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Abstract

Income inequality has been a persistent challenge for policymakers worldwide, especially in developing
economies. This study aims to explore the dynamics of income inequality in lower-middle-income economies
by analyzing the long-run impact of critical macroeconomic factors. Utilizing annual panel data for 18 lower-
middle-income countries from 1996 to 2018, the study employs the Fully Modified Ordinary Least Squares
(FMOLS) and Dynamic Ordinary Least Squares (DOLS). Furthermore, the Pooled Mean Group (PMG) estimator
is utilized to validate coeflicient estimation. The findings suggest a significant nonlinear linkage between
economic growth and income inequality and confirm the Kuznets Curve Hypothesis (KCH) in the selected
panel. The findings also substantiate significant long-run positive effects of inflation, trade, and unemployment
on income inequality. However, the long-run impact of gross capital formation (GCF) is insignificant.
The insights gained from this study could inform policymaking to foster inclusive economic growth and reduce
income disparities within lower-middle-income economies.
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INTRODUCTION
Income inequality is an indicator that quantifies the degree to which income is evenly distributed among
individuals within a given population. A more uneven income distribution indicates higher income
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inequality, while a more even distribution reflects lower income inequality (OECD, 2023). Income
inequality poses significant global challenges that hinder development across developed and developing
regions. Addressing income inequality is important for promoting social justice and sustainable economic
development. As such, it remains a critical concern on the agenda of international organizations and
policymakers dedicated to promoting inclusive and equitable development. For instance, the United
Nations (UN) has made addressing inequality within and between nations a key focus of its 17 Sustainable
Development Goals (SDGs) (UN, 2015).

Over the past two decades, the global economy has undergone notable transformations, including
robust economic growth, greater trade integration, and significant capital accumulation. However,
these changes have not been translated into equitable benefits for all population segments, particularly
in underdeveloped and low-income countries (IMF, 2023). Therefore, lowering income inequality
is essential for stabilizing the economy and achieving sustainable development.

The existing literature concerning the dynamics of income inequality and its macroeconomic drivers
has yielded mixed findings across various countries and regions (Batuo et al., 2022; Berisha et al.,
2018; Deyshappriya et al., 2017; Taresh et al., 2021; Zandi et al., 2022). The direction and magnitude
of macroeconomic influences often vary depending on various aspects, including the country’s stage
of development, income levels, periods, and methodologies applied (Adams and Klobodu, 2019; Batuo
et al., 2022; Shahbaz, 2010; Siami-Namini and Hudson, 2019; Zheng et al., 2023). Economic growth, for
example, is often regarded as a double-edged sword: while it can reduce poverty, it may also exacerbate
income inequality if the resulting wealth is distributed unevenly (Cerra et al., 2021; Lim and Sek, 2014).
The pioneering work of Kuznets (1955) revealed controversial findings, indicating that income distribution
is more equitable in developed and industrialized economies compared to developing or agrarian countries.

Inflation can diminish purchasing power, often disproportionately affecting lower-income households
and exacerbating income (Nantob, 2015; Zheng et al., 2023). While fostering economic growth, trade
openness can generate uneven benefits across regions and sectors, further contributing to disparities in
income distribution (Dorn et al., 2022). Unemployment can also exacerbate income inequality due to
job losses and a lack of economic opportunities (Nayyar, 2014). However, this effect can be mitigated by
better institutional quality that can provide more opportunities and support for the unemployed (Law
and Soon, 2020). Furthermore, Gross capital formation (GCF), which reflects the investment levels, can
stimulate economic activities within and between countries. However, without policies that promote
more inclusive wealth distribution, the benefits may disproportionately flow to wealthier segments of
the population (Piketty, 2014).

While extensive research has examined how macroeconomic factors affect income inequality in
different countries, there is a lack of studies exploring the dynamic effects of these factors collectively,
especially in lower-middle-income countries. Furthermore, the latest Sustainable Development Report
2024 highlights that most lower-middle-income economies continue to face significant and persistent
challenges in achieving reduced inequalities (Sachs et al., 2024). Given the diverse economic landscapes
in these economies, a deeper look at the dynamic relationship between income inequality and key
macroeconomic indicators is essential for policymakers seeking to promote equitable societies and
inclusive growth. Therefore, the main purpose of this study is to deepen the existing body of research
by analyzing the dynamic impacts of five key macroeconomic factors on income inequality in 18 lower-
middle-income countries from 1996 to 2018. More specifically, this research seeks to verify the KCH’s
validity and examine the dynamic effects of inflation, GCE, trade, and unemployment on income inequality.

1LITERATURE REVIEW
Income inequality is perhaps one of the most significant macroeconomic issues that continuously attract
the attention of policymakers, especially in underdeveloped and emerging economies. It is reflected
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in various economic dimensions, such as earnings, wages, consumption, expenditure, and income
(Goodman and Oldfield, 2004). The theoretical background of income inequality is rooted in classical
economic theories, which regarded income inequality as a natural consequence of a free market system
(Ricardo, 1817; Smith, 1776). In light of this, Marx (1867) viewed the capitalist system as exploitative,
potentially widening the inequality gap, while John Mill advocated for societal intervention to moderate
the excesses of capitalism and ensure a fairer income distribution through taxes and social welfare —
principles that later formed the basis of welfare economics (Bowden, 2020; Mill, 1982). From a modern
theoretical perspective, human capital theory posits that investment in education, skill development,
and training is a solution to reducing income disparity (Mincer, 1974; Psacharopoulos and Patrinos,
2018). Recently, proponents of the capability approach have argued that enhancing individuals’ capabilities
through education and health investments improves economic outcomes and fosters a more equitable
distribution of opportunities and resources in society (Nussbaum, 2000; Sen, 1999). Meanwhile, Kuznets
(1955) hypothesized an inverted U-shaped linkage between economic growth and income inequality.
According to his hypothesis, income distribution initially becomes more unequal during the early stages
of the development process, reaching a peak before eventually showing a trend toward becoming more
equal as per capita income rises; income inequality begins to decline as wealth becomes more evenly
distributed.

The extant literature has widely scrutinized how economic growth impacts income inequality.
Some researchers have analyzed this relationship through the prism of validating the KCH. In contrast,
others have delved into the traditional framework by examining the individual impact of economic
growth on income distribution. Using panel data from 33 Asian countries from 1990 to 2013, Deyshappriya
(2017) employed the Generalized Method of Moments (GMM) and identified compelling evidence
supporting the KCH. Additionally, Batuo et al. (2022) examined the validity of KCH and other
macroeconomic factors by employing static and dynamic panel models for 52 African countries from
1980 to 2017. The countries were divided into four cups concerning income levels. Their findings
revealed compelling evidence on the validity of KCH in the least-developed countries, while they
found positive and non-linear U-shaped linkage in higher-income countries. Two studies conducted
in Indonesia have applied several panel data models indicating that KCH holds in Indonesian
provinces (Muryani et al., 2021; Taresh et al., 2020). However, some studies indicated that KCH does
not hold but showed a positive linkage between them (Adams and Klobodu, 2019; Berisha et al.,,
2020). Nonetheless, Asogwa et al. (2022) employed GMM models on a panel of 28 African countries
from 2001 to 2016 and demonstrated that this dynamic linkage is insignificant. In Pakistan, Shahbaz
(2010) went beyond these relationships. He confirmed that not only did the KCF hold, but also
an S-shaped relationship, determined by applying an autoregressive distributed lag (ARDL) model from
1970 to 2005.

As for inflation and income inequality dynamics, economic theory suggests that inflation can affect
income inequality negatively and positively. As for the positive effect, inflation diminishes individuals’
purchasing power and the real values of their unindexed assets, pensions, and social transfers, thereby
disproportionately impacting people with lower income (Balcilar et al., 2018; Glawe and Wagner, 2024;
Wollft, 2023). It also distorts income distribution by favoring profit earners over wage earners (Nantob,
2015; Siami-Namini and Hudson, 2019). On the negative side, conversely, inflation may reduce the real
value of debt, easing the burden on borrowers, who are typically lower-income individuals, taxing the
wealthy, and reducing income from assets (Bulif, 2001; Monnin, 2014; Romer and Romer, 1998; Zheng
et al., 2023). Empirical research has shown either negative or positive effects and, in some cases, a
nonlinear impact. For example, Galli and van der Hoeven (2001) found that inflation directly impacted
income inequality in a sample of 15 OECD countries. Berisha et al. (2023) revealed a negative effect of
inflation on income inequality, which intensifies at higher inequality levels. Moreover, Zhang and Ben
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Naceur (2019) showed that inflation negatively impacted income inequality in low-income countries.
This negative effect was also supported by El Herradi et al. (2023) in 14 OECD economies and Gocen
(2024) in 58 countries. However, Albanesi (2007) and Thalassinos et al. (2012) found that inflation positively
affected income inequality. Brei et al. (2023) and Zandi et al. (2022) also indicated that inflation positively
affected income inequality in high-income countries and Asian developing economies, respectively.
Law and Soon (2020) used the GMM panel models from 65 developed and emerging economies from
1987 to 2014 and demonstrated that higher income inequality was positively linked with inflation
across both the developed and developing countries. However, this effect is significantly moderated
by better institutional quality. Nantob (2015) applied the GMM econometric models utilizing annual
panel data from 2001 to 2012 from 45 developing nations and identified that income inequality was
nonlinearly linked with inflation and exhibited an inverted U-shaped pattern. The study showed that
GDP per capita, political instability, and trade openness significantly mediated this dynamic nexus.
Balcilar et al. (2018) identified a nonlinear relationship with a 3% inflation threshold in the US. When
inflation exceeds this threshold, it positively influences income inequality, while inflation below this
level has a negative effect on income inequality. Likewise, a recent study conducted by Glawe and
Wagner (2024) employed dynamic panel threshold models on a sample of 101 economies. It revealed
that income inequality increased when inflation exceeds a 6% threshold, while at lower inflation levels,
the dynamic relationship was insignificant. A study by Siami-Namini and Hudson (2019) highlighted
that inflation effects on income inequality varied depending on the stage of development. They identified
an inverted U-shaped link in developing economies and a U-shaped connection in developed countries.
In contrast, a recent study by Zheng et al. (2023) suggested that this relationship can be either negative,
positive, or U-shaped. This variation depends on the relative prominence of wealth disparities versus
skill gaps and how the proportion of interest income to labor income reacts to inflationary pressures.
Meniago and Asongu (2018) suggested that inflation could disproportionately impact lower-income
groups more adversely than higher-income groups, exacerbating income inequality. This indicates
that inflation’s impact on income distribution may widen the gap between different socioeconomic
groups.

Meanwhile, the literature did not extensively discuss the dynamic effects of other macroeconomic
factors, including the GCE, trade, and unemployment. Most previous research has included these variables
to control the income inequality equation, whereby empirical findings showed mixed results. Empirical
analysis in Asian countries demonstrated that higher income inequality was significantly associated
with higher levels of political instability, trade, unemployment, and inflation (Deyshappriya, 2017).
In the same way, Zandi et al. (2022) employed a random effect model (REM) and GMM utilizing data
from developing Asian countries. They demonstrated that income inequality and unemployment were
positively linked. However, Heer and Siissmuth (2003) employed a traditional linear regression model
in the US economy. They found no significant linkage between unemployment and income inequality,
while applying the error correction model revealed a positive linkage between them. Law and Soon
(2020) investigated the dynamics of inflation and income inequality and revealed positive effects of trade
openness and foreign direct investment on income inequality but not for unemployment as controlling
variables. Using the system GMM panel model for a penal of 58 economies from 2012 to 2018, G6cen
(2024) revealed negative effects of per capita GDP and trade openness while unemployment weekly
and positively impacted income inequality.

Given the mixed results discussed above and the lack of studies that have examined the dynamic
impacts of key macroeconomic indicators like GCE inflation, per capita GDP, unemployment, and trade
collectively, there is a need to explore how these factors influence the dynamics of income inequality.
Furthermore, there is a shortage of research examining these dynamic relationships within developing
countries, especially in lower-middle-income economies. Therefore, the current research will contribute
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to the current body of knowledge by exploring the dynamic relationships between income inequality
and these macroeconomic indicators in a group of economies classified as lower-middle-income
nations.

2 METHODOLOGY AND DATA
This section outlines the methodological framework guiding our econometric study. It presents
the econometric model, the data, and the estimation process.

2.1 Econometric specifications
This study intends to estimate the following income inequality equation:

Ln(GINI), = B, + B,.Ln(GDPPC)_ + B,(Ln(GDPPC, )’ + B,INF, + B,GCF, + f.UNEM,,

it i

+BTRADE, +¢,, (1)

where i refers to countries, and t denotes the period. Ln(GINI), is the natural logarithm of the Gini index,
which represents the dependent variable of this study. The parameters, f3;, 5,, 5, 6,, Bs and B, capture
the effects of GDP per capita (Ln(GDPPC),,), the squared term of GDP per capita ((Ln(GDPPC,)?),
inflation (INF,), GCF (GCF,), unemployment rate (UNEM,)), trade (TRADE,,). 3, denotes a scaler that
captures the intercept of the income equation, and the error terms are represented by ¢,

2.2 Data sources

This study employs annual panel data from 1996 to 2018 for lower-middle-income economies, driven
by the significant economic and social challenges these countries have confronted. These challenges
include efforts to address income inequality and make progress toward reducing disparities, as emphasized
by SDG10 (Sachs et al., 2024). The study sample includes 18 lower-middle-income countries from 1996
to 2018, as displayed in Table Al in the Appendix. The selection of this specific set of 18 lower-middle-
income economies was primarily driven by the availability and completeness of the data required
for the analysis, particularly the Gini index. While other countries are classified as lower-middle-income
by the World Bank, they could not be included in this study due to missing data on key variables. Moreover,
extending the study period would have resulted in increased missing data. Therefore, the analysis was
limited to the 1996-2018 period to maximize the available data and include as many countries as possible.

The variables used in this study and their sources are shown in Table A2 in the Appendix. In line
with the literature, the study utilized the Gini index based on disposable income, extracted from
the Standardized World Income Inequality Database (version 9.7), as a proxy measure for income
inequality (Solt, 2020). It is expressed in percentage and takes possible values between 0 and 100%.
A Gini index value approaching zero indicates less income inequality and more equitable societies,
while a value approaching 100% exhibits higher income inequality. The World Bank Development
Indicators (WDI) database was the primary source of the five key macroeconomic predictors over
the study period. These include per capita GDP adjusted for 2015 prices, GCF as a percentage of GDP,
inflation rate based on the consumer price index, unemployment rate calculated based on the International
Labor Organization (ILO) estimates, and trade openness calculated as the ratio of net exports and imports
to GDP. Furthermore, Table 1 displays the descriptive statistics of the study variables.

To gain more insight into the dataset, the study provided time series plots for the study variables by
averaging the data for each year across all countries. Figure 1(a) shows a time series plot of the annual
average Gini index for the entire sample, which indicates that income inequality, on average, increased
from 1996 to 2005 and then decreased slightly until 2018. However, the average levels of income inequality
across the 18 lower-middle-income economies remained high over the study period.
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Figures 1(a)-(f) Trends in the mean values of key study variables from 1996 to 2018
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Source: Own construction based on WDI (World Development Indicators) and WIID (World Income Inequality Database)

As depicted in Figure 1(b), GDP per capita exhibited a steady upward trend throughout the study
period from 1996 to 2018, suggesting overall economic growth and development within the lower-middle-
income countries examined in this analysis.

As shown in Figure 1(c), the time series of inflation rates across the entire sample provides insights
into the average inflation values. We observed that inflation, on average, followed a downward trend
from 1996 to 2002. Furthermore, an increasing trend was observed from 2003 until 2008, culminating
in a peak in 2008 due to the global economic crisis. From 2009 to 2018, inflation rates, on average,
exhibited a declining trend.

Figure 1(d) presents a time series plot of unemployment for the entire sample. On average,
the unemployment rate exhibited cyclical behavior over the study period. On average, from 1996
to 2002, we observed a decreasing trend in unemployment, suggesting improvements in labor
market conditions during this period. However, this positive trajectory was followed by an upward
trend between 2003 and 2011, driven by the consequences of the Great Recession in 2008-2009 that
adversely affected labor markets worldwide. Subsequently, from 2012 to 2018, the unemployment
rate resumed declining, reflecting a recovery phase as economies stabilized and labor markets
strengthened.

Figure 1(e) illustrates a time series plot of trade for the entire sample. As shown, trade exhibited
a steady upward trend from 1996 to 2008. This was followed by a reversal in the trend across the entire
sample from 2009 to 2016 before returning to an increasing trajectory from 2017 to 2018.

Finally, Figure 1(f) displays the time series plot of the average GCF of the monitored economies.
On average, GCF as a percentage of GDP experienced a steady rise over the period 1996-2008. However,
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it exhibited volatility from 2009 to 2016 and then returned to increase from 2017 to 2018. The trend
suggests a long-term increase in investment levels as a share of GDP, though interrupted by periods
of economic instability and fluctuations.

2.3 Estimation procedure

After collecting the data and confirming the absence of missing values, we conducted preliminary
checks on all variables included in this study. Stationarity was assessed using both the Im-Pesaran-Shin
(2003) and Phillips-Perron (1988) tests. Results indicated that all variables were stationary at their first
difference, demonstrating an integration order of one I(1), as illustrated in Table A3 in the Appendix.
Furthermore, residual cointegration tests were employed by Kao (1999) and Pedroni (1999) to investigate
whether the study variables are cointegrated. The findings of both tests revealed that the null hypothesis
of no cointegration among variables was rejected, and we concluded that a long-run equilibrium
relationship existed among the variables in our panel (Table A4). Additionally, the study identified
no multicollinearity among the independent predictors by examining the correlation matrix
(Table A5).

For estimating the long-run coefficients while addressing issues of endogeneity and serial autocorrelation,
the study employed FMOLS and DOLS econometric models (Phillips and Hansen, 1990; Stock and Watson,
1993). These methods were utilized for their appropriateness in panel data analysis and their ability
to provide reliable estimates of the relationships among the variables, particularly in the context
of cointegrated nonstationary time series data, allowing for robust estimation of the long-run effects
of macroeconomic factors on income inequality. Kao and Chiang (2000) suggested that DOLS performs
better than FMOLS in homogeneous and heterogeneous panels, regardless of sample size. A key distinction
between these methods is that FMOLS involves non-parametric adjustments of the regressors, whereas
DOLS uses parametric adjustments.

For the panel regression model presented by Formula (1), the FMOLS estimator is given by:

R N T T _

ﬂFMOLS = |:ZZ(XI: _Xil )} {ZZ(X" _Xi)(yit _J7i + Ait )} (2)

i=1

i=1 t=1 i=1 t=1

wherei=1,..,N,and t = 1, .., T denote the cross-sections and periods, respectively. X}, denotes the vector
of independent variables, and X, are the means of X;,. y,, represents the dependent variable, and ¥, its
average. A, is the correction term for serial autocorrelation and potential endogeneity. Meanwhile, DOLS
includes leads and lags of the differenced predictors to account for endogeneity and serial correlation.
The DOLS estimator is given by:

N

ﬁDULs = |:ZZZI;Z:‘1:| {ZZZ,;)G,}, (3)

i=1 t=1 i=1 t=1

where Z, represents the augmented regression matrix (X, AX;,, » ...
are leads and lags of the first differences of the regressors X;.

Both FMOLS and DOLS estimators produce t-statistics and corresponding p-values, which are used
to assess the statistical significance of the estimated coefficients. As reported in the econometric
literature, the statistical significance of the estimated parameters is assessed at the 1%, 5%, and 10% levels,
indicating highly, moderately, and weakly significant effects, respectively, for rejecting the null hypothesis
of no long-run effect.

AX, q)’ such that AX,, ,and AX,, _ q

t+q
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2.4 Robustness check

To validate the estimated long-run coefficients, the current study employs mean group (MG) and pooled
mean group estimators (Pesaran and Smith, 1995). The MG and PMG estimators are estimated using
the ARDL modelling approach, which estimates both the long-run and the short-run effects. The PMG
and MG methods differ in how they address estimator heterogeneity. In PMG, homogeneity is assumed
only in the long-run relationship, but short-run coeflicients and error variances vary across groups. In
MG, meanwhile, both short-run and long-run coefficients differ across groups, making it more flexible
in accounting for heterogeneity in panel data models. Pesaran et al. (1999) demonstrated that when the
long-run homogeneity is presumed, the MG estimator becomes less efficient than the PMG estimator.
However, the study focuses only on long-run estimates to compare with FMOLS and DOLS, as the latter
estimators do not have short-run estimates.

The Hausman test assesses the efficiency and consistency of different estimators and whether their
long-run coefficients exhibit homogeneity across groups, guiding which estimator best fits the data. The
test examines the null hypothesis that states that the MG estimator yields results similar to the PMG. Upon
rejecting the null hypothesis, it can be concluded that the MG estimator is more efficient and reliable
than the PMG (p-value < 0.05). Otherwise, the PMG estimator is preferred (Hausman, 1978). The test
statistic of this test can be calculated using the following formula:

H=[7, 7] [Var(7.)-Var(7.)] [7.-7.] ()

where the estimator y, represents the value under the assumption of the null hypothesis (i.e., PMG),
7. denotes the alternative estimator under the alternative hypothesis (MG), and Var(7, Jand Var(y,) are
the variance-covariance matrices of the two estimators.

3 RESULTS AND DISCUSSION

Table 2 shows the results obtained from FMOLS and DOLS estimation methods, which aimed to elucidate
the nuanced long-term relationships among the variables examined in this study. Both FMOLS and
DOLS estimators converge to reveal remarkable similarity and consistent estimates of the long-run
parameters. The adjusted R-squared values were 73.8% for the FMOLS model and 80.2% for the DOLS
model, demonstrating a good fit for the data.

Table 2 Long-run estimated parameters using FMOLS and DOLS

Variable FMOLS DOLS
Coefficient S.E. t-statistic p-value Coefficient S.E. t-statistic p-value
Ln(GDPPC) 0.971%** 0.027 36.118 0.000 1.076%%* 0.063 17.056 0.000
Ln(GDPPQ)A2 | -0.061%*** 0.004 -17.505 0.000 -0.072%** 0.009 -7.198 0.000
INF 0.198*** 0.025 7.965 0.000 0.189*** 0.036 5.254 0.000
UNEM 0.249%** 0.021 11.857 0.000 0.236%** 0.042 5.619 0.000
TRADE 0.2871*** 0.064 4413 0.000 0.269%** 0.059 4.559 0.000
GCF -0.001 0.002 -0.500 0.617 -0.005 0.004 -1.251 0.422
R-Squared 0.764 0.826
éfgéfatref | o738 0.802

Notes: *, **, and ***denote rejection of the null hypothesis of no long-run effect at the 10, 5, and 1% significance levels, respectively.
Source: Own construction
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The empirical analysis reveals that the long-run effects of GDPPC and its quadratic term are statistically
significant, validated by a 1% significance level using both estimators. Specifically, using the FMOLS
estimator, the estimated long-run coefficients of Ln(GDPPC) and its quadratic term are 0.971 and -0.061,
respectively. Likewise, the DOLS estimation demonstrates that the coefficients of Ln(GDPPC)
and its squared term are 1.076 and -0.072, respectively. The positive and negative coefficients of Ln(GDPPC)
and its squared term, respectively, demonstrate the nonlinear inverted U-shaped relationship between
economic growth and income inequality within the studied lower-middle-income countries, which
confirms the validity of the KCH in these economies. This suggests that, in lower-middle-income
economies, income inequality initially rises with increasing GDP per capita but starts to decline once
GDP per capita exceeds a specific threshold. Our empirical results are similar to several previous findings,
including Deyshappriya (2017) for Asian economies, Muryani et al. (2021) and Taresh et al. (2020)
for Indonesian provinces, Younsi and Bechtini (2020) for BRICS economies, and Younsi et al. (2022)
for Asian and South African nations. The current results are also congruent with those of Batuo et al.
(2022) for underdeveloped economies but contradict their findings for developed countries. In contrast,
our results are dissimilar to the findings of Asogwa et al. (2022), who invalidate the KCH and did not even
find any significant effect of per capita GDP on income inequality in their panel of 28 African economies.

The FMOLS and DOLS estimators reveal a substantial and positive relationship between inflation
and income inequality, which is statistically significant at the 1% significance level. This indicates that
higher inflation exacerbates income inequality within the studied economies. According to FMOLS
analysis, a 1% increase in inflation corresponds to a 0.198% increase in income inequality. Similarly,
the DOLS model indicates that a 1% increase in inflation leads to a 0.189% increase in income inequality
in lower-middle-income economies. Our results align with several previous studies that suggest inflation
exacerbates income inequality (Albanesi, 2007; Balcilar et al., 2018; Brei et al., 2023; Deyshappriya, 2017;
Law and Soon, 2020; Nantob, 2015; Thalassinos et al., 2012; Younsi and Bechtini, 2020; Younsi et al.,
2022; Zandi et al,, 2022). The current finding is also consistent with the study by Clarke et al. (2006),
which suggests that inflationary instability disproportionately affects the poor and middle class compared
to the wealthy. The latter group benefits from greater access to financial tools that help diminish inflation’s
impact. Thus, this study confirms that inflation diminishes purchasing power for lower-income households
and disrupts income distribution (Balcilar et al., 2018; Nantob, 2015). However, this study contradicts
those that found a negative effect of inflation on income inequality (Berisha et al., 2023; Bulif, 2001;
El Herradi et al., 2023; G6cen, 2024; Monnin, 2014; Romer and Romer, 1998; Zhang and Ben Naceur, 2019).

The current analysis also reveals that both the FMOLS and DOLS models indicate that unemployment
positively influences income inequality, highlighting the increasing impact on income inequality
in the studied group of lower-middle-income countries, evidenced by a 1% significance level. According
to the FMOLS estimation, a 1% increase in the unemployment rate corresponds to a 0.249% increase
in income inequality. Similarly, the DOLS analysis indicates that a 1% rise in the unemployment rate leads
to a 0.236% increase in income inequality within lower-middle-income countries. This empirical finding
is congruent with several previous findings (Deyshappriya, 2017; Heer and Siissmuth, 2003; Zandi et al.,
2022). In the meantime, G6cen (2024) and Monnin (2014) demonstrated a week of positive impact
of unemployment on income inequality. The findings of Law and Soon (2020), who found no significant
linkage between income inequality and unemployment, were dissimilar to our results.

The empirical findings of both FMOLS and DOLS reveal that trade significantly and positively impacts
income inequality at a 1% level of significance within the group of lower-middle-income countries analyzed
in the current investigation. The FMOLS estimation shows that a 1% rise in trade is associated with a 0.281%
increase in income inequality. The DOLS estimation mirrors this finding, indicating that a 1% increase
in trade is linked to a 0.269% rise in income inequality. Our results are congruent with the findings
of Adams and Klobodu (2019), Deyshappriya (2017), and Law and Soon (2020). The results do not strongly
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support the notion that trade openness reduces income inequality in underdeveloped economies, which
often have a larger proportion of human resources and primary education than developed economies
(Topalova, 2007). Meanwhile, Gourdon et al. (2008) highlighted that trade openness had an increasing
effect in high-income countries while decreasing in low-income countries. A comparative study by Yang
and Greaney (2017) suggested mixed results, showing that trade openness reduces income inequality
in Japan and the US, increases it in China, and has no impact in South Korea. Gécen (2024) showed that
trade openness negatively influences income inequality, which contradicts our results.

Finally, this study finds no statistically significant effect of GCF on income inequality in the long
run, as indicated by the FMOLS and DOLS estimators. The results suggest that higher investment levels
as a share of GDP are not associated with a reduction in income inequality in the long-run for the group
of lower-middle-income countries examined. This finding aligns with the results of Deyshappriya (2017)
in a study of 33 Asian economies. However, our results differ from previous findings (Alesina and Perotti,
1996; Batuo et al., 2022). For example, Batuo et al. (2022) found a robust negative effect of investment
measured by GCF in a sample of 52 African countries regardless of their income. The lack of a significant
long-term relationship between GCF and income inequality suggests that simply increasing investment
may not address income disparities in these economies.

3.1Results of robustness check

The estimation results of MG and PMG models are shown in Table 3. The insignificant results
of the Hausman test (H = 9.891, p-value = 0.129) demonstrate that the PMG estimator is more efficient
than the MG estimator for the current dataset. Consequently, the long-run coefficients estimated using
the PMG method are compared with those obtained from FMOLS and DOLS. The findings of the PMG-
ARDL estimator align closely with those derived from FMOLS and DOLS methods, further confirming
the robustness of the study’s findings. The consistency observed across the FMOLS, DOLS, and PMG-
ARDL estimators highlighted the reliability of the long-run relationships between macroeconomic
variables and income inequality in lower-middle-income countries.

Table 3 Estimated long-run coefficients using MG and PMG estimators

Variable PG MG

Coefficient S.E. t-statistic p-value Coefficient S.E. t-statistic p-value

Ln(GDPPC) 1.494%** 0.270 5533 0.000 1.330%** 0.260 5.115 0.000

Ln(GDPPC)A2 | -0.100*** 0.017 -5.882 0.000 -0.095%** 0.015 -6.333 0.000

INF 0.154%** 0.056 2.750 0.006 0.135* 0.072 1.875 0.062

UNEM 0.225** 0.102 2.206 0.026 0.306 0.227 1.348 0.178

TRADE 0.381*** 0.049 7.776 0.000 0.423%* 0.198 2137 0.033

GCF -0.003 0.004 -0.754 0.451 0.008 0.007 1.143 0.254

Note: Hausman test (H) = 9.891, p-value = 0.129.
Source: Own construction

The PMG estimation results show that the long-run coefficients for the logarithm of GDP per capita
and its squared term are 1.494 and -0.100, respectively, both significant at the 1% level. These findings
further validate the KCH within the examined lower-middle-income nations. Additionally, the positive
long-run coeflicient of 0.154 for inflation suggests that a 1% increase in the inflation rate leads to a 0.154%
rise in income inequality, also significant at the 1% level. The analysis also indicates a positive long-run
impact of unemployment on income inequality, with a coefficient of 0.225, significant at the 5% level. This
implies that a 1% increase in the unemployment rate results in a 0.225% increase in income inequality.
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Furthermore, the results demonstrate a statistically significant positive long-run relationship between
trade openness and income inequality at the 1% significance level. Specifically, a 1% increase in trade
leads to a 0.381% rise in income inequality within the analyzed lower-middle-income countries. However,
the PMG analysis shows no statistically significant long-run impact of GCF on income inequality in the
examined lower-middle-income economies.

CONCLUSION AND POLICY IMPLICATIONS

The current study investigated the dynamics of income inequality by focusing on the impact
of macroeconomic factors on income inequality in 18 selected lower-middle-income economies covering
the period from 1996 to 2018. The FMOLS and DOLS models were applied to estimate the long-run
relationships among study variables. The PMG-ARDL model was employed to validate the robustness
of the estimated relationships in the long run. The results of this study provided compelling evidence
that the KCH holds for the examined lower-middle-income economies. This study also demonstrated
that inflation, trade, and unemployment significantly exacerbate income inequality. However, the long-
run effect of GCF was insignificant. The novelty of this study resides in its comprehensive examination
of the macroeconomic contributing factors to income inequality in the examined lower-middle-income
economies using advanced panel time-series techniques. Furthermore, the findings of this study
can inform policymakers and governments in these nations how to develop more effective strategies
and initiatives for reducing income inequality and fostering inclusive economic growth. This aligns directly
with the SDGs provided in the UN Agenda for 2030, particularly SDG 10, which aims to achieve reduced
inequality within and among nations. Finally, by providing evidence-based policy recommendations
for addressing the macroeconomic influences on income inequality, this study can significantly contribute
to achieving this global goal.

A key policy implication of this study is the critical need to reduce income inequality within lower-
middle-income countries. Policymakers should carefully consider the distributional consequences
of macroeconomic policies and integrate equity concerns into their decision-making process. Specifically,
policymakers should prioritize investing in human capital, promote progressive taxation, enhance social
safety nets, and ensure equal resource access and trade practices. Implementing effective monetary
policies that maintain low and stable inflation can bolster the purchasing power of lower and middle-
class households, ultimately narrowing income disparities. It is crucial to implement price stabilization
programs for essential goods and services to protect vulnerable populations from the detrimental effects
of inflation. Moreover, policies to lower unemployment rates should be implemented through job creation
initiatives, vocational training programs, and fair wage policies, thereby strengthening labor market
resilience. Our study highlights the need for policymakers to adopt a more holistic approach, combining
these issues with redistributive policies and skill development to narrow income disparities.
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APPENDIX

Table A1 List of countries

Bangladesh India Palestinian Territories
Bolivia Jordan Philippines
Cote d'Ivoire Kenya Senegal
Egypt Kyrgyzstan Sri Lanka
Ghana Laos Tanzania
Honduras Pakistan Vietnam
Source: Own construction
Table A2 Description of variables and data sources
Variable Description Data source
Gini index as a measure of income inequality. Estimate of Gini index
Gini Index of inequality in equivalized (square root scale) household WIID (Solt, 2020)
disposable (post-tax, post-transfer) income.
GDPPC Gross domestic product (constant 2015 U.S. dollars) divided by midyear population. WDI
Inflation, as measured by the consumer price index, reflects the annual percentage
Inflation change in the cost to the average consumer of acquiring a basket of goods WDI
and services that may be fixed or changed at specified intervals, such as yearly.
Itis a measure of macroeconomic stability.
The total number of unemployed divided by the labour force
Unemployment (modelled ILO estimate). WOl
Gross Capital Formation consists of outlays on additions to the economy’s fixed
GCF assets (including land improvements) plus net changes in inventories. The variable WDI
is presented as a percentage of GDP.
Trade is the sum of exports and imports of goods and services measured
Trade ) WDI
as a share of gross domestic product.
Note: WDI - World Development Indicators, WIID - World Income Inequality Database.
Source: Own construction
Table A3 Results of unit root tests
IPS W-stat PP Fisher (X?)
Variable Result
Level 1%t difference Level 1%t difference
Ln(GINI) -1.506 -8.645%** 12.161 85.417%%* I(1)
Ln(GDPPC) -0.766 —-3.517%** 24.766 172.573%** I(1)
(Ln(GDPPC))A2 -0.781 —3.460%** 25.078 168.370*** I(1)
INF -1.353* —4.737**%* 11.263 143.117%** I(1)
UNEM 0.497 —3.772%** 28.428 347.212%** I(1)
TRADE 1517 —5.533%** 20.359 190.675%** 1(1)
GCF 0.952 —7.099%** 25.812 233.131 I(1)

Note: *, ** and ***denote rejection of the null hypothesis of unit root at the 10, 5 and 1% significance levels, respectively.

Source: Own construction
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Table A4 Results of panel cointegration tests

Pedroni panel cointegration test Statistic p-value
Within dimension (panel statistics)

Panel v-statistic 6.958%*** 0.002
Panel rho-statistic -1.242 0916
Panel PP-statistic -7.273%%* 0.000
Panel ADF-statistic -5.317%** 0.002
Between dimension (individual statistics)

Group rho-statistic 3.147 0.957
Group PP-statistic -6.268*** 0.000
Group ADF-statistic —5.735%** 0.000
Results of Kao residual cointegration test

Panel ADF statistic -5.867** 0.000%**

Note: *, ** and ***denote rejection of the null hypothesis of no cointegration at the 10, 5 and 1% significance levels, respectively.

Source: Own construction

Table A5 Correlation matrix

Ln(GINI) LN(GDPPC) INF UNEM TRADE GCF
Ln(GINI) 1.00
Ln(GDPPC) -0.56 1.00
INF 0.38 -0.21 1.00
UNEM 0.43 0.37 -0.10 1.00
TRADE 0.49 0.34 0.08 0.12 1.00
GCF 0.08 0.05 -0.10 0.06 0.34 1.00

Source: Own construction
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