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Abstract

Africa is a continent experiencing the highest yearly rate of deforestation. As a result,
there is debate about the causes and consequences of this phenomenon, as well as on the
effectiveness of actions undertaken to address this problem. This study offers insights
into economic aspects of deforestation in Africa with regard to the use of econometric
and spatial data analysis and the inclusion of determinants not considered by previous
research. Special attention is paid to the participation of African countries in UN-REDD
(United Nations Collaborative Program on Reducing Emissions from Deforestation and
Forest Degradation in Developing Countries) and grouping countries according to the
level of their forest cover. We demonstrate a negative relationship between economic
activity and forest cover using both econometric modeling and spatial data analysis, and
present some moderate arguments in favor of the UN-REDD program and its effectiveness
in mitigating deforestation in Africa. Importantly, there are no universal patterns across
countries characterized by different levels of forest cover. Therefore, we conclude that
advancement of this research area requires new methodological approaches based on big
data, machine learning, and artificial intelligence to supplement existing approaches and
enhance our understanding of the interplay between forest loss and economic growth.
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1. Introduction

Mutual relationships between the natural environment and economic activity are
complex and include both virtuous and vicious circles. A primary example of this com-
plexity is the role of forests, which preserve biodiversity, protect the soil, sequester and
store carbon, purify the air, regulate the climate, and ensure a stable water supply [1].
Simultaneously, forest products play an important role in the economies of many countries,
especially developing ones. About 20% of rural income is derived from forests, and for
some countries, they are the only source of income [2]. Many countries, particularly those
characterized by dynamic demographic processes, experience a greater demand for arable
land and overharvesting. It is estimated that 15 billion trees are cut each year, and since the
inception of mankind, the global number of trees has fallen by about 46% [3].

Deforestation is a process of environmental degeneration marked by the reduction
in the forest area [4] and associated with numerous dangers. Forests are home to 70%
of all land animal and plant species; thus, loss of habitat is one of the most conspicuous
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consequences [5]. Animals migrate to cities, spreading zoonotic diseases [6]. At the same
time, deforestation increases greenhouse gas emissions, contributing to climate change [7].
Finally, forest degradation can be a threat to food security [8].

The process of deforestation is noticeable on every continent of the world, but Africa
is the continent experiencing the largest annual rate of net forest loss, equal to 3.9 million
hectares per year during 2010-2020 [1]. Over the past decades, the forest cover in the vast
majority of African countries has decreased [9]. Only Algeria, Tunisia, Eswatini, and Cabo
Verde observed an opposite trend, while the developments of forest cover in Burundi and
Rwanda bear signs of forest transition, which means switching from net forest area loss to
net gain [1].

Many African countries cooperate under the framework of UN-REDD (United Na-
tions Program on Reducing Emissions from Deforestation and Forest Degradation) and
the REDD+ program. REDD and REDD+ are two complementary programs supported
by the United Nations. REDD aims to reduce emissions in developing countries by pro-
viding economic incentives to prevent deforestation and forest degradation, while REDD+
aims to supplement REDD activities by implementing forest protection, sustainable forest
management, and improved forest removal [10]. UN-REDD was established in 2008 and
involves 65 countries. It aims to reduce tropical deforestation by promoting sustainable
land use, advancing international cooperative approaches to climate mitigation, and mo-
bilizing climate finance. UN-REDD promotes participation in REDD+ processes led by
national governments [11]. African countries constitute the largest group involved in these
initiatives. However, the implementation of REDD and REDD+ in Africa is associated with
greater technological, political, institutional, and socio-economic challenges [12].

The body of literature addressing the issue of deforestation in Africa is extensive,
and several classification approaches are possible. Based on studies included in the Web
of Science database, we distinguish three main groups of works. The first pertains to
geographic and geological aspects. These articles tend to focus on maps and analyze
how forest cover changes in selected regions of the world. They usually do not refer to
the socio-economic or political situation but rather to biophysical processes [7], land-use
dynamics [13], or environmental impacts [14]. The International Monetary Fund [15]
points out that poor agricultural practices have a negative impact on forest cover in Sub-
Saharan Africa. In turn, deforestation makes it difficult to capture CO, and adversely
affects weather conditions, which puts agricultural land at risk—leading to landslides,
desertification, and erosion.

The second group of publications focuses on the socio-economic causes and conse-
quences of deforestation. In Africa, deforestation goes back to pre-colonial times, but
between 1500 and 1900, the rainforests were mostly cut in response to the demand for
wood by colonial governments [16]. Later, dynamic population growth became the leading
cause of deforestation. Ref. [17] highlights increasing demand for farmland and fuelwood,
while [18] emphasizes the combined effect of population pressure and common resource
exploitation. Many researchers also demonstrate a positive relationship between GDP per
capita and deforestation. Increasing economic activity in Africa contributes to an increase
in the demand for wood products and subsequent deforestation [19]. Ref. [20] confirms
the Environmental Kuznets Curve (EKC) hypothesis, indicating that deforestation initially
increases with rising income but declines after reaching a certain threshold level. In turn,
Ref. [21] notes that economic growth, driven by oil and mineral revenues in Congo Basin
countries, influences deforestation patterns by reducing agricultural pressure, while regions
with slower growth experience higher forest loss. Ref. [22] indicates that economic growth
negatively affects forests, particularly in countries where agricultural and forest products
constitute a large share of total exports and GDP. About two thirds of Africa’s population
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depends on forest resources, and 90% of the population uses firewood and charcoal as
energy sources [23]. Of all the identified factors influencing deforestation, human activities
appear to be most responsible for the loss of forest resources.

The third group of studies analyzes both geographic and economic aspects. The au-
thors present results of spatial analysis, but also available secondary data on the population
size, GDP per capita, use of wood products, and their exports. For instance, Ref. [21]
highlights that sub-Saharan countries with less dense forests and plenty of dry land un-
suitable for agriculture experience higher rates of deforestation and points to deforestation
around cities and along transport corridors between cities. This resembles later attempts
by Ref. [24] who apply high-resolution maps and Bayesian spatial models to predict defor-
estation hotspots, showing forest edge density and road proximity as key predictors for
targeted conservation (however, their research focuses not on African countries, but on
the Brazilian Amazon). Finally, Ref. [25] uses Landsat and GIMMS satellite data to map
deforestation in East Africa and identify drivers such as population and climate, finding
major forest loss near Kilimanjaro and Mau Forest.

This study is closely linked to all three groups mentioned above, as the relationship
between forest cover and economic activity is examined from two different perspectives.
Moreover, the study supplements the literature concerning forest policy evaluation with
regard to UN-REDD. Even though many African countries are involved in UN-REDD
programs, there are no unambiguous conclusions regarding their effectiveness in the
literature. For instance, Ref. [26] argue that implementation of these programs in Africa
is often faced with many obstacles, which means that these programs are implemented
slowly or insufficiently. In the same vein, Ref. [27] highlights forest-related conflicts in
African countries and points out problems related to poor land ownership arrangements,
conflicting interests in agriculture, corruption, and land grabbing.

Most of the existing research about deforestation in Africa is based on data up to
2015, covers selected countries or regions, and is not conclusive with regard to the causes
of deforestation or the effectiveness of policy measures undertaken. There are already
works extending the period of analysis (e.g., Ref. [28]), but these works typically focus on
a sample of countries. Therefore, the aim of this study is twofold: (1) to contribute to the
existing literature and inspect the relationship between economic activity and deforestation
in Africa as a whole; (2) to assess the effectiveness of the UN-REDD program. We also
point to the need to use new methods to analyze the causes of deforestation and evaluate
policy effectiveness.

Our empirical goals are realized in two complementary settings. Firstly, we investigate
the relationship between economic activity, demographic processes, participation in the
UN-REDD program, and forest cover over the period 2000-2020 econometrically, exploiting
a rich set of control variables. Secondly, increased data availability also allows us to resort
to satellite data showing the relationship between the probability of covering the area with
forest, trees, and shrubs (according to Ref. [29]) and the probability of finding built-up
areas, which are treated as a proxy for economic activity on a micro scale. Therefore,
apart from the scope of analysis, the novelty of the research consists of supplementing
traditional econometric methods with GIS methods, as well as including participation in
the UN-REDD program and introducing shocks that have not been analyzed so far (such
as floods or the outbreak of the COVID-19 pandemic). In addition, the study considers
heterogeneity of the continent, and, in addition to analyzing the whole sample, it clusters
African countries into four groups based on their average degree of forest cover level.

The remainder of the paper is structured as follows. Section 2 introduces data and
methods applied in empirical research. Section 3 presents the results of econometric
investigations and spatial data analysis. Section 4 presents a short discussion concerning
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the obtained results, limitations of the study, and the potential to use new research methods
based on big data, machine learning, and artificial intelligence. The final section concludes.

2. Data and Methods

In econometric modeling of the relationship between economic activity and forest
cover, we build on the literature reviewed in the previous section to examine how selected
factors contribute to deforestation. In particular, apart from the share of forest cover in
total country area and its change, we take into account variables associated with economic
activity (logarithm of GDP per capita, the rate of economic growth, and variables associated
with the structure of GDP), demographic situation (logarithm of population, population
density, changes in urban and rural population, and share of urban population in total
population), participation in UN-REDD and several control variables, such as the floods
that took place in many African countries between 2009 and 2010 (see Table 1).

Table 1. Descriptive statistics of variables employed in econometric analysis.

Variable Observations Mean Std. Dev. Min Max Source of Data
Forest cover (share of total area) 1050 0.3023 0.2543 0.0005 0.9325 FAOstat
Forest cover, annual change 1000 —0.0014 0.0019 —0.0216 0.0067 FAOstat
In GDP per capita 1001 8.0080 0.9738 6.0755 10.5560 World Bank
GDP growth rate 1050 0.0732 0.1421 —0.7291 0.9179 World Bank
In population 1050 15.8299 1.6196 11.3038 19.1439 UNCTADstat
Population density 1050 92.5394 118.9669 2.1796 623.5172 FAOstat
Urban population, annual change 1000 80.9255 1266.233 —0.0189 26,681.58 UNCTADstat
Rural population, annual change 1000 74.8449 1258.695 —0.0339 28,656.95 UNCTADstat
Share of urban population in total population 1050 0.4306 0.1815 0.08246 0.90092 UNCTADstat
UN-REDD participation 1050 0.1952 0.3966 0 1 UNFCCC
Flood 2009-2010 1050 0.0171 0.1299 0 1 UNOCHA
COVID-19 1050 0.0476 0.2131 0 1 WHO
Gini coefficient 1050 0.6169 0.0600 0.4880 0.7814 World Inequality Database
Share of forest product exports in total trade of forest products 987 0.3825 0.3488 0.00002 0.9986 FAOstat
Share of agricultural land in total land 1050 0.4404 0.2222 0.0326 0.8564 FAOstat
Share of agriculture, forestry, and fishing in GDP 1017 0.2029 0.14098 0.0089 0.7904 World Bank
Share of forest rents in GDP 1049 0.0505 0.0570 0.00001 0.4041 World Bank
Share of industry in GDP 1006 0.2600 0.1380 0.0324 0.8667 World Bank
Share of total natural resources rents in GDP 1046 0.1185 0.1215 0.00001 0.6789 World Bank
Share of net official development assistance (ODA) in GDP 996 0.0305 0.0425 —0.0123 0.4123 World Bank
Share of foreign direct investment (FDI) in GDP 1040 4.4458 6.7268 —6.3699 70.3545 World Bank

Note: The participation of countries in UN-REDD programs is captured by a binary variable equal to 1 for
countries participating in the program (in a given year) and 0 otherwise. Source: Authors’ elaboration based on
FAO, UNCTAD, UNFCCC, UNOCHA, WHO, World Bank, and World Inequality Database data.

The conducted analysis is confined to the period of 2000-2020. The outbreak of the
COVID-19 pandemic has brought forest protection to a new meaning, as it has been proven
that deforestation contributes to an increased risk of pandemic zoonoses [30]. Over the
first weeks following the implementation of confinement measures to reduce the spread of
COVID-19 disease, deforestation increased by 63% in America and Asia-Pacific, and by as
much as 136% in Africa [30]. This justifies the introduction of a binary variable COVID-19
for the year 2020.

In the macroeconomic analysis, the study resorts to static panel models with fixed
effects (FE). In order to facilitate comparisons with research conducted by others, we
present results for two dependent variables: the absolute value of forest cover and its
annual changes (despite the problems of autocorrelation concerning the former).

FCy = BXjt +ci +€i 1)

where FCj; refers to forest cover or forest cover change in country i in year ¢, X;; is the vector
of independent variables (related to economic activity, demographic situation, UN-REDD
participation, and control variables), c; is a set of unobservable characteristics for each
country, and €;; is the error term. Regressions are run for the whole sample and four groups
of countries clustered on the basis of the average value of their forest cover throughout
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the analyzed period (see Table 2). Estimations run for the first group can be treated as a
robustness check, since weaker relationships are expected in their case.

Table 2. Groups of countries by average forest cover level.

Grou Average Forest Cover Countries Countries
P & Participating in UN-REDD not Participating in UN-REDD
1 (very low) Less than 9% Chad, Tunisia, Kenya Egypt, Libya, D]1bou]t31 ! Maul'qtama,'A'lgerla, Niger, Lesotho,
urundi, Namibia
2 (low) Between 10% and 23% Uganda, Ethiopia, Madagascar, Togo, Morocco Cabo Verde, Mali, Rwa?,da’ Cote d'Ivoire, South Africa,
Mauritius, Comoros
. o o Burkina Faso, Nigeria, Guinea, Malawi, Benin, .. .
3 (medium) Between 24% and 44% Ghana, Central African Republic, Cameroon Eswatini, Botswana, Gambia, Sierra Leone, Senegal
Zimbabwe, Tanzania, the Democratic Republic
4 (high) More than 45% of the Congo, the Republic of the Congo, Mozambique, Angola, Sao Tome and Principe, Seychelles

Zambia, Guinea-Bissau, Liberia, Equatorial
Guinea, Gabon

Note: Grouping reflects a quartile-based classification constructed on the basis of the average forest cover. In
the econometric analysis, Sudan, South Sudan, Eswatini, and Somalia are excluded from the sample due to data
unavailability. Source: Authors’ elaboration based on UNFCCC data.

In the spatial data analysis, the changes in forest cover on the African continent
between 2015 and 2019 are illustrated using Copernicus Global Land Service data [29] and
vector data from the IGAD Climate Prediction and Applications Center [31]. The raw data
shared as a grid (EPSG: 4326) with the ellipsoid WGS 1984 (terrestrial radius = 6378 km)
and a pixel resolution of 100 m x 100 m are trimmed in QGIS 3.18.3 to the limits of the
continent’s reach.

The goal of the analysis is to show the relationship between the forest cover
(Tree-CoverFraction) and the economic activity (BuiltUp-CoverFraction) expressed by the
correlation coefficient calculated on the basis of a 1 ha square analytical grid. This ap-
proach is difficult to implement, not only due to the size of the maps (each raster contained
over 7.6 billion points), but also because of the lack of data proxying economic activity at
this scale.

Maps representing the state of economic activity can be approximated using statistical
data subject to interpolation; however, this raises a problem of determining a country’s
centroid and selecting an appropriate interpolation method (which leads to the accumula-
tion of errors). The second approach is to use substitutes such as maps that are positively
and strongly correlated with indicators of economic activity. Ultimately, a map presenting
areas classified as built-up was selected, giving them priority over lighting maps for sub-
stantial reasons (night lighting is not always an indicator of prosperity, as it may arise both
from necessity and aesthetic or fashion-related choices) and technical reasons (different
methodologies of creating maps may affect the results). On the other hand, built-up maps
are directly related both to the location of a country’s population and the production of
goods and services.

Finally, Pearson correlation coefficients are calculated in the quasi-natural course of
the regional boundaries, based on data for 6226 spatial units. For calculation purposes, the
original data (Tree-CoverFraction and BuiltUp-CoverFraction maps) are averaged in the
system of vector boundaries of spatial units.

3. Results
3.1. Determinants of Forest Cover and Its Change: Econometric Perspective

Main results of the econometric analysis pertaining to the determinants of forest cover
conducted at the country level are presented in Appendix A in Tables A1 and A2, which
show the determinants of forest cover and its change, respectively (as already noted, the
results in Table A1 are less reliable due to autocorrelation).
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Table A1l identifies demographic pressure as a primary driver of deforestation, with
the log of population and changes in urban population showing significant negative coeffi-
cients across the total sample and specific subgroups. Interestingly, population density is
associated with higher forest cover in very low-cover areas (group 1) and significantly lower
in medium- and high-cover countries (groups 3 and 4). GDP growth rates negatively affect
forest cover in Africa as a whole and in medium-forested countries (group 3). Moreover,
the share of forest rents and industry in GDP correlates with lower forest cover, especially
in countries with limited existing forest resources, while in high-cover countries, it is the
share of agriculture, forestry, and fishing in GDP that exerts a more pronounced, negative
impact on a country’s forest cover.

Table A2 demonstrates that GDP per capita is significantly associated with negative
annual changes in forest cover, particularly in countries with very low (group 1) or medium
(group 3) forest cover, while in countries characterized by a low level of forest cover
(group 2), this relationship is positive. The UN-REDD participation consistently yields
positive coefficients across all models, achieving statistical significance in group 2, which
provides some moderate support for the program’s role in slowing the pace of deforestation.
Furthermore, income inequality (Gini coefficient) and rural population changes further
strain forest dynamics in low-cover countries (group 2), whereas Net Official Develop-
ment Assistance (ODA) shows a significant positive impact on forest cover change in the
total sample, suggesting that international aid may support conservation efforts. Inter-
estingly, the share of agricultural land showed a positive relationship with forest change
in high-cover countries (group 4), but a negative one in the case of low-cover countries
(group 2), suggesting different land-use dynamics in those regions compared to the rest of
the continent.

The obtained results do not exclude the situation in which the higher standard of
living proxied by the GDP per capita will increase domestic demand for environmental
goods (including forests). Nevertheless, the analyzed countries seem not to have reached
such a turning point. In addition, the situation is further complicated by existing income in-
equalities. Demand for environmental goods by the richer strata may coexist with demand
for forest products by poorer strata. Interestingly, in countries with low levels of forest
cover (group 2), inequality has a negative impact on forest cover change (Table A2), while
in the case of other countries, the relationship is positive but not statistically significant.

Exogenous shocks such as floods or the outbreak of the COVID-19 pandemic, on
average, had a negative (albeit often not statistically significant) effect on the forest cover
and its change.

Finally, analyzing the R-squared values presented in Tables Al and A2, one can
see that the model’s explanatory power is significantly higher for specific groups than
for the continent as a whole. Higher R-squared values for regressions run for specific
groups confirm that the clustering approach is successful, as it allows for capturing more
homogeneous groups, where independent variables (such as GDP per capita, GDP growth
rate, and UN-REDD participation) possess much higher predictive power. As expected,
R-squared values are also higher for high-cover countries (group 4) compared to countries
characterized by a very low forest cover (group 1).

The primary reason for the lower R-squared values in the total sample is the sig-
nificant heterogeneity of the African continent. As presented above, some determinants
act in contradictory ways across different groups, which weakens the aggregate model.
One can infer that lower R-squared values for the total sample reflect the complexity of
the relationship between forest cover and economic activity at a continental scale. This
implies that a “one-size-fits-all” forest policy is likely to be ineffective, as the drivers of
deforestation are highly dependent on a country’s specificity.
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3.2. Relationship Between the Forest Cover and the Economic Activity: Spatial Data Analysis

Our maps are presented in Appendix B. Figures Al and A2 present the mean classifica-
tion probability of the area as tree cover in 2015 and 2019, respectively. Figures A3 and A4
focus on the probabilities for built-up areas, while Figures A5 and A6 illustrate changes in
calculated probabilities over the analyzed period. Data visualization was performed using
the natural breaks (Jenks) classification.

The central-western part of the continent (equatorial forests) exhibits the highest aver-
age probability of being classified as a forest cover in the space of individual administrative
units, and this probability diminishes with distance from this part. The decline, however, is
not the same—the more rapid decline of forest cover to the North and East is noticeable.
The average probability of forest cover occurrence has increased locally in more regions
(areas in Angola and Zambia). Additionally, there is a rather high probability (over 67.1%)
that forests will exist in Liberia, Cote d'Ivoire, or along Madagascar’s eastern coast. Despite
this, a sizable portion of Africa is devoid of forest cover (virtually all the North, with the
exception of a few small coastal regions), and a big portion of southwestern Africa is a
desert. The situation has not altered dramatically between 2015 and 2019, although an
increase in the average probability of classifying a pixel as forest cover has been observed
on the scale of the continent, which can be recognized, among others, by the cut-off values
for the classes presented in Figures Al and A2. At the same time, areas with a greater
average probability of classifying pixels as forest areas are declining.

A high probability of classifying an area as built-up is much more concentrated,
especially in capital areas (e.g., Accra in Ghana, Lome in Togo, Pretoria in South Africa,
or Khartoum in Sudan) or in areas rich in water (e.g., the Nile Valley and Delta). What is
also worth noting is the relatively heavily built-up area between Cameroon and Mali and a
slightly less built-up strip along the great African lakes, from South Sudan to Zimbabwe.
In contrast to forest areas, the average probability of classifying an area as a built-up area
declines in the quartile system, as evidenced by the lower initial values of the middle
ranges of values shown in Figures A3 and A4.

Quartiles presenting changes in the average level of qualifying an area to be classified
as forest show that the greatest changes in this aspect occurred in the subtropical belt
between the Chad Basin and the Congo Basin, as well as in large areas between Southern
Africa, apart from the southwestern part of the Kalahari Basin. However, these changes are
not uniform. Relatively large areas to the south and northeast of the Congo Basin experi-
enced a rise in probability (on a scale of 1.83 to 17.02%), whereas big areas to the north and
southeast of this basin have a fall in the average probability level (from 0.23 to 21.53%). In
the coastal strip between Nigeria and Cameroon, as well as between Uganda and Tanzania,
the probability of classifying a pixel as a forest cover has decreased (see Figure A5).

Changes in the cover classified as built-up areas are not as pronounced in the case of
forest cover. Over the years 2015-2019, the greatest changes in the probability of classifica-
tion were observed in the belt between Egypt and Lesotho: the area located directly next
to Cairo, the Aswan area, then a large area between Kampala in Uganda, Lilongwe and
Blantyre in Malawi, the area between Lusaka in Zambia and Harare in Zimbabwe, Pretoria
and Johannesburg in South Africa. The Gulf of Guinea belt, the area between Dakar in
Senegal and Bissau in Guinea-Bissau, and the area around Marrakech in Morocco are the
last areas of reasonably vigorous urban growth (see Figure A6).

In order to offer a synthetic overview of these results, Tables 3 and 4 present correlation
coefficients calculated for the mean probability of classification of an area as built-up and the
mean probability of classification of an area as tree-covered for African countries clustered
in five geographical regions (Table 3) and in four groups introduced earlier in Table 2
(Table 4).

https:/ /doi.org/10.3390/su18031322


https://doi.org/10.3390/su18031322

Sustainability 2026, 18, 1322

8 of 16

Table 3. Correlation coefficients between the mean probability of classification of an area as built-up
and the mean probability of classification of an area as tree-covered: geographical regions.

Region Number of Countries Number of Observations 2015 2019
Eastern Africa 17 1304 —0.247 —0.258
Middle Africa 9 788 —0.114 —-0.117

Northern Africa 7 2291 —0.161 —0.189
Southern Africa 5 469 —0.059 —0.081
Western Africa 16 1303 —0.166 —0.176

Source: Authors’ elaboration based on the Copernicus Global Land Service data.

Table 4. Correlation coefficients between the mean probability of classification of an area as built-up
and the mean probability of classification of an area as tree-covered: UN-REDD participating and
non-participating countries.

Group Number of Countries Number of Observations 2015 2019
Group 1 (very low forest cover) 12 3171 —0.160 —0.189
UN-REDD participants 3 682 —0.189 —0.201
other 9 2489 —0.183 —0.189
Group 2 (low forest cover) 12 648 —0.226 —0.225
UN-REDD participants 5 481 —0.208 —0.221
other 7 167 —0.188 —0.198
Group 3 (medium forest cover) 13 1131 —0.184 —0.202
UN-REDD participants 8 974 —0.198 —0.209
other 5 157 —0.182 —0.194
Group 4 (high forest cover) 13 790 —0.252 —0.256
UN-REDD participants 9 590 -0.213 —0.225
other 4 200 —0.202 —0.212

Source: Authors’ elaboration based on Copernicus Global Land Service data.

Table 3 clearly demonstrates a negative correlation between the average probabilities
of classifying a pixel as a forest or built-up area, which is consistent with expectations. At
the same time, however, the scale of correlation varies spatially, ranging from —0.059 in
Southern Africa to —0.247 in Eastern Africa. It is noteworthy that in absolute terms, these
values grew in 2019 and ranged between —0.081 and —0.258. This indicates that positive
changes in economic development in the East of the continent occur more frequently at
the expense of forest loss than in other parts of Africa. The relatively rapid deforestation
process due to industrialization also covers locations situated north of the Sahara Desert.
Acceleration of deforestation processes occurs in West Africa as well;, however, these
regions experience both an increase in forest cover and its loss, so the assessment cannot
be straightforward. This fact is also influenced by demographic processes, which force
specific land use patterns. For instance, Nigeria’s more densely inhabited areas have a
greater impact on the loss of tree cover than Burkina Faso’s relatively less populated areas.

Table 4 includes a similar comparison for the UN-REDD participating and non-
participating countries.

In the case of the data presented in Table 4, the Pearson correlation coefficients are also
negative for every group of countries. In line with simple intuition and regression results,
the correlation is the weakest for countries with scarce forest cover (group 1) and more
pronounced for countries with more extensive forest cover. Interestingly, the correlation
was stronger for UN-REDD participating countries.

To recapitulate, both dimensions of our analysis confirm a negative impact of eco-
nomic activity and increased urban population on forest cover. We conclude that there
are no universal patterns across the continent with regard to the relationship between
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economic activity and deforestation. Throughout the analyzed period, countries participat-
ing in UN-REDD experienced higher gains or smaller losses in the forest cover compared
to non-participating countries. As already mentioned, the coefficient of the UN-REDD
dummy variable in regressions depicting changes in forest cover bears a positive sign and
is statistically significant in the case of one group of countries (group 2).

4. Discussion
4.1. Drivers of Deforestation in Africa: Economic, Spatial, and Institutional Dimensions

The prevailing pace of deforestation in Africa, combined with population growth
projections, indicates a challenging outlook for forest conservation on this continent. Our
findings are consistent with previous studies highlighting the role of economic growth
in accelerating deforestation [19-21]. Similarly, agriculture is confirmed to be among the
primary drivers of forest conversion, consistent with earlier evidence for Africa and global
patterns [19,21,32,33]. These results correspond with global assessments showing that
cropland expansion accounts for most tropical deforestation [34].

Spatial data analysis reveals an inverse correlation between built-up areas (used as a
proxy for economic activity) and forest cover, which supports the hypothesis that urbaniza-
tion and infrastructure development exert additional pressure on forest ecosystems. This
relationship varies across regions, reflecting governance and enforcement differences [35].

Participation in the UN-REDD program is associated with positive outcomes in some
countries, although its overall effectiveness remains mixed. This observation aligns with
global evaluations emphasizing that institutional capacity and sustained funding are
critical for success [36]. Recent research also underscores the importance of benefit-sharing
mechanisms and integration with national development strategies [37].

4.2. Methodological Limitations and Future Directions

The conducted analysis shows two distinct dimensions of the same complex rela-
tionship between economic activity and deforestation in Africa. There are no universal
patterns across the continent, and the heterogeneity of results pertaining to selected groups
of countries brings about questions concerning appropriate methods of collecting data and
their analysis.

There are several limitations to our analysis. Key issues of using fixed effects panel
regressions include the reliance on strict exogeneity, the inability to estimate time-invariant
factors, and sensitivity to serial correlation [38]. In the case of spatial data analysis, this
issue corresponds to the way in which map visualizations are generated on the basis of
satellite data and, subsequently, presented at a given resolution. The clustering methods
currently applied to similar objects may lead to the misclassification of raster map pixels
into specific categories, and, moreover, the resolution of the raster (the size of a pixel
in relation to actual space) is of considerable importance. As a consequence, the maps
used in this study do not display afforestation belts narrower than 100 m, which may in
fact be relatively numerous [39]. To minimize the effects of these shortcomings, maps
presenting the probability of forest or built-up land cover were deliberately selected instead
of unequivocal land-cover categories. Nevertheless, the results presented would be more
accurate if maps of higher resolution were employed or if vector data representing land-
cover maps included in topographic datasets were analyzed. This approach constitutes a
promising direction for future research.

In addition, we believe that the relationships analyzed in this study call for new
methodological approaches based on big data (not only satellite data), machine learning,
and artificial intelligence to supplement existing approaches. These new tools could
enhance our understanding of the deforestation-economic activity nexus on the macro and
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micro scale, as well as facilitate the development of more adequate frameworks relevant for
policy evaluation. Importantly, they allow us to integrate the macro and micro dimensions
and to see forests for the trees in line with the title of our study. Machine learning algorithms
(e.g., random forests or gradient boosting) are likely to improve the accuracy of analysis
over traditional GIS methods when handling the high-dimensional and heterogeneous
data from satellites, sensors, and econometric models. These approaches enable researchers
to predict which areas represent a high risk of deforestation by identifying non-linear
relationships between economic variables and land use or forest cover change, as well as
to assess forest density and identify illegal logging from high-resolution satellite imagery.
In fact, machine learning is already transforming forest management by enabling more
accurate and efficient monitoring and decision-making across forest ecosystems [40]. Some
approaches (e.g., graph neural networks with transformers) are particularly well-suited
to modeling deforestation as a spatial and dynamic phenomenon and linking it to local
economic activity [41]. Taken together, these methods are likely to bring about data-driven
forest governance with earlier intervention and more effective conservation outcomes.

5. Conclusions

This study focuses on the negative relationship between economic activity and forest
cover in Africa, supported by econometric modeling and spatial data analysis. In many
countries, higher GDP per capita, faster economic growth, and a larger share of agriculture
or industry in GDP correlate with forest loss. While UN-REDD participation shows some
promise in mitigating deforestation, its effectiveness requires deeper investigation. Policy
implications are clear: African governments should adopt integrated land-use planning
that balances agricultural expansion with forest conservation. Introducing payment for
ecosystem services, promoting climate-smart agriculture, and strengthening tenure secu-
rity can reduce incentives for uncontrolled deforestation. Governments are expected to
engage in reforestation parallel to deforestation [42], regulate the global logging indus-
try, establish and maintain protected forest areas, and offer pro-environmental education.
Ref. [43] also shows that more democratic institutions help to reduce deforestation. Interna-
tional mechanisms, such as UN-REDD, should be complemented by domestic governance
reforms, including transparent monitoring systems and participatory decision-making.
Regional cooperation is essential to address cross-border spillovers and harmonize forest
protection standards.

Future research could examine both short-run and long-run implications of the out-
break of the COVID-19 pandemic on the forest cover in Africa. For instance, according to
the recent reports from the World Resource Institute [44], the highest forest loss from 2020
to 2021 in Africa was noticed in the Democratic Republic of the Congo (499,059 hectares).
An important extension would be to incorporate UN-REDD participation into such analy-
ses. From a methodological perspective, future studies could exploit multilevel modeling
approaches that combine the analysis of the macro- and micro-level data. Additionally,
methods drawing on big data, machine learning, and Al-based approaches offer promising
avenues for advancing research on the complexity of the process of deforestation and its
causes. Future research could also benefit from conducting in-depth case study analyses
that involve local experts, as their contextual knowledge may deepen interpretation of the
findings (which is particularly important for Al-based approaches) and contribute to more
nuanced, region-specific policy recommendations.
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Appendix A

Table A1l. Dependent variable: forest cover (share of total area). FE regressions.

Sample Total Group 1 (Very Low) Group 2 (Low) Group 3 (Medium) Group 4 (High)
1n GDPoc —0.00602 0.00139 0.00265 —0.00268 —0.00543
P (0.00462) (0.00201) (0.00874) (0.00843) (0.00359)
GDP srowth rate —0.00774 ** 0.000291 ~0.000632 —0.00863 ** 0.000982
g (0.00322) (0.00104) (0.000998) (0.00364) (0.00120)
In population —0.0400 ** —0.0165 *** —0.141 ** —0.0660 ~0.00320
pop (0.0185) (0.00463) (0.0568) (0.0385) (0.0219)
Population densit 131 x 1075 0.000185 *** 0.000216 —0.000528 ** —0.00122 **
P Y (0.000119) (3.50 x 1073) (0.000158) (0.000203) (0.000156)
Urban population change —2.05 x 1077 #** —6.72 x 1078 #*+ —0.0667 ~0.111 5.04 x 108
pop & (6.88 x 10°%) .14 x 10°%) (0.0789) (0.136) (545 x 10°%)
. —9.47 x 108 0.116 —4.20 x 10°° 7.50 x 108 —5.04 x 107
Rural population change (135 x 10°7) (0.101) (119 x 10°7) (157 x 10°7) (1.84 x 10°6)
o 4 —0.0736 —0.0228 0.354 ** 0.119 —0.0595
Share of urban population in the total population (0.0713) (0.0279) (0.159) (0.124) (0.0752)
o —0.00442 —0.00197 —0.00491 0.00116 0.000741
UN-REDD participation (0.00334) (0.00203) (0.00308) (0.00238) (0.00157)
~0.00107 —0.000854 * ~0.000138 ~0.00284 ~0.000183
Flood 2009-2010 (0.00136) (0.000446) (0.00156) (0.00193) (0.000897)
COVID9 ~0.00188 ~0.000129 —0.000263 —0.000955 —0.00296 ***
- (0.00130) (0.00107) (0.00143) (0.00206) (0.000580)
Gini coeffici ~0.103 ** ~0.0129 —0.0597 —0.0257 0.0295
ini coefficient (0.0483) (0.0219) (0.0507) (0.0652) (0.0302)
Share of forest product exports in total trade —0.0122 —0.00430 0.0123 * —0.0130 ** —0.00160
of forest products (0.00784) (0.00382) (0.00654) (0.00432) (0.00137)
Share of agricultural land in total land —0.100 0.0595 —0.0409 —0.0527 —0.548%
(0.0752) (0.0657) (0.0857) (0.0412) (0.0732)
) o —0.000961 ~0.0182 ~0.0535 —0.00955 —0.0201 *
Share of agriculture, forestry and fishing in GDP (0.0252) (0.0113) (0.0301) (0.0175) (0.00922)
Share of £ i CDP ~0.106 * —0.0358 *** —0.125 0.0858 ** 0.0285
are of forest rents in (0.0582) (0.00630) (0.102) (0.0313) (0.0206)
Share of industry in GDP ~0.0326 —0.0249 ** —0.0257 0.0143 ~0.00250
y (0.0260) (0.00886) (0.0569) (0.0120) (0.0112)
) 0.00700 0.00338 0.0402 * —0.0672 **+ 0.00392
Share of total natural resources rents in GDP (0.0135) (0.00521) (0.0216) (0.0219) (0.00583)
. 0.0291 ~0.00295 —0.0538 ** 0.0534 —0.0148
Share of net ODA in GDP (0.0265) (0.0292) (0.0220) (0.0713) (0.0115)
o . 0.000120 * 520 x 1075 —0.000423 * 9.92 x 1075 634 x 1075
Share of foreign direct investment (FDI) in GDP (7.09 % 105) (349 x 1075) (0.000231) (0.000114) (654 x 107%)
Constant 1.147 #+ 0.279 **+ 2.327 % 1.457 ** 0.989 *+*
(0.260) (0.0683) (0.853) (0.529) 0.271)
Observations 858 198 211 222 227
R-squared 0.616 0.846 0.649 0916 0.959
Number of countries 50 12 12 13 13

Note: Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. See also Table 2.
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Table A2. Dependent variable: forest cover change. FE regressions.
Sample Total Group 1 (Very Low) Group 2 (Low) Group 3 (Medium) Group 4 (High)
Forest 0.0140 0.0387 ** ~0.00276 0.00315 0.0370 *
orest cover (0.00872) (0.0135) (0.00332) (0.0126) (0.0198)
In GDPoc —0.000692 —0.000613 *** 0.000914 ** —0.00157 *** ~0.000713
P (0.000453) (8.23 x 10°9) (0.000332) (0.000420) (0.000604)
GDP srowth rate —0.000285 —0.000245 ~0.000113 —0.000784 * 0.000333
& (0.000238) (0.000277) (9.38 x 10°%) (0.000399) (0.000246)
In population 0.000824 0.000532 0.00298 * 0.00237 133 x 105
pop (0.000902) (0.000951) (0.00151) (0.00191) (0.00143)
) . 2.07 x 106 —1.99 x 1075 #** 245 x 1077 2.96 x 107 ~1.66 x 1075
Population density (7.47 x 10) (5.42 x 10) (3.75 x 1079 (1.26 x 107%) (2551 x 107%)
Urban vopulation chanee ~1.27 x 108 0 —0.00204 0.000638 ~141 x 108
pop 8 (1.06 x 10-8) (8.96 x 10-9) (0.00258) (0.0137) (135 x 10°8)
Rural population change ~121 % 10°% 0.0171 874 % 1079 ** 123 % 108 ~316 x 1077
pop 8 (738 x 107%) (0.0348) (3.65 x 107%) (120 x 10°8) (257 x 107)
o . ~0.00289 0.00843 * ~0.0158 ** 0.00784 —0.00284
Share of urban population in the total population (0.00539) (0.00465) (0.00587) (0.00721) (0.0105)
N 0.000154 0.000166 0.000198 * 359 x 1075 0.000227
UN-REDD participation (0.000143) (0.000101) (0.000100) (0.000163) (0.000256)
—0.000348 0.000229 —6.17 x 105 ~0.000282 ~0.000285
Flood 2009-2010 (0.000211) (0.000242) (4.47 x 1075 (0.000225) (0.000191)
COVID19 ~5.76 x 1073 —0.000607 553 x 1075 —0.000328 0.000414 **
- (0.000151) (0.000380) (9.49 x 10°%) (0.000202) (0.000185)
Gini cocffici 0.000182 0.00260 ~0.00423 ** 0.00453 0.00253
ini coefficient (0.00176) (0.00705) (0.00146) (0.00348) (0.00344)
Share of forest product exports in total trade —0.000136 0.000208 —0.000209 —0.000438 —0.000745 *
of forest products (0.000305) (0.000272) (0.000209) (0.000363) (0.000392)
Share of agricultural land in total land 0.00807 0.0119 —0.00956 ** —0.00253 0.0431 *
(0.00887) (0.0119) (0.00173) (0.00373) (0.0146)
_ L ~0.00294 0.00491 ~0.00112 —0.00475 ** ~0.00147
Share of agriculture, forestry and fishing in GDP (0.00217) (0.00439) (0.00134) (0.00193) (0.00128)
Share of § i CDP —0.00274 —0.0151 *** ~0.000606 ~0.0115 ** —0.000893
are of forest rents in (0.00274) (0.00219) (0.00185) (0.00486) (0.00204)
Share of industry in GDP ~0.00269 0.00467 —0.00527 * 0.00108 —0.00504 **
y (0.00162) (0.00361) (0.00290) (0.00204) (0.00182)
Share of total . i CDP 0.000935 ~0.00140 0.000370 0.00500 0.000793
are of total natural resources rents in (0.000951) (0.000786) (0.000592) (0.00375) (0.000972)
. 0.00564 *** 0.0124 ~0.00163 0.00207 ~0.00190
Share of net ODA in GDP (0.00194) (0.0107) (0.00245) (0.00305) (0.00175)
. . 119 x 105 1.90 x 105 414 x 1076 1.83 x 105 9.66 x 106
Share of foreign direct investment (FDI) in GDP (8.42 x 107) (151 x 105) (8.64 x 1075 (1.75 x 1079) (130 x 10-9)
Constant —0.0148 ~0.0159 —0.0406 —0.0327 —0.0312*
(0.0157) (0.0228) (0.0230) (0.0274) (0.0175)
Observations 858 198 211 222 227
R-squared 0.175 0.201 0.605 0.565 0.732
Number of countries 50 12 12 13 13

Note: Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. See also Table 2.
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Figure A1. Tree cover fraction in 2015 (mean of classification probability). Source: Authors” elabora-
tion based on Copernicus Global Land Service data.
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Figure A2. Tree cover fraction in 2019 (mean of classification probability). Source: Authors’ elabora-
tion based on Copernicus Global Land Service data.
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Figure A3. Build-up cover fraction in 2015 (mean of classification probability). Source: Authors’
elaboration based on Copernicus Global Land Service data.
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Figure A4. Build-up cover fraction in 2019 (mean of classification probability). Source: Authors’
elaboration based on Copernicus Global Land Service data.
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Figure A5. Change in the mean probability of classification of area as tree-covered (2015-2019).
Source: Authors’ elaboration based on Copernicus Global Land Service data.
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Figure A6. Change in the mean probability of classification of area as built-up (2015-2019). Source:
Authors’ elaboration based on Copernicus Global Land Service data.
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