how far the error spreads out. Homoscedasticity shows
the same dispersion of error over the range. In contrast to homoscedasticity, heteroscedasticity
shows the significant dispersion of the error over the range of observation, which indicates that the
error term does not have constant variance (Pedace, 2013). Figure 4 shows the illustration of the
appearance of heteroscedasticity.
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Figure 4. Model with a constant variance of error (homoscedastic) and with a
changing constant variance of error (heteroscedastic) (Dougherty, 2007)

The consequence of heteroscedasticity is that if a model with heteroscedasticity is used, the results
of the estimator would be misleading, and the model is no longer the best linear unbiased estimator
(Dougherty, 2007; Gujarati, 2004). To test whether models suffer from heteroscedasticity, the test
can be conducted with the following assumption:
H0: constant variance (homoscedastic)
The test can be conducted using the specific command in Stata depending on which model is used.
If the earlier test indicates that either the FE or RE model should be used, the modified Wald test
for groupwise heteroscedasticity can be conducted. If pooled OLS should be used, Breush–
Pagan/Cook–Weisberg can be conducted, which relies on the same theory of heteroscedasticity. If
the statistic P-value shows a significant result (P < 0.000), then the model suffers from
heteroscedasticity.
The FE, RE, and pooled OLS models cannot tolerate heteroscedasticity. To deal with this, the
feasible generalized least squares (FGLS) method, which was popularized by (Kmenta, 1986), is used.
FGLS is OLS estimator which applied to transformed regression which could eliminate
heteroscedasticity and autocorrelation. The FGLS method corrects disturbances, such as
heteroscedasticity, contemporaneously cross-sectionally correlation, and autocorrelation. These
estimates require cross-sectional dimensions smaller than the time dimension, which is the case in
this research (Hoechle, 2007). However, Hoechle (2007) also noted that the FGLS gives an optimistic
standard error.
Autocorrelation
The next step is autocorrelation. Also known as serial correlation, it is a condition in which the value
of error in one period of time correlates with another period of time. For example, the value of error
in the current year is associated with the value of error in the previous year. This test is used to
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identify whether there is error correlation between series (Verbeek, 2008). This test can be identified
by using the Durbin-Watson (DW) test with the following assumption:
H0: ρ = 0
In a simple regression model like Yit = αi + X’itβ + εit, the autocorrelation term is explained by εit = ρ
εit-1+ uit where the value of ρ is unseen. Thus, the DW test estimates the correlation between the
residuals in the current period and the previous period. The assumption of no autocorrelation for a
further step can be a basis to conduct another test, for example causality, also known as Granger
causality (Hoffmann et al., 2005). The implications of having autocorrelation are the low goodness
of fit due to error correlation and the variance; in addition, the standard error may be inaccurate,
which could lead to an imprecise forecast and prediction. As with the heteroscedasticity problem,
FE, RE and pooled OLS would be biased. The FGLS method corrects for autocorrelation.
3.3.3. Interpretation
As the tests claim that the model does not violate any assumptions in regression, the next step is to
determine whether changes in a resource were allocated for several commodities by looking at the
significance value of the estimates. The Interpretation session relies on the last step in the panel
data analysis (figure 5). Several tests are used:
- independent samples test
- joint significance test
- the goodness of fi.
For all tests, the significance approach is used to determine whether variables have an impact on
the dependent variable. The significance approach is based on the comparison between critical
values and distribution values, which depends on what kind of test and which distribution is used
(Pedace, 2013).
Independent samples test
The independent samples test is used to determine whether a single variable is statistically
significant. Generally, a t-statistic or z-statistic calculation is used. The difference between the tstatistic and z-statistic is whether the population standard deviation in the model could be
identified or not. If the population standard deviation could be identified, use the z-statistic
(Pedace, 2013; Dougherty, 2007). To check the significance, suppose the t-value of an estimate is 5
and the t-table on 0.05 two-sided alpha with 3 degrees of freedom is 3.18 (obtained from the t-table),
which means the critical region for both left and right sides, respectively, is -3.18 and 3.18. Following
the normal distribution, the t-value of 5 falls far from 3.18 and within a critical region, which means
the value is significant. The critical region is an area that describes how far our value is from the
null hypothesis (the area between -3.18 and 3.18, following the example above) to the t-value from a
calculation, which is enough to reject the null hypothesis.
Joint significance test
The F-test is used to identify whether all independent variables in the model as a whole are
significantly different or at least one of the variables is significant. This test is also known as a joint
significance test. The calculation of the F-statistic depends on the degrees of freedom of the samples
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and sample size. The results of the calculation further can be matched with the F-distribution table
calculation to identify whether the F-value falls in the critical region (Pedace, 2013; Dougherty,
2007). The steps are the same as those for the independent samples test.
However, as many independent t-tests and F-tests are conducted by comparing statistical values
and the distribution table, currently, the advent of the computer provides us with a more
straightforward method to measure significance: The P-value. It is the lowest value at which the null
hypothesis could be rejected and summarizing the power of significance test. The lower the P-value,
the stronger the estimate (Labovitz, 1968). The use of 5 percent level (.05 significance level) of
significance is based on practical use. The practical consequences are considered, such as
unrestricted results. According to Fischer (1956), there is no strict rule on choosing the significance
level other than being based on necessity. “If P is between 0.1 and 0.9 there is certainly no reason to
suspect the hypothesis tested. If it is below 0.02, it is strongly indicated that the hypothesis fails to
account for the whole of the facts. We shall not often be astray if we draw a conventional line at 0.05….”
(Fisher, 1956, p. 80). The use of .05 significance level in this research is referring to Bross (1971) in
his paper, noting that the usage of 5 percent level is feasible in research and can still detect
significant effects. The 5 percent level of significance, usually written as alpha (α) = 0.05 with a 95
percent confidence level, is used to reject or fail to reject the hypothesis and the condition applied
for both independent samples and joint significance tests.
Goodness of fit
The goodness of fit is useful to assess how good the model is according to the data. There is no
standard of the goodness of fit of the model, and it depends on the goal of the research. In general,
a low R-squared indicates that an important variable is missing from the model. However, a high Rsquared needs to be interpreted with caution. It could indicate spurious regression (Gujarati, 2004).
If the FGLS model needs to be used, for the R-squared explanation, McDowell (2003) noted that
unlike OLS, FGLS estimation does not include R-squared. In GLS estimation, R-squared is less useful
and does not represent the percentage of total variation, which is illustrated using the model.
However, if one wants to know the goodness of fit in FGLS estimates, the best way to calculate it is
to calculate the coefficient of correlation between the actual values of dependent variable and fitted
values of the dependent variables which means the goodness of fit in FGLS model derived from this
calculation is an appropriate measure of fit. The coefficient of correlation between actual value and
fitted value of dependent variable calculation could be used to represent the goodness of fit of the
model if the model does not provide the goodness of fit (R-squared) (Buse, 1973; Long & Freese,
2003). The steps to calculate the goodness of fit when using FGLS model is as follow (for complete
steps using Stata software, see appendix 2):
1. Regress the dependent and independent variables
2. Generate fitted value of the dependent variable
3. Predict the correlation between observed value of dependent variable and fitted value
variable
4. Generate the squared correlation coefficient (Long & Freese, 2003).
Every result in this study considers error based on the value orientation, which means the accuracy
of the estimate is less weighted due to unobservable factors in variables and the sample size issue,
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which in the opinion of the author of this research, is finite. After tests have been conducted, the
regression equation can be interpreted by looking at the coefficient that Stata offers in its table and
analysis. By looking at the estimate, an explanatory variable’s effect on the dependent variable could
be underst00d.
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Figure 5. Panel data analysis steps (Dougherty, 2007)
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4. Results: Description of Individual Variables
In this chapter, the overview of the individual variables is presented. The first subchapter presents
the overview of deforestation as the dependent variable (4.1) in Sumatra from 1991 to 2015. The forest
area was recorded on the graph to observe the dynamics of the forest area over time. Subsequently,
the overview of the independent variables from the underlying-level analysis is provided in
subchapter 4.2, which consists of the GDP per capita and the general population. Then, the overview
of the independent variables from the proximate-level analysis (4.3) is presented, which consists of
palm oil prices, rice prices, meat prices, and timber production.
The description of individual variables for both dependent and independent variables provides the
overview of the variables used in this research. The complete regression analysis chapter provides
an analysis on how and why deforestation occurred based on the regression results. How the
underlying and proximate causes play a role in deforestation are explained separately; then, how
both causes are related is explained in the next chapter. For the agricultural price variable, the
currency used is the local currency, Indonesian Rupiah (IDR) from October 2017, compared to USD;
1 USD = 13.529 IDR (World Bank, 2017)

4.1. Dependent variable: deforestation
In total, 14 million ha were deforested between 1991 and 2015 on Sumatra. The amount of area
deforested varied between the provinces and over time (see figure 6). For example, in the province
of Aceh, more than 400,000ha of forests were removed in one year (2009–2010). In North Sumatra,
the most deforestation occurred between 2010 to 2011 (850,000 ha). West Sumatra and Riau also had
a great deal of deforestation between 1991 and 2015 (1.1 million and 1.6 million, respectively).
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Figure 6. Forest area decline from 1991 to 2015 in every province in Sumatra per
year
In West Sumatra, the most deforestation occurred in the between 2005 and 2006. In Riau, it was
between 2010 and 2011. Jambi province in this research experienced the most deforestation from
1999 to 2000, losing more than 400,000 ha of forest area. South Sumatra and Bengkulu suffered a
great deal of forest loss. The greatest forest loss in South Sumatra happened between 2012 and 2013
by deforesting 2 million ha of forest area (orange line). The last province counted in this research is
Lampung, which had 1.2 million ha of forest area in 1990 and approximately 400,000 ha of forest
area in 2015.
The two provinces with the highest rates of deforestation are Riau and West Sumatra. On average,
Riau lost 214,642 ha of forest annually. This means, annually, 4.3% of forest area is converted to the
non-forest area. West Sumatra, on average, lost about 182,811 ha annually. This means 5% of forest
area is converted to non-forest area from year to year from 1991 to 2015. The two provinces with the
lowest rates of deforestation are Bengkulu and Lampung. On average, Bengkulu lost 20,005 ha
annually. This means, annually, 2.05% of forest area is converted to the non-forest area. West
Sumatra, on average, lost 36,603 ha annually. Although the annual forest loss is small, the
percentage of forest loss compared to the forest area is high; 5% of forest area was converted to nonforest area from year to year from 1991 to 2015. Overall, on average, Sumatra loss 89,948 ha per year,
with 3.18% of forest area converted into the non-forest area. The total forest area in Sumatra dropped
from 25,772,081 ha to 11,860,12o hectares in 25 years (1991–2015).
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4.2. Independent variables (underlying-level variables)
4.2.1. GDP per capita
At the underlying level, the development of the GDP per capita and population are explored as
variables that underlie deforestation. In figure 7, the GDP per capita in Sumatra shows an increasing
trend. The increase in the GDP per capita in Sumatra was more than tenfold from 1991 to 2015. All
provinces except Riau had a gradually increasing trend in income. The average growth in Riau
province is approximately 15%, which indicates gradual increasing income with a steeper slope than
other provinces, which means there is an indication of income inequality in Sumatra. The gap
between the GDP per capita in Riau 2015 and the average of another province in 2015 is
approximately 68 million rupiah, which shows that Riau has more advanced income compared to
others.
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Figure 7. The trend of the GDP per capita in Sumatra from 1991 to 2015

The two provinces with the highest growth in income are Riau and Jambi. On average, Riau annually
experienced 17% income growth from 1991 to 2015. Jambi experienced 15.7% income growth per year
from 1991 to 2015. Compared to the provinces with the highest growth in income, the provinces with
the lowest income growth are not considerably lower. The two provinces that have the lowest
income growth are Aceh and North Sumatra. On average, Aceh had an annual increase of 11% in
income per year, and North Sumatra had an annual increase of 9.8% in income annually from 1991
to 2015. On average, the income growth in Sumatra is 13% annually.
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4.2.2. Population
As one of the considerable underlying variables since population variables had a significant effect
in another study regarding the causes of deforestation, demographic factors (population) were
explored as independent variables in this research. Population growth in Sumatra from 1991 to 2015
was 3.3%. This means that Sumatra had an increase in population (see figure 8). The two provinces
with the most population growth were Riau and Jambi. Riau, annually from 1991 to 2015, had 2.9%
of growth. The population increased by 92% from 1990 to 2015 which means from 1990 to 2015, the
population in Riau almost doubled from approximately 300,000 to more than 600,000 inhabitants.
Unlike Riau, Jambi had 12% population growth annually from 1991 to 2015. The two provinces with
the least amount of population growth were West Sumatra and South Sumatra. West Sumatra had
1.06% of population growth, while South Sumatra had 1.01% annually from 1991 to 2015.
16000000

Population (Numbers)

14000000
12000000
10000000
8000000
6000000
4000000
2000000

1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

0

Population Aceh

Population North Sumatra

Population West Sumatra

Population Riau

Population Jambi

Population South Sumatra

Population Bengkulu

Population Lampung

Figure 8. Human population in Sumatra from 1991 to 2015
However, the highest population among the provinces recorded was almost 14 million in North
Sumatra in 2015, and the lowest is in Bengkulu (1,9 million). This could be due to North Sumatra
having a larger area than Bengkulu. The area of North Sumatra is approximately 73 thousand km2.
Compared to Bengkulu with 19 thousand km2, the reason is plausible.

4.3. Independent variables (proximate-level variables)
4.3.1. Palm oil prices
At the proximate level, palm oil prices were explored as a variable that could affect deforestation.
As shown in figure 9, the prices of cooking oil fluctuated, but overall followed an increasing trend.
The prices of cooking oil are explored to study the effect of palm oil on deforestation in Sumatra. In
general, the price of cooking oil in Sumatra on average increased by 14% annually (1991–2015).
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According to the figure, from 1991 to 1997, all provinces had stable prices below 3.000 IDR. After
1997, the prices dispersed until 2015. The highest price recorded was in Jambi in 2012, reaching 18,289
IDR. The development of palm oil-based cooking oil in Sumatra was considerable. In 1991, the
average price of cooking oil was 900 IDR, and after 25 years, it reached 12,238 IDR on average, more
than ten times higher. From 1991 to 2015, the price of palm oil increased about 14.3% annually. In
Sumatra, the highest development of palm oil prices occurred in Aceh and Jambi. Aceh experienced
an 18-fold increase in the cooking oil price comparing the price in 1991 with only 802 IDR and 14,262
IDR in 2015; Jambi had a 15.5-fold increase from 1991 (620 IDR) to 2015 (9703 IDR).
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Figure 9. The fluctuation in the prices of palm oil-based cooking oil in Sumatra from
1991 to 2015
According to the Ministry of Agriculture (2016), Riau is the province with the highest palm area,
with up to 2.4 million ha of palm oil area. However, the difference in prices in 1991 and 2015 is
recorded as the lowest. The cooking oil price was only 8.5 times higher (comparing the prices in 1991
and 2015). Figure 9 also shows that Riau is one of the provinces with a low cooking oil price in 2015.
This location of the palm oil industry considering the extensive palm oil area in Riau could explain
the lower price of palm oil or even its derivative products (e.g., cooking oil). The closer distance
between distribution plants and consumers could make the price lower.
4.3.2. Rice prices
Another proximate level explored was the rice price, which was suspected to be the driver of
deforestation. For an overview of rice prices in Sumatra, a summary of rice prices in Indonesian
currency (IDR) in each province can be found in figure 10. All provinces in Sumatra overall had
similar developments. In general, the price of rice in Sumatra is on average increasing by 13,7%
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annually (1991–2015). Prices from 1991 until 2006 were not really dispersed, and after 2006, prices
were began to disperse. According to figure 10, South Sumatra became the province with the lowest
rice price after 2006 until 2015. South Sumatra in 2015 recorded 8,399 IDR per kg. The highest price
recorded in 2015 was from Riau (11,708 IDR per kg). Besides having the highest price, Riau was also
recorded as the most developed in terms of the rice price. The price in 2015 was 22.7 higher than in
1991. The initial price of rice in Riau was 514 IDR (1991) and in 2015, it was 11,708 IDR.
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Figure 10. The development of rice prices in Sumatra from 1991 to 2015
Using Ministry of Agriculture (2016) data, rice production in Riau was the second smallest by
producing 450,807 tonnes of rice, and the smallest was Bengkulu (436,073 tonnes). Compared to
that, South Sumatra, as the province with the lowest price in rice recorded, was the least developed
in terms of price. The comparison between the prices in 1991 and 2015 indicates that price in 2015
(644 IDR) was 13,04 times higher than in 1991 (8,399 IDR). This could be due to the imbalance
between the population size and rice production. For example, the population of South Sumatra is
8 million with rice production of approximately 4.2 million tonnes. With the same rice production
in North Sumatra (4.1 million tonnes), it is not proportionate to the population in North Sumatra
which is 13 million. This condition could be the reason there is a dispersion in prices.
4.3.3. Meat prices
The next proximate variable explored in this research was the meat price. The price of meat
exhibited an increasing trend over time, as shown in figure 11. In general, the price of meat in
Sumatra on average increased by 13.7% annually (1991–2015). An extreme price reduction happened
in Riau between 2003 and 2004 and made Riau the province with the lowest price of meat for
approximately four years (2004–2007). However, the price gradually increased and in 2009,
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suddenly the price of meat in Riau was higher than the price of meat in Lampung. The development
of meat prices in Sumatra did not vary considerably. Initially, in 1991, the average meat price was
5,600 IDR; the highest was in South Sumatra (6,270 IDR), and the lowest was in Lampung (4,418
IDR). Compared to that, in 2015, the average price of meat was 109,000 IDR, the highest was Aceh
(113,917 IDR), and the lowest is West Sumatra (101,000 IDR).
120000

Prices (IDR/Kg)

100000
80000
60000
40000
20000

1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

0

Meat prices Aceh

Meat prices North Sumatra

Meat prices West Sumatra

Meat prices Riau

Meat prices Jambi

Meat prices South Sumatra

Meat prices Bengkulu

Meat prices Lampung

Figure 11. The increasing trend for meat prices in Sumatra from 1991 to 2015
Compared to the other commodity prices (e.g., cooking oil and rice), meat prices have had the
greatest development. The highest increase in price was in Lampung; the end price (112,218 IDR in
2015) was recorded as 25 times higher than the initial price (4,418 IDR in 1991).
4.3.4. Timber production
The fluctuation in timber production in Sumatra has varied. Some fluctuations occurred, for
example, in South Sumatra and North Sumatra. The fluctuations can be seen in figure 12. Although
Jambi had reached the highest timber production in South Sumatra with 7 million cubic meters
extracted in 1997, the fluctuation was hardly seen after that, and at the end of 2015, Jambi recorded
timber production of about 3.2 million cubic meters.
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Figure 12. The fluctuations in timber produced in Sumatra from 1991 to 2015

The logs export ban in the early 90s could have triggered the low wood production and continued
until 2015. An intense dynamic was shown in South Sumatra, the largest producer of timber among
other provinces cumulatively, and which had considerably high production in between 2010 to 2015.
When comparing the graph of timber production and the forest area in South Sumatra, timber
production appears to be a potential cause for the extreme decline of forest area in South Sumatra
from 2012–2013 (see figure 6). The timber production in 2013 was approximately 4 million cubic
meters, and this extraction was happening at the same time when South Sumatra loss 2.1 million ha
of forest area between 2012 and 2013.
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5. Results: Panel Data Regression Analysis
In this chapter, the panel data regression is presented. It also describes the analysis of how
deforestation responds to each variable for the underlying and proximate causes. The first
subchapter presents the underlying-level analysis (5.1) which represents the underlying causes of
deforestation. The second subchapter presents the proximate-level analysis (5.2), which represents
the proximate causes of deforestation. The analysis consists of tests for model determination and
model suitability as well as their interpretation. The last subchapter (5.3) of this chapter summarizes
the main findings.

5.1. Underlying-level analysis
The underlying-level analysis involved deforestation as the dependent variable and the GDP per
capita, environmental improvements, and population growth as the independent variables to
explore how these independent variables as the underlying causes of deforestation influenced forest
loss in Sumatra to answer research question 2 (RQ2,). For the environmental improvement variable,
the EKC theory was used to answer research question 3 (RQ3), which claims that with the increase
of income in one region/province/country, the awareness of the problem of the environment from
the inhabitants increased, which influences environmental improvements (Culas, 2007). Before
analyzing whether deforestation responded to a change in the independent variables, the best
model needed to be established. The full steps of underlying-level analysis with Stata software are
provided in Appendix 1.
To decide which model was the best fit to explain the underlying causes of deforestation, several
tests to determine the model were conducted. The first step was to determine whether to use the
FE, RE, or pooled OLS model using the Hausman and BPLM tests. The BPLM test does not need to
be used if the Hausman test shows a significant result. The complete results are provided below in
table 6. After determining which model should be used, it is essential to test the model for
suitability, which consists of multicollinearity, heteroscedasticity, and autocorrelation tests to
satisfy the best linear unbiased estimate assumption. After several tests are completed, the
interpretation session consists of the joint significance test, independent samples test, and goodness
of fit.
Table 6. Tests for model determination on underlying-level analysis
Test
Hausman
Test

Value

Statistic

Chi-squared
2.29

P-value
0.3182

Chi-squared
0.00

P-value
1.0000

BPLM Test

The Hausman test showed that there is no FE evidence in the underlying-level analysis. The P-value
following chi-square distribution (0.3182) indicates that the hypothesis of the presence of an FE is
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rejected, which states that the RE model is efficient. The rejection of the Hausman test indicated
that the RE model needed to be temporarily used. While temporarily using the RE model, the test
of whether RE was present needed to be conducted.
The second test was conducted to identify whether there is an RE in the model using the BPLM. The
BPLM test showed that there is no evidence of an RE (P-value > 0.05). The failure to reject the
hypothesis of the presence of an RE indicated that the model did not fit both FE and RE models.
After failing to choose between FEs and REs, pooled OLS might be the best model to apply. However,
before concluding that pooled OLS was the best fit, several tests needed to be conducted to
determine whether the pooled OLS suffers from multicollinearity, heteroscedasticity, and serial
correlation, which is shown in table 7 for model suitability.
Table 7. Assumption testing and model suitability for underlying-level analysis
Test
Multicollinearity test

Value

Statistic

Mean VIF
4.24
Heteroscedasticity test
Chi-squared
0.71

P-value
0.3985

F
1.189

P-value
0.3117

Autocorrelation test

The VIF test showed that multicollinearity was not present for every variable (<10). The variables
seemed to have accepted a degree of collinearity since the mean of VIF was 10 (4.24). Meanwhile,
the heteroscedasticity test showed that there is no heteroscedasticity present. The P-value (0,3985)
failed to reject the hypothesis of heteroscedasticity. In connection with that, the test of
autocorrelation showed that there are no autocorrelations. The P-value (0.3117) implied that the
hypothesis of the presence of autocorrelation is rejected. Thus, pooled OLS could be used. The
complete regression can be seen in table 8.
Table 8. Underlying-level pooled OLS regression results (Dependent variable: Deforestation)
Explanatory variable
GDP per capita
GDP per capita
squared
Population growth

Joint significance test

Regression
Coefficienta
4.77
(2.85)
-.000035
(.000032)
149.49
(7172.8)

P-value
0.096
0.281
0.983

0.2724

R-squared
0.0197
a: standard error in parentheses
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The pooled OLS showed that the variables were not jointly significant (P-value = 0.2724, which is
larger than 0.05). The joint significance test showed that there are no significant values in the model.
This means that all independent variables, jointly, do not have any significant effect on the
dependent variable. The low goodness of fit, (R-squared = 0.0197) indicated that the model can
explain only 1.97% of the variability of the data. This means that the model was not suitable for the
set of observations.

5.2. Proximate-level analysis
In proximate causes, the independent variables consisted of palm oil prices, represented by cooking
oil prices, rice prices, meat prices, and timber production. The goal of the analysis was to identify
how these independent variables act as the proximate causes of deforestation influencing forest loss
in Sumatra to answer research question 2 (RQ2). To determine which model was the best fit to
explain the proximate causes of deforestation, several tests to determine the model were conducted.
The full steps of proximate-level analysis with Stata software are provided in Appendix 2.
Using the same pattern as in the underlying level, first the FE model was estimated, Then, the RE
model was tested, which produced results that remained constant. The complete tests are provided
in table 9.
Table 9. Tests for model determination on proximate-level analysis
Test
Hausman
Test

Value

Statistic

Chi-squared
1.55

P-value
0.8178

Chi-squared
0.28

P-value
0.2982

BPLM Test

The result showed that null hypothesis of the occurrence of an FE was rejected, indicating that using
REs was more efficient (0.8178 > 0.05). This means that an unobserved variable was not present in
FE form. However, the BPLM test showed that there was no RE evidence present in the model
(0.2982 > 0.05). This means that an unobserved variable was also not present in the random form.
Thus, pooled OLS was more efficient for this model. Before deciding to use pooled OLS, several tests
were required. The complete tests are provided in table 10.
Table 10. Assumption testing and model suitability for proximate-level analysis
Test
Multicollinearity test

Value

Statistic

Mean VIF
7.13
Heteroscedasticity test
Chi-squared
317.7

P-value
0.0000*

Autocorrelation test
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F
1.739

P-value
0.2288

*: significant at 5% level
The test for multicollinearity showed that the variables did not suffer from multicollinearity by
showing 7.13 < 10 value. The heteroscedasticity test also showed that high variance of error was
present in this model (Heteroscedasticity P-value test < 0.05). The next test was autocorrelation.
However, the test for autocorrelation showed that the model was free from serial correlation (Pvalue > 0.05). The problem in the model was that heteroscedasticity was present. Therefore, the use
of pooled OLS was no longer reliable. FGLS was used to correct the model from heteroscedasticity.
The complete results are provided in table 11.
Table 11. Proximate-level FGLS regression results (Dependent variable: Deforestation)
Explanatory variables
Price of palm oil
Price of rice
Price of meat
Timber production

Joint significant test

Regression
Coefficienta
12.09
(5.47)
2.78
(11.42)
1.56
(.97)
.034
(.019)

P-value
0.027*
0.807
0.109
0.077

0.011*

R-squared
0.0469**
a: standard error in parentheses
*: significant at 5% level
**: calculated using coefficient of correlation between actual and fitted value
of dependent variable
The FGLS estimator showed that variables were jointly significant (0.011), which means that all
coefficients or at least one of the variables are not equal to zero. The next aspect was to look at the
significant value of variables. The only significant variable was palm oil prices (P-value <0.05). This
value implies that an increase in the price of palm oil led to an increase in forest loss. People thus
tended to clear forest when the price of palm oil increased. As we know, the factors that impact
prices vary. The production cost, both fixed and variable, such as inefficient production process and
post-harvest aspects, could lead to the increasing price of palm oil. Other than that, the goodness
of fit of this model was considered low (4.69%). This means the model only explained 4.69% of the
variation in the response data around its mean. This is plausible considering palm oil is the only
variable which gave significant effect on deforestation. For the complete steps and calculation on
how this research does obtain R-squared are provided in Appendix 3.
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5.3. Summary of the analysis
In the underlying-level analysis, there was no single significant independent variable which could
be seen from the rejection of the hypothesis of joint significant test for underlying level analysis.
Therefore, the changes in underlying cause variables did not influence deforestation. Different from
underlying causes, palm oil prices as proximate causes had a significant effect. Thus, the equation
for the proximate causes can be written as follows:
Deforestation = α +12,09.X1it
Where X1 is the palm oil price variable, i is the province sample, and t is the year of the sample. The
equation shows that deforestation responded positively to a change in the palm oil prices. Thus, the
rising price of palm oil tends to lead to an increase in the phenomenon of deforestation. According
to the model, an increase in the price of palm oil increased the loss of forest area on average, in every
province in Sumatra, as much as 12,09 ha. However, the goodness of fit of the model could only
explain 4.69% of the variability of the data around its mean.
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6. Discussion
This chapter critically analyzes and reflects upon the research carried out. To do this, the first
subchapter discusses the results (6.1). The second subchapter reflects upon theoretical framework
(6.2) used. The last subchapter ends the discussion with a reflection on the methods and limitations
(6.3).

6.1. Reflection on the results
The use of an econometrics case study was successful in explaining how deforestation respond to
both underlying cause and proximate cause variables in Sumatra. However, the reliability and
quality of the results were weaker due to the lack of available data, in connection with the
explanation of the need of interpolation to fill in the missing data. Thus, the results needed to be
interpreted with caution. Despite this, there was sufficient information to identify certain variables
influencing deforestation. In terms of the underlying causes, the explanatory variables did not
influence deforestation. Although the references (Angelsen & Kaimowitz, 1999; Geist & Lambin,
2001) indicated that there was a correlation between the variables used, the model was not
necessarily wrong. On the contrary, the result gave another fact that in a different area, the drivers
of deforestation could be different. However, causes of deforestation type of research needs to be
more explored to determine what drove deforestation at the underlying level. From a proximate
cause perspective, the analyses succeeded in explaining how deforestation responded to the
changing of prices.

6.1.1. Underlying-level analysis
The econometrics case study was carried out to examine how deforestation was impacted by
changes in the underlying and proximate variables. The underlying causes of deforestation were
examined to answer research question 2 (RQ2). The effects of the GDP per capita and population
growth as underlying causes were identified.
The hypothesis based on the theoretical framework of this research was that underlying cause
variables (GDP per capita, environmental improvements, and population growth) independently
influenced deforestation, as prior researchers have often claimed that economic development and
demographic factors influence deforestation (Angelsen & Kaimowitz, 1999; Geist & Lambin 2001).
However, according to the results from this study, no underlying cause variables had a significant
effect on deforestation (the joint significant, under the hypotheses that every explanatory variable
has value rather than zero, is rejected). Thus, the economic development and population growth
did not influence deforestation in Sumatra. The findings also demonstrated the low goodness fit of
the model (R-squared = 0.0197). This means that the model fits the data in only 1.97%, which
indicates that there were still many variables not included in the model. More research needs to be
conducted to find the underlying causes of deforestation in Sumatra using different variables both
from factors used in this research (economic, socio-political and demographic factors) or using
variables from another (technological factors).
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The insignificance of the GDP per capita and population growth for deforestation could be due to
the development of the off-farm sector (Contreras-Hermosilla, 2000; Meyfroidt et al., 2010). The
growth of the off-farm sector (e.g., finance sector), which absorbs most of the labor in the region, is
mainly located in urban areas. This phenomenon also influenced rural communities to migrate to
urban areas to work in the off-farm sector. As an implication of this migration, the growing
population is centered in the urban areas (Meyfroidt et al., 2010). In this way, the existence of forests,
mostly in rural areas, would not be affected by the growing population that mainly occurs in urban
areas (Contreras-Hermosilla, 2000). In terms of the GDP per capita, the same condition could be
applied. The sources of income primarily come from the off-farm sector, which has less contact with
forest resource utilization activities (Meyfroidt et al., 2010). For example, according to Badan Pusat
Statistik (2016), from 2007 to 2014, employment from the on-farm sector (agriculture, plantation,
forestry, and livestock) in Aceh dropped by 5%. In North Sumatra from 2001 to 2014, on-farm
employment dropped by 9.7%. A decreasing trend of on-farm employment also occurred in West
Sumatra. In 2002, on-farm employment in West Sumatra Reached 50.3%, and at the end of 2014,
only 37.5% of the population worked in the on-farm sector. In Riau, on-farm employment dropped
from 52% to 46% from 2005 to 2015. The general increase in the off-farm sector was from wholesale
and retail trade, restaurant, services, and hotels. The data present from Badan Pusat Statistik (2016)
could signify a decrease in on-farm income.
In environmental improvement variable, there was no evidence of environmental improvement as
a result of increasing income. This finding is in contrast to that of Culas (2007) regarding
environmental improvements in Latin America, demonstrating that along with the increasing
income, the awareness of the community regarding the environment, specifically deforestation,
would increase. Furthermore, the increasing awareness resulted in deforestation reduction. In this
study, this condition was not proven. The absence of environmental improvements is due to the
ongoing massive forest loss, although the income per capita continues to rise. The relationship
between income and environmental improvements was not found in this study. Although the onfarm employment gradually decreased, the reduction of deforestation according to the EKC theory
in this research could not be found. Thus, the decrease in on-farm employment was insufficient to
reduce deforestation. It cannot be denied that the problem is not only that the government needs
to develop the off-farm sector, but it also needs to pay attention to the growth of the on-farm sector,
which is discussed below.

6.1.2. Proximate-level analysis
In this section, the proximate causes of deforestation are discussed. The responses to timber
production and agricultural prices, such as palm oil, rice, and meat prices, as proximate cause
variables, were identified. The prices of commodities are one of the parameters used by agents of
deforestation to decide whether to convert forest (Angelsen & Kaimowitz, 1998).
The hypothesis based on the theoretical frame of this research was that proximate cause variables
(palm oil prices, rice prices, meat prices, and timber production) independently influence
deforestation, as prior researchers have often claimed that economic development and demographic
factors influence deforestation (Angelsen & Kaimowitz, 1999; Geist & Lambin 2001). However, in
this research, the only significant variable on proximate causes was the palm oil sector. Represented
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by cooking oil prices, the increasing prices of palm oil as one of the agricultural commodities
stimulated forest loss. This finding is supported by other research, such as Panayotou and
Sungsuwan (1994) in Thailand, Barbier and Burgess (1996) in Mexico, Wunder (2010) in Ecuador,
and Celentano et al. (2012) in Brazil, which show a positive correlation between deforestation and
higher agricultural prices. According to the results, there was a positive correlation between forest
loss and palm oil prices; in this case, is possible that forest areas’ conversion to palm oil areas is
more profitable. The findings demonstrated the low goodness fit of the model (R-squared = 0.0469).
This means that the model fitted only 4.69% of the data, which indicates that there were still many
variables not included in the model which give significant effect to deforestation in Sumatra in
proximate level.
Connecting the discussion regarding on-farm and off-farm developments on underlying-level
analysis, palm oil is proven as one of the on-farm sectors developing in Sumatra. According to BPS
(2015), compared to paddy field area, palm oil area expanded by, on average, approximately 25,000
ha, annually from 1991 to 2015. It was five times greater than the expansion of paddy field area in
that time. Paddy field area only expanded by, on average, approximately 5,000 ha, annually from
1991 to 2015. Thus, to cope with expansion of palm oil, the government could not only focus on
promoting and developing the off-farm sector, but also needs to limit the development of the palm
oil sector. Proper sales taxes, palm oil expansion moratoria, CPO export bans, and increasing the
public provisions referring to forest uses could be used as the policy to limit the development of
palm oil (Casson, 2000; Falconer et al., 2015; Gibbs et al., 2010; Busch et al., 2015).
The other variables, rice prices, meat prices, and timber production, had insignificant effects. These
variables did not stimulate forest loss according to the results. According to Angelsen and
Kaimowitz (1999), the reason higher agricultural prices might not influence deforestation is due to
the subsistence type of farming. This indicates that farmers produce only until they reach sufficient
consumption levels for themselves without clearing more land. The statement is supported by
evidence from another island, Borneo, in a study done by Nugroho et al. (2017). The authors’ findings
show that rice production does not affect deforestation due to the subsistence type of farming,
which is applied by the community. According to Nugroho et al. (2017), the inhabitants tend to
produce agricultural product with minimum input and output with goals only to feed themselves
without seeking any profit or surplus and influenced by indigenous law. However, this study could
not claim if the insignificance of rice prices, meat prices and timber production influenced by
subsistence farming due to unavailability of research regarding subsistence farming application in
Sumatra. Nevertheless, the research finding in Nugroho et al. (2017) and the result of this research
could be the basis of future research to prove whether subsistence type of farming exists in Sumatra.

6.2. Reflection on the theoretical framework
This study adopted variables from Angelsen and Kaimowitz (1999), Contreras-Hermosilla (2000),
and Geist and Lambin (2001) and their concept regarding levels of deforestation. The factors used
in this study could explain how deforestation responds to certain factors. Level of causes of
deforestation which developed by Angelsen and Kaimowitz (1999) and factors which developed by
Contreras-Hermosilla (2000) and Geist and Lambin (2001) had helped this study to identify which
factors could be blamed as the driver of deforestation. Furthermore, the result of this research could
help policy makers to formulate policies to suppress the increasing rate of deforestation. However,
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this study excluded the causations chains which appear in the theory of causes of deforestation
which developed by Angelsen and Kaimowitz (1999). In this context, causation chains refer to the
sequential relationship between underlying and proximate cause. The causation chains that
appeared between underlying and proximate causes of deforestation were ignored in this research.
The causation chains provided in Angelsen and Kaimowitz (1999) according to ContrerasHermosilla (2000) are not as neat as it would be. The relationships could be complex and could lead
to further bias in explaining the causes of deforestation, especially underlying causes.
The causation chains hypothetically end in causes higher than underlying causes (ContrerasHermosilla, 2000). For example, deforestation occurred because shifted cultivators need to survive
and ensure their families’ basic needs were met. They engaged in shifting cultivation because they
were poor and the alternatives to shifting cultivation were limited. They were poor because the
power structure discriminated against the poor by giving little access to resources. By looking at the
example, income or poverty as an underlying cause, according to Angelsen and Kamiwotiz (1999),
is the result of another underlying cause: the failure of the political system. Thus, from this example,
low income could not be considered the underlying cause. This indicates that research regarding
causation chains is more complicated and interconnected and needs to include all the factors (Geist
& Lambin, 2001). The heart of the problem may be overlooked when not including all factors, and
this research could not provide such a theoretical frame and methods. Future research regarding
the causation chains of deforestation, therefore, needs to include all factors. Other than that, the
factors influence deforestation from both underlying and proximate causes would vary over time
(Contreras-Hermosilla, 2000). The research regarding deforestation needs to be conducted over
time. For example, according to Tsujino (2016), the main influence of forest loss in Indonesia from
1980 to 1997 is the extensive timber extraction, and from 1997 to 2015, the main influence of
deforestation in Indonesia was the development of the agricultural sector. Depending on the
circumstances, such as the political condition, global economic structure, and most importantly,
the foundations of the behavior of society, the causes of deforestation could differ at particular
points in time.
The sources of deforestation were not selected as causes to study because of the focus on the driving
forces of deforestation and the decision parameters used by agents. The theory and method used in
this research are inadequate to explain behavior and decision-making processes at the source level.
Although the sources of deforestation were excluded, future researchers could analyze whether
deforestation is household- or enterprise driven (Geist & Lambin, 2001). The results of this research
could support accurate policies on palm oil. For example, if the deforestation were driven by
enterprise, policies such as an increase in taxes and forest provisions seemed plausible. However, if
the deforestation were driven by households, different policies might be needed. Moreover, the
exclusion of technological factors and infrastructure extension was due to limited preliminary
research regarding the influence of these issues, especially in Indonesia. For the palm oil variable,
which already had a significant effect, in-depth research regarding the factors that could influence
prices, such as input prices (e.g., fertilizer, seeds, and maintenance) should be considered (Angelsen
& Kaimowitz, 1999). The result of the research could be used as one of the bases for policy to
maintain the price of palm oil by maintaining the input prices for palm oil production.
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Due to limited research on the causes of deforestation regionally, especially in Indonesia, the
evidence on the involvement of both underlying and proximate causes is still mostly uncovered. The
implication of limited research on the causes of deforestation is the difficulty to generate applicable
policies as an attempt to reduce deforestation. The policies tend to be a short-term attempt if
ignoring broader aspect such as cultural aspects, economic structure, and demographical issues. In
addition to that, regional level research like this research is more applicable rather than global level
which tends to inapplicable on helping local deforestation (Geist & Lambin, 2001). Further research
regarding the underlying and proximate causes of deforestation could use different variables to
obtain a more comprehensive understanding of the causes of deforestation regionally.

6.3. Reflection on the methodological design
This econometrics case study has successfully examined how deforestation responds to variables’
changes. Both underlying and proximate cause variables were examined, and the responses of
deforestation on each level of deforestation variables were identified. Panel data efficiently
accommodated the regional data to support this research. In addition to that, panel data analysis
steps fit to conduct regional case study research which has cross-sectional data on each province.
However, the methodology suffered from several limitations. Sumatra as a case study indicates that
the research could not be a representative of the deforestation phenomenon in Indonesia. One
island might have different characteristics from others, assuming different islands have different
ecological characteristics, political history, and norms.
Another limitation is regarding the data used in this study. According to Angelsen and Kaimowitz
(1999), the data used under a quantitative framework regarding deforestation are mostly weak, and
the quality of the data is also poor. Unavailability becomes the problem when a researcher wants to
conduct a quantitative analysis of deforestation (Angelsen and Kaimowitz, 1999). The problem of
the poor quality of data was also an issue in this research. Thus, the model possesses methodological
weaknesses due to data availability, and the interpretation of the results should be considered with
caution. The data availability in Sumatra became a constraint to obtain a balanced panel (data
complete all rows and columns). Thus, the availability of data became a bottleneck in this research.
The implication of this problem resulted in caution when interpreting the regression analysis.
First, the lack of available data from Bangka Belitung province and Riau islands province led to their
exclusion from the analysis. Geographically, these provinces are located outside the main island.
Therefore, this analysis is only capable of explaining the deforestation phenomenon in the main
island of Sumatra. Thus, the influence of the missing provinces is unknown. Although Bangka
Belitung Islands cover 3.3% of the Sumatra area, which is larger than Riau islands that geographically
surrounded by the sea and covers only 1.6% of the Sumatra area, the research could not claim that
the inclusion of these two provinces would influence the results. In addition to that, research
regarding deforestation in these provinces do not exist yet.
Second, the missing data within the provinces was due to the absence of a survey in the year that
the data are missing. The unavailability of data in particular year made the changing of forest area
could not be identified. There is a possibility of inaccuracy although the research could not predict
how inaccurate the model was because the data were missing completely at random (Allison, 2001).
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Due to the unavailability of data, this research was limited to merely explaining the correlation.
However, the results could neither be used as the basis of prediction or forecast nor to explain
causality. The result of this finding could only explain the correlation between deforestation and
independent variables according to historical data. The implication of the unavailability of data
regionally makes research regarding regional deforestation in Indonesia challenging. It depends on
the objective of the research. Therefore, research which has objective to project deforestation in the
future would tend to have low accuracy. One of the solutions to this problem is to minimize the
sample size for practical purposes (Walter et al., 1998). However, if the research using panel data as
the method, the data would likely to suffer from unbalanced panel data. Therefore, the suggestion
to future research if one wants to conduct research with high accuracy, the research could focus on
one provinces which has complete data. The results of the study would be more proper if the
research objective has a tendency to predict future deforestation or to analyze causal relationship
(Dumitrescu & Hurlin, 2012).
Furthermore, this study did not indicate causality; it examined how deforestation responds to
changes in the variables. It did not explore what factors could cause deforestation. In other words,
variables that had a significant effect on deforestation were correlated with the event of
deforestation. This study could not accommodate the explanation regarding causal relationship
because the method is not appropriate. Again, the problem of missing data considered as one of the
reasons this study could not provide causal relationship. Other than that, this research ignored time
entity and using a static framework instead. Causal relationship fits more when the study uses a
dynamic framework (Rifin, 2009).
All in all, this study has sparked interest in avoiding deforestation endeavors using the causes of
deforestation theory popularized by Angelsen and Kaimowitz (1998) and has been adding new
knowledge based on a new case study. Besides that, this study provided materials which could be
considered to formulate policies regarding the effort of reducing deforestation by identifying factor
as the driver of deforestation.
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7. Conclusion
An intrinsic case study regarding deforestation in Sumatra was conducted to explain the responses
of deforestation on variables that fall into the underlying and proximate cause categories and the
relationship between them. The causes of tropical deforestation have been studied by other
researchers around the world, yet research focused on regional or province specifically in Sumatra
islands is limited. This study has endeavored to show how deforestation responds to changes in
agricultural prices and timber production, which rely on proximate causes, and to changes in the
GDP per capita and population growth, which rely on underlying causes.
Sumatra has been suffering from deforestation since 1991 and the deforestation in this island was
considerably high. It was recorded from 1991 to 2015 that the forest area dropped from 25,772,081 ha
to 11,860,120 ha. Sumatra had lost approximately 89,948 ha per year of forest, with 3.18% of forest
area converted into the non-forest area. One proximate cause of deforestation in this research that
correlated with the loss of forest in Sumatra is the palm oil sector. Palm oil, according to this
research was responsible for the loss of forest during the time frame selected (1991 – 2015). Palm oil
expansion triggered by the increasing of palm oil prices considered as one of the decision parameters
which highly weigh by agents of deforestation compared to rice, meat and timber. Although the
results must be interpreted with care, the changing palm oil prices on average in every province in
Sumatra are responsible for 12,09 ha of forest. An increase in palm oil prices triggers an increase in
forest loss by 12,09 ha, and a decrease in palm oil prices reduces forest loss by 12,09 ha.
The underlying cause variables represented by the GDP per capita and population growth variable
had insignificant effects on deforestation. Thus, at the underlying level, deforestation responds
neither positively nor negatively to the GDP per capita and population growth. This research showed
that increasing income and population growth were not the problems of the occurrence of
deforestation in Indonesia during the time frame selected. This means the underlying cause of
deforestation in Sumatra is still uncovered. Still, at the underlying level, evidence of environmental
improvements in the Sumatra deforestation case study could not be found. This indicates that there
is no correlation between increasing income and environmental improvements, which in this case
was deforestation in Sumatra, Indonesia. This means that deforestation in Indonesia continues and
the theories developed by Kuznets regarding environmental improvement was not proven.
In conclusion, the study of causes of deforestation is a complex study which requires reliable data,
numerous variable, and appropriate conceptual framework. Depending on the objective of the
research, in order to suppress deforestation, regional level is more effective to identify which factors
that could be responsible for the occurrence of deforestation in that area. That was proven in this
research although some variables give impacts on deforestation in other areas, the same variables
do not give any impact in Sumatra. One of the factors which responsible for the occurrence of
deforestation in Sumatra is palm oil. Palm oil sector as a proximate cause of deforestation was the
only variable influencing deforestation in this research. Deforestation responded positively, which
indicates that a positive change in price triggered deforestation. However, there are still many
variables which are not identified yet in research regarding causes of deforestation. This means, the
research regarding causes of deforestation still needs to be explored in Sumatra.
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Appendices
Appendix 1. Stata command used on underlying level and the results table
. xtset prov year, yearly
panel variable: prov (strongly balanced)
time variable: year, 1991 to 2015
delta: 1 year
.
. qui xtreg defor gdp gdps popg, fe
. est store macrofe
. qui xtreg defor gdp gdps popg, re
. est store macrore
. hausman macrofe macrore
Note: the rank of the differenced variance matrix (2) does not equal the number
of coefficients being tested (3); be sure this is what you expect, or
there may be problems computing the test. Examine the output of your
estimators for anything unexpected and possibly consider scaling your
variables so that the coefficients are on a similar scale.
Coefficients
(b)
(B)
macrofe
macrore
gdp
gdps
popg

4.063967
-.0000426
-733.3871

4.776294
-.0000353
149.4986

(b-B)
Difference
-.7123268
-7.27e-06
-882.8857

sqrt(diag(V_b-V_B))
S.E.
.5319505
7.50e-06
1334.909

b = consistent under Ho and Ha; obtained from xtreg
B = inconsistent under Ha, efficient under Ho; obtained from xtreg
Test:

Ho:

difference in coefficients not systematic
chi2(2) = (b-B)'[(V_b-V_B)^(-1)](b-B)
=
2.29
Prob>chi2 =
0.3182

66

. qui xtreg defor gdp gdps popg, re
. xttest0
Breusch and Pagan Lagrangian multiplier test for random effects
defor[prov,t] = Xb + u[prov] + e[prov,t]
Estimated results:
Var
defor
e
u
Test:

sd = sqrt(Var)

9.39e+10
9.33e+10
0

306442.6
305441.8
0

Var(u) = 0
chibar2(01) =
Prob > chibar2 =

0.00
1.0000

. qui reg defor gdp gdps popg
. vif
Variable

VIF

1/VIF

gdp
gdps
popg

5.86
5.86
1.00

0.170570
0.170684
0.995521

Mean VIF

4.24

`
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. xtserial defor gdp gdps popg
Wooldridge test for autocorrelation in panel data
H0: no first-order autocorrelation
F( 1,
7) =
1.189
Prob > F =
0.3117
. reg defor gdp gdps popg
Source

SS

df

MS

Model
Residual

3.6727e+11
1.8320e+13

3
196

1.2242e+11
9.3471e+10

Total

1.8688e+13

199

9.3907e+10

defor

Coef.

gdp
gdps
popg
_cons

4.776294
-.0000353
149.4986
39723.64

Std. Err.
2.859688
.0000326
7172.811
35630.05

t
1.67
-1.08
0.02
1.11

Number of obs
F( 3,
196)
Prob > F
R-squared
Adj R-squared
Root MSE

P>|t|
0.096
0.281
0.983
0.266

=
=
=
=
=
=

200
1.31
0.2724
0.0197
0.0046
3.1e+05

[95% Conf. Interval]
-.8634152
-.0000996
-13996.3
-30543.84

10.416
.000029
14295.3
109991.1
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Appendix 2. Stata command used on proximate level and the results table
. qui xtreg defor palm rice meat timb, fe
. est store microfe
. qui xtreg defor palm rice meat timb, re
. est store microre
. hausman microfe microre
Coefficients
(b)
(B)
microfe
microre
palm
rice
meat
timb

7.505531
2.697891
-.5039166
.0598562

7.004527
14.95502
-1.652623
.0686859

(b-B)
Difference
.5010038
-12.25713
1.148706
-.0088296

sqrt(diag(V_b-V_B))
S.E.
5.070412
14.71628
.9989529
.0113939

b = consistent under Ho and Ha; obtained from xtreg
B = inconsistent under Ha, efficient under Ho; obtained from xtreg
Test:

Ho:

difference in coefficients not systematic
chi2(4) = (b-B)'[(V_b-V_B)^(-1)](b-B)
=
2.05
Prob>chi2 =
0.7272
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. qui xtreg defor palm rice meat timb, re
. xttest0
Breusch and Pagan Lagrangian multiplier test for random effects
defor[prov,t] = Xb + u[prov] + e[prov,t]
Estimated results:
Var
defor
e
u
Test:

sd = sqrt(Var)

9.39e+10
9.17e+10
4.54e+08

306442.6
302892.6
21305.9

Var(u) = 0
chibar2(01) =
Prob > chibar2 =

0.28
0.2996

. qui reg defor palm rice meat timb
. hettest
Breusch-Pagan / Cook-Weisberg test for heteroskedasticity
Ho: Constant variance
Variables: fitted values of defor
chi2(1)
Prob > chi2

=
=

322.47
0.0000

. qui reg defor palm rice meat timb
. vif
Variable

VIF

1/VIF

meat
rice
palm
timb

11.89
10.11
5.58
1.10

0.084095
0.098898
0.179167
0.911616

Mean VIF

7.17
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. qui reg defor palm rice meat timb
. xtserial defor palm rice meat timb
Wooldridge test for autocorrelation in panel data
H0: no first-order autocorrelation
F( 1,
7) =
1.731
Prob > F =
0.2298
. xtgls defor palm rice meat timb, panels(hetero)
Cross-sectional time-series FGLS regression
Coefficients:
Panels:
Correlation:

generalized least squares
heteroskedastic
no autocorrelation

Estimated covariances
=
Estimated autocorrelations =
Estimated coefficients
=

defor

Coef.

palm
rice
meat
timb
_cons

12.09906
2.783383
-1.565787
.0344797
8295.68

8
0
5

Std. Err.
5.475585
11.42038
.976214
.0194927
14328.6

Number of obs
Number of groups
Time periods
Wald chi2(4)
Prob > chi2

z
2.21
0.24
-1.60
1.77
0.58

P>|z|
0.027
0.807
0.109
0.077
0.563

=
=
=
=
=

200
8
25
12.94
0.0116

[95% Conf. Interval]
1.367113
-19.60015
-3.479131
-.0037252
-19787.85

22.83101
25.16692
.3475572
.0726846
36379.21
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Appendix 3. Goodness of fit calculation in proximate level analysis
. regress defor palm rice meat timb
Source

SS

df

MS

Model
Residual

8.7774e+11
1.7810e+13

4
195

2.1943e+11
9.1332e+10

Total

1.8688e+13

199

9.3907e+10

defor

Coef.

palm
rice
meat
timb
_cons

7.034176
16.05983
-1.766677
.0696085
19759.07

Std. Err.
11.18973
21.78066
2.364451
.0253974
39322.71

t
0.63
0.74
-0.75
2.74
0.50

Number of obs
F( 4,
195)
Prob > F
R-squared
Adj R-squared
Root MSE

P>|t|
0.530
0.462
0.456
0.007
0.616

=
=
=
=
=
=

200
2.40
0.0512
0.0470
0.0274
3.0e+05

[95% Conf. Interval]
-15.03425
-26.89607
-6.429857
.0195196
-57793.34

29.10261
59.01573
2.896503
.1196973
97311.47

. predict deforp if e(sample)
(option xb assumed; fitted values)
. corr defor deforp if e(sample)
(obs=200)

defor
deforp

defor

deforp

1.0000
0.2167

1.0000

. di r(rho)^2
.04696933
.
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