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Abstract This study examines the nonlinear relationship between digital economy development and income inequality
across 40 developing economies from 2010 to 2022, employing a dual-model econometric framework. Combining
a baseline fixed-effects panel regression with a partially linear functional-coefficient model, the analysis reveals
that the digital economy reduces income inequality, but its marginal effects are contingent on economic devel-
opment thresholds. The results demonstrate a U-shaped relationship, where the inequality-mitigating impact of
digitalisation is strongest at intermediate economic development levels, reducing the Gini coefficient by 0.31 units
per unit increase in the Digital Economy Index. Below this threshold, infrastructural and literacy gaps constrain
equitable access to digital benefits, while above it, diminishing returns emerge due to labour market precarity
and saturation effects. Mechanism analyses identified three critical pathways: digital entrepreneurship, financial
inclusion, and labour market shifts. Platforms like Jumia and MercadoLibre lower entry barriers for informal workers,
increasing rural incomes by 12%–40%, while mobile money adoption (e.g., M-Pesa) boosts rural savings rates by 22%,
narrowing urban-rural gaps. However, gig economy expansion though creating millions of jobs, often perpetuates
wage instability, with 54% of platform workers in India earning below the minimum wage. Policy implications
emphasise context-specific strategies: low-REL economies must prioritise digital infrastructure and literacy (e.g.,
India’s Digital India), while high-REL economies should strengthen social safety nets (e.g., Brazil’s MEI program) to
formalise gig workers. Entrepreneurship ecosystems targeting marginalised groups, such as Nigeria’s Andela, further
amplify equity gains by bridging skill and capital gaps.
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Impact of the Digital Economy on Income Inequality: Evidence from Developing
Economies

Income inequality remains one of the most pressing challenges confronting developing economies, with
disparities widening even as globalisation and technological advancements promise shared prosperity
(World Bank, 2023). While the digital economy has emerged as a transformative force, its role in shaping
income distribution remains contentious. On the one hand, digital technologies democratise access to
markets, education, and financial services, offering marginalised populations pathways to economic partic8
ipation (UNCTAD, 2022). On the other hand, unequal access to digital infrastructure and skill gaps risk
exacerbating existing divides, particularly in regions where rural8urban or gender8based disparities are
entrenched (Autor et al., 2020; Van Dijk, 2020). This duality underscores the urgency of understanding how
the digital economy influences income inequality in developing contexts, where structural vulnerabilities
and institutional constraints amplify both opportunities and risks.

The digital economy’s potential to reshape economic outcomes is well8documented in theoretical frame8
works. Rooted in the Solow Growth Model, technological progress drives productivity gains and economic
expansion, yet its distributional consequences are less clear (Acemoglu & Restrepo, 2020). Empirical studies
highlight divergent outcomes: digital financial inclusion, for instance, has been shown to reduce rural8
urban income gaps by integrating underserved populations into formal economic systems (Suri & Jack, 2016;
Miao, 2021). Conversely, skill8biased technological change disproportionately benefits high8skilled workers,
widening wage disparities in labour markets increasingly dominated by automation (Autor et al., 2020). Such
contradictions reflect the complex interplay between digital advancement and socioeconomic structures,
necessitating a nuanced examination of contextual factors—such as economic development levels, institu8
tional quality, and digital literacy—that mediate these relationships (Gong et al., 2023).

Despite growing scholarly attention, critical gaps persist in the literature. First, existing studies predom8
inantly focus on linear relationships, overlooking the nonlinear dynamics that characterize digital economy
impacts. For example, Pata et al. (2023) identified threshold effects in technological adoption, where benefits
accrue only after reaching certain infrastructural or institutional milestones. Similarly, Chen and Wu (2022)
demonstrate that intellectual property regimes moderate the digital economy’s contribution to equitable
growth. However, such nonlinearities remain underexplored in developing economies, where fragmented
digital ecosystems and heterogeneous economic conditions likely produce varied outcomes. Second, while
mechanisms like financial inclusion and labour market shifts are frequently examined, the role of entre8
preneurship—a key driver of innovation and income mobility—is conspicuously absent from most analyses
(Bramwell et al., 2022). Digital platforms, such as e8commerce and gig economy apps, lower entry barriers
for micro8entrepreneurs, yet their capacity to reduce inequality depends on localized factors like regulatory
support and access to capital (Nambisan, 2017). Third, the majority of empirical evidence derives from
advanced economies or China, leaving a void in understanding how digital transformation unfolds in regions
like Sub8Saharan Africa, South Asia, and Latin America, where informal sectors dominate and digital divides
are stark (GSMA, 2022).

This study addresses these gaps by investigating the following research questions:

1. What is the nature of the relationship between digital economy development and income inequality in
developing economies?

2. How do economic development thresholds moderate the impact of digitalisation on income inequality?

3. Through what mechanisms does the digital economy influence income distribution in these contexts?
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Guided by theoretical insights from the Digital Divide Theory (Van Dijk, 2020) and empirical evidence of
threshold effects (Pata et al., 2023), we posit three hypotheses:
H1: The relationship between digital economy development and income inequality is nonlinear (U-shaped),
with the strongest inequality-reducing effects occurring at intermediate economic development levels.

H2: Economic development thresholds significantly moderate the marginal impact of digitalisation, with
diminishing returns observed in both low- and high-development contexts.
H3: Digital entrepreneurship, financial inclusion, and labour market shifts mediate the relationship between
digitalisation and inequality, with heterogeneous effects across socioeconomic groups.

To test these hypotheses, we analysed panel data from 40 developing economies (2010–2022) using a
dual8model econometric framework. Our findings contribute to the literature in three key ways. First, we
provide empirical evidence of a U8shaped relationship between digital economy development and income
inequality, demonstrating that the inequality8reducing effects of digitalisation intensify at intermediate
economic development levels but diminish in both low8 and high8development contexts. Second, we iden8
tify entrepreneurship—particularly digital entrepreneurship in informal sectors—as a critical mechanism
through which digital technologies influence income distribution, a dimension largely neglected in prior
studies. Third, we offer policy insights tailored to the heterogeneous conditions of developing economies,
emphasising the need for threshold8sensitive strategies that align digital investments with local institu8
tional and infrastructural capacities.

By bridging theoretical rigour with actionable policy frameworks, this research advances the discourse on
equitable digital transformation. As developing nations increasingly prioritise digital agendas—from India’s
Digital India Initiative to Kenya’s mobile money revolution—understanding the conditions under which
digital economies mitigate or exacerbate inequality becomes imperative. The following sections elaborate
on our methodology, empirical findings, and implications for policymakers seeking to harness digitalisation
as a tool for inclusive growth.

Literature Review
The relationship between the digital economy and income inequality has garnered significant scholarly

attention, yet its nuances remain contested within both theoretical and empirical domains. At the core of
this discourse lies the Solow Growth Model, which posits that technological progress drives productivity
and economic expansion, albeit with ambiguous distributional consequences (Acemoglu & Restrepo, 2020).
While the model underscores technology’s role in shifting production frontiers, its reliance on aggregate
growth metrics obscures granular insights into how digital dividends are allocated across socioeconomic
strata—a limitation exacerbated in developing economies, where structural inequalities and institutional
fragilities persist (World Bank, 2023). Complementing this perspective, the Digital Divide Theory (Van Dijk,
2020) elucidates disparities in access to and use of digital technologies, distinguishing between connectivity
(access) and capability (skills/resources). This dichotomy is critical in contexts where rural populations,
women, and low8income groups face systemic barriers, perpetuating exclusion even as infrastructure
expands (GSMA, 2022). Together, these frameworks underscore the dual potential of digitalisation: as an
engine of inclusive growth and a catalyst for deepening divides.

Empirical studies reflect this duality but diverge methodologically. Early cross8sectional analyses, such
as Suri and Jack’s (2016) seminal work on mobile money in Kenya, employed difference8in8differences
(DID) models to estimate poverty reduction effects, yet their focus on short8term outcomes overlooked
nonlinear dynamics. Conversely, Autor et al. (2020) used longitudinal labor market data from the U.S. to
demonstrate skill8biased wage polarisation, but their reliance on advanced economy contexts limited gen8
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eralizability to developing regions. Recent advances in econometric techniques have enabled more nuanced
explorations: Gong et al. (2023) applied threshold regression models to China’s provincial data, identifying
U8shaped relationships between digitalisation and urban8rural gaps. However, their methodological focus
on single8country analysis neglected cross8country heterogeneity—a gap addressed by Pata et al. (2023), who
employed panel vector autoregression (PVAR) across 30 OECD countries to link ICT adoption with environ8
mental outcomes. While innovative, these studies predominantly assume linear or parametric relationships,
failing to account for the endogenous nonlinearities prevalent in developing economies with fragmented
digital ecosystems.

The methodological pluralism in this field reveals critical tensions. Qualitative case studies, such as Hus8
sain et al.’s (2020) examination of Pakistani women entrepreneurs, richly contextualise digital empowerment
but lack statistical generalizability. In contrast, large8N quantitative studies, like Miao’s (2021) entropy8
weighted index of digital financial inclusion, prioritise breadth over depth, often masking subnational
disparities. An emerging trend leverages machine learning: recent work by Asongu and Odhiambo (2023)
applied random forests to African mobile money datasets, revealing interaction effects between financial
literacy and digital access—a finding obscured by traditional regression approaches. However, such methods
remain rare in inequality research, with most studies adhering to fixed8effects or instrumental variable
frameworks. This methodological conservatism limits the field’s ability to disentangle complex, nonlinear
pathways—a gap this study addresses through its dual8model design.

The role of entrepreneurship as a mediating mechanism remains underexplored, particularly in
methodological terms. While Nambisan (2017) theorised digital entrepreneurship as a democratising force,
empirical validations have been fragmented. Mehta et al. (2021) used propensity score matching to
quantify e8commerce’s impact on Indian artisans, yet their binary treatment variable (platform adoption
vs. non8adoption) oversimplified the continuum of entrepreneurial engagement. Conversely, Bramwell et
al. (2022) conducted multi8country surveys of gig workers but relied on descriptive statistics, failing to
isolate entrepreneurship’s causal role in inequality reduction. This study bridges these gaps by integrating
entrepreneurship metrics into a functional8coefficient model, capturing threshold8dependent effects across
heterogeneous contexts.

Geographically, the literature exhibits pronounced asymmetry. Over 70% of cited studies focus on
advanced economies or China (Xu & Tao, 2025; Chen & Wu, 2022), while regions like Sub8Saharan Africa
and Latin America remain underrepresented. Cross8regional comparative analyses are scarce, with notable
exceptions like GSMA’s (2022) multi8country mobile economy reports, which aggregate macro8level indica8
tors but lack microfoundational rigour. Recent work by the ILO (2023) introduces a global gig economy index,
yet its reliance on self8reported survey data introduces selection bias. This study’s focus on 40 developing
economies—spanning Africa, Asia, and Latin America—and its use of harmonised household surveys address
these spatial and data limitations.
This study methodologically diverges from prior work through its innovative approaches to modelling,
mechanistic analysis, and geographical scope. Unlike the linear frameworks employed in earlier research
(Suri & Jack, 2016; Autor et al., 2020), our dual8model design integrates fixed8effects regressions with a
partially linear functional8coefficient model, uncovering threshold effects that static specifications often
obscure. Building on this, the analysis advances mechanistic rigor by formalizing entrepreneurship as a
mediating variable, tested via triple difference8in8differences (DID) to establish causal pathways—a depar8
ture from the descriptive accounts predominant in prior studies (Bramwell et al., 2022). Furthermore, the
geographical inclusivity of our panel, which spans 40 developing economies, contrasts with the narrow focus
of single8country (Gong et al., 2023) or OECD8centric (Pata et al., 2023) samples, thereby enabling generalised
insights into the heterogeneous impacts of digitalisation across diverse institutional and economic contexts.
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These innovations allow us to reconcile the contradictory findings in the literature, demonstrating
that digitalisation’s inequality effects are neither uniformly positive nor negative but are contingent on
developmental thresholds and institutional ecosystems. By integrating the recent methodological advances
—such as machine learning robustness checks and nonlinear kernel regressions—this study provides a more
nuanced, policy8relevant understanding of digital transformation in developing contexts.

Data and Methodology
Dataset Composition and Selection Criteria

The sample focuses on low8income (LIC) and lower8middle8income (LMIC) economies, as classified by
the World Bank (2022), to align with the study’s emphasis on developing contexts. Upper8middle8income
economies such as South Africa and China were excluded to avoid confounding effects from advanced digital
ecosystems. Countries with missing data exceeding 15% in key variables—such as the Digital Economy Index
components, Gini coefficients, or GDP per capita—were omitted to maintain data integrity. For instance,
Afghanistan, Yemen, and Venezuela were excluded due to insufficient or inconsistent records.

To ensure regional heterogeneity, the sample was stratified across four regions: Sub8Saharan Africa
(15 countries, including Nigeria and Kenya), South Asia (8 countries, such as India and Bangladesh), Latin
America and the Caribbean (12 countries, e.g., Brazil and Mexico), and East Asia and the Pacific (5 countries,
including Indonesia and Vietnam). This stratification captures diverse digitalisation trajectories, from Sub8
Saharan Africa’s high informality rates (85% informal employment) to Latin America’s varied policy maturity.
The regional representation aimed to capture heterogeneous digitalisation trajectories. The sample was
stratified as follows:

Table 1
Regional Stratification and Sample Composition of Developing Economies

Region Number of Countries Countries

Sub8Saharan Africa 15 Nigeria, Kenya, Ghana, Tanzania, Uganda, Ethiopia, Senegal, Côte
d'Ivoire, Rwanda

South Asia 8 India, Pakistan, Bangladesh, Nepal, Sri Lanka, Bhutan, Cambodia, and
Myanmar

Latin America and the
Caribbean

12 Brazil, Mexico, Colombia, Peru, Ecuador, Bolivia, Paraguay, Honduras,
Guatemala

East Asia and the Pacific 5 Philippines, Indonesia, Vietnam, Laos, and Papua New Guinea

Variables and Data Sources

The dependent variable,  GINIit, which measures income inequality through the Gini coefficient, is
sourced from the World Bank’s Poverty and Inequality Platform, supplemented by standardised national
household surveys to address gaps. As an alternative measure, the Theil Index is calculated using sectoral
income distributions from the International Labour Organisation (ILO). The Digital Economy Index (DIGi,t−1),
central to the analysis, aggregates three dimensions: digital infrastructure (broadband penetration, mobile
subscriptions), digital adoption (e8commerce users, digital payment transactions), and digital innovation
(ICT patents, R&D expenditure in tech sectors). Constructed using the entropy weight8TOPSIS method (Miao,
2021), this index assigns weights based on indicator variability and normalises scores between 0 and 1.
To mitigate arbitrariness in the weighting assumptions, two alternative indices were computed: an equal8
weight index, where each sub8dimension receives equal weighting, and a PCA8weight index, derived from
PCA to extract the variance8based weights. These approaches align with the OECD (2008) guidelines for
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composite indicator construction, ensuring methodological rigour. Data for these indices are drawn from
the International Telecommunication Union (ITU), Global Findex Database, and World Intellectual Property
Organisation (WIPO).

The moderator variable, RELit, representing relative economic development, is calculated as GDP per
capita normalised to a 0–1 scale using the sample maximum. Control variables include average years of
education (EDU) from Barro8Lee datasets, trade openness (TO) as the sum of imports and exports relative
to GDP, fiscal expenditure (FE) as a percentage of GDP, R&D intensity (RD) from UNESCO, and informal sector
size (INF) estimated via ILO labour surveys.

Table 2
Variable Definitions and Sources

Variable Definition Source

GINI Gini coefficient (0 = perfect equality; 1 = maximal
inequality)

World Bank Poverty and Inequality Platform

Theil Theil Index of income inequality ILO Labour Statistics, national surveys

DIG Digital Economy Index (0–1 scale: higher = advanced
digitalization)

ITU, Global Findex, WIPO

REL Relative economic development (GDP per capita
normalized to 0–1)

World Bank Development Indicators

EDU Average years of education (population aged 15+) Barro8Lee Education Dataset

TO Trade openness: (Imports + Exports)/GDP World Bank Open Data

FE Fiscal expenditure as a percentage of GDP IMF Government Finance Statistics

RD R&D expenditure as a percentage of GDP UNESCO Institute for Statistics

INF Informal sector size: % of the workforce in informal
employment

ILO Labour Force Surveys

Data Processing and Imputation

Approximately 9.2% of the panel exhibited missing values, which were addressed through a two8stage
protocol. Temporal gaps, such as sporadic missing GDP or Gini values, were resolved via linear interpolation,
assuming gradual annual changes in macroeconomic indicators (Little & Rubin, 2019). Cross8sectional and
non8monotonic missingness were handled using multiple imputation by chained equations (MICE), which
iteratively estimates missing values through regression models conditioned on observed variables (Honaker
& King, 2010). MICE was preferred over mean imputation or k8nearest neighbours (k8NN) due to its capacity to
preserve multivariate relationships, quantify uncertainty through pooled results from five imputed datasets,
and accommodate mixed data types and hierarchical structures (White et al., 2011; Gomes et al., 2022).
Sensitivity analyses confirmed the robustness of the imputed results, with minimal divergence (Δβ = 0.018
for DIG) and consistent significance levels (*p* < 0.01) compared to the complete8case estimates. Alternative
methods, such as last observation carried forward (LOCF), were rejected due to inflated Type I errors and
attenuated effect sizes.

Econometric Framework

To address endogeneity concerns—such as omitted variable bias or reverse causality—the study employs
a two8stage least squares (2SLS) approach, instrumenting  DIGi,t−1  with historical telephone penetration
rates (circa 2000), which correlate with modern digital infrastructure but remain exogenous to contemporary
inequality trends (Nunn & Qian, 2014). Robustness checks include substituting the Gini coefficient with the
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Theil Index and applying machine learning techniques like Lasso regression to validate variable selection
(Belloni et al., 2014).

The core analytical framework combines a baseline fixed8effects panel regression with a partially linear
functional8coefficient model. The fixed8effects model controls for unobserved time8invariant heterogeneity,
while the functional8coefficient specification captures threshold8dependent nonlinearities in the relation8
ship between digitalisation and inequality, moderated by economic development levels (Xu & Tao, 2025;
Pata et al., 2023).

Baseline Fixed-Effects Panel Regression

The baseline specification employs a fixed8effects panel regression to estimate the average effect of
digital economy development on income inequality, controlling for time8invariant country heterogeneity.
The model is formally expressed as

𝐺𝐼𝑁𝐼𝑖𝑡 = 𝛼+ 𝛽𝐷𝐼𝐺𝑖,𝑡−1 +∑
𝐾

𝑘=1
𝛾𝑘𝑍𝑘,𝑖,𝑡−1 + 𝜇𝑖 + 𝜆𝑡 + 𝜖𝑖𝑡

where 𝐺𝐼𝑁𝐼𝑖𝑡 represents the Gini coefficient of country i in year t, 𝐷𝐼𝐺𝑖,𝑡−1 denotes the lagged Digital
Economy Index for country i, and 𝑍𝑘,𝑖,𝑡−1 is a vector of K lagged control variables, including education(EDU),
trade openness(TO), fiscal expenditure (FE), R&D intensity (RD), and informal sector size (INF). Country8spe8
cific fixed effects (𝜇𝑖) and year fixed effects (𝜆𝑡) are incorporated to account for unobserved heterogeneity,
while 𝜖𝑖𝑡 represents the idiosyncratic error term, clustered at the country level. The Driscoll8Kraay standard
errors were applied to address cross8sectional dependence and heteroskedasticity (Hoechle, 2007).

Partially Linear Functional-Coefficient Model

To capture the threshold8dependent effects, the analysis is extended using a partially linear functional8
coefficient model. In this framework, relative economic development (REL)moderate the marginal effect of
digitalisation (DIG).

𝐺𝐼𝑁𝐼𝑖𝑡 = 𝑔(𝑅𝐸𝐿𝑖𝑡).𝐷𝐼𝐺𝑖,𝑡−1 +∑
𝐾

𝑘=1
𝛾𝑘𝑍𝑘,𝑖,𝑡−1 + 𝜇𝑖 + 𝜆𝑡 + 𝜖𝑖𝑡

Here, 𝑔(𝑅𝐸𝐿𝑖𝑡) is a nonparametric smooth function of normalized GDP per capita (𝑅𝐸𝐿𝑖𝑡), estimated via
local linear regression (Fan & Gijbels, 1996). The function g(⋅) is approximated as 𝑔(𝑅𝐸𝐿𝑖𝑡) = 𝛿0 + 𝛿1(𝑅𝐸𝐿𝑖𝑡 −
𝑅𝐸𝐿0) for each point 𝑅𝐸𝐿0 in the support of 𝑅𝐸𝐿𝑖𝑡. Kernel weights 𝐾ℎ(𝑅𝐸𝐿𝑖𝑡 −𝑅𝐸𝐿0) and bandwidth h,
selected via cross8validation (Li & Racine, 2007), allow the marginal effect 𝛽(𝑅𝐸𝐿𝑖𝑡) = 𝑔(𝑅𝐸𝐿𝑖𝑡) to vary
flexibly with economic development levels.

Addressing Endogeneity: Two-Stage Least Squares (2SLS)

To mitigate potential endogeneity, such as the reverse causality between digitalisation and inequality,
a two8stage least squares (2SLS) framework is employed. Historical telephone penetration rates (𝑇𝐸𝐿𝑖,2000
) serve as an instrument for𝐷𝐼𝐺𝑖,𝑡−1. The first8stage regression is specified as

𝐷𝐼𝐺𝑖,𝑡−1 = 𝛼0 + 𝛼1𝑇𝐸𝐿𝑖,2000 +∑
𝐾
𝑘=1 𝛼𝑘𝑍𝑘,𝑖,𝑡−1 + 𝜇𝑖 + 𝜆𝑡 + 𝑢𝑖𝑡

The second8stage regression then estimates:

𝐺𝐼𝑁𝐼𝑖𝑡 = 𝛽 ̂𝐷𝐼𝐺𝑖,𝑡−1 +∑
𝐾

𝑘=1
𝛾𝑘𝑍𝑘,𝑖,𝑡−1 + 𝜇𝑖 + 𝜆𝑡 + 𝜖𝑖𝑡

The instrument 𝑇𝐸𝐿𝑖,2000 is justified on two grounds. First, historical telephone penetration is strongly
correlated with modern digital infrastructure, as evidenced by an F8statistic of 18.7 (p<0.01), reflecting the
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role of legacy telecommunication networks in enabling broadband and mobile internet expansion (Nunn
& Qian, 2014). Second, 𝑇𝐸𝐿𝑖,2000 predates the study period (2010–2022) and is unlikely to directly affect
contemporary inequality trends, satisfying the exclusion restriction.

The baseline model was estimated using fixed8effects regression with Driscoll8Kraay standard errors
to account for cross8sectional dependence and heteroskedasticity (Hoechle, 2007). For the partially linear
model, the function  g(RELit) is estimated via kernel8weighted local polynomial regression, with the band8
width selected using cross8validation (Li & Racine, 2007). The sensitivity analyses test alternative kernels
(Epanechnikov, Gaussian) to ensure consistency.

This methodological framework balances theoretical rigour with practical adaptability, offering nuanced
insights into how digitalisation intersects with economic development to shape inequality in diverse
contexts. Subsequent sections present the empirical results, robustness checks, and policy implications
derived from these models.

Sensitivity to Index Construction

To assess the sensitivity of the results to the index design, an alternate Digital Economy Index (DIG_Alt)
was developed using equal weighting across dimensions (infrastructure, adoption, innovation), simplified
indicators to reduce multicollinearity (e.g., mobile subscriptions per 100 people instead of broadband), and
min8max normalisation for enhanced interpretability. This parsimonious index retains conceptual alignment
with the original framework while addressing data limitations in low8income contexts, such as excluding e8
commerce metrics with significant gaps.

By integrating these methodological safeguards, the study ensures that the findings are robust to weight8
ing assumptions, missing data, and endogeneity, providing a nuanced understanding of digitalization’s
heterogeneous impacts on inequality in developing economies.

Empirical Analysis
The empirical investigation of the digital economy’s impact on income inequality in developing

economies reveals nuanced patterns shaped by disparities in digital access, nonlinear developmental
thresholds, and multifaceted mechanisms. Drawing on panel data from 40 developing countries spanning
2010–2022, this section presents descriptive statistics, benchmark regression results, nonlinear dynamics,
and mechanism tests, offering a comprehensive understanding of how digitalisation interacts with socioe8
conomic structures.

Descriptive Statistics

The analysis begins by examining the distribution and variability of key variables across the full sample
of 40 developing economies (2010–2022). Table 3 presents comprehensive descriptive statistics, including
means, standard deviations, minima, and maxima for all regression variables. The Gini coefficient (GINI)
averages 0.41, with substantial cross8country variation (SD = 0.09), ranging from 0.28 (Vietnam, 2022) to 0.63
(Haiti, 2015). The Digital Economy Index (DIG) exhibits moderate dispersion (mean = 0.52, SD = 0.17), reflecting
uneven digitalisation progress, with scores spanning 0.11 (Niger, 2010) to 0.89 (Colombia, 2022). Relative
economic development (REL)—normalized GDP per capita—shows a mean of 0.38, highlighting the sample’s
concentration in low8 to middle8income tiers.

Control variables further illustrate structural heterogeneity: average education levels (CAP) range from 4.2
years (Niger, 2012) to 12.1 years (Sri Lanka, 2022), while informal sector size (INF) varies widely (mean = 68%,
SD = 14.2), peaking at 92% in Bolivia (2018). These disparities underscore the need for nonlinear modelling
to capture the threshold8dependent digitalisation effects.
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Table 3
Descriptive Statistics of Regression Variables (2010–2022)

Variable Mean Std Dev. Min Max Definition

GINI 0.41 0.09 0.28 0.63 Gini coefficient (0–1 scale)

Theil 0.27 0.11 0.12 0.58 Theil Index of income inequality

DIG 0.52 0.17 0.11 0.89 Digital Economy Index (0–1 scale)

REL 0.38 0.21 0.07 0.82 Normalised GDP per capita (0–1 scale)

EDU 8.1 2.4 4.2 12.1 Average years of education (population 15+)

TO 64.3% 18.7% 29.5% 112.4% Trade openness (% of GDP)

FE 22.6% 7.3% 11.8% 38.9% Fiscal expenditure (% of GDP)

INF 68.4% 14.2% 41.7% 92.0% Informal sector employment (%)

RD 0.8% 0.5% 0.1% 2.3% R&D expenditure (% of GDP)

*Notes: Statistics calculated from the data sources as defined in Table 1.*

Regional disparities in digital access persist (Table 3), reinforcing the rationale for the threshold analysis.
In Sub8Saharan Africa, urban internet penetration (65%) triples rural rates (28%), while Latin America shows
narrower gaps (72% vs. 48%). Mobile money adoption—a proxy for financial inclusion—averages 63% in Sub8
Saharan Africa but lags in South Asia (41%), reflecting divergent regulatory and infrastructural contexts.

Benchmark Regression Results

The baseline fixed8effects regression model estimates the average relationship between digital economy
development (DIGi,t−1) and income inequality (GINIit), controlling for education, trade openness, and fiscal
policies (Table  2). The coefficient of   DIGi,t−1  is −0.204 (p < 0.01), indicating that a one8unit increase
in the Digital Economy Index reduces the Gini coefficient by 0.204 units. This aligns with the findings of
Suri and Jack (2016), who observed similar inequality8reducing effects of mobile money in Kenya. Control
variables also yielded the expected results: higher education levels (EDU) correlated with lower inequality
(β=−0.118,p<0.05), while larger informal sectors (INF) intensify disparities (β=0.062,p<0.1).

Table 4
Benchmark Regression Results

Variable Coefficient Std. Error p-value

DIGi,t−1 −0.204*** 0.032 0.000

EDUi,t−1 −0.118** 0.047 0.012

TOi,t−1 −0.027 0.019 0.154

INFi,t−1 0.062* 0.035 0.076

FEi,t−1 −0.045 0.029 0.121

RDi,t−1 −0.891** 0.382 0.020

Observations 520

Adj. R² 0.87

*Notes: ***p < 0.01, **p < 0.05, p < 0.1. Country and year fixed effects applied.

Nonlinear Effects and Threshold Dynamics

The partially linear functional8coefficient model uncovers a U8shaped relationship between digitalisa8
tion and inequality, moderated by economic development (RELit). As shown in Figure 1, the marginal effect
of  DIGi,t−1 on GINIit is strongest at mid8level development (REL=0.35–0.60), reducing inequality by 0.31 units
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per DIG unit. Below REL = 0.35, the effect is negligible (β=−0.04,p>0.1), likely due to insufficient infrastructure
to support equitable digital access. Conversely, at REL > 0.60, the effect diminishes (β=−0.12,p<0.05), reflecting
saturation in high8income regions where further digital gains yield smaller equity improvements. These
findings mirror those of Pata et al. (2023), who identified similar thresholds in ICT’s environmental impacts
and underscored the need for development8stage8specific policies.

Mechanism Tests

Three mechanisms mediate the digital economy’s inequality effects. To mitigate endogeneity concerns
—particularly reverse causality between mechanisms and inequality—mechanism variables (e.g., entrepre8
neurship rates, mobile money adoption) are lagged by one period, consistent with the baseline model’s
treatment of DIGi,t−1 and control variables. This temporal sequencing reduces the likelihood that contem8
poraneous shocks to inequality drive the observed changes in the mechanism outcomes.

Digital Entrepreneurship: Platforms like Jumia (Africa) and MercadoLibre (Latin America) lower entry
barriers for informal workers. In Nigeria, 32% of small vendors on Jumia reported a 40% income increase after
joining the platform, reducing rural8urban income gaps by 12% (GSMA, 2022). However, precarious working
conditions on gig platforms like Uber Eats limit long8term benefits, as 68% of drivers in Mexico City lack
health insurance (ILO, 2021). Lagged entrepreneurship metrics (e.g., platform registration rates t−1) confirm
that digital entrepreneurship precedes inequality reduction (β = −0.15, *p* < 0.05).

Financial Inclusion: Mobile money adoption, exemplified by Kenya’s M8Pesa, boosts rural savings and
investment. Households using M8Pesa saw a 22% rise in savings rates and a 15% increase in microloan uptake,
narrowing the income gap by 9% (Suri & Jack, 2016). Lagged mobile money penetration rates (t−1) remain
robust to endogeneity checks (β = −0.11, *p* < 0.01).

Labour Market Shifts: The gig economy expands opportunities but perpetuates instability. In India, ride8
hailing platforms created 2.8 million jobs for low8skilled workers, yet 54% earned below the minimum wage
(Mehta et al., 2021). Lagged gig job creation metrics (t−1) show mixed effects (β = +0.08, *p* < 0.1), underscoring
the dual role of labor market digitization.

Table 5
Mechanism Test Results

Mechanism Key Metric (Lagged) Impact on Inequality Source

Digital Entrepreneurship Platform registration (t−1) −12%*** GSMA (2022)

Financial Inclusion Mobile money adoption (t−1) −9%** Suri and Jack (2016)

Labor Market Shifts Gig jobs created (t−1) +14%* ILO (2021)

Although this study employs lagged mechanism variables and instrumental variables to address endo8
geneity, residual concerns persist. For instance, unobserved factors—such as cultural attitudes towards
technology or localised policy shifts—may simultaneously influence digital entrepreneurship and inequality,
creating a bidirectional causality. Although robustness checks with alternative lags (t−2, t−3) yield consistent
results (Δβ < 0.03), future research should leverage natural experiments (e.g., staggered platform rollouts) or
randomised control trials to isolate causal pathways. Additionally, the reliance on national8level data may
obscure subnational heterogeneities, particularly in large, diverse economies like India or Nigeria. These
limitations underscore the need for mixed8method approaches to complement econometric analyses.

Robustness and Sensitivity Checks

To validate the robustness of the Digital Economy Index, all models were re8estimated using alternative
weighting schemes, including equal8weight and principal component analysis (PCA)8weight indices. Results
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remained consistent across specifications, as summarised in Table 5. The baseline fixed8effects coefficient
for the equal8weighted Digital Economy Index was estimated at −0.198 (*p* < 0.01), closely aligning with the
entropy8weighted index coefficient of −0.204. The U8shaped threshold effect persisted across all indices,
with marginal inequality reduction peaking at relative economic development (REL) levels between 0.35
and 0.60, demonstrating minimal divergence in effect magnitudes (Δβ < 0.03). Mechanism tests further con8
firmed stability, revealing comparable impacts across weighting methods: digital entrepreneurship reduced
inequality by −11% under the equal8weight scheme versus −12% for the entropy8weighted index.

Table 6
Robustness of the Digital Economy Index to Alternative Weighting Schemes

Weighting Method Baseline Coefficient (β) Threshold Peak (REL) Mechanism Effect
(Digital Entrepreneurship)

Entropy8Weight −0.204*** 0.35–0.60 −12%***

Equal8Weight −0.198*** 0.34–0.58 −11%***

PCA8Weight −0.206*** 0.36–0.61 −13%***

*Notes: ***p < 0.01. All models control for country/year fixed effects and covariates.*

These findings confirm that the core results are not artefacts of methodological choices in weighting.
While entropy weighting optimally captures indicator variability, both equal8weight and PCA8weight
schemes produce directionally and statistically congruent estimates, underscoring the index’s robustness
to alternative construction methodologies.

The robustness of the findings was further tested by re8estimating the models using the alternate
digital economy index (DIG_Alt), yielding consistent results (Table 5). In the baseline model, the coefficient
for  DIG_Alt  was marginally smaller than the original estimate (80.187 vs. −0.204) but retained statistical
significance (*p*  < 0.01) and directional consistency. The U8shaped threshold dynamics persisted, with
peak inequality reduction observed at a slightly higher development threshold (REL = 0.40 compared to
0.35 in the primary model), while the magnitude of the marginal effect remained comparable (80.29 units
per DIG_Alt unit). Mechanism analyses confirmed stability across key pathways: digital entrepreneurship
reduced inequality by 11% (vs. 12% in the original model), and financial inclusion effects narrowed by 8%
(vs. 9%), indicating negligible variation.

To enhance future research, three methodological advancements are proposed. First, integrating quan8
titative models with qualitative fieldwork could capture unobserved variables, such as informal digital
entrepreneurship practices or gendered barriers to digital access. Second, refining the Digital Economy
Index to incorporate real8time data—such as gig work hours or social media transactions via APIs or big
data analytics—would improve its dynamism and granularity. Third, experimental designs could test policy
interactions, such as pairing Kenya’s mobile money ecosystem (M8Pesa) with Brazil’s microentrepreneur
formalisation program (MEI), to evaluate how combined interventions amplify equity gains.

Principal Component Analysis (PCA)

A third index (DIG_PCA) constructed from the first principal component (explaining 78% of variance)
corroborates these findings, with coefficients ranging between 0.17 and 0.21 across specifications.

Table 7
Robustness Check Results: Original vs. Alternate Indices

Model Original DIG DIG_Alt DIG_PCA

Baseline Coefficient −0.204*** −0.187*** −0.192***
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Model Original DIG DIG_Alt DIG_PCA

Threshold Peak (REL) 0.35–0.60 0.30–0.65 0.35–0.60

Mechanism: Entrepreneurship −12%*** −11%*** −11%***

Mechanism: Financial
Inclusion

−9%** −8%** −8%**

*Notes: ***p < 0.01, **p < 0.05.

The consistency of the results across the index specifications underscores the robustness of the U8
shaped relationship between digitalisation and inequality. While minor variations in coefficient magnitudes
reflect methodological differences, the core finding—that digital economy impacts are contingent on devel8
opment thresholds—remains stable. Policymakers can thus prioritise mid8development digital investments
with confidence, knowing that these insights are not artefacts of index construction.

To validate the core findings, we conducted three robustness checks: substitution of inequality metrics,
machine learning variable selection, and instrumental variable (IV) regression.

Theil Index Substitution

Replacing  GINIit  with the Theil Index addresses concerns about the Gini coefficient’s insensitivity to
distributional shifts at the distribution tails. The Theil Index was calculated as

𝑇ℎ𝑒𝑖𝑙 = 1
𝑁
∑
𝑁

𝑖=1

𝑦𝑖
𝑦
ln(𝑦𝑖

𝑦
)

where 𝑦𝑖 represents income deciles and 𝑦 the mean income. Fixed8effects regressions using the Theil
Index yielded consistent results: a one8unit increase in 𝐷𝐼𝐺𝑖,𝑡−1 reduced inequality by 0.189 units (p<0.01),
with the coefficients for the control variables remaining stable (Table 8). The U8shaped relationship per8
sisted, with threshold effects at REL = 0.38–0.63, confirming the baseline model’s robustness to alternative
inequality metrics.

Table 8
Theil Index Regression Results

Variable Coefficient Std. Error p-value

DIGi,t−1 −0.189*** 0.029 0.000

RELit −0.095** 0.038 0.013

EDUi,t−1 −0.110** 0.043 0.011

INFi,t−1 0.058* 0.031 0.062

Adj. R² 0.82

LASSO Regression for Variable Selection

To mitigate multicollinearity and overfitting, we applied the least absolute shrinkage and selection
operator (LASSO) regression. The penalty parameter (𝜆) was selected via 108fold cross8validation, mini8
mizing mean squared error (Belloni et al., 2014). LASSO retained  𝐷𝐼𝐺𝑖,𝑡−1  (β=−0.197), 𝑅𝐸𝐿𝑖𝑡  (β=−0.11),
and 𝐸𝐷𝑈𝑖,𝑡−1  (β=−0.102) as key predictors, while shrinking the coefficients for  OT  and  FE  to near zero
(Table 9). This aligns with theoretical expectations, affirming that digitalisation, economic development, and
education drive inequality dynamics, whereas fiscal and trade variables exhibit weaker marginal impacts.

Table 9
LASSO Regression Results
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Variable Coefficient

DIGi,t−1 −0.197***

RELit −0.110**

EDUi,t−1 −0.102**

OTi,t−1 0.000

FEi,t−1 0.000

λλ 0.024 (CV)

Instrumental Variable (IV) Regression
To address endogeneity, we instrumented 𝐷𝐼𝐺𝑖,𝑡−1 with historical telephone penetration rates (2000),

which correlate with digital infrastructure (F8stat=18.7, exceeding Stock8Yogo critical values) but are exoge8
nous to contemporary inequality trends. The first8stage regression confirmed the instrument’s strength
(β=0.41,p<0.01), and Hansen’s  J8test (p=0.32) validated exogeneity. IV82SLS estimates showed a stronger
digitalisation effect (β=−0.217,p<0.01), suggesting that baseline models may underestimate the impacts due
to measurement error (Table 10).

Table 10
IV-2SLS Regression Results

Stage Variable Coefficient Std. Error p-value

First8Stage Telephone Pen. 0.412*** 0.076 0.000

Second8Stage DIGi,t−1 −0.217*** 0.041 0.000

F8stat 18.7 Hansen’s J 0.32

Table 11
Diagnostic Tests and Results

Diagnostic Check Test/Metric Statistic Pvalue Outcome

Cross8sectional
Dependence

Pesaran’s CD Test CD =1.02 0.31 Residuals independent
across countries

Heteroskedasticity White’s Test χ² = 28.4 0.12 Homoscedastic errors
confirmed

Model Fit Adjusted R² 0.82(Theil Index)
0.85(IV82SLS)

— High explanatory
power

Discussion
The empirical findings of this study underscore the dual role of the digital economy as both a

mitigator and potential exacerbator of income inequality in developing economies, contingent on economic
development levels and institutional contexts. While digitalisation offers unprecedented opportunities for
inclusive growth, its benefits are neither automatic nor uniformly distributed. This discussion synthesises
the core insights and translates them into actionable policy recommendations, emphasising the need for
development8stage8specific strategies, robust safety nets, and targeted entrepreneurial support.

For low8REL economies—those with nascent digital infrastructure and lower GDP per capita—the priority
lies in bridging the foundational gaps in digital access and literacy. The stark urban8rural divides in internet
penetration, as observed in Sub8Saharan Africa and South Asia, highlight the urgency of initiatives akin to
India’s Digital India Initiative, which prioritises rural broadband expansion and digital literacy programs
(Mehta et al., 2021). Such programs have increased rural internet access by 22% in India since 2015, corre8

İktisat Politikası Araştırmaları Dergisi–Journal of Economic Policy Researches, (2), 318–334   330



Impact of the Digital Economy on Income Inequality: Evidence from Developing Economies   Khyareh, 2025

lating with a 9% reduction in the rural8urban income gap (World Bank, 2023). However, mere connectivity
is insufficient; complementary investments in education are critical to ensure marginalized populations
can leverage digital tools effectively. For instance, Ghana’s National Digital Literacy Project integrates ICT
training into school curricula, improving digital competency among youth and fostering long8term economic
participation (Asongu & Odhiambo, 2023). These efforts must be coupled with affordable data policies and
localised content to address linguistic and cultural barriers, ensuring that digital inclusion translates into
tangible income opportunities.

Conversely, in high8REL economies—where digital infrastructure is more advanced—the focus shifts to
addressing the precariousness inherent in digital labour markets. The proliferation of gig platforms like
Uber and Rappi in Latin America has expanded job opportunities but often at the cost of worker security,
as evidenced by Brazil’s Microemprendedor Individual (MEI) program, which extends social protections to
informal gig workers (OECD, 2022). By formalising over 1.2 million workers since 2020, MEI has reduced income
volatility by 18% in urban areas, demonstrating the potential of policy innovation to balance flexibility
with security. Similarly, South Africa’s Platform Work Directive mandates minimum wage guarantees for gig
workers, a model that could be replicated in other high8REL contexts to mitigate exploitation (ILO, 2021).
Such measures not only protect workers but also enhance productivity by fostering trust in digital platforms,
thereby sustaining long8term economic gains.

Entrepreneurship ecosystems emerge as the linchpin for equitable digital transformation, particularly
when tailored to marginalised groups. Nigeria’s  Andela, a tech incubator training software developers
from underserved communities, illustrates how targeted support can democratise access to high8growth
sectors. Graduates of Andela’s programs report a 35% increase in income, with 40% securing roles in global
tech firms (GSMA, 2022). Similarly, Bangladesh’s a2i Initiative provides microloans and mentorship to rural
women launching e8commerce ventures, enabling 120,000 entrepreneurs to access global markets since
2018 (Hussain et al., 2020). These initiatives underscore the importance of coupling financial resources with
skill development, ensuring marginalized groups can navigate digital markets competitively. Policymakers
should further incentivize private8sector partnerships, as seen in Kenya’s collaboration with Safaricom to
subsidise digital tools for small businesses, which boosted rural enterprise revenue by 27% (Suri & Jack,
2016).

However, the success of such policies hinges on adaptive governance frameworks that account for
regional heterogeneities. In low8REL economies, fragmented regulatory environments often hinder scalable
digital solutions. For example, despite mobile money’s success in Kenya, similar initiatives in Pakistan fal8
tered due to restrictive banking regulations and low financial literacy (Global Findex, 2021). Addressing these
challenges requires multilateral coordination, as exemplified by the African Union’s Digital Transformation
Strategy, which harmonises ICT policies across 55 nations to foster cross8border digital trade (AU, 2022).
Similarly, high8REL economies must balance innovation with accountability, ensuring platform algorithms
do not entrench bias. Colombia’s AI Ethics Guidelines for Employment Platforms offer a blueprint, mandating
transparency in gig8worker remuneration algorithms to prevent wage discrimination (OECD, 2022).

Looking ahead, the environmental and ethical externalities of digital growth—such as e8waste and algo8
rithmic bias—warrant scholarly attention. While beyond the scope of this study, the proliferation of e8waste
in regions like Ghana’s Agbogbloshie site, where informal recyclers face severe health risks, exemplifies the
urgent need for sustainable digital policies (Pouri & Hilty, 2021). Similarly, algorithmic wage discrimination
in gig platforms, as observed in Colombia’s AI Ethics Guidelines (OECD, 2022), highlights the need for trans8
parency in digital labour markets. These issues represent critical avenues for future research, particularly
in integrating ecological and ethical dimensions into empirical models of digital inequality.
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In conclusion, the digital economy’s potential to reduce income inequality in developing economies
is contingent on context8sensitive policies that address both access disparities and structural inequities.
Low8REL economies must prioritise foundational investments in infrastructure and literacy, while high8
REL economies should strengthen social protections for digital workers. Simultaneously, fostering inclusive
entrepreneurship ecosystems can amplify the redistributive effects of digitalisation. By adopting these
strategies, policymakers can harness the digital revolution not merely as a tool for growth but also as a
catalyst for equitable and sustainable development.

Conclusion
The digital economy represents a transformative force with the potential to reshape income distribution

in developing economies, yet its impact remains inherently contingent on contextual factors such as eco8
nomic development levels, institutional frameworks, and infrastructural readiness. This study demonstrates
that while digitalisation can mitigate income inequality, its benefits are neither automatic nor universally
accessible. The empirical findings reveal a U8shaped relationship between digital economy development
and inequality reduction, with the most pronounced effects observed at the intermediate stages of eco8
nomic development (REL = 0.35–0.60). Below this threshold, insufficient digital infrastructure and literacy
constrain equitable access to opportunities; above it, diminishing returns emerge as market saturation and
labour market precarity offset gains. These insights underscore the necessity of development8stage8specific
strategies to harness digitalisation as a tool for inclusive growth.

Our findings both corroborate and challenge prior research. The U8shaped relationship aligns with Gong
et al. (2023), who identified similar thresholds in China’s urban8rural gaps, but contrasts with the linear
models dominating earlier work (Suri & Jack, 2016; Autor et al., 2020). This divergence highlights the inade8
quacy of one8size8fits8all assumptions in digital policy design. The identification of entrepreneurship as a
critical mediator extends Nambisan’s (2017) theoretical framework, empirically validating its redistributive
potential in informal sectors—a dimension overlooked in studies focused on formal economies (Bramwell
et al., 2022). Conversely, our results partially conflict with Chen and Wu (2022), who emphasised intellectual
property regimes as primary moderators; instead, we find infrastructural readiness and labour market
structures to be more salient in developing contexts.

Methodological and Data Limitations

Despite its contributions, this study has several limitations. First, while the dual8model econometric
framework addresses nonlinear dynamics, the reliance on national8level data (e.g., Gini coefficients from
the World Bank) may obscure subnational heterogeneity, particularly in large, decentralized economies like
India or Nigeria. Second, although historical telephone penetration rates serve as a plausible instrument for
digital infrastructure, residual endogeneity from unobserved variables—such as cultural attitudes towards
technology or informal institutional norms—cannot be fully ruled out. Third, the exclusion of upper8middle8
income economies (e.g., South Africa, China) limits the generalizability to nations transitioning towards
advanced digital ecosystems. Finally, the Digital Economy Index, while comprehensive, may underrepresent
informal digital activities—such as peer8to8peer e8commerce on social media—that are prevalent in devel8
oping contexts but poorly captured in official statistics.

Future Research Directions

To advance our understanding of the digital economy’s role in shaping inequality, future research should
expand its geographical and income scope by incorporating upper8middle8income economies and subna8
tional data, particularly to examine the transitional phases between developmental thresholds. Building on
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foundational work by Pouri and Hilty (2021), studies could integrate environmental metrics to investigate
how digital growth’s externalities—such as e8waste generation and energy consumption—intersect with so8
cioeconomic disparities. Methodologically, leveraging mixed8methods approaches—combining quantitative
models with qualitative fieldwork—would help capture nuanced, unobserved variables, including informal
digital entrepreneurship practices or gendered barriers to digital access. Additionally, refining measurement
frameworks such as the Digital Economy Index to incorporate real8time data from platform economies (e.g.,
gig work hours, social media transactions) via APIs or big data analytics could enhance dynamic analysis.
Finally, experimental designs could explore policy interactions, testing how synergies between digital
infrastructure investments and social protection programs—such as pairing Kenya’s M8Pesa with Brazil’s MEI
initiative—amplify equity gains across diverse institutional contexts.

Policy Implications

For low8REL economies, prioritising digital infrastructure and literacy remains paramount, as exemplified
by India’s Digital India and Ghana’s ICT curricula. High8REL economies must balance platform labour flexi8
bility with protections, mirroring Brazil’s MEI formalisation program. Across all contexts, fostering inclusive
entrepreneurship ecosystems—such as Nigeria’s Andela—can bridge skill and capital gaps.

In conclusion, while the digital economy holds significant promise for equitable growth, realising its
potential demands context8sensitive policies, rigorous monitoring of unintended consequences, and sus8
tained interdisciplinary research. By addressing these challenges, policymakers and scholars can ensure
that digital transformation fosters not only economic growth but also a more equitable and sustainable
future.
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