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c University of Lorraine, University of Strasbourg, AgroParisTech, CNRS, INRAE, BETA, Nancy, France
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Abstract

In the context of emerging international trade regulations on deforestation-free
commodities, the drivers of households’ deforestation in conservation landscapes are of
interest. The role of households’ livelihood strategies including cocoa production, and
the effects of human-elephant conflict are investigated. Using a unique dataset from a
survey of 1035 households in the Tridom landscape in the Congo basin, the spatial
autoregressive model shows that: (1) Households imitate the deforestation decisions of
their neighbors; (2) A marginally higher income from cocoa production-based livelihood
portfolios is associated with six to seven times higher deforestation compared to other
livelihood strategies with a significant spillover effect on neighboring households’
deforestation. The increase in income, mainly from cocoa production-based livelihoods
in open-access systems can have a negative effect on forests. Households with a higher
share of auto-consumption are associated with lower deforestation. If economic
development brings better market access and lower auto-consumption shares, this is
likely to positively influence deforestation. Without proper land use planning/zoning
associated with incentives, promoting sustainable agriculture, such as complex cocoa
agroforestry systems, may lead to forest degradation and deforestation.

keywords: Small-scale farming, Forest-based livelihood, Deforestation, Spatial
Spillover Effects, Neighborhood Peer Effects
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Highlights

• The higher the income from internationally traded commodities such as cocoa
produced in open access system, the higher the risk of deforestation compared to
other livelihood strategies.

• Without proper land use zoning coupled with incentives, cocoa agroforestry
systems, may lead to forest degradation and deforestation.

• Indigenous community employment, especially Baka is associated with greater
deforestation and thus appears to be more land-use oriented, while household
labor duration has no influence.

• The spatial spillover effect of cocoa production-based strategies may reach up to
20% of the direct effects and are comparable to direct effects of other livelihood
strategies.

• Development and trade in agricultural commodities may influence rural
deforestation via three transmission channels: an income channel, an activity
portfolio channel, and a market integration channel.
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Introduction 1

Globally about 75% of the poor population live in rural areas, with approximately 90 % 2

involved in farming as a way of earning a living [1–4]. Forest resources which account 3

for about 22% to 27% of total households’ income [5–8], also play an important role in 4

terms of services, products, and incomes [9–12]. Forests are widely recognized as safety 5

nets to mitigate agricultural risk, to help people cope with seasonal, climatic, and other 6

stressors [13,14]. Rural households switch between specialization and diversification to 7

optimize their livelihood provisioning [15–17]. In the Dja-Odzala-Minkébé tri-national 8

transboundary conservation landscape (Tridom landscape) in the Congo basin, 9

Ngouhouo-Poufoun et al. [99] investigated the variables determining the household 10

choice to specialize or diversify its activities. Choosing a livelihood strategy in the 11

Tridom landscape can be seen as a strategic choice between forest-based and 12

non-forest-based or agriculture-based portfolios. The agricultural-based portfolio here 13

includes small-scale farming and/or internationally traded commodities such as cocoa. 14

Depending on the orientation between land-converting activities and forest resource 15

extraction, effort allocation by households might either increase deforestation, increase 16

forest degradation, or both [19]. Indeed, agricultural expansion to satisfy local, national, 17

and international trade, drives almost 90% of global deforestation, contributing to 10 to 18

12% of the total global annual anthropogenic greenhouse gases (GHG) emissions [20–23]. 19

The transformation from forest to agricultural land is threatening biodiversity 20

conservation and causing GHG emissions. New analysis shows that just seven 21

agricultural commodities (cattle, oil palm, soy, cocoa, rubber, coffee, and plantation 22

wood fiber) accounted for 26 % of global tree cover loss from 2001 to 2015, replacing 23

71.9 million hectares of forest during that period, an area of land more than twice the 24

size of Germany [24]. The Guinean rain forest (GRF) of West Africa, identified over 30 25

years ago as a global biodiversity hotspot, had reduced to 11.3 million ha at the start of 26

the new millennium that is 18% of its original area due to extensive smallholder 27

agriculture [25]. From 1988 to 2007, the area deforested in the GRF by smallholders of 28

cocoa, cassava, and oil palm increased by 6.8 million hectares (Ibid., p. 307 ). The 29

ongoing expansion of cocoa farming has contributed to the loss of 80% of rainforest 30

cover in some African countries [26]. 31
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The rural landscape in sub-Saharan Africa is made of a mixture of different land 32

uses including food crops and agroforestry systems. In West Africa, it is now established 33

that the promotion of unshaded cocoa has contributed to large-scale deforestation in 34

countries such as Ivory Coast and Ghana [27, 28]. In West and Central Africa, including 35

the Congo Basin, promoting a complex cocoa farming system that generally mimics 36

forest structure contributes to forest degradation with less damage to natural 37

resources [28,29]. The type of farming systems and the way it is promoted can have a 38

significant implication on forest local resources in rural landscapes in the forest 39

fringe [27]. 40

Inappropriate use of natural resources, poaching, and non-sustainable harvesting of 41

non-timber forest products (NTFPs) can have significant adverse impacts on 42

biodiversity and forest ecosystems, and lead to forest degradation [30–32,59], reducing 43

the capacity of the forest to regenerate and to produce ecosystem services [34,35]. 44

Our recent household surveys in the Tridom landscape scale provide some evidence 45

that 85% of households are responsible for changing forest to other uses, regardless of 46

their livelihood strategies. Population density in this landscape is low, less than 7 47

inh./km2, and local households are less likely to practice optimal crop rotation. There 48

is no binding regime1 of land acquisition in the non-permanent forest estate 2 seen by 49

the communities as common access to resources, the local people can clear relatively 50

large areas of land at low cost [36]. We observed during the field survey for 51

complementary research in 2021 that some village chiefs are still offering newcomers in 52

the villages large areas of land, often more than 50ha, without following the land 53

acquisition and registration processes. 54

In many cases, extensive and unsustainable household farming based on 55

slash-and-burn cultivation exacerbates small-scale deforestation and forest degradation. 56

After selling the softwood lumber, all the remaining plants and materials in the forest 57

are burnt and land is used for extensive agricultural production. In almost all cases, 58

land conversion is done without revival of forest neither artificially nor naturally. 59

Indeed, rural households are rarely involved in reforestation activities, while primary or 60

secondary forest is progressively replaced by corkwood, whose carbon storage potential 61

is very low. Soil fertility and crop yields decline in the process [37, 38] and may cause a 62

food crop production loss of at least $2.4billion to $5 billion across the Congo Basin [39]. 63
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Without a good fallow system, local people experience poor agricultural yields per 64

hectare. Indeed, at least 75% of cocoa and plantain yields observed are less than 65

0,338t/ha and 3.59t/ha respectively with an average of 0.236t/ha and 3,09t/ha. This 66

average yield is below the known average performance given limited farm means of 67

production, which is 0.5t/ha and 16.5 t/ha, respectively. The potential yield of cocoa is 68

0.73t/ha and 1.22t/ha when cocoa plantations are associated with timber shade and 69

leguminous tree species respectively. In the Talba cocoa production basin in Cameroon, 70

potential yield can reach 1.6t/ha when the trees are between 10 and 20 years old [40]. 71

When there is a good use of the litter fall, the maximum yield can reach 2.4t/ha [41,42]. 72

Regarding plantains, the potential yield can reach 30t/ha/year [43]. The diminishing 73

returns due to unsustainable practices contribute to the perpetuation of poverty [44]. 74

Hence, the high level of forest dependence may not necessarily correspond to a high and 75

sustainable potential to reduce poverty [45]. Rather, this may lead to over-exploitation 76

of common access resources and constitute a poverty trap when rural households face a 77

large need for insurance [46]. 78

While international trade in agricultural commodities such as cocoa and wildlife can 79

spur economic development especially where governance is strong, there are also 80

unavoidable social and environmental impacts [47,48] and entails a higher risk of 81

deforestation. The importance of sustainability in the agricultural system has never 82

been more prominent than it is now [49]. 83

To meet the diverse needs of both nature and communities, it is crucial to develop 84

farming systems that prioritize sustainability. This includes addressing concerns such as 85

deforestation, biodiversity conservation, climate change adaptation and mitigation, and 86

improving overall productivity. One concept that has emerged in response to these 87

challenges is Climate Smart Agriculture (CSA) [50]. Its adoption would lessen the 88

effects of climate change in subsistence agriculture [51]. A well-managed, complex, 89

cocoa agroforestry is seen as a sustainable tool for forest landscapes. This approach not 90

only benefits local farmers but also contributes to the preservation of nature and the 91

overall landscape [52]. New regulations are being developed internationally, aiming at 92

decoupling commodities such as cocoa from deforestation and enhancing biodiversity. 93

For example, we have the European Union’s regulation on deforestation-free products, 94

the European Union’s Corporate Sustainability Due Diligence Directive (CSDDD), and 95
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the United Kingdom’s due diligence law. These regulations aim to prevent commodities 96

that are the products of illegal and legal deforestation and degraded ecosystems from 97

coming into the EU and the UK markets by obliging in-scope businesses to conduct due 98

diligence on their supply chains [53,54]. 99

In light of the above considerations, analyzing the full set of potential drivers of 100

households’ deforestation, prioritizing or distinguishing among them in order to inform 101

policymakers and facilitate appropriate political decision processes to curb deforestation 102

from smallholders’ agriculture and forest activities in the medium and long term 103

perspectives is of crucial interest [55,56]. Our paper seeks to answer the following 104

questions. How and how much do cocoa production and the different livelihood 105

strategies developed by households, given wildlife constraints such as human-wildlife 106

conflict, impact small-scale deforestation 3? 107

The following sections develop the literature review and our contribution (section 1), 108

Objectives and hypothesis (section 2), and a simple microeconomic model (section 3). 109

The spatial economic procedure is presented in section 4, the results in section (5) and 110

discussion and conclusion in section (6). 111

1 Literature Review and contribution 112

1.1 Literature review 113

Academic research on the causes of tropical deforestation relevant to this study includes 114

(1) conceptual frameworks, (2) macro-level empirical studies including regional and 115

national levels, (3) micro-level empirical studies, and (4) spatially explicit analyses. 116

1.1.1 Conceptual Framework related studies 117

The first analysis that combined the results of multiple studies to frame the causes of 118

tropical deforestation was realized by Angelsen and Kaimowitz [57] They synthesized 119

the results of more than 140 economic models using five types of variables4 to build a 120

framework for understanding both deforestation processes and classifying modeling 121

approaches. 122

According to the authors, the agent or the source of deforestation (plantation 123
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companies, small farmers, etc.) has to be identified. Further, agents’ decisions have to 124

be considered, accounting for (1) their characteristics, including their preferences, 125

seniority of a household head, gender and labor allocation as well as their initial 126

resource, and (2) their decision parameters such as property regime, Agricultural 127

commodity prices, timber prices, and income. These variables represent immediate or 128

proximate causes. Finally, underlying variables, i.e., broader forces like macroeconomic 129

variables or policy instruments that influence the source or agents and indirectly drive 130

deforestation, have to be taken into account. Proximate drivers include human-induced 131

factors that influence directly households’ deforestation while underlying driving forces 132

are fundamental social processes, that underpin the proximate causes and either operate 133

at the local level or have an indirect impact from the national level [58, 59]. 134

From their meta-analysis, Angelsen and Kaimowitz [57] derived two categories of 135

models. Microeconomic models focus on immediate causes, and macroeconomic models 136

deal with the underlying causes. They also suggest distinguishing between models based 137

on perfect markets and models assuming imperfect markets. 138

Geist and Lambin [58] contributed to building this conceptual framework via a 139

meta-analysis of 152 case studies culled from 95 publications. Their main contribution 140

was the breakdown of numerous factors found in the existing literature into, (1) three 141

aggregate proximate causes, that is, agricultural expansion, wood extraction, and 142

expansion of infrastructure; (2) five broad categories of underlying driving forces, that 143

is, demographic, economic, technological, policy/institutional, cultural or socio-political 144

factors; and a group of other variables associated with deforestation, comprising land 145

characteristics, biophysical drivers and social trigger events (economic crises, war, etc.). 146

Combes et al. [60] contributed to the conceptual framework with a theoretical model 147

that emphasizes a substitution effect between seigniorage and deforestation income. 148

This contribution complies with the framework presented above. Indeed, Combes et 149

al. [60] considered the triple Environment-Economic-Social crises, which Geist and 150

Lambin [58] refer to as social trigger event, and proposed a link or a trade-off between 151

macroeconomic and environmental outcomes, using an explicit model. This contribution 152

is valuable to the traditional framework developed by Angelsen and Kaimowitz [57]. It 153

presents a very feasible transmission channel between broad underlying drivers and 154

deforestation. For instance, international transfers, public debt, and savings could be 155
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used by the government to optimize the inter-temporal allocation of natural resources 156

and spending Combes et al. [60]. 157

1.1.2 Macro-level empirical studies 158

There is a lot of information addressing the causes of tropical deforestation at national, 159

regional, and global scales using macro-level data in developing countries, considering 160

many types of forests, macroeconomic variables, institutional and policy 161

factors [55,56,58,60–70]. Major conclusions from a meta-analysis using results of 150 162

deforestation models by Kaimowitz and Angelsen [61] in Brazil, Cameroon, Costa Rica, 163

Indonesia, Mexico, Thailand, Ecuador, the Philippines, and Tanzania indicate that 164

deforestation tends to be greater when economic liberalization and adjustment policy 165

reforms increase; when forested lands are more accessible; when agricultural and timber 166

prices are higher; when rural wages are lower and there are more opportunities for 167

long-distance trade. In Cameroon, Mertens et al. [69] and Sunderlin et al. [70] found 168

that the annual rate of deforestation increased significantly in the decade after the 169

economic crisis as compared to the previous period. They also found that the main 170

proximate causes of deforestation were sudden rural population growth and the main 171

underlying causes were macroeconomic shocks and structural adjustment policies. 172

Nguyen Van and Azomahou [65] used a panel dataset of 59 developing countries over 173

the 1972–1994 period to study the deforestation process. They found no evidence of an 174

Environmental Kuznets Curve (EKC). They also pointed out political institution 175

failures as factors that can worsen the deforestation process in developing countries. 176

More generally, the evidence supporting the existence of an EKC for deforestation is 177

contrasted [71]. 178

Hosonuma et al. [31] derive deforestation and degradation drivers using empirical 179

data synthesized from existing reports on national REDD+ readiness activities. They 180

assessed the relative importance as well as the drivers of variability by continent between 181

2000 and 2010. They used the forest transition model, considering deforestation rate 182

and remaining forest cover in 100 subtropical non-Annex I countries5. They found that, 183

similarly to Asia, the importance of deforestation drivers in Africa varies with different 184

forest transition phases and with different areas. The impact of commercial agriculture 185

on deforestation rises until the late-transition phase and the relative importance of 186
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subsistence agriculture remains fairly stable throughout the different phases. 187

1.1.3 Micro-level empirical studies relating to agent livelihood decisions 188

There is strong evidence that forests and zero-deforestation commitments6 have an 189

important role in ensuring livelihood and social outcomes over time and in some cases, 190

contribute to poverty alleviation [23,72]. Some micro-level studies assess the degree of 191

diversification/specialization and related impact on poverty reduction. Others question 192

the impacts of zero-deforestation commitments. Using the 2017 Ghana Living 193

Standards Survey (GLSS7) from 14,009 households, Dagunga et al. [17] found that, 194

while diversification lessens household poverty, the extent and dimension of 195

diversification is important. Few studies have investigated the relation between agent 196

livelihood decisions and tropical deforestation at the household level. Using the 197

CIFOR-PEN dataset, comprising 7172 households from 24 developing countries, 198

Babigumira et al. [73] analyze which household and contextual characteristics affect 199

land use decisions in the developing world. The authors considered the sustainable 200

livelihoods framework and assessed the role of various asset types on households’ 201

deforestation. The literature on the sustainable livelihoods framework (SLF) asserts 202

that the ability to pursue different livelihood strategies depends on the basic material, 203

social, tangible and intangible assets that people have in their possession (Scoones [16]). 204

In different contexts, sustainable livelihoods can be achieved through access to natural, 205

economic, human, physical, and social capital or resources. Babigumira et al. [73] found 206

that 27% of rural households cleared forests for agricultural-based livelihoods. They also 207

found that asset poverty does not drive deforestation. Indeed, households with medium 208

to high asset holdings and higher market orientation were more likely to clear forests 209

than the poorest and market-isolated households. Households that cleared forests were 210

closer to the forest and came from villages with higher forest cover. 211

Relying on a rich panel dataset collected from the Tsimane communities in Bolivia, 212

Perge and McKay [74] analyze the relationship between forest-based households’ 213

livelihood strategies, and forest clearing, and the relationship of both to welfare. Four 214

livelihood strategies are identified, based on households’ reported sources of cash 215

earnings, namely, sale, wage, diversified and subsistence strategy. Forest clearing is 216

positively linked to welfare, especially for households whose income results from 217
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combining agricultural sales and wage activities compared to households adopting other 218

strategies. Households with a subsistence strategy are not able to accumulate assets in 219

the long run. As one of the main conclusions, the authors state that households clear 220

only small areas of forest with a positive effect on welfare, enabling the accumulation of 221

assets. 222

Pacheco [75] define a typology of smallholders that accounts for livelihoods, farming 223

systems, and wealth to analyze smallholders’ deforestation in Uruará and Redenção in 224

the Brazilian Amazon. The author uses household survey data from 136 interviews in 225

Uruará and 82 interviews in the Redenção area and finds that cattle ranching is 226

associated with a greater impact than cocoa or subsistence agriculture. Contrary to 227

Perge and McKay [74], a strong correlation between deforestation and the wealth of the 228

farmers is found. 229

1.1.4 Spatial patterns studies 230

Spatially explicit econometric studies of drivers of deforestation have taken more 231

importance in the last few years [76]. These studies show that most deforestation tends 232

to be located outside reserves and mountainous areas and deforestation occurs primarily 233

within the more accessible Eastern counties and at areas near deforested areas. 234

Pfaff et al. [77] found evidence of spatial spillovers from roads in the Brazilian 235

Amazon’s deforestation. Considering local administrative entities, Amin et al. [78] 236

found that deforestation activities of neighboring municipalities are correlated with 237

some leakage. As a point of fact, protected areas may shift deforestation to neighboring 238

municipalities. 239

Using a general spatial two-stage least squares model to analyze the determinants of 240

deforestation in 24 Sub-Saharan African countries during the period spanning 1990 to 241

2004, Boubacar [79] found that deforestation in one country is positively correlated to 242

deforestation in neighboring countries and that determinants of forest clearing are 243

region specific. 244
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1.2 Contribution 245

Data on tropical deforestation including household scale-level have frequently been 246

questioned, considered unreliable or non-available [58,62]; which makes reliable 247

econometric studies on the drivers of deforestation difficult to implement in tropical 248

Africa including Congo Basin countries [80]. While, unlike Southeast Asia and the 249

Amazon regions, where large-scale agricultural operations play an important role, most 250

deforestation in the Congo basin can be attributed to small-scale farmers using 251

extensive slash-and-burn techniques [81,82]. In the same vein, an original meta-analysis 252

of 121 studies by Busch and Ferretti-Gallon [76] reveals a geographical lag of spatially 253

explicit studies of tropical deforestation in Africa in peer-reviewed academic journals 254

between 1996 and 2013, underlining the availability of data as the main constraint. In 255

2023, Busch and Ferretti-Gallon [83] updated their study with an additional review of 256

199 studies published between 2014 and 2019. They found an overall growth over time 257

in spatially explicit econometric studies of deforestation, reforestation, and forest 258

degradation, by region. Yet, in the three tropical forest basins, Africa experienced the 259

lowest increase (12%) in the latter period, compared to Asia (31% increase), and Latin 260

America (38% increase). Finally, an emerging study on Zero-Deforestation commitments 261

(ZDCs) aims at understanding the effectiveness of these commitments in reducing 262

deforestation and to characterize their potential impacts on rural livelihoods, on social 263

sustainability criteria, on social outcomes, looking for possible strategies for achieving 264

compliance with the social criteria [23]. There is a dearth of information on the relative 265

contributions of specific activities like subsistence agriculture, internationally traded 266

commodities, and diversified strategies, given the composition of activities’ portfolios to 267

deforestation. 268

In this context, our contributions are multiple: 269

• We assess the impact of livelihood choices on deforestation. To our knowledge, 270

this research is among the pioneering studies that investigate the factors that 271

govern households’ deforestation in the Congo basin using a household-level 272

survey. Indeed, west and central Africa account among regions that lag in 273

econometric analysis of deforestation [58,76]. At the same time, deforestation 274

drivers are more complex and differ significantly across the world’s regions, from 275
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Fig 1. Adaptation of deforestation framework to Tridom landscape case
study. Source: Authors, Adapted from Angelsen and Kaimowitz (1999). Elements in
blue color represent our contribution to the framework

one location or continent to another [20,73,84–86]. 276

• We refer to the standard protocol of analyzing deforestation. This is crucial as it 277

allows for improved comparisons in future research [58]. Our research considers 278

and tests the influence of (1) agents’ decision parameters such as family income 279

and factor constraints (2) agents’ characteristics and (3) other contextual variables 280

such as choice and biophysical variables on the agent’ deforestation. Further, our 281

research used a microeconomic model, therefore, we focus on immediate causes as 282

suggested by Angelsen and Kaimowitz [57]. Fig. 1 shows the adaptation of our 283

research to the conceptual framework for analyzing households’ deforestation. 284

• We consider the interactions between people and wildlife and test the impact of 285

human-wildlife conflicts on households’ deforestation. We also test the impact of 286

land conflict among households on households’ deforestation. 287

• The influence of spatial spillovers is investigated. Besides direct effects on 288

households’ characteristics, we consider endogenous and exogenous interactions 289

among households and test the possible resulting spillover effect on households’ 290

deforestation within their neighborhood. 291

2 Objective and Hypothesis 292

This paper investigates the factors that drive households’ deforestation in the Tridom 293

landscape. It particularly considers the impact of households’ choice of livelihood 294

strategies, including cocoa production. It investigates the impact of human-animal 295

conflict. It also considers spatial patterns as possible direct and indirect causes. More 296

precisely, we test the following hypothesis: 297

Household income given the livelihood strategies including cocoa production, 298

influence deforestation. The impact of family income on small-scale deforestation is 299

closely related to the households’ livelihood strategies. This hypothesis will allow 300
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comparing the incremental change in households’ deforestation resulting from a 301

marginal increase in income given their livelihood portfolio and strategies. More 302

precisely, we assume and test that internationally traded commodities, cocoa in this 303

case, whether part of a specialized or a diversified strategy, drive larger deforestation 304

compared to other livelihood strategies. 305

Factor constraints such as both Human-Human and Human-Wildlife 306

conflicts drive households’ deforestation. As regard Human-wildlife interaction, 307

about 259 households, that is 28% of the sample surveyed have experienced conflicts 308

with elephants leading to CFA28,140 or $50 of damages cost on average [87]. We 309

hypothesize a higher likelihood for households experiencing Human-elephant conflict to 310

look for additional or new land and thus, higher deforestation. 311

Spatial patterns influence deforestation. This paper tests the presence of 312

endogenous interaction of households’ deforestation. Indeed, proximity among 313

households in the Tridom landscape implies the existence of cultural and social 314

interaction that could yield spatial spillover effects leading to similarities in deforestation 315

decisions. Further, it was shown that households’ deforestation as a social and cultural 316

phenomenon is likely to be characterized by spatial autocorrelation [77–79,88–90]. The 317

observations we did during the 8 months of fieldwork in Cameroon and Gabon reveal 318

some competition about land holding among household heads. This observation calls for 319

testing the existence of spatial effects within a household’s neighborhood. 320

The paper considers a number of control variables. The first set of control variables 321

includes distance to market, distance to protected areas, financial asset 7, and 322

households’ characteristics. 323

Following Caldas et al. [91], Fontes and Palmer [92], and Pfaff [55] distance to 324

market influences deforestation. Distance to market is considered here as an indicator of 325

transaction cost regarding land location. Environmental state and policy, captured by 326

the distance to the nearest protected area, rank among households’ deforestation drivers. 327

Due to their legal status, protected areas are supposed to be associated with lower 328

deforestation [76,93]. Yet they may also have an impact on surrounding deforestation, 329

for instance through leakage [78]. Financial asset drives households’ deforestation [94,95]. 330
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Households’ characteristics influence deforestation. Gender, household head age and 331

education, marital status, household size, ethnicity as well as the duration of residence 332

(seniority) account among the drivers of small-scale deforestation. 333

The second group of control variables includes Households’ Choice variables such as 334

labor, social assets, and biophysical variables. Following Pfaff et al. [96]; Walker et 335

al. [94, 95], labor allocation between work and leisure and hired labor increases forest 336

clearing. In our study area, hired labor is most often made up of Baka indigenous 337

people. They are employed at a very low cost. We also test that social capital, like 338

belonging to a group of interest, has an impact on households’ deforestation. (3) Finally, 339

following Chowdhury [97,98] we test that biophysical variables, namely rainfall, have a 340

strong impact on small-scale deforestation. 341

3 A simple microeconomic model of deforestation 342

choices 343

Consider household i choosing his/her level of deforestation Di to maximize its utility: 344

max
Di

Ui(Di, Li, Xi, Dj) (1)

Li is the livelihood strategy selected by the household, as defined in 345

Ngouhouo-Poufoun et al. [99]. Six different household strategies are considered: 346

Subsistence agriculture (A), cocoa crops (C), forest-based activities (F ), and 347

combinations of cocoa/forest-based (CF ), agriculture/forest-based (AF ) and 348

agriculture/cocoa/forest-based (ACF ); such that Li = [A,C, F,CF,AF,ACF ]. 349

Xi is a vector of household i socio-economic control variables susceptible to influence 350

deforestation. Household i’s utility function may encompass income, but also other 351

non-observable outcomes such as household vulnerability. Thus, the household 352

characteristics Xi may influence not only the household economic return but also other 353

household matters of interest. Furthermore, we also consider that household i’s utility 354

may be influenced by its neighbors. Dj is the level of deforestation chosen by household 355

i’s neighbors, which is likely to influence its decision. This type of strategic interaction 356

is close to the resource-flow model presented by Brueckner [89] and Anselin [90]. 357
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The first-order condition implicitly gives the optimal level of deforestation 358

D∗
i (Li, Xi, D

∗
j ) for household i: 359

U ′
Di

=
∂Ui(D

∗
i , Li, Xi, D

∗
j )

∂D∗
i

= 0 (2)

Optimal deforestation strongly depends on livelihood strategies chosen by the 360

households: 361

D∗
i (Li, Xi, D

∗
j ) ̸= D∗

i (L
′
i, Xi, D

∗
j ), ∀Li ̸= L′

i. (3)

Moreover, one can then infer the impact of livelihood strategies, other variables, and 362

neighbors deforestation on household i deforestation level: 363

∂D∗
i (Li, Xi, D

∗
j )

∂Xi
= −

∂U ′
Di

∂Xi

∂U ′
Di

∂Di

(4)

∂D∗
i (Li, Xi, D

∗
j )

∂Dj
= −

∂U ′
Di

∂Dj

∂U ′
Di

∂Di

(5)

In the next section, we will investigate the impact of livelihood choices on 364

deforestation levels (sign of equation (3)), the impact of other control variables (sign of 365

equation (4)) and the nature of spatial spillovers (sign of equation (5)). 366

4 Spatial Econometric Procedure and data 367

The common observation that individuals belonging to the same group tend to behave 368

similarly can be explained by three hypotheses of the standard linear model (SLM) that 369

are the endogenous effects, the exogenous effects, and the correlated effects [100]. The 370

endogenous and exogenous effects express distinct ways that persons might be 371

influenced by their social environments. The first assumes that all else equal, individual 372

behavior (deforestation (Di) tends to vary with the average behavior (deforestation of 373

the group or neighbor (D−i)). The second effect assumes that individual behavior is in 374

some way influenced by the characteristics of the group or neighbors (Z−i). The 375

correlated effects express non-social phenomena. Similarities in individuals’ behavior 376
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may results from spatially dependent omitted variables, interaction among error terms 377

(ϵ) or environmental similarities [89,100–102]. In the following, we present a short 378

description of various cross-sectional spatial econometric models (4.1). We present the 379

selection procedure we used (4.2). Then, we present the data used in the econometric 380

procedure (4.3). 381

4.1 Cross-sectional spatial econometric models 382

The matrix form of the generalized nested spatial model that accounts for all three 383

effects was defined by Manski [100] in equations (6-7). This model is also called the 384

Manski model. 385

D = α ∗ IN + ρWD + Zβ +WZθ + ϵ, (6)

ϵ = λWϵ+ µ (7)

In this expression, IN is a n by n identity matrix. WD denotes the endogenous 386

effects, representing the average deforestation of neighboring individuals (D−i). The ρ 387

parameter measures the strength of spatial dependence. W is a row-standardized 388

weights matrix such that the elements (wij) in each row (i) sum to one and the diagonal 389

elements set to zero, each element (wij) measures the intensity of interaction among 390

household’s (i) and its relevant neighbors [103]. WZ stands for the exogenous effects 391

representing the average value of neighboring households’ characteristics, scaled by the 392

parameter θ. The parameter β captures the direct impact of independent variables. Wϵ 393

denotes the interaction among the disturbance terms. λ measures the spatial 394

autocorrelation intensity among error terms. After testing the equations (6-7), 395

Manski [100] found that data on equilibrium outcomes cannot distinguish both 396

endogenous and exogenous interactions from contextual effects based on testing the 397

model (6-7). 398

Further, Lesage [104] suggested specifying a model that accounts for both 399

endogenous and exogenous spatial effects among individuals. Equation (8) is the 400

resulting model, called the Spatial Durbin Model (SDM) by Anselin [102]. This model is 401

equivalent to the component (6) of the Manski model, with λ = 0 in (7). Following [105], 402
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The SDM will allow the deforestation of each household to vary with respect to both its 403

own characteristics and the mean characteristics within his/her neighborhood. 404

D = α ∗ IN + ρWD + Zβ +WZθ + ϵ (8)

A year later, Kelejian and Prucha [106] suggested including both endogenous 405

interaction effects and correlated effects among the error terms. This model is equivalent 406

to the Manski equation with θ = 0 in the component (6). This model is called the 407

Kelejian-Prucha Model or the Spatial Autoregressive model with Autoregressive 408

disturbances (SARAR). This allows spatial autocorrelation in both non-observed 409

patterns and households’ deforestation, without spillover effects neither from the 410

neighborhood characteristics nor from own characteristics on neighboring households. 411

D = α ∗ IN + ρWD + Zβ + ϵ (9)

ϵ = λWϵ+ µ (10)

. 412

The Spatial Autoregressive Model (SAR) was proposed by Anselin [102] to test only 413

the endogenous interaction, using the lag value of the dependent variable. The SAR 414

model allows only spatial autocorrelation of households’ deforestation, without spillover 415

effects neither from the neighborhood nor from own behavior on neighboring households. 416

D = α ∗ IN + ρWD + Zβ + ϵ (11)

Among other models, (1) the Spatial Error Model (SEM) was developed by 417

Anselin [102] to account only for the correlated effects. This assumes that ρ = 0 in the 418

SDM model. (2) The Spatial Durbin Error Model (SDEM) includes spatial lags of 419

independent variables (θ ̸= 0) and the spatially lagged error term (λ ̸= 0) in equation 420

(6-7). (3) The Spatial Lag of the explanatory variable (SLX), (ρ = 0), (θ ̸= 0) and 421

(λ = 0) in equation (6-7). 422
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4.2 Selection procedure 423

The consideration of spatial effects in econometric models requires some specific 424

processes to avoid model misspecification [107]. The usual standard approach is to start 425

with a specific SLM. Further, test if the error terms and/or the dependent variable are 426

spatially correlated, to specify the spatial model that is consistent with the data 427

generation process. This is called the specific-to-general approach. The second approach 428

is to start with the Mansky model and test progressively the existence of various spatial 429

effects [101]. In this study, we started with the standard approach that is most common 430

in spatial analyses, following Anselin [108]. After estimating an SLM, we first tested for 431

the existence of spatial autocorrelation using the Moran i statistic on the residual of the 432

linear model. Further, we proceeded to the Lagrange Multiplier test which helps to find 433

the type of spatial effects that fit with our data generation process. Tables 2 and 3 in 434

the subsection 5.1 display our procedure of model specification. 435

An issue that arises in applied econometrics is the need to compare models [105]. 436

Indeed, a universal criticism of spatial regression models is the sensitivity of the 437

estimates and inferences to the form of spatial weight matrix [109]. After specifying our 438

econometric model, we use four types of weight matrix namely, the Gabriel graph 439

weight matrix, the five nearest neighbors (5NN), the ten nearest neighbors (10NN), and 440

the distance-based weight matrix to account for this criticism. These weight matrices 441

are presented in detail in Ngouhouo-Poufoun et al. [99]. 442

4.3 Data, variables and Descriptive statistics 443

4.3.1 Data 444

We carried out a face-to-face stratified survey of 1035 households out of about 64,140 445

within the Tridom landscape. The respondents were selected randomly to ensure 446

statistical representativeness. The Tridom landscape is the Dja-Minkebe-Odzala 447

Tri-national forest conservation landscape spanning Cameroon, Gabon, and the 448

Republic of Congo8. It covers a geographical area of 191,541 km2. That is about 7.5% 449

of the Congo Basin forest located in Central Africa. For further information on the 450

study area, the choice of respondents, the sample distribution, and the survey 451

administration see Ngouhouo-Poufoun et al. [87]. 452
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4.3.2 Dependent variables 453

In this study, deforestation stands for forest conversion to any agricultural activities 454

including food and perennial crop systems, as well as fallow, during the past decade. 455

Our measure of deforestation followed two steps. We first asked the households to fill in 456

the information about their total land-holding during the past decade in a table. After 457

that, we randomly chose one plot among the total plots declared by the household to 458

visit. The visited plot was tracked using a Global Positioning System (GPS) to have the 459

real area. A total of 3338 plots of land were declared by the overall sample which is on 460

average 3.2 plots held by each household. A total of 526 plots were tracked with a GPS. 461

To avoid the unreliability of recall data, the data declared were adjusted using the 462

tracked data to obtain the value used in this study. On average, household heads 463

declared have cleared 4.75 ha of forest for agricultural land use, either small-scale 464

subsistence farming or cash-crop such as cocoa. We found after statistical adjustment 465

that the average land clearing of each household stands at 4.41 ha. Fig. 2 displays some 466

indicators of deforestation relating to livelihood strategies. 467

4.3.3 Independent variables 468

We distinguish our independent variables into three categories. First, we consider the 469

household income, depending on the livelihood strategy chosen. In our case study, like 470

many contexts in rural areas of developing countries, access to land can be considered 471

open. 472

Second, several potential constraints to deforestation are considered: Credit 473

constraints are approximated through credit and money transfer received by the 474

household; land use conflict is a proxy for constraints on land access; while the damage 475

costs from wildlife conflicts represent environmental damages; proximity to protected 476

areas represents constraints brought by environmental policies. 477

Third, diverse households’ characteristics and contextual variables are used, such as 478

distance to markets, as a proxy for transaction costs. Table 1 displays the variables’ 479

definitions and descriptive statistics. 480

April 15, 2024 19/52



Table 1. Variables and descriptive statistics (N=986 households)
Variable Definition of variables Mean Std. Dev.
AGENT’S DECISION PARAMETERS
Income from diversification livelihood strategies (FCFA103)
ACF households Income from mixing Agriculture & Cocoa & Forest 38.96 117.06
AF households Income from mixing Agriculture & Forest 54.97 126.6
CF CocoaForest Income from mixing Cocoa & Forest 21.28 73.34
Income from specialization livelihood strategies (FCFA103)
F Forestbased Income from specializing in Forest-based activities 70.18 372.79
A Agriculture Income from specializing in Agricultural 12.39 121.41
C Cocoa Income from specializing in Cocoa 8.85 67.93
Other decision variables
Autocons Share (% of total value) Autoconsumption share in the total income 0.26 0.19
Capital & factor constraints
Finance asset Credit and money transfer (CFAF/month) 8.67 33.55
Human Wildlife (FCFA103) Damage cost of wildlife conflict (CFA/month) 0.62 1.45
Landconflict Dummy (1=yes) Land use conflict, Dummy (1=yes) 0.18 0.38
HOUSEHOLDS CHARACTERISTICS
Gender Gender, Dummy (1=Male) 0.77 0.42
Age Household head age (continuous, in years) 48.44 14.61
Ages thr Age centered and squared 213.34 246.72
Marit single Matrimonial status, Dummy (1=Maried) 0.7 0.46
Hsize Household size (continuous) 6.5 4.01
Schoolcycl 2 Education level, Dummy (1=secondary school) 0.56 0.5
Autochbaka Indegenouesness, Dummy (1=Baka. 0=Bantou) 0.05 0.22
Seniority Seniority in the village (continuous, in years) 27.01 20.71
CommunityGroup Community Interest Companies, Dummy (1=yes) 0.28 0.45
Baka employmt Baka employment (continuous) 1.87 2.96
laborduration Working hour per day 5.49 4.39
CONTEXTUAL VARIABLES
Country Country, Dummy (1=Cameroon, 0=Gabon) 0.73 0.44
Distmarket Distance to market (in Km) 65.06 58.69
Distance to P. Areas Distance to the nearest Protected Area (in Km) 29.3 22.58
Biophysical factor
Rainfall The per annum amount of rain that falls (mm) 1638.30 113.66

5 Results 481

5.1 Spatial dependence and endogeneity diagnosis 482

Table 2 below displays the Moran coefficient index computed after running the SLM. 483

This statistic tests the existence of spatial autocorrelation. Except for the Gabriel 484

Graph weight structure, the index value is positive and statistically greater than 0. It 485

appears a positive spatial clustering of deforestation among nearby households in the 486

Tridom landscape. 487

The Lagrange multiplier test presented in table 3 is used to diagnose the type of 488

spatial dependence that governs our data generation process among the endogenous 489

effects, i.e. spatial lag of the dependent variable (ρ ̸= 0) and the correlated effects or the 490

spatial autocorrelation of the disturbance term (λ ̸= 0). This test suggests rejecting all 491

the specifications that allow spatial autocorrelation in the disturbance term. Therefore, 492

we avoid estimating the SARAR, the SEM, and the generalized nested Manski spatial 493
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Fig 2. Livelihoods and Mean deforestation in the landscape
Source of data:
Protected area, TRIDOM limit, Central Africa, Administrative limit:
Country-specific land-use and administrative data come from the Forest Atlases
published by the forest ministries (Ministry of Forests and Fauna in Cameroon, Ministry
of Water, forests, the Sea and the Environment, in charge of the climate plan and the
land use plan in Gabon, and Ministry of Forest Economy in the Republic of Congo). All
these are Open Data, and were collected, digitalized, harmonized, and published by
World Resources Institute (www.wri.org) in 2014, and are also available on the Forest
Atlas platform and Global Forest Watch.
Cameroon Forest Atlas, the Ministry of Forest and Fauna/World Resources Institute
accessed on (10/03/2023), https://cmr.forest-atlas.org/.
Republic of Congo Forest Atlas, Ministry of Forest Economy in the Republic of Congo
/World Resources Institute was accessed on (10/03/2023),
https://cog.forest-atlas.org/.
Gabon Forest Atlas, Ministry of Water, forests, the Sea, and the Environment, in charge
of the climate plan and the land use plan /World Resources Institute, accessed on
(10/03/2023), https://gab.forest-atlas.org/pages/maps
Deforestation: Data collected in the field in Gabon and Cameroun during the
fieldwork carried out by the Authors in 2013 - 2014. A total of 526 plots were tracked
with a Global Positioning System (GPS) to have the real area.
Household strategies: The income from livelihoods strategies in the map are
calculated by the authors using data collected during the fieldwork carried out by the
Authors in 2013 - 2014 in Gabon and Cameroun

model. In the following, we estimate the SAR as it fits with our data generation process. 494

Comparing the Akaike information criterion (AIC) and Bayes’ information criterion 495

(BIC), we confirm the SAR model rather than the SDM and SEM models, cf. S3 table. 496

Indeed, the test displays lower BIC and AIC estimates for SAR compare to SEM and 497

SDM. The relative amount of information lost by the SAR model is then lower than the 498

amount lost by SEM and SDM models. We then prefer the SAR model with lower AIC 499

and BIC. We avoid displaying the results of the SDM as it yielded counter-intuitive 500

findings. 501

Table 2. Spatial autocorrelation test
Global Moran I Moran I test under randomization

Moran I E(I) z(I) P-value Moran I E(I) z(I) P-value
gabhsld.w 0.0171 -0.0032 0.7060 0.2401 0.1191 -0.0010 4.2133 0.0000
3NN weight matrix 0.0377 -0.0032 1.7138 0.0433 0.1461 -0.0010 6.2109 0.0000
4NN weight matrix 0.0339 -0.0032 1.7903 0.0367 0.1396 -0.0010 6.8335 0.0000
5NN weight matrix 0.0336 -0.0032 1.9876 0.0234 0.1301 -0.0010 7.1017 0.0000
10NN weight matrix 0.0363 -0.0030 2.9635 0.0015 0.1352 -0.0010 10.2690 0.0000
17NN weight matrix 0.0217 -0.0028 2.4270 0.0076 0.1218 -0.0010 12.0470 0.0000
Distance based weight matrix 0.0171 -0.0025 3.1368 0.0009 0.0993 -0.0010 15.4710 0.0000

Overall, following the findings in tables 2 and 3, we cannot reject our hypothesis of 502

spatial effects, giving rise to a presumption of the existence of a positive relation 503
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between households’ deforestation and the average deforestation of neighboring 504

households. Section 5.2 below will confirm or reject this presumption via the ρ 505

parameter and present the drivers of households’ deforestation. 506

Table 3. Lagrange Multiplier Diagnostic of Spatial dependence
LM Test for Spatial Error Components LM Test for Spatial lag model

Ordinary LMerr
Robust LMerr

(ρ = 0)
Ordinary LMlag

Robust LMlag
(λ = 0)

Stat. P-value Stat. P-value Stat. P-value Stat. P-value
Gabhsldweight matrix 0.3512 0.5535 0.1233 0.7254 0.6565 0.4178 0.4286 0.5127
3NN weight matrix 2.4699 0.1160 0.5971 0.4397 4.4385 0.0351 2.5657 0.0992 *
4NN weight matrix 2.6354 0.1045 0.6091 0.4351 4.9138 0.0266 2.8875 0.0893 *
5NN weight matrix 3.2194 0.0728 0.1058 0.7449 4.9313 0.0264 1.8178 0.0976 *
10NN weight matrix 7.2122 0.0072 0.8022 0.3704 13.0090 0.0003 6.5990 0.0102 **
17NN weight matrix 4.3451 0.0371 2.0311 0.1541 12.2670 0.0005 9.9533 0.0016 ***
Distance based weight matrix 6.4858 0.0109 0.0442 0.8335 12.0590 0.0005 5.6177 0.0178 **

Our analysis might be subject to endogeneity bias resulting from a simultaneous 507

relation between the dependent variable and some independent variables, resulting in 508

inconclusive and inconsistent findings [110–113]. 509

Additional to the spatial lag deforestation which is endogenous to the dependent 510

variable since it implies simultaneous spatial interaction (D = f(WD)), simultaneity 511

between deforestation and some of our control variables might also arise, in particular 512

those related to income from all the livelihood strategies comprising cocoa, whether 513

specialized or diversified. 514

Indeed, among the livelihood strategies, cocoa production requires higher area of 515

land compared to other strategies, and as a cash-crop, it is supposed to generate higher 516

income. Yet, higher income from cocoa might lead to higher demand of land to expand 517

cocoa production. Such a mechanism is all the more true that the cocoa strategy of the 518

Cameroonian government is to raise the national production from 292.471 million kg 519

during the 2020-2021 campaign to 640,000 tonnes by 2030. One may therefore suspect a 520

potential causal relationship between strategies based on cocoa and relating income and 521

deforestation. Higher level of income from cocoa activities may imply higher land 522

holding and vice versa, hence the suspicion of the endogeneity bias related to the 523

income resulting from cocoa variables. 524

Despite the above, cocoa yield is very low in our study area. A higher level of land 525

acquisition does not necessarily imply a higher level of income. One may be likely to 526

exclude possible causal relations as well as relating endogeneity bias. In addition, only a 527

few studies take into account the simultaneous presence of spatial autocorrelation and 528
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endogenous explanatory variables (cf. [114] for more details). Yet, to completely clear 529

the risk of endogeneity or simultaneity bias with one or more independent variables, we 530

carried out a robustness analysis using an instrumental variable method to test 531

empirically this simultaneity bias [112] (cf. S2 table.). The Wu-Hausman test suggests 532

not confirming the endogeneity of income cocoa variables. Furthermore, the null 533

hypothesis of weak instruments is strongly rejected implying that our instruments are 534

robust. Finally, Sargan’s test of the over-identification of restrictions on instruments 535

was not significant, which implied that our instruments are valid. 536

5.2 What are the immediate causes of households’ deforestation 537

in the Tridom landscape? 538

5.2.1 Robustness check and spatial dependence 539

Table 4 displays the estimated results based on the SLM and four variants of the SAR 540

model considering four different types of the weight matrix. This result considers only 541

the factors that significantly drive households’ deforestation. ?? displays the results 542

from the model with overall variables presented in the subsection 4.3 above. Insignificant 543

variables were removed progressively until we got the reduced set of significant variables. 544

The post-estimation tests (Akaike Information Criterion (AIC), Wald, and LR tests) 545

confirm the reduced model as best-suited compared to the full model. 546

The SAR models show a significant spatial dependence between the deforestation of 547

each household and the average deforestation of neighboring households. This suggests 548

some similarities in deforestation decisions of households located nearby. The expected 549

deforestation of each household in the Tridom landscape is determined by both its own 550

characteristics and a linear combination of neighboring households’ deforestation scaled 551

by ρ. The SLM estimates have a larger size compared to the SAR models considering 552

all types of weight matrices. It attributes the variability in households’ deforestation 553

only to the independent variables. Also, the SAR model suggests that the variability of 554

deforestation across households is partially explained by neighbors’ deforestation 555

behavior. Further, the spatial lag of households’ deforestation is treated as an 556

endogenous variable and the error term is influenced by the same process. As a result, 557

although the Q-Q plot in S1 figure reveals the normal distribution of households’ 558
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deforestation, the SLM is biased and yields inconsistent estimates due to simultaneity 559

bias. In these conditions, the SAR is a proper specification to account for this 560

endogeneity [115]. Following Anselin [102,115] our spatial lag model of deforestation 561

was estimated using the maximum likelihood technique. 562

As shown in table 4, the strength of spatial dependence (ρ) varies along with the 563

type of the weight matrix. The scale of the ρ parameter varies increasingly from 0.027 564

for the Gabriel graph weight matrix to 0.235 for the distance-based weight matrix. It 565

equals 0.089 for the 5NN and 0.179 for the 10NN weight matrices. Further, the 566

estimates vary decreasingly from the Gabriel graph matrix to the distance-based matrix. 567

The warning in Lesage [109] regarding the sensitivity of the estimates and inferences to 568

the type of matrix is confirmed. Among these four candidate models, the 10NN base 569

model, displayed in the third column with bold characters, performs better as it 570

minimizes information loss. This model has the maximum log-likelihood with the 571

minimum Akaike Information Criterion (AIC) compared to others. The goodness-of-fit 572

test confirms that the SAR model based on the 10NN weight matrix is the best to fit 573

the households’ deforestation. Indeed, combining the Wald test (W ), the Log-likelihood 574

Ratio test (LR) and the Lagrange Multiplier test (LM) as suggested by Anselin [102], 575

we found that the inequality W ≥ LR ≥ LM is verified only for the 10NN based model 576

that is (W = 10.399) ≥ (LR = 10.16) ≥ (LM = 1.014). In the following, estimates 577

from the SAR model based on the 10NN weight matrix are used to derive the drivers of 578

households’ deforestation. 579

The β coefficient of the SAR model cannot be interpreted as partial derivatives of 580

households’ deforestation in the Tridom landscape with respect to a one-unit change of 581

various independent variables as in conventional linear regression model [116]. The 582

subsection 5.2.2 below presents the impact of the various independent variables on the 583

households’ deforestation. 584

5.2.2 Direct, Indirect and Total effects 585

Table 5 displays the factors that proximately drive households’ deforestation in the 586

Tridom landscape. These factors are regrouped into (1) Livelihood Strategies; (2) 587

household characteristics and (3) contextual variables. Variables with insignificant 588

coefficients are displayed in the full model in S1 table. 589
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Table 4. Spatial Autoregressive Model
SLM GabGraph 5NN Weight matrix 10NN Weight Matrix Distance based

Coef. SD Coef. SD Coef. SD Coef. SD Coef. SD
(Intercept) -3.5941 1.1117 *** -1.1331 0.7166 -1.2545 0.7185 * -1.4842 0.7173 ** -1.7664 0.7390 **
AGENT’S DECISION PARAMETERS
Income from diversification livelihood strategies (FCFA103)
ACF households 0.0109 0.0013 *** 0.0108 0.0013 *** 0.0106 0.0013 *** 0.0102 0.0013 *** 0.0102 0.0013 ***
AF households 0.0026 0.0012 ** 0.0026 0.0012 ** 0.0025 0.0011 ** 0.0025 0.0011 ** 0.0025 0.0011 **
CF CocoaForest 0.0120 0.0021 *** 0.0119 0.0020 *** 0.0116 0.0020 *** 0.0112 0.0020 *** 0.0113 0.0020 ***
Income from specialization livelihood strategies (FCFA103)
A Agriculture 0.0029 0.0012 ** 0.0029 0.0012 ** 0.0029 0.0012 ** 0.0029 0.0012 ** 0.0028 0.0012 **
C Cocoa 0.0186 0.0021 *** 0.0185 0.0021 *** 0.0183 0.0021 *** 0.0180 0.0021 *** 0.0179 0.0021 ***
Autocons Share (% of total value) -2.1269 0.7737 *** -2.1210 0.7667 *** -2.1518 0.7649 *** -2.0922 0.7620 *** -2.1346 0.7633 ***
Capital & factor constraints
Finance asset (FCFA103) 0.0106 0.0043 ** 0.0106 0.0042 ** 0.0104 0.0042 ** 0.0102 0.0042 ** 0.0099 0.0042 **
Human Wildlife (FCFA103) -0.2135 0.0979 ** -0.2125 0.0970 ** -0.2143 0.0968 ** -0.2179 0.0965 ** -0.2183 0.0966 **
HOUSEHOLDS CHARACTERISTICS
Gender (1=Male) 0.6200 0.3450 * 0.6127 0.3419 * 0.5928 0.3411 * 0.5816 0.3398 * 0.6210 0.3404 *
Age (continuous. in years) 0.0293 0.0115 ** 0.0293 0.0114 ** 0.0291 0.0114 ** 0.0301 0.0113 *** 0.0303 0.0114 ***
Ages thr -0.0013 0.0006 ** -0.0013 0.0006 ** -0.0013 0.0006 ** -0.0013 0.0006 ** -0.0013 0.0006 **
Hsize (continuous) 0.1692 0.0379 *** 0.1677 0.0376 *** 0.1669 0.0375 *** 0.1650 0.0374 *** 0.1675 0.0374 ***
Seniority (continuous. in years) 0.0401 0.0080 *** 0.0402 0.0079 *** 0.0404 0.0079 *** 0.0399 0.0078 *** 0.0390 0.0079 ***
CommunityGroup Dummy (1=yes) 0.5566 0.3263 * 0.5605 0.3233 * 0.5777 0.3226 * 0.5718 0.3214 * 0.5922 0.3220 *
Baka employmt (coutinuous) 0.1428 0.0507 *** 0.1462 0.0503 ** 0.1522 0.0502 *** 0.1584 0.0500 *** 0.1539 0.0501 ***
CONTEXTUAL VARIABLE
Country (1=Cameroun. 0=Gabon) 1.3424 0.3556 *** 1.2738 0.3617 *** 1.0840 0.3722 *** 0.8565 0.3826 ** 0.8475 0.4080 **
R-squared: 0.32
F-statistic: (16; 969) 28.38 *

Rho (ρ) 0.0274 0.0892 ** 0.1799 *** 0.2354 ***

Log Likelihood -2856 -2855 -2852 -2853
ML residual σ 4.39 4.38 4.36 4.3667
AIC Criterion 5750 5751 5748 5742 5744
Wald Statistic 0.737 3.996 ** 10.399 *** 7.848 ***
LR test value 0.694 4.207 10.165 8.010
LM for Residual autocorrelation 0.122 0.262 1.014 0.128
Observations 986 986 986 986 986
*, ** and *** = significance level at 1% 5% 10% respectively

livelihood strategies: The direct effects of household income are all positive and 590

significant regardless of the livelihood strategy, except for the income of households who 591

practice forest-based activities. 592

Diversification strategies and specialization strategies have comparable impacts on 593

deforestation. Strategies that encompass cocoa production have the highest impact. On 594

the other hand, the family income of households specializing in forest-based activities 595

unsurprisingly does not tend to impact deforestation. Further, the indirect effects of 596

these incomes are positive and significant except for households who adopt a diversified 597

portfolio comprised of agriculture and forest-based activities. More precisely: 598

A CFAF103 more monthly income (that is $1.61) from diversified strategies made of 599

agriculture, cocoa, and forest-based activities (ACF), corresponds to 0.0102 more ha 600

(102m2) household’s deforestation; with a positive spillover effect of 0.0023 ha (23m2) 601

within his/her neighborhood. The resulting total effect is 0.0125 ha (125m2). 602

Translating into dollars, using the 2014 exchange rate9, a $1000 more income from the 603

ACF approximately corresponds to 4.9 more hectares own land holding with a spillover 604

effect of 1.1 ha due to the neighborhood. That is a total effect of 6ha. Likewise, a 605

one-unit of the monthly income, of a household head who chooses cocoa and forest 606

(CF), corresponds to 0.0113 ha (113m2) more own deforestation, with a positive 607
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spillover effect of 0.0025 ha (25m2) within his/her neighborhood. This approximately 608

equates to 5.4 ha additional own deforestation with a spillover effect of 1.2 ha within 609

the neighborhood, associated to a per annum $1000 more household income. The total 610

effect is 6.6 ha. 611

Household heads choosing agriculture and forest and earning CFA1000 more from 612

their strategy, would be responsible for 0.0025 ha more deforestation from additional 613

unit increase in the monthly income. This approximately equates to an incremental 614

increase of own deforestation by 1.2 ha resulting from per annum $1000 increase in the 615

household income. Households’ heads choosing (AF) portfolio do not exert any 616

significant spillover effect within their neighborhood. 617

The direct effect of increasing of households specializing in agriculture (A) is a 618

significant increase by 0.0030 ha of own deforestation. The resulting significant and 619

positive spillover effect within the neighborhood is 0.0007 ha. The resulting total effect 620

is 0.0037 ha. This approximately equates to an incremental increase of own 621

deforestation by 1.43 ha with a spillover effect of 0.33 ha within the neighborhood, 622

resulting from per annum $1000 increase in the household income. That is a total effect 623

of 1.76 ha. Households with CFA1000 more monthly income from cocoa (C) hold about 624

0.0180 ha from their own decision, with an additional 0.0040 more hectare driven by the 625

neighborhood effect. The resulting total effect is 0.022 ha. This approximately equates 626

to an incremental increase of own deforestation by 8.6 ha with a spillover effect of 1.9 ha 627

within the neighborhood, resulting from per annum $1000 increase in the household 628

income. The total effect is of 10.5 ha. 629

Capital and factor constraint decision’s variables: Financial assets and the 630

damage cost from human-elephant conflict have both significant direct and indirect 631

effects (table 5). 632

An additional unit of a loan contracted (or transfer received) by a household head 633

leads to a marginal increase of own deforestation of 0.0102 ha with a positive spillover 634

effect within his/her neighborhood of 0.0043 ha. That is a total effect of 0.0145 ha. 635

This equates to an increase of own deforestation by 6.9 ha with a spillover effect of 2.04 636

ha within the neighborhood, resulting from per annum $1000 increase in the financial 637

asset. That is a total effect of 8.94 ha. This indicates that increasing money transfers in 638
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favor of households living in the landscape may foster engagement in forest clearing by 639

households. 640

Unlike the financial asset, the monthly cost of crops damaged by elephants exerts a 641

negative and significant direct and indirect effect on the households’ deforestation. 642

Indeed, an additional unit of damage cost reduces both own and neighboring 643

deforestation by 0.217 ha and 0.048 ha. The resulting total effect is 0.265 ha. This 644

approximately equates to an incremental decrease of 103 ha and 22.8 ha respectively, 645

resulting from per annum $1000 increase in damage cost. This result translates into two 646

complementary effects. Firstly, a business discouragement effect that could lead to the 647

abandonment of spaces nearby the promenade area of elephants; on the other hand, it 648

may cause a switch from activities relating to land use to forest extraction activities 649

that seem least risky with a possibility of increasing forest degradation. 650

The existence of land conflict among households (Human-Human conflict) was 651

insignificant (see S1 table). The third result gives the insight that there is little 652

constraint on land access in our case study: deforestation and agricultural expansion are 653

not impacted by neighbor conflicts. 654

Households characteristics: There are no significant Education, marital status, and 655

ethnicity differences in households’ deforestation as shown in S1 table. Those with 656

significant effects include gender, age, household size, and the residence duration or 657

seniority. 658

Table 5 shows that men are associated with 0.58 ha more deforestation than women 659

without spillover effects within the neighborhood. 660

Deforestation increases slowly and significantly with the household head age with 661

some threshold effect. For every year they get older, deforestation increases by 0.03 ha, 662

with a negligible spillover effect. Larger household size induces more deforestation. 663

Indeed, an additional member of a family increases own deforestation by 0.16 ha with a 664

spillover effect of 0.034 ha. As pointed out by Kaimowitz and Angelsen [61], the 665

residence duration is positively associated with forest clearing with the same level as age. 666

When it comes to labor, it is interesting to note that Baka employment is related to 667

larger deforestation, while household labor duration has no influence (see S1 table). 668

Thus both types of labor do not seem to be substitutes. Baka labor appears to be more 669
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Table 5. Direct, Indirect and Total Effects
2*Coeff. Direct Effects Indirect effects Total effects

Mean SD Mean SD Mean SD
AGENT’S DECISION PARAMETERS
Income from diversification livelihood strategies (FCFA103)
ACF households 0.0102 0.0102 0.0012 *** 0.0023 0.0009 *** 0.0125 0.0017 ***
AF households 0.0025 0.0025 0.0012 ** 0.0006 0.0003 0.0030 0.0014 **
CF CocoaForest 0.0112 0.0113 0.0020 *** 0.0025 0.0010 ** 0.0138 0.0025 ***
Income from specialization livelihood strategies (FCFA103)
A Agriculture 0.0029 0.0030 0.0012 ** 0.0007 0.0004 * 0.0036 0.0015 **
C Cocoa 0.0180 0.0180 0.0021 *** 0.0040 0.0016 *** 0.0220 0.0029 ***
Autocons Share (% of total value) -2.0922 -2.1099 0.7635 *** -0.4726 0.2496 * -2.5825 0.9487 ***
Capital & factor constraints
Finance asset (FCFA103) 0.0102 0.0102 0.0043 ** 0.0023 0.0013 * 0.0125 0.0053 **
Human Wildlife (FCFA103) -0.2179 -0.2172 0.0975 ** -0.0488 0.0297 * -0.2660 0.1213 **
HOUSEHOLDS CHARACTERISTICS
Gender (1=Male) 0.5816 0.5802 0.3326 * 0.1300 0.0944 0.7102 0.4122 *
Age (continuous, in years) 0.0301 0.0301 0.0113 *** 0.0067 0.0037 * 0.0368 0.0140 ***
Ages thr -0.0013 -0.0013 0.0006 ** -0.0003 0.0002 -0.0017 0.0008 **
Hsize (continuous) 0.1650 0.1649 0.0369 *** 0.0369 0.0164 ** 0.2018 0.0475 ***
Seniority (continuous, in years) 0.0399 0.0403 0.0080 *** 0.0090 0.0039 ** 0.0494 0.0105 ***
CommunityGroup Dummy (1=yes) 0.5718 0.5729 0.3161 * 0.1281 0.0896 0.7010 0.3914 *
Baka employement (coutinuous) 0.1584 0.1592 0.0495 *** 0.0356 0.0177 ** 0.1948 0.0622 ***
CONTEXTUAL VARIABLE
Country (1=Cameroun. 0=Gabon) 0.8565 0.8515 0.3778 ** 0.1786 0.0921 * 1.0300 0.4406 **
*, ** and *** = significance level at 1% 5% 10% respectively

land-use oriented, while household labor seems not to be related to land use choices, i.e. 670

more related to labor-intensive practices. 671

Contextual variables: Households’ deforestation does not differ with ”distance to 672

market” and with ”distance to the nearest protected area”. In a context of low 673

population density and a weak market, market proximity does not have a significant 674

impact. However, as shown by Ngouhouo-Poufoun et al. [99], distance to markets 675

influences the livelihood strategies. Thus the effect of distance indirectly passes through 676

the livelihood strategies transmission channel. The second result indicates that public 677

policies such as protected areas do not bring constraints on land use decisions. Moreover, 678

we do not find evidence of leakage between protected areas and neighboring households. 679

Finally, both the direct and indirect effects of a country are positive and significant. 680

Indeed, households living in Cameroon are associated with 0.85 ha more deforestation 681

compared to those living in Gabon, with a spillover effect of 0.18 ha on proximate 682

households in Gabon. This result suggests paying additional attention to the 683

Cameroonian segment of the landscape. Indeed, the variation in deforestation rates 684

between Gabon and Cameroon in a transboundary landscape highlights the urgency of 685

strong institutions that can prevent transboundary leakage and promote the integration 686

of conservation efforts with poverty alleviation or improvements in income and 687

well-being for cocoa farmers in forested areas, particularly in conservation landscapes 688
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like the Tridom. 689

6 Discussion and conclusion 690

The aim of this study is to better understand how livelihood strategies are associated 691

with deforestation in an open context where the agricultural sector is not yet well 692

framed in a perspective of reducing deforestation. To that matter, this paper is a 693

natural extension of [99], which determines the variables influencing livelihood 694

strategies. We also develop a spatial approach in order to take into account spatial 695

interactions between agents. Our analysis relies on an original household survey 696

collected in the Tridom landscape. 697

First, when it comes to livelihoods, diversification and specialization strategies have 698

different impacts. Strategies incorporating agricultural activities all tend to have an 699

impact on deforestation. The corollary to this result is that only agents specializing in 700

forest-based activities do not influence deforestation. More precisely, households with 701

cocoa production-based activity portfolios are those making the largest impact on 702

deforestation. Further, spillover / indirect effects from own cocoa production-based 703

strategies (C, CF, ACF) on neighboring deforestation have almost the same scale as 704

the direct effect of the remaining strategies (AF, A) on own deforestation. Cocoa as a 705

specialization strategy has the highest influence on forest cover compared to the other 706

strategies, with a spillover effect that is almost twice as large as the direct effect caused 707

by households mixing agriculture and forest. 708

Cocoa, as currently produced in the tridom landscape, is an agricultural commodity 709

entailing a high risk of deforestation. These results bring the insight that, if 710

development leads to households switching from small-scale agriculture to 711

internationally traded commodities such as cocoa as a main activity, this would result in 712

a significant increase in deforestation. As an example, one extra dollar earned in cocoa 713

appears to be associated with a 7-times larger effect on deforestation than an extra 714

dollar in subsistence agriculture. Cocoa cultivation can thus lead to conversion of forest 715

to agricultural land and income from cocoa can finance other activities related to the 716

clearing of forest to expand the household farming system. Lock and Alexander [117] 717

show that even when combining cocoa production and sustainability the resulting 718
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production intensification attracts new farmers at the forest frontier, which ultimately 719

leads to further deforestation. Mimicry and resulting spatial spillover effects make cocoa 720

an inherently high deforestation risk crop under weak land governance regimes. 721

The current findings support previous studies on the connection between income and 722

conservation. They contribute to the ongoing debate on whether conservation initiatives 723

can effectively be combined with poverty alleviation in rural and forested areas of the 724

tropics. Ruf and Goetz [118] have documented how the expansion of cocoa cultivation 725

in the Rent Forest has been linked to deforestation. Ivory Coast serves as an illustration 726

of how the pursuit of cocoa-related prosperity has unfortunately resulted in 727

deforestation, despite the potential for cocoa agroforestry to play a positive role if 728

proper conservation policies were implemented. The relationship found in this paper 729

between income from cocoa production and deforestation has been a constant concern 730

within the scientific community, as highlighted by Samii et al. [119]. Chiu [120] has also 731

documented the evident link in certain circumstances. 732

At the moment, the Zero-deforestation policies aim at reducing the ecological 733

footprint related to the establishment of cocoa. More attention needs then to be put on 734

the use of cocoa income for the sustainable development of the family and the forest 735

fringe landscape. Current efforts on REDD+, such as the cocoa forest initiative in West 736

Africa are putting effort into structuring cocoa farmers’ associations so that they 737

contribute to the zoning of cocoa landscapes in forest fringe, but that farmers did not 738

conduct activities that can negatively impact the local forest. 739

In the same vein, the share of auto-consumption is negatively related to 740

deforestation. Here again, if economic development brings better market access and 741

lower auto-consumption shares, this is likely to positively influence deforestation. 742

Second, land conflicts and distance to protected areas do not seem to influence 743

deforestation. This result brings the insight that competing land uses is not really a 744

matter of constraint for households, nor does it represent a source of leakage in the area. 745

In contrast, human-wildlife conflicts do seem to have a negative impact on deforestation. 746

Therefore, if policies are set with the aim to protect wildlife in rural areas and decrease 747

human-wildlife interactions at the same time [87], it is a crucial matter to monitor and 748

involve local populations in order to avoid a bump in deforestation. 749

Third, our paper underlines the importance of assessing deforestation factors in a 750

April 15, 2024 30/52



spatial context. Indeed, spatial spillovers tend to be of large magnitude: indirect effects 751

may reach up to 20% of the direct effects. This result is important, as it shows that 752

micro-economic analysis of deforestation factors should take into account those spatial 753

interactions, in order to have an accurate understanding of the mechanisms in place. 754

Fourth, labor allocation is important. The household labor duration does not seem 755

to impact deforestation, while Baka employement is associated to higher landholding. 756

Household labor appears to be allocated to labor-intensive activities, while Baka labor 757

seems to be allocated to activities requiring more land and thus more deforestation. 758

Therefore, both types of labor cannot be considered as substitutes, especially when it 759

comes to land use. If we consider a Chayanovian approach [61], it seems that the 760

trade-off between household labor and leisure does not influence deforestation. 761

Fift, factors such as gender and age have an impact on deforestation. Farming cocoa 762

requires more physical effort and more land compared to crop growing. This explains 763

the higher deforestation by men compared to women. These findings can be the result 764

of the gender division of labor raised by Holden [121] as it kept female-headed 765

households from clearing many forests. 766

Overall, our paper brings some insights into how development and internationally 767

traded commodities such as cocoa may influence deforestation in such a rural landscape 768

located in biodiversity important forest fringes of the Congo Basin. Three transmission 769

channels are to be distinguished: an income channel, an activity portfolio channel, and 770

a market integration channel. First, economic development comes with a larger income. 771

We show that, except for households specializing in forest-based activities, an increase 772

in income is related to more deforestation. Second, the portfolio of activities is likely to 773

change with economic development, with the increased importance of cocoa and 774

cash-cropping. This would also result in larger deforestation rates. Finally, when 775

households have better access to markets, they tend to decrease their share of 776

auto-consumption, which can also have a tendency to increase deforestation. It is 777

important for development projects and policies to take those three channels into 778

account when dealing with possible environmental adverse effects. 779

In the context of emerging international trade regulations on free-deforestation 780

commodities, the question of a development model which improves living standards and 781

the resilience of households, while preserving forests is of an urgent matter. An 782
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approach to tackle the high risk of deforestation associated with cocoa could pass 783

through farmers by promoting a complex cocoa agroforestry system (see Sonwa et 784

al. [27–29]) coupled with better land covers/use planning and incentives enforcement for 785

sustainable practices. Further work should assess the challenges faced by farmers that 786

constitute a serious bottleneck to higher yield. Indeed, producing with higher yield 787

absorbs an important part of the effort allocated to deforestation. 788
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Supporting information

S1 figure Diagnostic. Diagnostic Plots for Regression Analysis.

1A binding regime or more secure property rights motivates efficient resource management by

landowners [122].
2The forest sector in the Congo Basin Countries is divided into (i) ‘Permanent Forest Estate’, which

includes logging concessions, ought to remain forest and mandated to maintain the biological diversity,

and (ii) ‘Non-Permanent Forest Estate’, that can be turned to alternative use including sustainable

agriculture.
3Deforestation here stands for any transformation of forest land covers to any agricultural land

uses during the past decade to the survey without consideration of any legal deforestation defined

within the REDD+ process. REDD+ stands for ”Reducing emissions from deforestation and forest

degradation, together with sustainable forest management, conservation, and enhancement of forest

carbon stocks (REDD+)” It is a critical part of global efforts to mitigate climate change. FAO

supports developing countries in their REDD+ processes but also helps them to translate their political

commitments, as presented in their Nationally Determined Contributions, into action on the ground.

See https://www.fao.org/redd/fr/
4The five types of variables used in the 140 models of deforestation are : (1) The magnitude and

location of deforestation; (2) the agents of deforestation, namely, individuals, households, or companies

involved in land use change and their characteristics; (3) the choice variables (decisions about land

allocation that determine the overall level of deforestation for the particular agent or group of agents);

(4) Agents’ decision parameters and (5) macroeconomic variables and policy instruments affecting forest

clearing indirectly through their influence on the decision parameters Angelsen and Kaimowitz [57].
5Annex I countries, parties to the Convention includes the OECD countries and economies in

transition that accepted to returning individually or jointly to their 1990 levels of greenhouse gas

emissions by the year 2000. The other countries are referred to as Non-Annex I countries.
6Over the past decade, there has been a rapid surge in the number of companies and multinational

corporations making zero-deforestation commitments. This is publicly stated declaration of intent by

private sector corporations to eliminate deforestation from their supply chains
7We refer to financial assets as Cartas & Harutyunyan [123]. Financial assets are financial instruments

or financial claims arising from contractual relationships with the basis of creditor/debtor relationships.

We then consider Loans, and money transfers/remittances.
8World Wildlife Fund for Nature (WWF) - https://cameroon.panda.org/places_landscapes/

jengi_tridom/
9In 2014, during the survey, CFAF 1 = $0, 0021
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S2 figure Livelihood Values. Livelihood Strategies and Per Annum Yiels/ha.
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S3 figure Correlogram for main variables. To assess the high correlation and to

detect the possible presence of multicollinearity in the data, the study applied the

Pearson correlation matrix. Results of Pearson’s correlation matrix indicated that the

highest correlation among variables was 0.5; hence, there is no issue of multicollinearity.
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S1 table. Full Model. Full Spatial Autoregressive Model with all the explanatory

variables.

SPATIAL AUTOREGRESSIVE FULL MODEL
Coef. SD z value Pr(>—z—)

(Intercept) -4,1857 2,2804 -1,8355 0,0664 *
AGENT’S DECISION PARAMETERS
Income from diversification strategies (FCFA103)
ACF households 0,0101 0,0013 7,905 0 ***
AF households 0,0024 0,0012 2,0399 0,0414 **
CF CocoaForest 0,0109 0,0021 5,326 0 ***
Income from specialization strategies (FCFA103)
F Forestbased -0,0002 0,0004 -0,4287 0,6682
A Agriculture 0,0026 0,0012 2,2638 0,0236 **
C Cocoa 0,0178 0,0021 8,3798 0 ***
Other decision variables
Autocons Share (% of total value) -2,2003 0,7772 -2,8308 0,0046 ***
Capital & factor constraints
Finance asset (FCFA103) 0,0089 0,0043 2,0988 0,0358 **
Landconflict Dummy (1=yes) 0,33 0,3763 0,8771 0,3804
Human Wildlife (FCFA103) -0,2033 0,0978 -2,0785 0,0377 **
HOUSEHOLDS CHARACTERISTICS
Gender (1=Male) 0,6824 0,3508 1,9451 0,0518 *
Age (continuous. in years) 0,0208 0,0121 1,7115 0,087 *
Ages thr -0,0014 0,0006 -2,2333 0,0255 **
Marit single (1=Maried) 0,42 0,3485 1,2051 0,2282
Hsize (continuous) 0,1582 0,0376 4,2037 0 ***
Schoolcycl 2 (1=secondary school) -0,1703 0,314 -0,5423 0,5876
Autochbaka (1=Baka. 0=Bantou) -0,5574 0,6761 -0,8244 0,4097
Seniority (continuous. in years) 0,0391 0,008 4,859 0 ***
CommunityGroup Dummy (1=yes) 0,524 0,3235 1,62 0,1052
Baka employement (coutinuous) 0,1518 0,0504 3,0118 0,0026 ***
laborduration -0,0483 0,0319 -1,5107 0,1309
CONTEXTUAL VARIABLES
Country (1=Cameroun. 0=Gabon) 0,8112 0,4593 1,7661 0,0774 *
Distmarket Km -0,0037 0,0029 -1,2952 0,1952
Distance to P. Areas (Km) 0,0006 0,0066 0,0903 0,928
Biophysical factor
Rainfall 0,0014 0,0014 0,9974 0,3186

Rho (ρ) 0.1947 **
Log Likelihood -2849
ML residual σ 4.350
AIC Criterion 5754
Wald Statistic 4.8115 **
Observations 986
residual autocorrelation 0.0728
*, ** and *** = significance level at 1% 5% 10% respectively
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S2 table Instrumental variable. Estimations with Instrumental variables method
to control for endogeneity bias.

Deforest

Souspicious variables
ACF households

(StD)
CF households

(StD)
C Cocoa
(StD)

ACF households 0.0169***
(0.0046)

AF households 0.0020 -0.0008 -0.0009
(0.0013) (0.0017) (0.0019)

CF households -0.0110
(0.0186)

A Agriculture 0.0025** 0.0016 0.0015
(0.0013) (0.0014) (0.0016)

C Cocoa -0.0244
(0.0425)

Autocons Share -3.4298*** -4.3714*** -4.7979**
(0.8164) (1.3105) (2.0029)

Finance asset 0.000001** 0.000001** 0.000001**
(0.000000) (0.000000) (0.000000)

Human Wildlife -0.2215** -0.2607** -0.2633**
(0.1051) (0.1095) (0.1206)

Gender 0.8354** 1.2092*** 1.2315**
(0.3718) (0.4565) (0.5130)

Age 0.0373*** 0.0305** 0.0373**
(0.0124) (0.0127) (0.0185)

Ages thr -0.0015** -0.0017** -0.0018**
(0.0007) (0.0007) (0.0008)

Hsize 0.1852*** 0.2498*** 0.2646***
(0.0426) (0.0466) (0.0658)

Seniority 0.0429*** 0.0500*** 0.0470***
(0.0085) (0.0105) (0.0097)

CommunityGroup 0.4854 0.5559 0.3518
(0.3488) (0.3705) (0.4789)

Pygmy employmt 0.1959*** 0.2039*** 0.2280**
(0.0541) (0.0629) (0.0944)

Country 1.1241*** 1.9181*** 1.5841***
(0.4150) (0.4579) (0.5401)

Constant -1.1159 -0.9463 -0.9219
(0.7707) (0.7961) (0.8745)

Observations 986 986 986
Diagnostic tests:
Weak instruments 17.525*** 19.069*** 4.283**
Wu-Hausman 2.700 1.464 1.095
Sargan 4.717 2.491 2.029
Note: *p<0.1; **p<0.05; ***p<0.01
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S3 table Robustness check. Akaike’s information criterion (AIC) and Bayes’ information
criterion (BIC): Comparison tests for models.

Weight matrice Model nobs logLik deviance AIC BIC

GabGraph SAR 986 -2, 856.8090 18, 962.6500 5, 751.6180 5, 844.5980

GabGraph SEM 986 -2, 856.9640 18, 970.3600 5, 751.9280 5, 844.9080

GabGraph SDM 986 -2, 838.8900 18, 287.6900 5, 747.7800 5, 919.0580

5 NN SAR 986 -2, 855.0530 18, 877.8500 5, 748.1060 5, 841.0860

5 NN SEM 986 -2, 855.7030 18, 904.1300 5, 749.4070 5, 842.3860

5 NN SDM 986 -2, 843.0860 18, 443.1600 5, 756.1720 5, 927.4500

10 NN SAR 986 -2, 852.0740 18, 733.0700 5, 742.1480 5, 835.1270

10 NN SEM 986 -2, 853.9110 18, 805.7000 5, 745.8230 5, 838.8020

10 NN SDM 986 -2, 840.0390 18, 328.1600 5, 750.0780 5, 921.3560

distance based SAR 986 -2, 830.2090 17, 893.9500 5, 730.4190 5, 901.6970

distance based SEM 986 -2, 854.5520 18, 839.3100 5, 747.1040 5, 840.0830

distance based SDM 986 -2, 830.2090 17, 893.9500 5, 730.4190 5, 901.6970
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