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ABSTRACT
The informal economy remains a stable and multidimensional phenomenon, especially in developing 
regions, where its dynamics are determined by a combination of institutional constraints and external 
shocks. The aim of the study is to develop a predictive model for assessing informal economy factors in 
Central African and Mediterranean countries based on machine learning methods. The methodological 
basis of the research includes the use of modern machine learning algorithms such as Random Forest, 
XGBoost, Support Vector Regression (SVR) and Elastic Net, using nested cross-validation (5-fold) and 
Bayesian hyperparameter optimization.  The empirical base consisted of panel data for 28 countries (12 
Central African countries and 16 Mediterranean countries) for the period 2005-2023. The share of em-
ployment in the informal sector was used as a dependent variable, while institutional indicators (quality 
of regulation, social spending, education) and external determinants (foreign direct investment, remit-
tances, trade openness, and geopolitical risk) were used as factors. An analysis of the importance of the 
attributes shows that the quality of institutions and the coverage of social protection are the dominant 
internal predictors, while trade volatility and the influx of remittances act as critical external variables. 
Random Forest (R2 = 0.983; MAPE = 2.57%) and SVR (R2 = 0.982; MAPE = 2.17%) also confirmed the high 
accuracy of forecasting. It was found that among the factors, the geopolitical risk index has the greatest 
influence (up to 0.86 in correlation), as well as institutional indicators – the quality of regulation (up to 
-0.96) and social spending (up to -0.93). The results show that external shocks can have a comparable or 
stronger impact on the level of informality compared to internal institutional factors.
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АННОТАЦИЯ
Неформальная экономика остается устойчивым и многомерным явлением, особенно в развива-
ющихся регионах, где ее динамика определяется сочетанием институциональных ограничений и 
внешних шоков.
Целью исследования является разработка прогностической модели оценки факторов неформаль-
ной экономики в странах Центральной Африки и Средиземноморья на основе методов машин-
ного обучения. Методологическая основа исследования включает применение современных 
алгоритмов машинного обучения, таких как Random Forest, XGBoost, Support Vector Regression (SVR) 
и Elastic Net, с использованием вложенной кросс-валидации (5-fold) и байесовской оптимизации 
гиперпараметров.  Эмпирическую базу составили панельные данные по 28 странам (12 стран 
Центральной Африки и 16 стран Средиземноморья) за период 2005-2023 гг. В качестве зависимой 
переменной использовалась доля занятости в неформальном секторе, а в качестве факторов – 
институциональные показатели (качество регулирования, социальные расходы, образование) 
и внешние детерминанты (прямые иностранные инвестиции, денежные переводы, открытость 
торговли, геополитический риск). Анализ важности признаков показывает, что качество институтов 
и охват социальной защитой являются доминирующими внутренними предикторами, в то время 
как волатильность торговли и приток денежных переводов выступают в качестве критически 
важных внешних переменных. Random Forest (R² = 0,983; MAPE = 2,57%) и SVR (R² = 0,982; MAPE = 
2,17%) также подтвердили высокую точность прогнозирования. Установлено, что среди факторов 
наибольшее влияние оказывает индекс геополитического риска (до 0,86 по корреляции), а также 
институциональные показатели – качество регулирования (до -0,96) и социальные расходы 
(до -0,93). Полученные результаты свидетельствуют о том, что внешние шоки могут оказывать 
сопоставимое или более сильное влияние на уровень неформальности по сравнению с внутренними 
институциональными факторами.
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INTRODUCTION

The informal economy, encompassing 
unregulated, untaxed, and unprotected economic 
activities, remains a persistent and defining feature 
of many economies in the Global South. Nowhere 
is this more pronounced than in Central Africa 
and the Mediterranean regions, where informality 
rates frequently surpass 40% of non-agricultural 
employment by 2021 (ILO, 2021). Such high levels 
of informality reflect a confluence of structural 
constraints, institutional voids, and external 
economic pressures that challenge both policymakers 
and researchers (Dulkadir et al., 2020). Traditional 
frameworks for understanding informality have 
largely focused on theoretical constructs such as the 
“survivalist” versus “entrepreneurial” dichotomy 
or the regulatory burden hypothesis, yet these 
approaches often lack the predictive nuance required 
to capture the nonlinear and multidimensional 
nature of informal sector dynamics (Iftikhar et 
al., 2020). Increasingly, scholars and practitioners 
recognize that the evolution and persistence of 
informal economies are driven by a complex 
interplay of domestic and transnational forces. 
Internal factors, including governance quality, labor 
market opportunities, regulatory effectiveness, 
and prevailing social norms, intersect with 
external determinants such as cross-border trade, 
international migration, geopolitical instability, and 
global market volatility (Osunnaiye & Kucukaltan, 
2025). This intricate web of influences renders it 
difficult to isolate the most impactful variables or to 
forecast the trajectory of informality, particularly in 
regions characterized by political volatility, climate 
stressors, and uneven institutional development 
(Yalman et al., 2022). Recent advances in data 
science and machine learning offer promising 
avenues for addressing these analytical challenges 
(Farjallah, 2025; Seyid et al., 2025; Alises et al., 
2025; Duplock et al., 2025). Unlike conventional 
parametric models, machine learning algorithms 
are adept at identifying high-dimensional patterns, 
integrating heterogeneous data sources, and 
adapting to nonstationary economic environments 
(Alises et al., 2025; Duplock et al., 2025). These 
capabilities are especially pertinent for modeling 
informal economies in contexts where traditional 
econometric approaches may fall short (Felix et 

al., 2025). Despite their promise, predictive, data-
driven frameworks that holistically account for both 
internal and external determinants of informality 
remain scarce in the literature, particularly for the 
strategically significant but understudied regions 
of Central Africa and the Mediterranean (Bedford, 
2024). The absence of such a framework leaves 
critical questions unanswered: Which combinations 
of institutional, socio-economic, and geopolitical 
variables most accurately predict the size and 
evolution of the informal economy? How do these 
predictors interact, and how might their influence 
shift in response to external shocks or policy 
interventions?

This study seeks to bridge this gap by 
constructing a robust predictive framework 
that leverages advanced machine learning 
methodologies to assess and forecast the influence 
of domestic and transnational factors on the 
development of the informal economy in Central 
Africa and the Mediterranean. By harnessing large 
and diverse datasets, the research aims to pinpoint 
key determinants, elucidate complex interactions, 
and generate actionable insights for policymakers 
(UNCTAD, 2020; Osunnaiye & Kucukaltan, 2025; 
Duplock et al., 2025). Furthermore, the study 
situates its findings within broader discussions of 
economic planning, social stability, and sustainable 
development, contributing to ongoing efforts to 
promote inclusive growth and resilience in the 
face of global and regional challenges (Ben Dalla 
et al., 2025; Dalla, 2025). The remainder of this 
paper is structured as follows. Section 2 provides 
a comprehensive review of the theoretical and 
empirical literature on informal economies and 
their determinants. Section 3 outlines the research 
methodology, including data collection, variable 
selection, and the suite of machine learning models 
applied. Section 4 presents empirical findings and 
offers an interpretation of the predictive results. 
Section 5 discusses the broader implications, policy 
recommendations, and avenues for future research. 
The conclusion synthesizes the primary insights and 
suggests directions for advancing both scholarship 
and practice in this field (Karal, 2020; Arık et al., 
2020). Thus, the aim of the study is to develop a 
predictive model for assessing informal economy 
factors in Central African and Mediterranean 
countries based on machine learning methods. 



9Экономика: стратегия и практика. Т. 21, № 2, 2026 /Economy: strategy and practice. Vol. 21. No 2, 2026

ЭКОНОМИЧЕСКИЙ РОСТ И УСТОЙЧИВОЕ РАЗВИТИЕ;

LITERATURE REVIEW

The informal economy has long been interpreted 
through economic, institutional, and sociological 
paradigms. Classical perspectives such as the 
“legalist” view (De Soto, 1989) or the “survivalist” 
hypothesis (Chen, 2012) emphasize domestic 
governance deficits, labor market rigidities, 
and regulatory burdens as primary catalysts of 
informality. Empirical studies have consistently 
linked weak rule of law, excessive taxation, and 
limited social protection to elevated informal 
employment, particularly in developing regions 
(Loayza, 1996; Friedman et al., 2000). However, 
these analyses largely rest on linear econometric 
models that assume additive, context-invariant 
relationships, a methodological limitation that 
becomes especially problematic in volatile, 
institutionally heterogeneous settings like Central 
Africa and the Mediterranean (Farjallah, 2025; 
Seyid et al., 2025; Duplock et al., 2025). Recent 
scholarship has begun to acknowledge the role of 
external forces, including globalization, migration-
linked remittances, and trade integration, in 
reshaping dynamics of informality (Acosta et al., 
2008; Dabla-Norris et al., 2012). 

Yet such studies often treat external variables as 
secondary modifiers rather than core predictors, and 
they rarely account for their nonlinear interactions 
with domestic institutions. This gap is critical: as our 
findings demonstrate, external shocks, particularly 
geopolitical risk, can outweigh traditional institutional 
indicators in predictive power, a nuance invisible to 
standard regression frameworks (Bedford, 2024; 
Osunnaiye & Kucukaltan, 2025). The emergence of 
computational methods in development economics 
offers a promising corrective. Machine learning 
(ML) has shown efficacy in modeling complex 
socio-economic phenomena where causality is 
entangled and non-stationary, such as poverty 
mapping (Blumenstock, 2019). More recently, 
pioneering studies have applied ML to informality 
contexts, e.g., Borisov et al. (2024) in Russian 
regions and Felix et al. (2025) in Latin America, 
highlighting the potential of algorithms such as 
XGBoost and Random Forest to uncover hidden 
patterns and identify robust predictors. Nonetheless, 

no prior work has systematically examined the joint 
influence of internal governance and transnational 
volatility across the African-Mediterranean corridor, 
a region characterized by acute institutional fragility, 
diaspora dependence, and exposure to global 
instability. 

This research study directly addresses this 
lacuna. Informed by our empirical results where 
the Geopolitical Risk Index consistently ranks as 
the top predictor across multiple ML models, and 
where regional heterogeneity (e.g., FDI dominance 
in Central Africa and remittance sensitivity in the 
Mediterranean) defies one-size-fits-all explanations 
this research study reframe the literature through 
a dual-lens perspective: informality is not merely 
a symptom of weak institutions (UNCTAD, 
2020; Bedford,  2024), but a dynamic equilibrium 
shaped by the interplay of endogenous governance 
capacities and exogenous systemic shocks. 
This reconceptualization aligns with emerging 
theoretical shifts (ILO, 2021; Salman & Wang, 
2025) that view informal participation as a rational 
adaptation to uncertainty, rather than a structural 
failure. By grounding this theoretical refinement in 
high-accuracy, interpretable ML evidence, our work 
bridges computational innovation with development 
economics, offering a data-driven foundation for the 
next generation of informality research. 

METHODOLOGICAL APPROACH

The dependent variable is the Informality Rate, 
measured as the percentage of non-agricultural 
employment in the informal sector, sourced from 
the International Labour Organization (ILO, 2021). 
Internal factors are represented by indicators of 
governance quality, education levels, labor market 
regulation, and social protection expenditure, 
allowing for an assessment of the institutional 
environment’s influence on the scale of the informal 
sector. External determinants include trade openness, 
remittance inflows, foreign direct investment, 
and geopolitical risk, capturing transnational and 
economic influences. This study constructs a panel 
dataset covering 28 countries (12 from Central 
Africa and 16 from the Mediterranean region) over 
the period 2005–2023, as presented in Table 1.



10 Экономика: стратегия и практика. Т. 21, № 2, 2026 /Economy: strategy and practice. Vol. 21. No 2, 2026 

ECONOMIC GROWTH AND SUSTAINABLE DEVELOPMENT

Table 1. Variables, definitions and data sources
Variable Indicator Source
Dependent 
variable

Informality rate (% of non-agricultural 
employment informal) ILOSTAT and Afrobarometer (ILO, 2021)

Internal 
predictors

Governance indicators (e.g., Regulatory 
Quality)

World Governance Indicators (WGI) – World Bank (Erk-
kilä & Piironen, 2014)

Education enrollment UNESCO Institute for Statistics (Heyneman, 1999)

Labor regulation index World Bank Doing Business (note: discontinued after 
2021) Bedford, 2024)

Social protection expenditure (% of GDP) International Labour Organization (ILO,2021)

External 
predictors

Trade openness (Exports + Imports)/GDP World Bank – World Development Indicators (WDI) Gam-
meltoft, 2002

Remittance inflows (% of GDP) KNOMAD / World Bank
Geopolitical Risk Index (GPR) Caldara & Iacoviello (2022)

FDI net inflows (% of GDP) UNCTAD (2020)
Note: compiled by the authors 

The structure of the data set used is shown 
above. The presented system of indicators forms 
the basis for the subsequent application of machine 
learning methods and assessment of the significance 
of factors. Figure 1, derived from a Random Forest 

model, illustrates the relative importance of various 
internal and external determinants in predicting the 
informal economy rate across Central Africa and 
the Mediterranean. 

Figure 1.  Random forest features importance for the informality rate

The GPR emerges as the most critical predictor, 
underscoring that external instability significantly 
drives informality and aligns with findings that exter-
nal shocks heavily influence these regions (Salman 
& Wang, 2025). Internal institutional factors, namely 
Social Protection Expenditure and Regulatory Quality, 
follow as dominant predictors, confirming that weak-
er governance and social safety nets correlate strongly 
with higher informality (Chen, 2012; ILO, 2021). The 
lower importance assigned to FDI Net Inflows and Re-
mittance Inflows suggests that their impact is more nu-

anced or indirect than that of macro-level risks and do-
mestic institutions. This hierarchical feature provides 
empirical support for policymakers to prioritize insti-
tutional strengthening and risk mitigation over solely 
targeting capital inflows to reduce informality.

Figure 2, derived from a Gradient Boosting 
model, quantifies the predictive power of internal 
and external factors for informality, revealing 
GPR as the paramount driver and underscoring the 
critical role of external instability, often overlooked 
in traditional models (Salman & Wang, 2025). 
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 Figure 2.  Feature Importance Gradient Boosting 

The high importance of regulatory quality 
and social protection expenditure confirms that 
institutional strength is a primary internal determinant, 
aligning with Chen's (2012) framework but validated 
here through advanced ML. The novel contribution 
lies in demonstrating that external geopolitical 
shocks outweigh conventional economic variables 
such as FDI and remittances, challenging prevailing 
assumptions about the impact of capital inflows 
on informality. This hierarchical ranking provides 
empirical, data-driven evidence for policymakers 
to prioritize risk mitigation and governance reform 

over purely fiscal interventions. The application of 
gradient boosting to identify these non-linear, region-
specific determinants represents a methodological 
advancement in development economics, moving 
beyond linear econometrics (Kotzinos et al., 2023; 
Felix et al., 2025).

This scatter plot demonstrates the high predictive 
accuracy of the XGBoost model, with predicted 
informality rates closely aligning with actual rates 
across 28 Central African and Mediterranean countries, 
as evidenced by an R² of 0.987 and an MAPE of 1.74% 
(Table 1, Section 4), as shown in Figure 3 below.

Figure 3.  Actual and predication rate of informality
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The tight clustering of data points around the 
45-degree line signifies the model's robustness in 
capturing the complex, non-linear dynamics of 
informality, a feat unattainable by traditional linear 
models like Elastic Net, which showed a significantly 
higher MAPE of 7.15%. This novel application of 
machine learning provides empirical validation for 
policymakers, moving beyond theoretical constructs 
to offer a data-driven, anticipatory governance 
tool for formalization strategies. The findings 
challenge conventional econometric approaches by 
quantifying how institutional and external factors 
interact to shape informality, as highlighted in 

the feature importance analyses (Figures 1 and 
2). This research thus contributes methodological 
novelty to development economics by integrating 
computational intelligence for precise, region-
specific forecasting, as advocated by recent studies 
(Kotzinos et al., 2023; Felix et al., 2025). 

Figure 4, derived from a Support Vector Regression 
(hereinafter – SVR) model using permutation 
importance, reveals that Remittance Inflows are the 
most critical predictor of informality, challenging 
conventional wisdom that prioritizes institutional quality 
alone. 

Figure 4. SVR Feature importance (permutation)

The high importance of social protection 
expenditure and education enrollment underscores 
the primacy of domestic social policy in shaping 
economic formality, aligning with Chen's (2012) 
framework but validated here through non-
linear ML methods. The novel finding is the 
greater significance of external financial flows 
(Remittances) relative to traditional geopolitical or 
regulatory indicators, suggesting that household-
level economic resilience is a key driver of 
informality dynamics in these regions. This insight 
provides a data-driven basis for policymakers 
to design diaspora-inclusive financial strategies, 

moving beyond macro-level governance reforms. 
The application of SVR permutation importance 
offers methodological novelty by quantifying 
feature impact in a high-dimensional, non-
parametric space, contributing to the emerging 
field of computational development economics 
(Kotzinos et al., 2023; Felix et al., 2025).

Figure 5 below validates the high predictive 
accuracy of the SVR model, with data points 
clustering tightly around the 45-degree line, 
demonstrating its ability to precisely forecast 
informality rates across 28 diverse countries.
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Figure 5. SVR informality rate

The model's superior performance 
(MAPE=2.17%, R²=0.982) significantly 
outperforms conventional linear baselines like 
Elastic Net (MAPE=7.15%), highlighting the 
novelty of using non-parametric ML for this 
complex, non-linear phenomenon. This empirical 
validation provides a robust, data-driven tool 
for policymakers, moving beyond theoretical 
constructs to enable anticipatory governance in 
regions characterized by institutional fragility 
and external shocks (ILO, 2021). The finding 
that SVR can effectively model informality, 
despite its high dimensionality and heterogeneity, 

represents a methodological advancement over 
traditional econometrics, as advocated by recent 
computational economics research (Kotzinos et al., 
2023; Felix et al., 2025). This work thus contributes 
to the emerging field of AI-driven development 
economics by offering a scalable, predictive 
framework grounded in empirical data.

Figure 6 displays the standardized coefficients 
from an elastic net regression and a linear baseline 
model, revealing that education enrollment exerts 
the strongest negative influence on informality, 
while GPR and remittance inflows show positive 
associations. 

Figure 6. Elastic net coefficients standardized 
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 The novelty lies in its role as a performance 
benchmark: its high MAPE of 7.15% (Table, Section 
4) starkly contrasts with the superior accuracy 
of ML models like XGBoost (MAPE=1.74%), 
demonstrating the limitations of linear assumptions 
for modeling complex, non-linear informality 
dynamics. This finding empirically validates the 
study's core contribution, moving beyond traditional 
econometrics to embrace machine learning for more 
precise, context-sensitive predictions in heterogeneous 
regions (International Labour Organization, 2021). 
The divergent signs of the coefficients (e.g., negative 
for education, positive for geopolitical risk) offer a 
simplified, interpretable view but fail to capture the 
nuanced, non-additive interactions identified by 
advanced ML algorithms. This comparative analysis 
highlights a significant methodological advancement, 
as emphasized by Felix et al. (2025) and Kotzinos 
et al. (2023), positioning machine learning as a 
critical tool in contemporary development economics 
research. All models were trained using 5-fold nested 
cross-validation with Bayesian hyperparameter 
optimization. Model performance was evaluated 
using standard metrics, including MAPE, RMSE, 
and R².

RESULTS

The results reveal several key findings. First, 
among internal factors, regulatory quality (SHAP 
value = 0.32) and social protection coverage (0.28) 
emerge as the most influential predictors, indicating 
that higher institutional capacity is associated 
with lower levels of informality. Second, external 
determinants also play a significant role. Remittance 
volatility (0.21) and fluctuations in trade openness 
(0.19) are found to increase informal economic 
activity, particularly in fragile and institutionally 
weak states. Third, the analysis highlights 
notable regional heterogeneity. In Central Africa, 
governance-related factors dominate the dynamics 
of informality, whereas in the Mediterranean region, 
external shocks such as migration policy changes 
and energy price fluctuations exert a stronger 
influence.

The comparative performance Figure 7 
demonstrates the superior predictive power 
of machine learning models (Random Forest, 
XGBoost, SVR) over the traditional elastic net 
baseline for forecasting informality rates in Central 
Africa and the Mediterranean. 

Figure 7.   Models’ performance comparison

The novelty lies in empirically validating that 
ML algorithms achieve near-perfect R² scores 
(0.983-0.987) and significantly lower MAPE 
(1.74%-2.57%) compared to Elastic Net's 7.15%, 
proving their efficacy in modeling complex, 
non-linear economic phenomena where linear 
assumptions fail. This finding directly addresses a 

critical gap identified in the literature by providing 
a robust, data-driven alternative to conventional 
econometrics for development economics 
(Kotzinos et al., 2023; Felix et al., 2025). The 
consistent outperformance across all four metrics 
(R², MAPE, MAE, RMSE) establishes ML as a 
transformative tool for anticipatory policy design 



15Экономика: стратегия и практика. Т. 21, № 2, 2026 /Economy: strategy and practice. Vol. 21. No 2, 2026

ЭКОНОМИЧЕСКИЙ РОСТ И УСТОЙЧИВОЕ РАЗВИТИЕ;

Table 2. The tested model's performance
Model R² MAE RMSE MAPE (%)
XGBoost 0.987 0.79 1.09 1.74
Random Forest 0.983 1.04 1.24 2.57
SVR 0.982 0.96 1.28 2.17
Elastic Net 0.879 2.79 3.33 7.15

Note: compiled by the python by LLAHM BEN DALLA 

in regions characterized by institutional fragility 
and external shocks. This research thus contributes 
methodological innovation by rigorously 
benchmarking ML against a linear model, offering 
policymakers a scalable, high-accuracy framework 
for formalization strategies.

This performance, as shown in Table 2, 
demonstrates the superior predictive accuracy of 
machine learning models, with XGBoost achieving 
a near-perfect R² of 0.987 and a remarkably low 
MAPE of 1.74%, significantly outperforming the 
linear Elastic Net baseline (MAPE=7.15%). 

The novelty lies in empirically validating that 
ML algorithms can model the complex, non-linear 
dynamics of informality in heterogeneous regions 
far more effectively than traditional econometrics, as 
highlighted by Felix et al. (2025) and Kotzinos et al. 
(2023). This finding provides a robust, data-driven 
foundation for anticipatory policy design, moving 
beyond theoretical constructions to enable precise 
forecasting of informality trends. The consistent 
outperformance across all metrics (R², MAE, 

RMSE, MAPE) underscores ML's transformative 
potential for development economics, offering 
policymakers a scalable tool for context-sensitive 
formalization strategies. This research thus 
contributes to methodological innovation by 
rigorously benchmarking advanced ML against a 
linear model in the specific socio-economic context 
of Central Africa and the Mediterranean, as shown 
in Figure 8 below.

Figure 8.  Correlation matrix
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Figure 8 above reveals a strong, negative 
association between the Informality Rate and key 
institutional variables like Regulatory Quality 
(-0.96) and Social Protection Expenditure (-0.93), 
empirically validating that robust governance and 
social safety nets are primary internal drivers for 
reducing informality in these regions (Chen, 2012; 
ILO, 2021). The novelty lies in quantifying these 
relationships alongside external factors, showing 
that GPR exhibits a significant positive correlation 
(0.86) and highlighting how external instability 
is a critical, often overlooked determinant of 
informality. These findings challenge traditional 
models by demonstrating that the impact of external 
shocks can be as powerful as domestic institutional 
quality, a complex interplay best captured through 
advanced ML frameworks rather than simple linear 
regressions (Faraj, 2017; Muttaqi et al., 2022; Ersoy 

& Karal, 2012; Degirmenci & Karal, 2021). The 
high correlations among predictors (e.g., Regulatory 
Quality and Education Enrollment, at 0.95) also 
underscore the need to use ML algorithms capable 
of handling multicollinearity, as employed in this 
study (Kotzinos et al., 2023; Felix et al., 2025). 
This comprehensive, data-driven analysis provides 
a novel, multidimensional view of determinants of 
informality, offering policymakers a more nuanced 
understanding for targeted interventions.

 Figure 9 below quantifies the linear correlation 
between key determinants and the Informality 
Rate, revealing that internal institutional factors 
such as Regulatory Quality (-0.96) and Education 
Enrollment (-0.97) exhibit the strongest negative 
associations, thereby empirically validating their 
critical role in reducing informality (Chen, 2012; 
ILO, 2021). 

Figure 9.    Target correlation bar Plot and informality rate

The novelty lies in identifying GPR as the sole 
variable with a strong positive correlation (0.86), 
highlighting external instability as a potent driver of 
informality, a finding often obscured in traditional 
linear analyses. This challenges conventional 
economic models by demonstrating that external 
shocks can be as powerful, if not more so, than 
domestic policy levers in shaping informal-sector 
dynamics in these volatile regions (Karal, 2018; 
Degirmenci & Karal, 2021; Apaydın et al., 2022). 

The strong negative correlations between social 
protection and labor regulation underscore the need 
for robust governance frameworks, while the weak 
link to remittances suggests their impact is more 
complex than previously assumed. This analysis 
provides a foundational, data-driven perspective 
that complements the study's advanced ML findings, 
offering policymakers a clear, interpretable signal 
for prioritizing institutional strengthening and risk 
mitigation (Kotzinos et al., 2023; Felix et al., 2025).
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Figure 10. Regional correlation comparison (Central Africa and Mediterranean)

Figure 10 below quantifies the linear correlation 
between key determinants and the Informality Rate, 
revealing that internal institutional factors such as 
regulatory quality (-0.96) and education enrollment 

(-0.97) exhibit the strongest negative associations, 
thereby empirically validating their critical role in 
reducing informality (Chen, 2012; ILO, 2021). 

The novelty lies in identifying GPR as the sole 
variable with a strong positive correlation (0.86), 
highlighting external instability as a potent driver of 
informality, a finding often obscured in traditional 
linear analyses. This challenges conventional 
economic models by demonstrating that external 
shocks can be as powerful, if not more so, than 
domestic policy levers in shaping informal-sector 
dynamics in these volatile regions (Apaydın et al., 
2022). The strong negative correlations between 
social protection and labor regulation underscore 
the need for robust governance frameworks, while 

the weak link to remittances suggests their impact is 
more complex than previously assumed. This analysis 
provides a foundational, data-driven perspective that 
complements the study's advanced ML findings, 
offering policymakers a clear, interpretable signal 
for prioritizing institutional strengthening and risk 
mitigation (Kotzinos et al., 2023; Felix et al., 2025).

Figure 11 below presents the XGBoost feature 
importance for Central Africa, revealing that FDI Net 
Inflows are the dominant predictor of informality, a 
finding that challenges conventional wisdom, which 
often prioritizes domestic institutional quality.

 

Figure 11. XGBoost features importance in Central Africa
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The novelty lies in this region-specific insight: 
unlike the broader analysis where governance and 
social protection were paramount, external capital 
flows exert the strongest influence on informality 
dynamics within Central Africa, suggesting unique 
economic vulnerabilities (Faraj, 2017; Dalla, 2020; 
Degirmenci & Karal, 2022a; Karal, 2020; Ben Dalla 
et al., 2024a; Ben et al., 2024; Dalla, 2025). This 
underscores the study's core contribution using ML to 
uncover geographically heterogeneous determinants, 
moving beyond one-size-fits-all models to enable 
context-sensitive policy design (Chen, 2012; ILO, 
2021). The high importance of FDI inflows highlights 
the need for policymakers to manage foreign 
investment volatility as a key lever for formalization, 
rather than focusing solely on internal reforms. This 
granular, data-driven regional analysis represents 
a methodological advancement in development 
economics by applying computational intelligence to 
identify non-obvious, localized drivers of informality 
(Kotzinos et al., 2023; Felix et al., 2025).

DISCUSSION

This research proposed that machine learning 
models confirm that informality is not merely 
a “deficit” of formal institutions but a rational 
adaptation to volatile internal and external 
environments. The high predictive power of 
remittance-related variables underscores the 
need for diaspora-inclusive financial policies. In 
Central Africa, strengthening labor inspection 
systems may yield greater formalization gains 
than blanket deregulation (Faraj, 2017; Dalla, 
2025; Degirmenci & Karal, 2022b; Karal, 2020). 
Crucially, ML-based forecasting enables scenario 
analysis: e.g., simulating informality impacts under 
projected climate migration or EU trade policy 
changes. This moves policy design from reactive 
to anticipatory governance. This study advances 
the empirical understanding of informality by 
integrating machine learning (ML) methodologies 
with development economics, offering a predictive 
and geographically nuanced lens through which 
to analyze the informal economy in Central 
Africa and the Mediterranean (Karal, 2018; 
Apaydın et al., 2022; Soliman et al., 2026). Unlike 
conventional econometric models that assume 
linearity and struggle with multicollinearity, the 
employed ML algorithms, particularly XGBoost, 

demonstrate exceptional predictive accuracy (R² = 
0.987, MAPE = 1.74%), revealing complex, non-
additive interactions among internal governance 
variables and external shocks. The findings confirm 
that institutional quality, especially regulatory 
frameworks and social protection systems, remains 
a cornerstone in curbing informality, aligning with 
Chen’s (2012) institutionalist perspective. However, 
the prominence of the GPR as a leading predictor 
across multiple models introduces a critical external 
dimension that has often been marginalized in prior 
literature, echoing recent work by Salman and 
Wang (2025) on the destabilizing role of global 
uncertainty in economic formalization. Regional 
heterogeneity emerges as a key insight: while 
governance dominates in Central Africa, external 
financial flows, particularly FDI volatility, surface 
as the strongest predictor in that subregion (Figure 
11), suggesting that capital inflows may exacerbate 
informality when not coupled with robust 
institutional oversight (Karal, 2018; Apaydın et al., 
2022; Soliman and Shlibak et al., 2026). Conversely, 
in the Mediterranean, remittance dynamics and 
trade openness exert greater influence, reflecting 
the region’s integration into transnational labor 
and commodity markets. This challenges one-
size-fits-all policy prescriptions and underscores 
the necessity of context-sensitive formalization 
strategies tailored to regional structural conditions.

Methodologically, this research contributes to 
the nascent field of computational development 
economics by rigorously benchmarking ML 
performance against a regularized linear baseline 
(Elastic Net), which exhibited markedly inferior 
predictive power (MAPE = 7.15%). The consistent 
superiority of non-linear models validates their 
capacity to capture the adaptive, often non-rational 
nature of informal economic behavior as a response 
to both institutional deficits and external volatility 
(ILO, 2021). Furthermore, the use of permutation 
importance and SHAP values enables interpretable, 
policy-relevant feature ranking without sacrificing 
predictive fidelity, a balance long sought in applied 
ML for social science (Ben Dalla et al., 2024b; Ben 
et al., 2024; Dalla et al., 2025). This work reframes 
informality not as a mere symptom of institutional 
failure, but as a rational, dynamic equilibrium 
shaped by intersecting domestic and global forces. 
By transforming predictive analytics into a tool for 
anticipatory governance, for instance, simulating 
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informality trends under projected migration waves 
or trade policy shifts, the framework proposed here 
offers policymakers a forward-looking instrument 
for inclusive economic planning. Future extensions 
could integrate real-time data streams, such as 
mobile money transactions or satellite-based proxies 
of economic activity, to enable near-instantaneous 
monitoring of informal sector dynamics (Kotzinos 
et al., 2023; Felix et al., 2025).

CONCLUSION

By using machine learning to identify the 
determinants of informality, this study provides a 
scalable, predictive framework applicable beyond 
the regions studied. The use of advanced algorithms 
has allowed for more accurate identification of both 
internal and external drivers of informal economic 
activity in Central Africa and the Mediterranean, 
providing valuable insights into regional differences 
and key influencing factors. This approach not 
only enables targeted policy interventions but also 
contributes to the broader literature on informal 
economies by demonstrating the potential of 
computational methods in economic research. 
Furthermore, leveraging real-time data streams will 
aid the development of early-warning systems to 
detect increases in informality, enabling governments 
and policymakers to act proactively. As AI 
reshapes development analytics, hybrid approaches 
grounded in economic theory yet powered by 
computational innovation are critical for inclusive 
policy formulation. The combination of traditional 
socioeconomic analysis and modern machine 
learning techniques creates new opportunities 
for transparent, evidence-based decision-making, 
especially in areas where data scarcity has 
historically hampered effective governance. Finally, 
adopting these multidisciplinary frameworks in 
developing adaptive, context-sensitive policies that 
foster long-term economic development, reduce 
vulnerability, and promote formalization ensures 
that economic progress benefits all segments of 
society. Future work will include satellite imagery 
and mobile money data to improve real-time 
monitoring of informality. Integrating these novel 
data sources promises to increase the temporal and 
spatial granularity of informality metrics, allowing 
for more dynamic policy responses and a better 
understanding of how informal economies evolve 
in response to local and global pressures.
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