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This study investigates the spatial effects of armed conflict on Sub-Saharan Africa’s (SSA) economic growth, focusing on Central Africa, East Africa, and West Africa. Utilizing Spatial Durblin Model (SDM), the analysis reveals significant spatial effects of armed conflict intensity, indicating that conflict in neighboring countries influences conflict levels within a focal country. The study finds a weak or inconclusive relationship between GDP per capita (GDPpc) and conflict intensity, with East Africa showing a significant negative association, suggesting that higher economic prosperity in neighboring countries may mitigate conflict. Conversely, higher corruption levels in Central and West Africa are positively associated with increased conflict intensity, highlighting corruption’s destabilizing influence. Spatial lag SDM results suggest potential benefits of regional economic cooperation in reducing conflict intensity. Moreover, significant positive spatial autocorrelation underscores the interconnected nature of conflict within SSA, with West Africa exhibiting more pronounced spatial spillover effect. Findings from Spatial Autoregressive (SAR) models confirm the weak association between GDPpc and conflict intensity but emphasize the consistent positive association between corruption and conflict intensity. Additionally, the Spatial Error Model (SEM) reaffirms corruption’s detrimental impact on governance and stability. Additionally, the hypothesis of a significant difference in the effect of armed conflict across different SSA subregions is supported, with Central Africa experiencing the strongest negative impact on economic growth, followed by East and West Africa. The study highlights substantial regional heterogeneity in the economic consequences of armed conflict, emphasizing the need for regionally tailored policy interventions to address conflict-related economic disruptions in SSA.
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1 Introduction

Over the past century, the world has witnessed a significant decline in armed conflict and a rise in economic prosperity. However, this progress has not been evenly distributed, with many regions, particularly in Sub-Saharan Africa (SSA), continuing to struggle with recurring conflicts and sluggish economic growth. This study focuses on three sub-regions within SSA to investigate the economic impact of armed conflict and its geographical spillover effects. The economic consequences of armed conflict in SSA have been profound, affecting various aspects of economic growth and development. Studies have shown that armed conflict is a significant obstacle to economic progress in the region, leading to declines in GDP growth, increased poverty rates, and reduced investment levels (Addy et al., 2021; Le et al., 2022; Dunne, 2012). According to the World Bank, countries experiencing conflict face an average reduction in GDP growth of 2.2 percentage points per year, compared to non-conflict-affected countries. Moreover, armed conflict exacerbates existing development challenges in SSA, including inadequate infrastructure, limited access to basic services, and high levels of inequality (Okunlola and Okafor, 2022; Fang et al., 2020). Conflict-affected countries often experience disruptions in agricultural production, trade, and investment, leading to food insecurity, job losses, and heightened vulnerability to economic shocks (Winne and Peersman, 2021). The World Bank estimates that armed conflict costs SSA approximately 30% in GDP growth (World Bank, 2024).

According to data from the Uppsala Conflict Data Program (UCDP), SSA has consistently accounted for a significant proportion of global armed conflicts over the past few decades. In 2020 alone, SSA was home to several active armed conflicts, including those in countries such as Nigeria, South Sudan, the Democratic Republic of the Congo (DRC), and Somalia (Figures 1–3). These conflicts vary in intensity and scope, ranging from large-scale civil wars to localized violence and insurgencies.1The Armed Conflict Location and Event Data (ACLED) provides further detail, indicating that from 1989 to 2022, Central Africa which is challenged by armed conflict, political instability and humanitarian crises endured 42,481 conflict-related deaths, East Africa marked by civil wars, ethnic tensions and territorial disputes saw 1,305,734 deaths, and West Africa which is challenged by insurgency, terrorism and inter-communal violence faced 142,156 deaths. The conflict in Nigeria, driven by the Boko Haram insurgency, has been particularly severe, with over half of West Africa’s conflict-related deaths occurring there. Similarly, Ethiopia’s ongoing Tigray conflict and the 1994 Rwandan genocide highlight the extreme human costs associated with such violence. This instability has exacerbated violence and lawlessness across border in regions like the Western Sahel and Lake Chad Basin, where fundamentalist groups have extended their reach. Furthermore, tensions between states have escalated in the Great Lakes Region, particularly evident is the ongoing conflict between Democratic Republic of Congo (DRC) and Rwanda, which has intensified violence in eastern DRC. Ethiopia has encountered significant challenges, including a fragile armistice between the administration and the TPLF, amid other conflict rooted in regional and ethnic identities. These examples stand as a poignant reminder of the multifaceted fronts of armed conflict and its spillover tendency in the region.
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FIGURE 1
 Total Conflict-Related Deaths. Source: UPPSLA Georeferenced Event Data (GED) 2023.
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FIGURE 2
 Total Conflict Related Death. Source: UPPSLA Georeferenced Event Data (GED) 2023.
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FIGURE 3
 Estimated Number of Deaths in Conflicts in SSA. Source: Armed Conflict Location and Event Data ACLED (2023).


These examples prompt us to ask: are countries with certain characteristics better equipped to resist the spread of violence from neighboring territories into their own? The study argues that when we consider the interaction between spatial heterogeneity and dependence, the risk of conflict contagion from neighboring areas may decrease in regions with specific mitigating factors. A model of civil war contagion supports this conditional hypothesis, showing that these characteristics influence the likelihood of a country being affected by a civil conflict occurring in adjacent territories. This context leads us to two critical research questions: How does armed conflict impact economic growth differently across the various subregions of Sub-Saharan Africa? and What are the geographic spillover effects of armed conflict on neighboring subregions within Sub-Saharan Africa? These questions aim to explore the diverse effects of conflict across different regions and examine how certain regional factors may influence the transmission of conflict-related economic disruptions across borders. By investigating these aspects, we can better understand the complex dynamics of conflict in Sub-Saharan Africa and identify potential strategies for mitigating its adverse effects.

Recent studies have documented how violence in one region can spill over into neighboring areas, amplifying instability and socio-economic disruptions (Raga et al., 2023; Carmignani and Kler, 2016a,b). This phenomenon, where conflict in one area exacerbates tensions or sparks new conflict in adjacent regions, is a critical concern for SSA. Spatial econometrics underscores the significance of geographical proximity in shaping conflict dynamics, emphasizing spillover effects. These can manifest through refugee flows, cross-border movement of combatants, and ideological contagion, amplifying conflict across borders (Bertinelli et al., 2022; Rother et al., 2016; Fearon and Laitin, 2003). This study investigates this phenomenon using a spatial analysis framework. By examining the spatial dependence between armed conflict occurrences in SSA, we can gain a deeper understanding of how conflict transmission occurs across borders. Furthermore, we investigate the impact of these conflict spillovers on economic growth in the region. Existing literature highlights the detrimental effects of conflict on economic growth (Fang et al., 2020). This study builds upon this knowledge by exploring how the spatial nature of conflict transmission might exacerbate economic decline in SSA and how the impact of armed conflict on economic growth differs across the three regions.

This study is designed to achieve the following objectives. First the study assesses the Variation in Economic Impact. To achieve this, we evaluate how the economic impact of armed conflict differs across the sub-regions of SSA. By examining Central Africa, East Africa, and West Africa, we aim to identify regional disparities in the economic consequences of conflict. Second, we investigate Geographic Spillover Effects. To achieve this, we analyze the extent and significance of geographic spillover of armed conflict among SSA sub-regions. This involves studying how conflict in one region affects neighboring areas and contributes to broader regional instability. Third, the study utilizes Spatial Analysis Techniques. We apply spatial econometric methods to understand the patterns and mechanisms of conflict transmission. By employing these techniques, we seek to uncover how conflicts spread geographically and their subsequent impact on economic development. Finally, the study aims to contribute to Policy and Development Strategies in order to provide insights that can inform policy and development strategies aimed at mitigating the adverse effects of armed conflict. Our findings will contribute to efforts to enhance regional stability and promote sustainable development in SSA.

In addressing these objectives, this study will build upon existing research by integrating spatial analysis with economic impact assessments. The subsequent sections will detail our literature review, methodology, findings, and their implications for policy and future research offering a comprehensive analysis of conflict spillover and its economic implications. Through our investigation, we hope to advance understanding in conflict studies, shed light on the complex dynamics of conflict spillover and contribute to efforts aimed at promoting peace, stability, and sustainable development in SSA.



2 Literature review


2.1 The impact of armed conflict on economic growth

There are three main streams of empirical literature on the economic implications of armed conflict namely; the comparative analysis, the accounting framework of measuring the cost of conflict and the regression modeling structure. In the first, studies make a comparative analysis between warring states and non-conflict state; with the non-conflict state as an index (Stewart et al., 2001; Abadie and Gardeazabal, 2003). The next stream uses accounting framework to estimate the implication of war by taking reduced taxes and military expenditure into consideration (Collier et al., 2003; Fitzgerald et al., 2001) and the last stream which can be linked to much of the various conclusions in previous studies is grounded on a regression modeling approach; (Gyimah-Brempong and Corley, 2005; Cerra and Sexena, 2008; Ganegodage and Rambaldi, 2013).

Theoretical literature on the effects of armed conflict on growth also offers two different versions; the first highlight a positive effect while the other signifies a negative effect. By employing the Keynesian economic theory for instance, (Benoit, 1978) suggest that spending on armed conflict and increasing wartime production can be used for expanding fiscal policy. Fiscal prudent military spending stimulate the economy and generates positive externalities by proliferating aggregate demand. Other studies employ the unified growth model (Murdoch and Sandler, 2002). Using experience from WWII (Tilly, 1975; Dunne et al., 2005; Blattman and Miguel, 2010) show that in the long-run wars can creates positive externalities like technological development through sophisticated military training and creates a skillful workforce that paves way for strong institutions and thus contribute to rapid development.

The opposing view maintains that rather than stimulating economic growth, wars actually crowds out investment in other sectors of the economy (Landau, 1996). Ongoing conflicts also hamper investment in human development which many developing nations urgently need for improved economic performance (Ganegodage and Rambaldi, 2013; Sefa and Siew, 2018).

Using theoretical and empirical analysis and using armed conflict data from SSA for three decades, (Collier and Hoeffler, 2002) found that apart from political and cultural diversity; high unemployment, low income, primary commodity dependence and lagged economic growth are determining factors responsible for the initiation and duration of wars. Similar to Collier and Hoeffler (2002) and Murdoch and Sandler (2002) investigates the impact of war on income growth by examining intensity and incidence of war. They conclude that despite the incidence of war having a negative impact on growth and levels of per capita income, the consequences are short-term. By investigating the impact of civil war on income growth, (Artadi and Sala-i-Martin, 2003) concludes that conflict reduces the average growth rate of GDP in SSA by 0.5% in the periods following independence.

Armed conflict in SSA has had enduring ramifications on economic growth, presenting a formidable challenge to the region’s development trajectory. Recent empirical evidence, exemplified by Fang et al. (2020), underscores the significant economic toll inflicted by conflicts in SSA. The paper reveals that countries embroiled in intense conflicts experience a staggering average annual growth reduction of approximately 2.5 percentage points. Moreover, the detrimental effects of armed conflicts on economic growth accumulate over time, leading to a decline in per capita GDP. This decline is compounded by strains on public finances, as conflicts strain government budgets, diminish revenue streams, and divert resources away from essential developmental endeavors. The existing literature highlights the diverse impacts of armed conflict across different regions, even within the same geographical area. For instance, the study conducted by Newiak et al. (2013) revealed that armed conflict exerts varying degrees of influence on per capita GDP growth in SSA countries, with annual reductions ranging from 1.3 to 3 percentage points on average. Importantly, the magnitude of this impact was found to be contingent upon the level of institutional quality within each country. However, despite this valuable insight into the overall impact of conflict on economic progress in SSA, there remains a notable research gap regarding the effects of conflict within specific subregions of SSA. While previous studies have shed light on the broad implications of conflict, they often overlook the heterogeneity that exists within SSA, both in terms of geographical regions and institutional contexts. Therefore, there is a need for further investigation into how armed conflict uniquely affects economic dynamics within the distinct subregions of SSA, namely Central Africa, East Africa, and West Africa. Based on the existing literature and the identified research gap, the following hypothesis is formulated as follows.


H1: The impact of armed conflict on economic growth varies significantly across the subregions of SSA.
 



2.2 Geographical spillover of armed conflict in SSA regions

Turning to the geographical spillover of armed conflict, this phenomenon emerges as a significant concern in SSA. Research indicates that the spillover effect of conflicts is particularly pronounced and enduring in SSA compared to other regions (Carmignani and Kler, 2016a,b). The world has witnessed various instances of spatial dynamics of conflict spillover. Several studies highlight the phenomenon of conflict spilling over from one country to another in SSA. Examples like the Rwandan Civil War triggering the First Congo War and the Sierra Leone War involving cross-border rebel support illustrate this interconnectedness (Opongo, 2022). However, a key research gap exists in quantifying the regional differences in spillover strength. While local (Fiandrino et al., 2023) and global instances exist (Ward and Gleditsch, 2002), the literature suggests SSA might be particularly vulnerable due to factors like resource-rich mountainous regions prone to territorial disputes (Braithwaite, 2005) and strong transnational ethnic linkages created by colonial borders (Carmignani and Chowdhury, 2012). Carmignani and Kler (2016a,b) examined the geographical spillover of armed conflict in SSA. They found that the conflict spillover effect is stronger for civil wars than for interstate wars.

Recent research has highlighted the interconnectedness of armed conflicts across SSA regions. For example, a study by Oestman (2021) found evidence of conflict contagion, where conflicts in one country can escalate and spread to neighboring countries due to shared borders, ethnic ties, or refugee movements. The study emphasizes the importance of considering spatial proximity and cross-border dynamics in conflict analysis and resolution. Furthermore, the prevalence of transnational armed groups and illicit trafficking networks exacerbates the spatial spread of conflict in SSA. Research by Bearzotti et al. (2015) illustrates how armed groups, such as Boko Haram and al-Shabaab, operate across multiple countries, exploiting porous borders and weak governance structures to sustain their activities. These transnational dynamics contribute to the diffusion of conflict and pose challenges to regional stability and security. Specifically, Dunne and Tian (2019) suggest that neighboring countries experiencing armed conflict significantly elevate the probability of civil war onset in adjacent regions by at least 1%. This heightened risk underscores the interconnected nature of conflicts in SSA, where violence in one area can precipitate and exacerbate tensions in neighboring territories. This geographical clustering of conflicts creates a ripple effect, amplifying the risk of violence across SSA regions. Similarly, scholarly investigations by Tian (2020), Boly and Kéré (2022), and Welander (2022) have underscored the significance of spatial dependence in understanding conflict dynamics. These studies argue that the occurrence and intensity of conflict in a particular region are closely linked to the level of conflict in neighboring areas. This spatial interdependence suggests that armed conflicts in SSA do not occur in isolation but rather exhibit patterns of diffusion and contagion, with violence spilling over from one locale to another.

The mechanisms through which conflict spreads across borders in SSA are multifaceted and varied. Refugee flows, as highlighted by Cederman and Pengl (2019), play a significant role in propagating conflict, as displaced populations fleeing violence often seek refuge in neighboring countries, thereby carrying the seeds of instability with them. Similarly, the cross-border movement of combatants, as identified by Walter (2009), can facilitate the spread of conflict, as armed groups exploit porous borders to conduct military operations and seek sanctuary in neighboring territories. For instance, as witnessed in the case of Boko Haram in Nigeria moving freely across the Lake Chad axis and other porous borders, terrorizing Nigeria, Niger, Chad, and Cameroon (Tar and Ahmed, 2022.). Additionally, ideological contagion, as theorized by Fearon and Laitin (2003), can contribute to the diffusion of conflict, with radical ideologies and grievances crossing national boundaries and inciting violence in adjacent regions.

Existing research offers valuable insights but leaves crucial gaps, particularly in quantifying regional differences in spillover strength and disentangling the relative influence of internal versus external factors. Addressing these gaps through empirical studies and considering the dynamic interplay of spatial and temporal dimensions will be key to advancing our understanding of conflict in SSA. Hence, it becomes imperative to evaluate the sensitivity of findings concerning changes in spatial dimension measurement. Therefore, we hypothesize:


H1: There is a significant geographic spillover of armed conflict across different subregions within SSA.
 

There are still significant gaps in the vast body of research on armed conflict and economic growth in SSA. One key empirical gap is the failure to segregate SSA into specific regions like Central Africa, East Africa, and West Africa. Most studies have tended to analyze SSA as a single entity, overlooking the distinct dynamics and characteristics of each sub-region. By failing to disaggregate the data, researchers may miss important distinctions that could provide deeper insights into the causes, patterns, and consequences of conflicts within each region. Moreover, to the best of our knowledge, none of the current studies have employed spatial panel regression analysis to measure the geographical spillover effects of conflicts across SSA. Instead, conventional panel analysis has been predominantly used. Spatial regression analysis allows researchers to explore how conflicts in one area may affect neighboring regions through various channels such as refugee flows, arms trafficking, and economic disruptions. By incorporating spatial dependencies into the analysis, researchers can better understand the interconnected nature of conflicts and their implications for regional stability and security. Thus, a critical empirical gap in the existing literature is the absence of studies that both segregate SSA into its constituent regions and employ spatial regression analysis to examine the geographical spillover effects of conflicts. Addressing this gap could provide a more comprehensive understanding of the dynamics driving conflicts in SSA and inform more effective policy responses to promote peace and stability in the region.




3 Methodology


3.1 Data and variables

This study delves into the dynamics of armed conflict within SSA by segmenting the region into three distinct areas: Central Africa, East Africa, and West Africa. Central Africa comprises six countries,2 East Africa encompasses twelve,3 and West Africa includes thirteen.4 The data utilized in this analysis were meticulously sourced from reputable institutions renowned for their reliability and accuracy (refer to Table 1). The dataset spans a considerable time frame, covering 34 years from 1989 to 2022. This extensive temporal scope allows for a comprehensive examination of armed conflict trends and patterns across the SSA regions over a significant period. By incorporating data from multiple sources, this study aims to ensure the robustness and validity of its findings.



TABLE 1 Variables definition.
[image: Table1]

The selection of variables for analysis is crucial in unraveling the complex dynamics of armed conflict and economic growth. The key variables considered in this study are; the Gross Domestic Product per Capita which serves as a measure of economic development within each SSA region. Higher GDP per capita (GDPpc) values typically indicate greater economic prosperity and stability, which can influence the propensity for armed conflict (Ghazalian and Hammoud, 2021; Vestby et al., 2021; Humphreys, 2003). The total number of conflict-related deaths is utilized as a proxy for conflict intensity within each region. Using the total number of conflict-related deaths as a proxy for conflict intensity offers several advantages. Firstly, it provides a straightforward and easily quantifiable measure of the severity of armed conflict within a region. This simplicity facilitates comparability across different conflicts and regions, allowing for meaningful analysis of trends over time and across geographical areas. Additionally, using conflict-related deaths as a proxy for conflict intensity captures the human cost of armed conflict, highlighting the devastating impact on individuals, communities, and societies. Studies such as Elfversson and Höglund (2021) and Cederman and Pengl (2019) have utilized this measure to analyze trends in armed conflict, assess the urbanization of conflict, and explore the consequences of global conflict dynamics. Corruption perception or the level of corruption within a region is considered a crucial determinant of governance quality (Rontos et al., 2013). Higher levels of corruption can exacerbate social inequalities, exacerbate grievances, and potentially fuel armed conflict (Le Billon, 2003). Military expenditure represents the resources allocated by governments towards defense and security initiatives. High levels of military spending may indicate a focus on militarization and security concerns, which can either mitigate or escalate armed conflict risks (Khalid et al., 2020). The ratio of natural resource exports to GDP serves as a proxy for economic dependence on natural resources within each region. It is argued that regions heavily reliant on natural resource exports may experience heightened vulnerabilities to resource-related conflicts and economic instability (Cuvelier et al., 2014). Table 1 presents a clearer picture of these variables.



3.2 Empirical methodology

For this study, two variant econometric models were employed to address different aspects of armed conflict within each region of SSA. The spatial panel econometrics model was utilized to investigate the geographic spillover of armed conflict within each region. Spatial panel econometrics allows for the analysis of spatial dependencies and interactions among neighboring regions over time. By employing this model, the study aimed to understand how armed conflicts in one area may influence neighboring regions within the same SSA region. The analysis considered factors such as conflict intensity, geographical proximity, and shared borders to elucidate the spatial dynamics of armed conflict spread. In contrast, conventional panel analysis was employed to estimate the impact of armed conflict on economic growth within each SSA region. This model focused on assessing the relationship between armed conflict and economic indicators, particularly gross domestic product (GDP) growth. Through spatial panel econometrics, the geographic spread and spatial interactions of armed conflict were explored, while conventional panel analysis shed light on the economic consequences of such conflicts within each region. This dual approach allowed for a nuanced examination of the complex relationship in armed conflict and regional dynamics in SSA.

The empirical methodology employed in this study draws from previous research on spatial econometrics and conflict studies, particularly focusing on the spillover consequences of armed conflict in SSA. Scholars such as Gleditsch and Ward (2001), Salehyan and Gleditsch (2006), and Braithwaite (2010) have utilized spatial econometric techniques to investigate the spatial spread of conflicts across neighboring regions or countries. For instance, (Salehyan and Gleditsch, 2006) utilized a spatial lag model to examine the spatial diffusion of civil wars in Africa, considering the influence of neighboring countries on conflict onset. Similarly, Ward and Gleditsch (2002), Gleditsch (2007), and Braithwaite (2010) explored the spatial nature of conflicts, particularly focusing on spatial interactions among dependent variables.



3.3 Model specification

Based on previous studies, such as (Fang et al., 2020; Agu et al., 2023; Emeka et al., 2024) who have extensively investigated the impact of armed conflict on economic growth, this study adopts a slightly modified version of these models (Equation 1) to estimate the impact of armed conflict on economic growth.

[image: image]

where the subscripts [image: image]denote the countries and time periods, respectively. [image: image] is the logarithm of the variables which allows for a linear interpretation of percentage changes in the variables. [image: image] represents the natural logarithm of GDP per capita. [image: image] denotes the total number of conflict-related deaths, serving as a proxy for conflict intensity. [image: image] signifies the natural logarithm of corruption levels within the region. [image: image]represents military expenditure as a percentage of GDP. [image: image] stands for natural resource dependence, measured as the ratio of natural resource exports to GDP. Ε captures unobserved factors that may influence GDPpc but are not explicitly included in the model.

Similarly, to investigate the geographic spillover armed conflict, a modified version (De Groot, 2010) is employed with a similar spatial specification of Karimi et al. (2022), Wang et al. (2021), and Ragoubi and El Harbi (2018) to estimate the geographic spillover of armed conflict in SSA. To ensure robustness and validity, the analysis utilizes three families of spatial econometric techniques; the Spatial Durbin Model (SDM), Spatial Autoregressive model (SAR), and Spatial Error Model (SEM). These models are chosen due to their ability to account for spatial interdependence among observations, acknowledging that neighboring regions may share similarities or experiences influencing the phenomenon under investigation.

The Spatial Durblin Model (SDM) extends the traditional linear regression model to incorporate spatial dependencies among observations, as shown in Equation 2 below.

[image: image]

where Conf is the armed conflict intensity variable for country i. ρ is the spatial autoregressive coefficient, representing impact of lagged armed conflict values in neighboring countries on the current country’s armed conflict. Wij is the spatial weight between countries i and j, indicating the spatial relationship. Xi is a vector of exogenous variables for country i that may influence armed conflict which include the GDPpc and corruption and ϵ_i is the error term.

The SAR model is employed to analyze spatial dependencies in data, as specified in Equation 3 below.

[image: image]

where ρ represents the spatial autocorrelation parameter and [image: image] is the spatially lagged armed conflict term, representing the weighted average of armed conflict values in neighboring countries.

The SEM allows for spatial autocorrelation in the error term, capturing spatially correlated unobserved factors, as specified in Equation 4 below.

[image: image]

where ηi represents the spatially correlated error term.

Additionally, the study utilizes spatial weight matrices to characterize spatial relationships among observations in the dataset. Two types of spatial weight matrices based on contiguity and distance are considered, with row-standardization ensuring that weights sum up to one on each row. The study also employs Moran’s I statistic to test for spatial autocorrelation, determining whether similar values of the variable tend to cluster together geographically.


3.3.1 Spatial weight matrix

The spatial weighted matrix symbolized by, describes the spatial relationship between observations in the dataset, as indicated in Equation 5 below: 

[image: image]

Equation 5 provides information about which observations are reflected as neighbors and how the values are related to each other. The elements [image: image] indicates whether observations i and j are spatially close. In simpler terms, explains if similar values (high or low) of our variable tend to cluster together geographically. Moran’s I tests is used to determine whether data exhibit spatial dependence.

[image: image]

Here, [image: image] is the standardization factor, and [image: image] are the spatial weights. The test helps determine if spatial dependence is present in the data. By employing a variety of spatial econometric techniques and spatial weight matrices, the study aims to provide a comprehensive understanding of the spatial dynamics of armed conflict in SSA, contributing to the robustness and reliability of the findings. Figure 4 provides a diagrammatic flow of the methodological steps of the study.

[image: Figure 4]

FIGURE 4
 Methodological step flowchart.






4 Results


4.1 Spatial weight matrix result

Table 2 presents the spatial weight matrices for Central, East, and West Africa provide valuable insights into the spatial relationships among neighboring units within each region. In terms of dimensions, Central Africa’s matrix is 6×6, East Africa’s is 12×12, and West Africa’s is 13×13, reflecting the size of the region and the number of countries within each. The minimum value, which represents the lowest level of spatial proximity between neighboring units, is 0 for all three regions, indicating that some units may not share borders or vertices with others.



TABLE 2 Summary of spatial-weighting object W.
[image: Table2]

The minimum weight greater than zero is 0.25 for Central Africa, 0.2 for East Africa, and approximately 0.1667 for West Africa, indicating the minimum weight assigned to neighboring units with some degree of spatial proximity. The mean weight, reflecting the average weight across all neighboring units, is approximately 0.1667 for Central Africa, 0.0764 for East Africa, and 0.0769 for West Africa. The maximum weight, indicating the highest level of spatial dependence between any two neighboring units, is 0.5 for Central Africa and 1 for both East and West Africa. These values help us understand the strength of spatial relationships among units within each region. Higher weights suggest stronger spatial dependence and a greater likelihood of spatial spillover effects of armed conflict, while lower or zero weights indicate weaker spatial relationships between units.



4.2 Boundary links

Table 3 provides information on the number of links (or connections) between different regions in Africa, specifically Central, East, and West Africa. East Africa has the highest total number of links, indicating a higher level of connectivity or spatial relationships between countries in this region compared to Central and West Africa. West Africa follows closely behind East Africa in terms of the total number of links observed. Central Africa has the lowest total number of links, suggesting relatively fewer connections or spatial relationships between countries in this region compared to East and West Africa.



TABLE 3 Tabulation of links.
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The table provides insights into the connectivity and spatial relationships between countries in Central, East, and West Africa, which can further inform our understanding of geographical spillover effects and the spread of armed conflict in these regions. Moving forward, we will interpret the estimated results obtained from the SDM, SAR model, and SEM to gain further insights into the geographical spillover of armed conflict in Central, East, and West Africa.



4.3 Empirical findings of the geographical spillover of armed conflict in SSA regions


4.3.1 Spatial Durbin model (SDM) result

Table 4 depicts the findings of the SDM applied to the three regions in SSA (Central, East, and West) to analyze the geographical spread of armed conflict within each region. Firstly, the estimated spatial autoregressive coefficient (ρ) which is the variable of interest provides crucial information about the impact of armed conflict in neighboring countries on the current country’s conflict intensity. Across the models and regions, the coefficient indicates a significant positive spatial effect, suggesting that armed conflict intensity in neighboring countries tends to influence conflict intensity within the focal country. Under the main effect (without spatial interaction), the coefficient for GDPpc is mostly negative and statistically insignificant across all models and regions. This suggests a weak or inconclusive relationship between higher GDPpc and reduced conflict intensity. Specifically, In Central Africa, GDPpc has a negative coefficient, indicating that higher GDPpc is associated with lower levels of conflict, although the coefficient is not statistically significant at conventional levels.



TABLE 4 Spatial Durbin Model (SDM).
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In East Africa, the coefficient is negative and statistically significant at the 5% level, suggesting that higher GDPpc is associated with lower conflict levels. In West Africa, the coefficient is positive but not statistically significant.

The results for corruption are mixed. In Central Africa (Model I and II) and West Africa (Model III), the coefficient is positive and statistically significant, indicating that higher levels of corruption (lower control of corruption scores) are associated with increased conflict intensity. This aligns with the notion that corruption can create grievances, undermine trust in institutions, and create opportunities for conflict actors. However, the opposite is true in West Africa (Model I and II), suggesting a more complex relationship. Explicitly, in Central Africa, corruption has a positive coefficient, indicating that higher levels of corruption are associated with higher levels of conflict, although the coefficient is not statistically significant. In East Africa, corruption has a positive and statistically significant coefficient, suggesting that higher corruption levels are associated with higher conflict levels. In West Africa, corruption also has a positive and statistically significant coefficient.

However, considering the result of the spatial effects W*GDPpc (spatial lag of GDPpc) which captures the spillover effects of neighboring countries’ GDPpc on a country’s own conflict intensity. The coefficient is positive and statistically significant for East Africa (all models) and West Africa (Model III). This implies that higher economic prosperity in neighboring countries can reduce conflict intensity in a focal country. This might be due to increased trade opportunities, regional cooperation, or a “demonstration effect” where economic success inspires peaceful development. W*Corrup captures the spillover effects of neighboring countries’ corruption levels on a country’s own conflict intensity. For Central Africa (all models) and West Africa (Model I and II), the coefficient is negative and statistically significant. This suggests that higher levels of corruption in neighboring countries exacerbate conflict intensity in the focal country. This might be due to the spread of corrupt practices, cross-border criminal networks, or instability spilling over from neighboring regions.

In conclusion, the spatial autocorrelation (ρ) parameter measures the overall spatial dependence of conflict intensity across regions. All models show a significant positive spatial autocorrelation (ρ), indicating that a country’s conflict intensity is statistically associated with conflict intensity in its neighboring countries. This reinforces the importance of considering spatial effects when analyzing conflict dynamics. The Hausman test in the study compares the Random Effects (Model I) with the Spatial Fixed Effects (Models II and III). A significant result (p-value <0.05) indicates that the spatial fixed effects model is preferable, suggesting that unobserved spatial heterogeneity is present in the data. This justifies using the spatial models (Model II and III) for a more robust analysis.



4.3.2 Spatial-autoregressive model (SAR)

Table 5 displays the findings from the SAR applied to the three SSA regions. The coefficient for GDPpc is mostly negative and statistically insignificant across models and regions. Similar to the SDM results, there is a weak or inconclusive association between higher GDPpc and reduced conflict intensity. Specifically, in Central Africa, the coefficient for GDPpc is negative, indicating that higher GDPpc is associated with lower levels of conflict, although the coefficient is not statistically significant. In East Africa, the coefficient is negative and statistically significant at the 5% level, suggesting that higher GDPpc is associated with lower conflict levels. In West Africa, the coefficient varies across models, with Model I and Model III showing negative coefficients, although not statistically significant, and Model II showing a positive coefficient. The results for corruption are more consistent compared to the SDM. The coefficient is mostly positive and significant, particularly in Central Africa (all models) and West Africa (Model I and II). This reinforces the notion that higher corruption is associated with increased conflict intensity. Additionally, the spatial autocorrelation (ρ) parameter which measures the overall spatial dependence of conflict intensity indicates that all models except West Africa (Model III) show a significant positive spatial autocorrelation (ρ). This indicates that a country’s conflict intensity is statistically related to the conflict intensity in its neighboring countries.



TABLE 5 Spatial-AutoRegressive Model (SAR).
[image: Table5]

The Hausman test compares Random Effects (Model I) with Spatial Fixed Effects (Models II and III). A significant result (p-value <0.05) is observed in some cases (East Africa Model II, West Africa Model III), indicating that the spatial fixed effects model is preferable. This suggests the presence of unobserved spatial heterogeneity in the data. One key difference between this model and SDM is that the SAR model does not consider the spatial lag of the independent variables (GDPpc and Corruption). It focuses on the spatial dependence of the dependent variable (conflict intensity) itself. This might explain why the spatial effects (ρ) are generally stronger in the SAR model compared to the SDM, especially for East Africa and Central Africa. The findings highlight the spatial dimension of conflict dynamics. Conflict intensity in a country is influenced by the level of conflict in its neighboring regions. Higher levels of corruption are associated with increased conflict intensity, particularly in Central and West Africa.



4.3.3 Spatial error model (SEM)

Table 6 depicts the findings of the SEM. Results for GDPpc and Corruption are similar to the previous models (SAR and SDM). There is a weak or inconclusive relationship between GDPpc and conflict, while corruption is positively associated with conflict intensity, particularly in Central and West Africa. Furthermore, all models, except West Africa (Model III), show a significant positive spatial error term (λ). This suggests that unobserved factors causing conflict in a country are related to similar factors in neighboring countries. This could be due to regional instability, spillover effects of conflict dynamics, or shared environmental or economic challenges. The Hausman test results are inconsistent, unlike the previous models. This suggests that both Random Effects (Model I) as well as Spatial Fixed Effects (Model II and III) may be valid for some regions.



TABLE 6 Spatial Error Model (SEM).
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The key differences from SAR and SDM is that, the SEM focuses on spatial dependence in the error terms, not the dependent variable (conflict intensity) itself. This implies that unobserved spatial factors are influencing conflict intensity across regions, independently of the included explanatory variables. The findings highlight the importance of considering unobserved spatial factors that contribute to conflict dynamics. These factors might be regional political instability, shared economic challenges, or historical grievances.

Figure 5 display four decades conflict intensity data fed into the SSA map. The provided data on conflicts related deaths in Sub-Saharan Africa (SSA) from 1989 to 2022 offers a comprehensive view of the geographical shift in conflict intensity. The figures in the tables and corresponding maps (Figures 5AD) reveal dynamic patterns over time, shedding light on the evolving nature of armed conflicts across different countries in the region. From Figure 5A, during this period (1989–1998), notable conflict intensity is observed in countries such as Angola, Burundi, Democratic Republic of Congo, Eritrea, Ethiopia, Liberia, Mozambique, Rwanda, Sierra Leone, Somalia, and South Sudan. These nations experienced substantial conflicts, with varying degrees of severity. Figure 5B indicates a shift in conflict intensity during this period. While some countries, such as the Democratic Republic of Congo, Eritrea, Ethiopia, Sierra Leone, Somalia, and South Sudan, continued to face significant conflicts, others like Burundi, Chad, Cote d’Ivoire, and Liberia experienced a decrease in conflicts. Additionally, new conflict dynamics emerged in countries like Kenya, Nigeria, Sudan, and Uganda. Figure 5C shows further changes in conflict intensity. Countries like Burundi, Central African Republic, Chad, Democratic Republic of Congo, Ethiopia, Mali, Nigeria, Somalia, South Sudan, Sudan, and Uganda continued to grapple with conflicts. Notably, some countries experienced a decrease in conflicts, including Angola, Cote d’Ivoire, Liberia, Mozambique, and Sierra Leone.

[image: Figure 5]

FIGURE 5
 Conflict Intensity 1989–1998. Conflict Intensity 1999–2008. Conflict Intensity 2009–2018. Conflict Intensity 2019–2022.




4.3.4 Model selection

After conducting spatial panel analysis using SDM, SAR model, and SEM, a model selection test based on Belotti et al. (2017) was performed to determine the most appropriate model for the analysis. The test results revealed that the SDM is the most suitable choice. This decision was based on several factors such as the spatial autocorrelation test. The test results did not strongly reject the null hypothesis, indicating the presence of spatial autocorrelation. This suggests that there is a spatial dependency between observations, supporting the use of a spatial model. Similarly, the joint significance of the spatial lag of GDPpc and corruption in the SAR model was statistically significant. This indicates that neighboring countries’ economic variables have a significant influence on the focal country’s economic variables, further supporting the choice of the SDM. Finally, the joint significance of the spatial lag of GDPpc and corruption in the SEM was statistically significant. This reinforces the conclusion drawn from the SAR test and provides additional evidence in favor of the SDM. Based on these tests and the diagnostic criteria outlined by Belotti et al. (2017), the SDM emerges as the most appropriate model for the spatial panel analysis. It effectively accounts for spatial autocorrelation and captures the spatial dependencies present in the data, making it a robust choice for comprehending the interconnectedness of armed conflict, economic variables, and spatial dynamics in SSA.




4.4 Empirical findings of the impact of armed conflict on economic growth

Table 7 depicts the results estimating the effect of armed conflict on economic growth across three African regions (Central Africa, East Africa, and West Africa) using Ordinary Least Squares (OLS), Fixed Effects (FE), and Random Effects (RE) models. The coefficient for conflicts is inverse as well as statistically significant in all models (except West Africa - RE). This suggests that a surge frequency or intensity of conflict is related to a decrease in economic growth, as expected. This implies that armed conflict has a detrimental effect on economic growth. The magnitude of this negative effect varies across regions. Central Africa experiences the strongest negative impact, followed by East Africa and West Africa. This suggests that the economic disruption caused by armed conflict is more severe in Central Africa. Similar to the previous spatial models, the results for corruption are mixed across regions. In Central Africa, the coefficient is negative as well as insignificant in the OLS and FE models, signifying no clear link between corruption and growth. However, the RE model indicates positive as well as insignificant outcome. For East Africa, corruption positively as well as significantly related to growth in our OLS model but becomes negative and significant in the FE and RE models. This inconsistency might be due to unobserved factors captured by fixed and random effects. For West Africa, corruption positively as well as significantly with growth in the OLS model, however it becomes negative and significant in the FE model. This suggests that controlling for unobserved country-specific effects reveals a negative impact of corruption on growth.



TABLE 7 Impact of armed conflict on economic growth across SSA’s sub-regions.
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The coefficient for military expenditure is positive and significant across most models and regions. This suggests that increased military spending might boost economic growth, possibly due to increased government spending or technological advancements. The impact of natural resource dependence is mixed across regions. In Central Africa, this is a positively and significantly related to growth in all models. This suggests that resource wealth contributes to economic growth in this region. In East Africa, the coefficient is negative and significant across all models. This paradoxical effect might be due to the “resource curse,” where reliance on resource extraction hinders economic diversification and fosters corruption. In West Africa, the results are inconclusive, with a negative and significant coefficient in the OLS model and insignificant effects in the FE and RE models. The Hausman test indicates that fixed effects are preferable for East Africa due to a significant result, suggesting unobserved country-specific effects are important. For the other regions, the test is inconclusive. The results provide evidence that armed conflict has a negative impact on economic growth in African regions. The relationship between corruption, military expenditure, and natural resource dependence with economic growth seems more complex and might vary across regions. The fixed effects models appear to proffer better fit for data by accounting for unobserved regional effects.

In summary the study examines the impact of armed conflict on economic growth in Central, East, and West Africa using spatial econometric models along with traditional models. The results show that armed conflict significantly hampers economic growth, particularly in Central Africa, with conflicts in neighboring countries also influencing a country’s conflict intensity, highlighting the importance of considering spatial dependencies. While GDPpc generally shows a weak or inconclusive relationship with conflict, corruption levels are mixed, sometimes correlating with increased conflict intensity and reduced growth. Military expenditure is often linked to positive economic outcomes, and natural resource dependence has region-specific effects, boosting growth in Central Africa but hindering it in East Africa. The Spatial Durbin Model is identified as the most suitable for analyzing these spatial dynamics, effectively capturing the interconnectedness of conflict, economic factors, and regional spillovers.



4.5 Discussions

The analysis conducted in Tables 4–6 delves into the relationship between armed conflict intensity, economic variables, and spatial dependencies across Central Africa, East Africa, and West Africa. These findings shed light on the dynamics of conflict and its spatial spread within SSA. The SDM results reveal significant spatial effects of armed conflict intensity, indicating that conflict in neighboring countries exerts a substantial influence on conflict levels within a focal country. This aligns with prior research highlighting the interconnectedness of conflict dynamics across borders (Mansury et al., 2023; Alfar, 2022; Raleigh et al., 2010; Buhaug and Gleditsch, 2008; Fearon and Laitin, 2003). Interestingly, while the relationship between GDPpc and conflict intensity is generally weak or inconclusive, East Africa stands out with a significant negative association, implying that higher economic prosperity in neighboring countries may mitigate conflict within the region. This weak or inconclusive relationship between GDPpc and conflict intensity is consistent with some studies (see, for example, Vesco et al., 2020), but contradicts others that find a strong negative association (see, for example, Le et al., 2022; Fang et al., 2020; De Groot, 2010; Collier and Hoeffler, 2004).

Conversely, the positive association between corruption and conflict intensity, particularly in Central and West Africa, underscores the destabilizing influence of corruption on governance and social cohesion (Belloni, 2012). Higher levels of corruption are positively associated with increased conflict intensity, particularly in Central and West Africa. This aligns with Olsson’s (2014) idea that corruption undermines institutions, fosters grievances, and creates opportunities for conflict actors. Additionally, the spatial lags SDM results show that higher economic prosperity in neighboring countries (WGDPpc) can reduce conflict intensity in the focal country (East and West Africa). This suggests potential benefits of regional economic cooperation and “demonstration effects” encouraging peaceful development. On the other hand, higher corruption levels in neighboring countries (WCorrup) can exacerbate conflict intensity (Central and West Africa). This highlights the risk of contagious corruption and spillover of instability across borders.

Moreover, the significant positive spatial autocorrelation parameter (ρ) underscores the importance of spatial effects in understanding conflict dynamics, echoing previous research emphasizing the need to account for spatial dependencies in conflict analysis (Schneider et al., 2003). The spatial spillover coefficient (ρ) in West Africa shows a more pronounced effect compared to Central and East Africa. Specifically, the coefficient for West Africa ranges from approximately 18 to 20%, indicating that for every 1% increase in conflict intensity in neighboring countries, conflict intensity within the focal country increases by 18 to 20%. In contrast, Central and East Africa exhibit lower ρ coefficients, suggesting a lesser percentage increase in conflict intensity for the same increase in neighboring conflict. This implies that conflicts in West Africa have a stronger tendency to spread across borders, potentially leading to a higher percentage increase in conflict intensity compared to other regions.

Similarly, results from our SAR model corroborate SDM outcomes regarding weak relationship of GDPpc with conflict intensity across regions. However, the positively and significantly associated relation of corruption and conflict intensity is more consistent, aligning with prior literature emphasizing corruption’s role in fueling conflict (Wedel, 2012; Fearon and Laitin, 2003). Notably, the significant positive spatial autocorrelation in conflict intensity highlights the spatial diffusion of conflict dynamics, with neighboring countries’ conflicts influencing each other. This underscores the interconnected nature of conflict within SSA and the importance of regional approaches to conflict resolution (Amarasinghe et al., 2000; Collier and Hoeffler, 2004). Furthermore, the SEM findings reaffirm the positive association between corruption and conflict intensity observed in previous models, underscoring corruption’s detrimental impact on governance and stability (Belloni, 2012). Moreover, the significant positive spatial error term indicates the presence of unobserved spatial factors contributing to conflict dynamics across regions, highlighting the need for comprehensive and context-specific approaches to conflict resolution.

Therefore, based on the results discussed hypothesis H1 – There is a significant geographic spillover of armed conflict across different subregions within SSA is supported. The findings indicate a significant geographic spillover of armed conflict across different subregions within SSA. This is evidenced by the significant positive spatial autocorrelation parameter (ρ) in all regions, highlighting the interconnectedness of conflict dynamics across borders. Additionally, the spatial spillover coefficient (ρ) is more pronounced in West Africa compared to Central and East Africa, indicating a stronger tendency for conflicts to spread across borders in this region. These results underscore the importance of considering spatial dependencies and regional dynamics in understanding armed conflict in SSA. Therefore, the hypothesis that there is a significant geographic spillover of armed conflict across different subregions within SSA is supported by the findings. Overall, the findings from these models provide valuable insights into the interplay between economic variables, corruption, spatial dependencies, and conflict intensity in SSA. While economic prosperity of neighboring countries may mitigate conflict, corruption emerges as a significant destabilizing factor. Furthermore, the spatial spread of conflict underscores the importance of regional cooperation and coordinated interventions to address the underlying drivers of conflict in the region.

On the other hand, findings presented in Table 7 portray the impact of conflict on growth across subregions of SSA and are aligned with the hypothesis that the impact varies significantly across these subregions. The coefficients for armed conflicts are negative and statistically significant in most models and regions, suggesting that increased conflict intensity is associated with decreased economic growth, consistent with previous research (Collier and Hoeffler, 2004). Notably, the magnitude of the negative effect varies across subregions, with Central Africa experiencing the strongest negative impact, followed by East Africa and West Africa. This supports the hypothesis that the impact of armed conflict differs across SSA subregions. Furthermore, the coefficients for corruption and military expenditure also vary across regions. In Central Africa, higher levels of corruption are significantly associated with decreased economic growth, highlighting the destabilizing influence of corruption on governance and economic development (Belloni, 2012). Conversely, in West Africa, corruption is positively and significantly linked to economic growth in the OLS model but becomes negative and significant in the FE model, suggesting that controlling for unobserved country-specific effects reveals an inverse effect of corruption on growth. Such variability underscores heterogeneous nature of interactions between corruption and economic growth across SSA subregions.

Besides, the coefficients for natural resource dependence also exhibit variations across regions. In Central Africa, natural resource dependence is positively and significantly related to economic growth across the models, suggesting that resource wealth contributes to economic growth in this region. However, in East Africa, the coefficient is negative and significant in all models, indicating the paradoxical effect of the “resource curse” (Collier and Hoeffler, 2004). Therefore, the results from Table 7 support the hypothesis that “the impact of armed conflict on economic growth varies significantly across the subregions of SSA,” with different regions experiencing distinct economic consequences of conflict and its related factors. These findings highlight substantial regional heterogeneity in the impact of armed conflict on economic growth within SSA. Central Africa appears most vulnerable, likely due to factors like weaker institutions or greater reliance on resource extraction in conflict-prone areas (Carmignani and Chowdhury, 2012; Braithwaite, 2005). East and West Africa exhibit a weaker negative impact, suggesting potentially stronger institutions or more diversified economies that can buffer the effects of conflict. The findings also provide compelling evidence that armed conflict is detrimental to economic growth across SSA. However, severity varies significantly across subregions. Central Africa appears most vulnerable, while East and West Africa experience a weaker negative effect. These findings highlight the need for regionally tailored policy interventions to address the economic consequences of armed conflict in SSA.

Also, the finding for Figure 5 highlights the significant geographic spillover of armed conflict in Sub-Saharan Africa (SSA), supported by a positive spatial autocorrelation coefficient in the SAR model. This aligns with existing literature emphasizing the regional dynamics of armed conflict in SSA, attributing this spillover to factors like refugee movements, arms trafficking, and ethnic ties. The interconnectedness of conflicts within the region is underscored, with neighboring countries influencing each other’s conflict experiences, forming a conflict network. Understanding armed conflict in SSA necessitates a regional perspective due to potential spillover effects, impacting regional stability and security. Various studies emphasize the importance of considering regional dynamics in conflict prevention and resolution efforts within SSA. The presence of significant spillover effects is acknowledged, with mechanisms including population displacement, cross-border recruitment, and resource competition fueling conflict escalation across borders. While most research supports positive spillover effects, there is recognition that not all conflicts exhibit such patterns, with variations in intensity based on conflict type and regional contexts. The long-term consequences of conflict spillover in SSA require further exploration, as current literature often focuses on immediate effects. Economic consequences are long-term in nature. Collaboration and shared experiences with conflict have the potential to promote conflict resolution in neighboring countries. Ultimately, the findings stress the complex nature of conflict spillover in SSA, highlighting the need for comprehensive regional approaches in addressing and mitigating its impacts.


4.5.1 Managerial insights and policy implications

For researchers, this study provides fresh opportunities to investigate the interaction between regional characteristics and conflict outcomes, creating deeper exploration into the mechanisms driving regional variations. The findings advocate for a shift away from the monolithic, broad, one-size-fits-all solutions to more localized approaches that reflect distinctive economic vulnerabilities of different SSA regions. This is crucial in forming a basis for developing targeted interventions that enhance the effectiveness of post-conflict recovery efforts that contribute to sustainable economic development. Similarly, with the findings, policymakers are able to develop tailored interventions that address specific regional needs. For example, strategies towards regional peace-building initiatives, strengthening institutional frameworks, and tackling corruption are crucial to create resilient economic environment. Promoting regional economic integration and fostering cross-border cooperation through trade can also mitigate the negative spillover effects of conflict, thereby enhancing overall stability and prosperity in SSA.



4.5.2 Conclusion and policy implication

This study investigates the complex relationship between armed conflict and economic growth in Sub-Saharan Africa (SSA), focusing on Central, East, and West Africa. Using spatial econometric models (SDM, SAR, SEM) alongside traditional models (OLS, FE, RE), the research reveals a significant, negative impact of armed conflict on economic growth, with Central Africa being the most affected. The study’s novelty lies in highlighting the substantial regional heterogeneity in the economic consequences of conflict, emphasizing the need for regionally tailored policy interventions. The spatial analysis shows positive spatial autocorrelation, suggesting that conflict in one country can spill over into neighboring countries, exacerbating regional instability and economic decline. It also finds that higher economic prosperity and lower corruption levels in neighboring countries can mitigate conflict risk in a focal country, underscoring the importance of regional dynamics. Despite its contributions, the study is limited by the quality and availability of data in conflict zones, which may affect the accuracy and generalizability of the findings. The assumptions underlying the spatial models, such as consistent spatial relationships across regions, could introduce biases and fail to capture more complex interactions. Future research should address these limitations by incorporating more granular and reliable data and developing advanced spatial models that better account for the complexities of conflict dynamics. Further exploration into the causal mechanisms linking conflict, corruption, and economic growth, as well as the effectiveness of regional integration and governance initiatives, will provide valuable insights for scholars and policymakers. This study underscores the critical need for multifaceted strategies that not only address conflict within individual countries but also promote stability and economic prosperity across SSA’s diverse regions.
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Footnotes

1   The Uppsala Conflict Data Program (UCDP) is renowned as the foremost source for comprehensive data on organized violence and armed conflict worldwide. Their categorization system distinguishes between three primary types of conflicts: state-based armed conflict, non-state conflict, and one-sided violence. This study uses the aggregate conflict related deaths (Armed Conflict Database, 2023; UCDP, 2024).

2   Central Africa - the six countries are Angola, Cameroon, the Central African Republic, Chad, the Republic of the Congo, Democratic Republic of Congo.

3   East African – the 12 countries considered Burundi, Ethiopia, Eritrea, Kenya, Madagascar, Mozambique, Rwanda, Somalia, Tanzania, Uganda, Zambia, and Zimbabwe.

4   West Africa – the 13 countries Benin, Burkina Faso, Côte D’Ivoire, Gambia, Ghana, Guinea, Guinea-Bissau, Liberia, Mali, Mauritania, Niger, Nigeria, Senegal, Sierra Leone, and Togo.
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