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Abstract: Uganda possesses natural rainforests that serve enormous environmental ecosystems and
biodiversity services. Moreover, the country is known for its various tropical rainforest hardwoods,
birds, and animal species. Over the years, the trend in the natural forest land has declined at an
alarming rate; hence need to investigate the possible drivers. The loss of such biodiversity and ecosystems risks desertification and extreme climatic condition. As the world moves towards Zero Deforestation 2030, understanding the determinants of deforestation and forest degradation is paramount. Therefore, the main objective of this study was to understand the impact and relationships
between net forest conversion, energy emission, agriculture, and forest production of Roundwood.
We used data from FAO for the period 2004-2016. Using the ADF and KPSS test, we checked for the
unit root presence in the variables. Also, the study used two different regression models: multiple
linear regression and dynamic linear model. To analyze the determinants of deforestation, we used
net forest conversion in Uganda. There was 94 % variation in the dependent variable (Net Forest
conversion). The outcome of the dynamic linear regression showed that agriculture and energy
emission positively impact net forest conversion. Based on our findings, this study recommended
the modernization of agriculture by the government of Uganda to stop cutting down the forests on
a big scale. Also, the study suggested that the government strictly legislate Roundwood and wood
fuels/charcoal and firewood to reduce huge dependency on forests toward Zero-Deforestation by
2030. If well-structured and implemented, government policies could solve the unnecessary over
dependency on the rainforest, the heart of the region's climatic conditions.
Keywords: Agriculture; climate change; energy emission; forest transformation; policy actions; livelihood; wood fuel; Zero-Deforestation

1. Introduction
Forests globally play a critical role in human wellbeing and a sustainable environment through ecosystem and biodiversity services [1,2,3,4,5,6]. However, deforestation in
Uganda has been on the rise for the past few decades, causing environmental degradation
[4,7,8,9]. Various studies suggest that policy action with efforts toward the root causes
could help the world mitigate and reduce deforestation to achieve Zero-Deforestation by
2030 [10,11,12,13,13,14,15,16,17,18]. Most of these were done in Latin America, where commercial agriculture value chains hurt forest biodiversity and ecosystems.
Uganda is a developing nation that heavily relies on wood fuel [7,8,9,19]. Like other
African countries, wood fuel is the core energy source for heating at factories, commercial
and household cooking in Uganda [9,19,20].
It is not surprising that deforestation in Uganda is striking, as many people continue
to use fuelwood for cooking. Other studies indicate that deforestation is somewhat driven
by farming systems, which increasingly clear forested land for farming [21]. Furthermore,
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Waiswa et al. [22] explain that clearing forests for commercial agriculture remain a common practice in Uganda. It could account for about a higher percentage in Uganda and
other countries.
Recent research indicates that deforestation has increased in the Northern Albertine
region, in rural Western Uganda. Twongyirwe et al. [23] investigated and presented findings of perceptions from local people in the region on the causes of deforestation for the
period between 1985 and 2014 [23]. Their results indicated that the increasing expansion
of cash crop farming (28%-58.5%) is driving deforestation in the Northern Albertine region. Other driving factors mentioned in the study include population increase and moving forest protection boundaries. A few more studies investigated the core drivers of deforestation in the Lake Victoria Crescent in Uganda (1989 and 2009) [22]. The authors employed a case study approach to explore the issue. Their findings indicated that agricultural expansion into forest areas is one of the leading drivers. They also listed wood forest
products and clearing forests for other non-agricultural activities as core contributing factors. Further, they categorized causes of deforestation as institutional, economic, and population growth as the leading factors.
Although these factors are critical in driving deforestation, it is projected that commercial logging contributes to clearing forests in East African counties, including Uganda
[23,24,25]. Other factors such as cash crop plantation, cattle ranching, and road construction are also said to contribute a percentage (Figure 1). This is supported by various African studies [23,24,25,26]. For example, multiple studies indicate that governments in Africa support cash crops such as tea and sugarcane crops which contribute to clearing/cutting forests.

Figure 1: Trend in some of the causes and impacts of deforestation in Uganda (Own analysis)
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The activities of people generally drive deforestation. There seem to be consensuses
that deforestation is one of the biggest causes of climate change in Uganda and other countries (20,22,27). There is a possible solution to stop it, especially at the political and policy
levels in many nations, including Uganda. Nonetheless, actions such as regulating the
logging business, strict protection of natural forests, and addressing some pressing human
issues that drive deforestation in Uganda can help reduce the practice.
This study conducted a sensitive, quantitative assessment of some of the causes and
impacts of deforestation. This study aimed to analyze sensitively the possible factors that
fuel deforestation in Uganda and the region. We conducted multiple linear regression,
dynamic linear regression (DLR), and multicollinearity statistical tests to understand the
problem.
2.0 Literature Review
The section literature covers some of the major causes of deforestation that have been
attempted to be studied before, such as population, agriculture, energy needs, wood/timber for export, and corruption.
2.1 Population increase
Prior studies indicate that population increase requires more land to establish housing and settlements, which causes deforestation [21,28,29]. These studies indicate increases in human activities, including road construction, urbanization, and farming. In
other words, as people increases, their demand for food and farmland also grows, and
this has been one of the drivers of deforestation in African countries, including Uganda.
Moreover, cutting down forests for building materials, furniture, and other forest products has been pushed by the ever-growing population [30,31]. All these activities directly
influence the increasing human population, which will be a threat to already encroached
forests. Various scholars support this, suggesting that Uganda's forests are threatened by
deforestation due to the increasing population [9,31]. However, Jagger & Kittner's [9] findings suggest that deforestation has severe implications for humans and the environment,
especially in African countries' biomass-dependent and population-dense settings.
A study conducted in Budongo and Bugoma Forest Reserves revealed more than 10%
of forest loss between 1985 and 2014 [23]. Another investigation was conducted in Bwindi
Impenetrable Forest and indicated a loss of forests of 8% due to agriculture expansions
[23]. Primarily, these human activities result from population growth in the country. According to the study conducted by Josephat [32], population growth in Uganda has increased the demand for agricultural land and wood fuel. Consequently, this has escalated
the rate of deforestation in many parts of the country [9,31,32]. Although the government
of Uganda has put some regulations to reduce the rate of deforestation, the demand for
forest products keeps on increasing due to population growth.
2.2 Wood for export
Forest product exports continue to contribute to the current deforestation rate in
Uganda [20,33]. The authors indicate that forest products such as commercially utilized
biomass like timber for construction threaten forests in the country. Prior reports suggest
that most of the timber and wood exported from Uganda mainly goes to Rwanda and
Kenya [34]. However, most forest products, particularly timber traded in Africa, come
from the eastern Democratic Republic of Congo [35]. Mostly, wood from Congo ends up
in Uganda or sometimes transits through Uganda to other African countries. Recently,
this trade has been widened by the growing international and regional demand.
Wood-based industries, especially paper and furniture, require a substantial wood
quality. Despite the commercialization of these forest products, charcoal and firewood are
primarily used for cooking and heating. Lukumbuzya and Sianga [34] showed that
Uganda exports forest products to its neighboring countries [34]. For example, the same
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study indicates that from 2010 to 2013, Uganda exported forest products worth between
USD 500,000 to One Million USD per year. However, it is also revealed that the official
export of Ugandan hardwood is zero because the government does not allow it. Most
hardwood timber comes from other countries, particularly DRC and Uganda re-exports.
2.3 Agriculture and extensive farming
Agriculture is among the leading drivers of deforestation in developing countries,
including Uganda [36,37]. One needs land to practice agriculture. With the development
of agriculture to feed the ever-growing population, more and more land is required. Hosonuma et al. [37] 's study assessed various drivers of deforestation by analyzing empirical
data from different countries as part of their REDD+ readiness activities. Their findings
indicated that commercial agriculture is indeed one of the most important drivers of deforestation, followed by subsistence farming. Other research investigations confirm that
population increase and per capita consumption significantly increase agricultural demand in Uganda [38].
Forests are cut down for agriculture to obtain land for farmers. Nonetheless, deforestation on a grand scale is visually dramatic. It brings many environmental changes,
some of which are immediate and detrimental, but other incremental and not immediately
apparent changes. However, it should be noted that cutting down forests also affects agriculture due to climate change. Interestingly, prior research suggests that if a forested
area is regenerated through management techniques that include selective cutting and
block cutting, that area is expected to revert to the full stocking before tree removal
[39,40,41,42]. Despite the importance of these techniques, forests in Uganda remain threatened by commercial and subsistence agriculture.
2.4 Corruption in the land and resources sector
Land is one of the most significant resources that sustain millions of livelihoods in
Uganda. However, the land resources sector in Uganda is heavily compromised by corruption [43]. Like most African countries, Uganda is faced with a high level of corruption.
Corruption has been exhibited in many forms in the land and resources sector, i.e., power,
money, and resource [44,45]. Studies indicate that any of these forms of corruption can
lead those in power to work in favor of a few, thus compromising land rights [40,44,46].
For example, most corruption cases in Uganda's land and resources sector come from the
administration and justice systems layers. Some studies indicated limited access to critical
information, institutions, and procedures governing land ownership, a mixed tenures system, complex laws, as well as insufficient access to the justice system are some of the core
factors contributing to the high level of corruption in Uganda's land and resources sector
[40,44,46].
Prior research suggests that preventing or reducing corruption cases in the land and
resources sector requires a collective effort and close supervision and monitoring of land
administration agencies [47,48]. Such close supervision is critical in keeping officers in
check while ensuring integrity in their services to the country. Like in most African countries, the consequences of corruption in Uganda are dire [47]. Moreover, these consequences are even worse in the land and resources sector. As Bhatt et al. [46] explain, land
and resources corruption is a serious obstacle to the development of a nation. It affects the
good livelihood and distorts economic development.
Rukundo & Kirumira [43] reported rampant corruption in Uganda's land sector
while citing how the practice disproportionately impacts women. However, the government of Uganda has taken various measures to reduce corruption cases in the land and
resources sector [47]. For example, Anti-corruption was put in place to investigate any

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 April 2022

doi:10.20944/preprints202204.0218.v1

5 of 14

corruption cases [46]. Nonetheless, measures have not been so effective, thus, leaving
room for corruption to thrive [49].
2.5 Household energy
Household energy is one of the leading causes of deforestation in Uganda [8,9,19].
Bamwesigye et al. [19] indicated that charcoal and firewood fuel are the core drivers of
deforestation in Uganda. The authors employed qualitative and quantitative research
methods to investigate Uganda's charcoal and wood fuel energy use. Their findings revealed that more than 90% of households in Uganda use charcoal and firewood, which
explains why there has been a rapid increase in deforestation. Many scholars have investigated household energy sources, and deforestation patterns reveal that fuelwood is one
of the core energy sources for cooking, and forests are the main target [19,50]. For example,
Sassen et al. [50] speculated that local communities, especially those who live around forests, often depend on them for firewood and charcoal sources.
Prior studies paint that the demand for fuelwood in African countries, especially subSaharan Africa, is expected to grow [19,51]. These studies indicate that wood fuel, especially charcoal and firewood, is the most utilized form of household energy [19,51]. Forests
in Uganda are plugged into degradation as many people continue to cut down trees seeking charcoal and firewood in their homes [9,19,50,51]. While reflecting on these studies,
there is a need for all stakeholders to find remedial solutions to the current ever-growing
deforestation practices in the country.
3. Materials and Methods
The aim paper is to investigate some of the determinants of deforestation and forest
development in Uganda. In achieving this objective, we consider some factors(variables)
that are significant to the study using Granger. It is well-known that time series analysts
have a different approach to analyzing economic data [52].
Assessing the impact of the independent variables, we considered several tests which
aim at getting a linear regression using the Ordinary Least Squares (OLS). However, we
used both multiple linear regression and a dynamic linear model to conduct our outline
goal of the study. These tests include summary statistics, correlation matrix, the autocorrelation of the error terms, Unit root, and multicollinearity.
The study used a secondary data source from the Forest and Agriculture Organization of the United Nations (FAO) from 2004 to 2016 [53]. A summary statistic was carried
out using the observation number of 13 of all the variables to obtain the mean and the
standard deviation. A correlation matrix is to check the relationship between the variable
and how they influence each other.
We employed the Augmented Dickey Fuller test (ADF) and Kwiatkowski-PhillipsSchmidt-Shin (KPSS) test to check for unit root test presence in the selected variables. Unit
root tests help determine whether the time series is stationary or non-stationary. The
method of testing whether a time series has a unit root or equal in value is that the variable
follows a random walk [54]. We used the variants constant and trend (time), without constant and with constant. The equations below indicate the test for all the variants.
∆𝑌𝑌𝑡𝑡 = 𝛽𝛽1 𝑌𝑌𝑡𝑡−1 + ∑𝑃𝑃𝑖𝑖=1 𝛾𝛾𝑖𝑖 ∆𝑌𝑌𝑡𝑡−1 + 𝜇𝜇𝑡𝑡 ………………………………. (1)

𝑝𝑝
∆𝑌𝑌𝑡𝑡 = 𝑎𝑎0 + 𝛽𝛽1 𝑌𝑌𝑡𝑡−1 + ∑𝑖𝑖=1 𝛾𝛾𝑖𝑖 ∆𝑌𝑌𝑡𝑡−1 + 𝜇𝜇𝑡𝑡 ……………………..… (2)

𝑝𝑝
∆𝑌𝑌𝑡𝑡 = 𝑎𝑎0 +𝑎𝑎1 𝑡𝑡 + 𝛽𝛽1 𝑌𝑌𝑡𝑡−1 + ∑𝑖𝑖=1 𝛾𝛾𝑖𝑖 ∆𝑌𝑌𝑡𝑡−1 + 𝜇𝜇𝑡𝑡 ………………… (3)

However, under the KPSS unit root testing, the null hypothesis (𝐻𝐻0 ), 𝜇𝜇𝑡𝑡 is constant,
and the variance of 𝜀𝜀𝑡𝑡 is zero. The alternative hypothesis (𝐻𝐻1 ), 𝜇𝜇𝑡𝑡 is a random walk, and
the variance of 𝜀𝜀𝑡𝑡 is positive. The KPSS is shown in equation 4.
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𝑋𝑋𝑡𝑡 =𝑟𝑟𝑡𝑡 + 𝛽𝛽𝑡𝑡 +𝜀𝜀1 …… (4)
The KPSS test is built on linear regression, which breaks up the time series into three
parts (a deterministic trend (𝛽𝛽𝑡𝑡 ), a random walk( 𝑟𝑟𝑡𝑡 ), and a stationary error (𝜀𝜀𝑡𝑡 ) in the
regression equation.
We performed a multicollinearity test using the variance inflation factors (VIF). It is
greatly known that the symptoms of multicollinearity in a regression model is an increase
of variance of regression coefficients. The approach of variance inflation factors VIF ( 𝛽𝛽 𝑗𝑗̂ )
indicates the relative variance of the j-th coefficient of regression. It holds that VIF ( 𝛽𝛽 ̂𝑗𝑗 ) ≥
1. If VIF ( 𝛽𝛽 ̂𝑗𝑗 ) exceeds the limit of 10, severe multicollinearity in the model. The variance
of j-th regression coefficient can be written as in equation (5).
Var ( 𝛽𝛽 𝑗𝑗̂ )=

𝜎𝜎 ̂2
𝑒𝑒
2
� 1−𝑅𝑅𝑗𝑗 �.∑𝑛𝑛
𝑖𝑖=1(𝑥𝑥𝑗𝑗− 𝑥𝑥̅ )2

= Var ( 𝛽𝛽 ̂𝑗𝑗 )=

𝜎𝜎 ̂2
𝑒𝑒
𝑛𝑛
∑𝑖𝑖=1(𝑥𝑥𝑗𝑗− 𝑥𝑥̅ )2

…. (5)

However, the multicollinearity assumption states that none of the regressors should
be a perfect or linear combination. Multicollinearity violates the classical assumption.
Conversely, verifying for no autocorrelation between predicted variables and the error terms from the regression outputs in our first model, we used the Durbin-Watson
(DW) autocorrelation test. The null hypothesis (𝐻𝐻0 ) There is no first-order autocorrelation,
and the alternative hypothesis (𝐻𝐻1 ): there is first-order autocorrelation. The test statistic
calculation is shown in equation two (6) below.
𝑑𝑑 =

2
∑𝑇𝑇
𝑡𝑡=2(𝑒𝑒𝑡𝑡 −𝑒𝑒𝑡𝑡−1 )
2
∑𝑇𝑇
𝑡𝑡 𝑒𝑒𝑡𝑡

….. (6)

In the dynamic linear model, we used the Breusch-Godfrey test for autocorrelation
up to order 5. The Durbin Watson is ruled out because it is not capable of testing for a
regression model with a lag of the dependent variable at the right side of the equation.
Breusch-Godfrey can test for autocorrelation of the highest order. The equations for the
multiple linear regression and dynamic linear models are shown below in equations 7 and
8.
𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐴𝐴𝐴𝐴𝑡𝑡 +𝛽𝛽2 𝐸𝐸𝐸𝐸𝑡𝑡 +𝛽𝛽3 𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 +𝜀𝜀𝑡𝑡 ….…. (7)

Under the model equation (7) of the ordinary least squares, we expect agriculture to
be positive, energy emission to be negative, and forest production at Roundwood. In contrast, we expect a negative coefficient for forest production Roundwood in the dynamic
linear model.
𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐴𝐴𝐴𝐴𝑡𝑡 + 𝛽𝛽2 𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 +𝛽𝛽3 𝐸𝐸𝐸𝐸𝑡𝑡 +𝛽𝛽4 𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡−1 +𝜀𝜀𝑡𝑡 …. (8)

Where NFC is the Net Forest conversion, Ag is Agriculture, Em is Energy emission
and 𝛽𝛽4 𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡−1 is the lag of the dependent variable. Also 𝛽𝛽1 , 𝛽𝛽2 , 𝛽𝛽3 , and 𝛽𝛽4 are the regression coefficients while 𝜀𝜀𝑡𝑡 represents the error term, and 𝛽𝛽0 representing the constant
term of the obtained model. All the analyses were done using Gretl software.
The significance level used for this is 5%. The p-values can be used as an index of the
"strength of the evidence" against the null hypothesis(H0) [55]. According the proposed
level of p=0.05, or α"1 in 20 chance is being exceeded by chance", as a limit for statistical
significance [56]. Fisher's reiterated p= 0.05 (5%) threshold explained the logic, stating that
it is usual and convenient for experimenters to take 5% as a standard level of significance.
They are prepared to ignore all outcomes that fail to reach this standard [55].
4. Results and Discussion
Table 1 provides a summary statistic for all the variables. We first observed that agriculture has a high mean than the means of the other three indicators. It appears that the
forest production of Roundwood has the lowest mean value. Consequently, Agriculture
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had the highest median, followed by energy emission, net forest conversion, and forest
production of Roundwood respectively.
Table 1. Summary Statistics.

Variable
Net Forest conversion
Forestry Production Roundwood
Agriculture
Energy Emission

Mean
51.1
4.397e+07
14030
303.4

Median
S.D.
51.1
0.0005189
4.373e+07
2.953e+06
14265
462.3
307.4
84.47
Source: Own analysis

Min
51.1
3.948e+07
13262
119.2

Max
51.1
4.819e+07
14415
433.0

The correlation coefficients using all the observation in table 2 with a 5% critical value
(two-tailed) was equal to 0.5529. Forest production of Roundwood, agriculture, and energy emission negatively correlate with net forest conversion.
Table 2. Correlation matrix.

Net Forest con- Forestry Production Roundversion
wood
1.0000
-0.9043
1.0000

Energy Emission
-0.7860
-0.2387
Net Forest conversion
0.9416
0.5210
Production Roundwood
1.0000
0.4581
Agriculture
1.0000
Energy Emission
Source: Own analysis
However, we will restrict our significance level to 5%. Based on the regression output
from both ADF and KPSS tests showed that there was a unit root presence in the time
series. The unit root presence showed that the time series were non-stationary. Under the
ADF test for unit root, the null hypothesis of unit root presence is equal to 1, and the
asymptotic p-value was used to check whether there is a unit root or not. The table of the
ADF test showed there was a unit root. The KPSS test had the null hypothesis of no unit
root present in variables based on the critical value. Analyzing the critical value from the
KPSS table indicated a unit root presence.
Agriculture

Table 3. Unit root test results (ADF).

Variables
Net Forest Conversion
Agriculture

Energy emission

Forestry Production Roundwood

With constant trend
Constant (0.06886*), Time
(0.0968*),
asymptotic p-value (0.5634)

Without Constant
With constant
Net forest conversion
Constant (0.4241), Net Forest conver(0.2852), asymptotic p-value sion (0.8091), asymptotic p-value
(0.8091)
(0.2852)
Constant (1.76e-05***), agriculture
Constant (0.0684*), Time (0.2019), Agriculture (0.9616), as(6.39e-16***), asymptotic p-value
asymptotic p-value (0.2274)
ymptotic p-value (0.9616)
(6.388e-16)
Constant (0.0281**), Time
Energy emission (0.8526), Constant (0.0188**), Energy emission
(0.5249), asymptotic p-value
asymptotic p-value (0.8526) (0.1121), asymptotic p-value (0.1121)
(0.3352)
Forestry production roundwood (1)
Constant (0.4120),
Constant (0.0529*), Time (0.0656*)
asymptotic p-value (1)
Forestry production roundwood
asymptotic p-value (0.5094)
(0.8794), asymptotic p-value (0.8794)
Source: Own analysis
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Table 4. KPSS Unit root test.

Variables

Without Trend
With Constant and Trend
Constant (1.68e-61***), test statistics
Constant (3.43e-56***), time (0.0001***),
Net Forest Conversion
(0.384119), Interpolated p-value (0.089) test statistic (0.0991501), P-value (> .10)
Constant (1.15e-15***), test statistics Constant (5.81e-20***), time (4.57e-11***),
Forestry Production Roundwood
(0.45005), Interpolated p-value (0.056) test statistic (0.117718), P-value (> .10)
Constant (1.25e-18***), time (5.74e-06***),
Constant (2.28e-19***), test statistics
Agriculture
test statistic (0.13465), Interpolated p(0.407545), Interpolated p-value (0.078)
value (0.084)
Constant (2.06e-08***), test statistics Constant (0.0004***), time (0.0483**), test
Energy emission
(0.310885), p-value (> .10)
statistic (0.10082), P-value (> .10)
Significance codes: *** 1%, ** 5%, * 10%
The results showed no multicollinearity among the variables as they were lower than
the set value for severe multicollinearity (Table 5).
Table 5. multicollinearity test.

Variables
Agriculture
Energy Emission
Forestry Production Roundwood
Source: Own analysis

Variance inflation factor
8.937
1.390
9.692

4.1 Regression Results
Model 1 of multiple regression seems good. This shows that the constant is significant, and so are the regressors' coefficients. However, the forest production of Roundwood has a negative impact on net forest conversion. Net conversion positively affects
energy emissions and agriculture (Table 6). The dependent variable for the model is Net
Forest conversion. Model 1 is not affected by autocorrelation, heteroskedasticity, and
specification error. Normality from model 1 has a constant variance (Table 6 and Figure
2, respectively).
Conversely, the dynamic model approach was applied to investigate whether net
forest conversion from the previous period has any effect on the current time period. The
dynamic linear model in model 2 looks much better than model 1 because it has the lowest
information criterion. The lower information criterion makes a model much better and fits
it well. The regression output for model 2 is indicated (Table 7).
𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 = 51.0945+0.000000762𝐴𝐴𝐴𝐴𝑡𝑡 +0.00000215𝐸𝐸𝐸𝐸𝑡𝑡 -0.000000000303𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 + 𝜀𝜀𝑡𝑡 (Model 1)

Table 6. a: Multiple Linear Regression Estimation (Model 1).

Variables
constant
Agriculture
Energy Emission
Forestry Production Roundwood

Coefficient
51.0945
7.61799e-07
2.14532e-06
−3.03214e-10

Std. Error
0.00208528
2.65769e-07
5.73729e-07

t-ratio
2.450e+04
2.866
3.739

p-value
1.60e-36***
0.0186**
0.0046***

4.33369e-11
−6.997
Significance codes: *** 1%, ** 5%, * 10%

6.35e-05***
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Table 6. b. model variants.

Mean dependent var
Sum squared residual
R-squared
F (3, 9)
Log-likelihood
Schwarz criterion
rho

51.09254
1.82e-07
0.943528
50.12414
99.08520
−187.9106
−0.170643

S.D. dependent var
S.E. of regression
Adjusted R-squared
P-value(F)
Akaike criterion
Hannan-Quinn
Durbin-Watson

0.000519
0.000142
0.924705
6.11e-06
−190.1704
−190.6349
2.091400

Figure 2. Normality test for model 1.

𝑁𝑁𝑁𝑁𝑁𝑁𝑡𝑡 = 58.0027-0.0000000003057𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 +0.000000987𝐴𝐴𝐴𝐴𝑡𝑡 +0.00000279𝐸𝐸𝐸𝐸𝑡𝑡 +𝜀𝜀𝑡𝑡 (Model 2)

Table 7a: Dynamic Linear Model (Model 2).

Variables
Coefficient
Std. Error
t-ratio
constant
58.0027
10.3134
5.624
Forestry Production
−3.56524e-10 7.99721e-11
−4.458
Roundwood
Agriculture
9.86756e-07 3.64991e-07
2.704
Energy Emission
2.79492e-06 8.66787e-07
3.224
Net Forest conversion −0.135229
0.201861
−0.6699
Significance codes: *** 1%, ** 5%, * 10%

p-value
0.0008***
0.0029***
0.0305**
0.0146**
0.5244

Table 7b: Model 2 variants.

Mean dependent var
Sum squared residual
R-squared
F (4, 7)
Log-likelihood
Schwarz criterion
rho

51.09250
1.58e-07
0.947443
31.54741
91.85875
−171.2930
−0.212254

S.D. dependent var
S.E. of regression
Adjusted R-squared
P-value(F)
Akaike criterion
Hannan-Quinn
Durbin's h

0.000522
0.000150
0.917411
7.09e-06
−173.7175
−174.6151
−1.028548
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The output of the dynamic linear model gives similar impact signs to the coefficients
of the regressors in model 1. However, the lag of the dependent variable is not statistically
significant.
The coefficients in model 2 increased due to limited size, which may have caused bias
in the regression coefficients (Table 7). However, there was no heteroskedasticity among
the error term. This indicates that the error term has constant variance. The normality for
model 2 shows that the error term is normally distributed based on the p-value (Figure 3).

Figure 3. Normality of residual from the model 2 regression output.
Table 8. Breusch-Godfrey test.

Variables
constant
Forestry Production roundwood
Agriculture
Energy Emission
Net Forest conversion_1
uhat_1
uhat_2
uhat_3
uhat_4
uhat_5

coefficient
3.40209
−4.87696x1011
1.22528x107
−8.43410x107

Standard error
13.7058
1.00606x1010
3.90384x107
6.52524x107

t-ratio
0.2482
−0.4848
0.3139
−1.293

p-value
0.8271
0.6757
0.7833
0.3254

−0.0665740
−0.847832
-1.45126
−1.63631
−1.30817
−0.944448

0.268265
0.457970
0.508613
0.522725
0.687414
0.434299

−0.2482
−1.851
−2.853
−3.130
−1.903
−2.175

0.8272
0.2053
0.1040
0.0887 *
0.1974
0.1617

The Breusch-Godfrey test in table 8 indicates no autocorrelation among the error
terms. The autocorrelation was performed up to lag 5. The p-values from the standard
errors testing for serial correlation at 5% significance indicate no autocorrelation among
the error terms.
This sensitive analysis confirmed some of the doubts, debates, and thoughts on significant causes of deforestation in Uganda, such as agriculture and energy needs. Deforestation has been indicated to be accelerating at a high rate in Uganda. The descriptive
analysis also showed a steep increasing trend in wood production (Roundwood), agricultural land, and energy emissions from firewood/wood fuels.
Deforestation in Uganda is mainly caused by cutting down forests to create land for
agriculture and other uses, such as wood exports, timber, and household energy [19,22].
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It was revealed that charcoal and firewood fuel are among the core drivers of deforestation in Uganda [9,19,22]. Our study agrees with [9,19,22], who investigated household
energy sources and deforestation patterns that revealed that fuelwood is one of the core
energy sources for household cooking, which equally contributes to total energy emissions. Moreover, energy-related drivers of deforestation have been linked to population
increase. For example, several studies indicated that human activities such as population
increase requires more land to establish housing and settlements, agriculture, and energy
needs are the lead causes of deforestation [21,28,29].
Although the land is one of the greatest resources that sustain millions of livelihoods
in Uganda and globally, it is heavily compromised by corruption [43]. Corruption has
been exhibited in many forms in the land and resources sector, i.e., power, money, and
resource [43]. These forms of corruption can lead those in power to work in favor of a few,
thus compromising land rights, among other political-economic decisions that would reduce pressure on forest resources. Arguably, most land and resources issues come from
national forest institutions responsible for overseeing management-related activities. Besides, without proper land and resources management, deforestation in Uganda will continue and cause environmental effects detrimental to people's health and climate.
The limitation of this analysis can be a result of the small sample data size. However,
further research needs to employ a large data sample size to carry out the same study to
determine whether these variables would be statistically significant. Also, further research
about this study could separately assess the short and long runs effect of the present situation on the future of Uganda's net forest conversion.
5. Conclusions
Deforestation is one of the biggest problems causing climate change in Tropical Africa and globally. Based on the evidence presented in the literature, deforestation in
Uganda has been on the rise for the past few decades, hence causing environmental degradation. Uganda is one of the developing nations that heavily rely on wood fuel. It is
worth noting that much has been lost to deforestation. This has caused degradation in
most parts of the world, thus, calling for collective efforts to mitigate the impact. Although
the effects of deforestation prompt people to develop various policies, regulations, and
institutional reforms to reduce the current rate, most of the initiatives have not been successful.
Nonetheless, effective management of Uganda's forests should prioritize every citizen to save the environment. Even with such willingness to be part of initiatives to save
the already threatened forests, most people in Uganda lack critical information in their
decision-making. Therefore, protecting forests requires government, public, and private
inputs.
The objective of this paper was to assess some determinants of deforestation and forest development in Uganda for the period 2004 to 2016. Using the ADF and KPSS test to
check for the unit root presence in the variables, the results showed unit roots in the selected regressors.
Multiple linear regression was used to analyze the determinant of net forest conversion in Uganda compared to other techniques because it has several advantages over other
alternative approaches. The was 94% variation explained in the dependent variable (Net
Forest conversion).
The outcome of the dynamic linear regression showed that agriculture and energy
emission had a positive impact on net forest conversion, whereas forest production of
Roundwood had a negative effect. The test on multicollinearity shows no severe multicollinearity among the variables. However, the test for autocorrelation in the error term using
Breusch-Godfrey indicates no sequential correction.
Based on our findings, this study concludes by recommending more modernized agriculture by the government and individuals as it would boost production activities. Policy reforms on energy innovations and investments in renewables and clean energy mix
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to reduce energy emissions. This will also help curb the massive dependency on wood
fuel for firewood for household cooking which has contributed enormously to deforestation
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