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Abstract
Income inequality in developing countries remains a major concern. It has been 
established that higher inequality makes a greater proportion of the population vul-
nerable to poverty. This paper aimed to analyse the effect of the interaction between 
ICTs and human capital on income inequality in developing countries. Covering 89 
developing countries for the period 2000 to 2015 and based on panel fixed effects 
instrumental variables technique, this study finds that the interaction between ICTs 
and human capital reduces overall income inequality on the one hand, and on the 
other, leads to an increase in the income shares of the poorest, and in particular rel-
ative to the richest in developing countries. Furthermore, the interaction between 
ICTs and human capital reinforces the impact of ICTs on income inequality in devel-
oping countries. These results suggest that prioritizing the acquisition of human cap-
ital by the poorest, as well as promoting access to and use of ICTs for the benefit of 
the poorest would significantly contribute to reduce overall income inequality and 
increase income shares of the poorest in developing countries.
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Introduction

The World Inequality Report 2022 concludes that the richest 10% of the global 
population currently takes 52% of the global income, whereas the poorest half of 
the population earns 8.5% of it (Chancel et al. 2021). This trend has been exac-
erbated during the COVID-19 pandemic. Indeed, this health crisis has resulted 
in restrictions on activities involving physical contact, such as working, which is 
the main means of obtaining income. However, despite these restrictions, the eco-
nomic activity of countries has, willy-nilly, been maintained, mainly through the 
intensive use of Information and Communication Technologies (ICTs). In fact, 
according to ITU (2021), ICT has been vital in helping maintain continuity in 
business activity, employment, education and provision of basics citizens’ ser-
vices. ICTs therefore make it possible to maintain economic activity. However, 
economic development is very often accompanied by an increase in inequality, 
particularly in developing countries. Several empirical studies have, however, 
shown that ICTs can reduce income differences between groups in a society, nota-
bly through, open up new opportunities for income growth and improving access 
to knowledge (Kudasheva 2015; Das and Drine 2020). Thus, if ICTs allow access 
to new knowledge, access and diffusion of ICTs require a certain level of knowl-
edge, and therefore of human capital. Moreover, the complexity of understand-
ing the various sources and manifestations of income inequality in developing 
countries leads us to consider more than just the direct impact of ICTs. Indeed, 
increased ICTs penetration may not have an impact on income inequality if it is 
not associated with a significant level of human capital in society. Since develop-
ing countries are characterized by high levels of income inequality and low lev-
els of human capital, this study is therefore interesting because of the combined 
importance of ICTs and human capital in the functioning of these countries’ 
economies. Also, there is the need to analyse the effect of the interaction between 
ICTs and human capital on income inequality, to better understand the nexus of 
ICTs and income inequality in developing countries.

Although the link between ICTs and income inequality has been extensively 
studied, there is an important questioning related to the adoption of ICTs as a 
prerequisite to their use and thus to their potential effects on the distribution 
of income in a society. Since ICTs are endowed with real complexity, it seems 
appropriate to assume that their adoption is conditioned by the possession of a 
substantial level of human capital. The major question here, therefore, is whether 
the relationship between ICTs and income inequality is indifferent to whether 
or not human capital is combined with ICTs. This question is all the more rel-
evant in the current context of health crisis. Indeed, the COVID-19 pandemic has 
highlighted the fragilities to which most of the World’s countries, and particu-
larly, developing countries are subject. According to Bundervoet et  al. (2021), 
in developing countries, women, young and less-educated workers—groups dis-
advantaged in the labor market before the COVID-19 shock—were significantly 
more likely to lose their jobs and experience decreased incomes in the immedi-
ate aftermath of the pandemic. At the same time, Internet penetration increased 



237

1 3

Journal of Quantitative Economics (2023) 21:235–264 

more than 20 per cent on average in Africa, in Asia and the Pacific, and in Least 
Developed Countries (ITU 2021). However, according to Richmond and Triplett 
(2017), ICTs growth may exacerbate inequality due to differential access and skill 
premium. Especially since access to education has important distributional con-
sequences. Indeed, according to Dervis and Qureshi (2016) inequality in wellbe-
ing is likely to be much lower in countries that provide most of the education 
almost free for everyone than in countries where most education must be paid for, 
even though their Gini coefficients of disposable income may be similar. Thus, 
given the closeness of the link between ICTs and human capital, there is the need 
to account for human capital interaction effect with ICTs in the relationship of 
the latter with income inequality, particularly, with income quintile in developing 
countries.

A survey of the existing literature shows that human capital interaction effect 
with ICTs has not been sufficiently explored in the study of ICTs-income inequality 
nexus. There is the need to fill this gap in the literature. The results of this study will 
contribute to better understand the relationship between ICTs and income inequality, 
particularly, relative to the income quintiles in developing countries. Therefore, the 
aim of this study is to examine the effect of interaction between ICTs and human 
capital on income inequality in developing countries. We hypothesized that the com-
bined effect of ICTs and human capital on income inequality would be negative. 
Furthermore, we assumed that this effect would be positive on income shares of the 
poorest quintiles as well as ratios with respect to the highest quintile. Finally, we 
hypothesized that the interaction between ICTs and human capital would reinforce 
the impact of ICTs and human capital individually.

The rest of the article is organized as follows: “ICT, Human Capital and Income 
Inequality: lessons from the Literature” provides background on the literature on the 
relationship between ICTs, human capital and income inequality. Section 3 presents 
the data and empirical strategy. Section 4 presents and discusses the results. Sec-
tion 5 concludes.

ICT, Human Capital and Income Inequality: lessons 
from the Literature

The scientific literature on the economic role of Information and Communication 
Technologies (ICTs) is mainly focused on the analysis of their effect on economic 
growth. Thus, the development of endogenous growth models in the late 1980s, ini-
tiated by the work of Romer (1986, 1990) and Lucas (1988), has prompted a number 
of empirical studies to investigate the endogenous sources that determine economic 
growth (Vu 2011). Similarly, Romer (1990), Grossman and Helpman (1991), and 
Aghion and Howitt (1998) Cited by Vu (2011). provide models that treat research 
and development activities as the engine of long-term economic growth. However, 
Aghion (2002) suggests that growth-enhancing policies (in education or training) 
can be designed to increase labour mobility. To this end, they can lead to inequality 
within groups of workers between jobs and sectors during transition. However, such 
policies nevertheless lead to a more equal distribution of permanent income.
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In most countries, economic growth and income inequality are the top economic 
policy priorities. The first priority stems from the fact that it is expected to raise 
average living standards and the second is related to the fact that, in addition to 
pure concerns about the welfare of the poor, it fosters dissension and inadequate 
provision of essential public goods (Zhou and Tyers 2018). However, although 
growth changes income distribution, there does not appear to be a stable relation-
ship between growth, inequality and relative poverty (Englert 2007). As a result, 
ICTs are generally regarded as a factor that can increase the outcomes of economic 
growth and reduce income inequality between different groups in society, provided, 
of course, that they are able to adopt them efficiently. In this regard, Nevado-Peña 
et al. (2019) suggest that Sen’s (2001) opportunity and capability approach can be 
applied to ICTs access and use. This application of ICTs will be achieved by exam-
ining individual differences in people’s capabilities and freedom. Indeed, people’s 
freedom is a factor in their ability to use ICTs. Thus, according to the same authors, 
the use of ICTs will depend either on their availability, accessibility or the ability of 
individuals to use them, or on the freedom of individuals to include them or not in 
their lives.

However, there are general, opposing theories and perspectives on the assumption 
that ICTs are related to quality of life. Indeed, while some authors support important 
contributions of ICTs, others show a moderate or even insignificant effect of ICTs in 
developing countries (Li and Wu 2019).

However, according to Nevado-Peña et  al. (2019), at the individual level, ICTs 
affect daily life; while at the macro level, they influence sustainable development 
and, in turn, quality of life. More specifically, Das and Drine (2020) show that 
access to new technologies and the capacity to absorb them are essential for success-
ful development. Similarly, according to the OECD (2011), access to information 
and computer technologies could lead to higher income levels, poverty reduction 
and improved living standards in countries. Thus, access to education and infor-
mation and communication technologies has a specific effect on inequality in the 
distribution of employment income. Indeed, according to the same source, people 
with a general working knowledge of new ICTs, and specific skills for a job, have 
benefited from a substantial increase in wages and personal income. On the other 
hand, workers with lower or no skills at all see no change in their wages. As a result, 
income inequality between high and low-skilled workers is increasing. Thus, accord-
ing to Franzini and Raitano (2019), the trend towards wage inequality is explained 
by the increase in skill bonuses (inequality between people with different levels of 
education).

In the same vein, Aghion et al. (2013) suggest that an increase in the skills bonus 
occurs when a more skilled workforce is needed to spread a new innovation across 
all sectors of the economy. Moreover, according to the same authors, the diffusion of 
a new innovation increases wage inequality within the group. This increase is mainly 
due to the fact that the increased speed of embodied technical progress associated 
with the diffusion of the new innovation increases the market premium for workers. 
In general, this combination of built-in technical progress and the diffusion of new 
innovation is rapidly adapting to leading-edge technology. To this end, it is able to 
survive the process of creative destruction that occurs when innovation spreads to 
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different sectors of the economy. Similarly, according to Vu (2011), any improve-
ment in working conditions that enables people to have better access to informa-
tion and facilitates their learning productivity and communication skills effectively 
expands the existing stock of human capital. To this end, it improves its utilisation. 
Along the same lines, Ducombe (2001) Cited by Nevado-Peña et al. (2019) analyses 
ICTs as facilitators of social welfare, in that they contribute to poverty reduction 
and improved health and education. However, regardless of the specific impact on 
growth, the expansion of digital technology use has been accompanied by marked 
inequality (Unwin 2020). With this in mind, Grazzi and Vergara (2012) show that 
the process of ICTs diffusion is very heterogeneous, reflecting pre-existing inequali-
ties in other socio-economic dimensions. Therefore, according to Unwin (2020), 
ICTs are accelerators to the extent that where there is pre-existing high inequality, 
ICTs are almost certainly more of a catalyst for its increase.

Data Description, Empirical Specification and Estimation Technique

Data Description

In order to determine the effect of the interaction between ICTs and human capital 
on income inequality in developing countries, we chose a combination of five data 
sources: (i) The UNU-WIDER World Income Inequality Database (WIID) for vari-
ables relating to income inequality (Gini coefficient, Palma ratio and quintile income 
shares), (ii) the World Development Indicators (WDI) for ICTs variable (individuals 
using the Internet (% of population) and for control variables, (iii) the Barro and Lee 
(2015) for the secondary school completed and average years of secondary school-
ing, (iv) the World Governance Indicators (WGI) for the control of corruption vari-
able, and (v) the Freedom House database for the Political Rights index.

Thus, following Chauvet et  al. (2015), and following the recommendations of 
Atkinson and Brandolini (2001, 2009), we have chosen to use the WIID database 
insofar as it includes additional information allowing the selection of consistent esti-
mators of inequality. The “World Income Inequality Database (WIID)”, is produced 
by the United Nations University—WIDER, following the former work of Deninger 
and Squire (1996). This database provides information on income inequality for 189 
countries. We use version 4 (WIID4) of this database. Furthermore, depending on 
the level of development of countries, this data source takes into account estimated 
inequality values based either on income or consumption.

Thus, according to Deaton and Zaidi (2002), in most developing countries and in 
Latin American countries, inequality is assessed with reference to income and not 
consumption. Conversely, in most Asian and African countries, inequality surveys 
preferably collect data on consumption (UNU-WIDER 2019).Therefore, since most 
developing countries have very little data on income, we have focused on consump-
tion-based indicators of inequality at the expense of income-based ones. Income 
data were used when consumption data were not available. This is the case for 
some countries in Eastern and Central Europe and Latin America. In such cases, we 
introduced a dummy variable, INCOMEi,t , in the model to control the discrepancy 
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in the measure of inequality. Following Chauvet et al. (2015), we also excluded all 
data that did not take into account the population as a whole. The WIID4 database 
includes both data on Gini indices, the Palma ratio, and income quintiles. We will 
use all this information in the regressions.

Based on the availability of data, we have identified 89 developing countries that 
we observed over the period from 2000 to 2015. Indeed, the starting date was cho-
sen because we found that very few developing countries had ICTs data prior to 
2000.The date of arrival represents the most recent date on which data on most vari-
ables are available, particularly data on human capital. Among these countries, we 
have mainly countries in Africa, Central and Eastern Europe and Latin America. See 
the list of countries in Table 6 in Annex.

Following Chauvet et  al. (2015), we used six dependent variables. However, 
Chauvet et al. (2015) did not use the Palma ratio as a dependent variable., namely: 
the Gini coefficient, the Palma ratio, the first quintile (Q1), the second quintile (Q2), 
the ratio of the first and fifth quintile (Q1/Q5), and the ratio of the sum of the first 
and second quintiles to the fifth quintile (Q1 + Q2)/Q5. The Gini coefficient is equal 
to zero (0) when the distribution of income within the population is equal. On the 
other hand, when in a society the total income goes to only one person/household 
unit, leaving the rest of the population without any income, then the Gini coefficient 
tends towards 1 or 100%.Similarly, the palma ratio which represents the share of 
the top ten percent divided by the share of the bottom forty percent is interpreted in 
the same way as the Gini index and is increasingly used as a measure of inequality. 
However, the Palma ratio has some advantages over the Gini coefficient. Indeed, it 
captures the tails of the distribution, while the Gini coefficient mainly focuses on 
the entire distribution (Cobham et al., 2015) Cited by Tchamyou et al. (2019). On 
the other hand, the quintile group shares express the share of the total income going 
to each fifth of the population, ordered according to the size of their income. These 
shares are expressed as percentages of total income. Thus, the first quintile group 
includes the poorest 20% of the population, while the fifth quintile includes the rich-
est 20%.

Inequality is generally captured by the Gini coefficient or index. This measure 
makes it possible to analyze the phenomenon of inequality as a whole within a well-
defined spatio-temporal framework. However, when one wishes to analyze this phe-
nomenon for sub-groups of a population, this coefficient does not seem adequate. 
Therefore, in order to analyze the impact of the interaction of ICTs and human 
capital on income inequality for the poorest components of the population, we have 
opted to use the quintile income shares.

In this study, we consider a significant impact of the interaction term between 
ICTs and human capital on income inequality in developing countries. However, if 
we consider that this impact reflects a reduction in income inequality as a whole, 
there could be an increase in the income shares for the quintiles of the poorest 
people. Indeed, the ownership of ICTs and human capital is preceded by costs. In 
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addition, we assume that ICTs penetration in a country is concomitant with the 
acquisition of human capital by the population of that country. Thus, following 
Asongu and Le Roux (2017), and Tchamyou et al. (2019), we use the individuals 
using the Internet (% of population) as an ICTs proxy variable. In addition, we use 
the secondary school completed for the working-age population. The working-age 
population refers to individuals aged 15–64., as measure of human capital. Further-
more, for robustness checks, we use a different definition of human capital, namely 
the average years of secondary schooling for the working-age population.

Furthermore, in accordance with the inequality literature, we control for GDP per 
capita, credit market imperfections, democracy (political rights), rural population, 
government consumption expenditure, and control of corruption. GDP per capita is 
used to understand the effect of the country’s level of wealth on the inequalities that 
exist between the different components of the population. It can be assumed that 
GDP per capita will have a positive impact on income inequality as a whole, but a 
negative impact on income inequality for the quintiles of the poorest. Concerning 
the imperfections of the credit market, we can hypothesize that credit markets can 
be a channel through which ICTs may impact inequality. One can, moreover, sup-
pose that the recognition of political rights to citizens can increase redistributive 
activities, and consequently, reduce income inequality. Population growth is used 
to capture the impact of changes in the number of individuals in the population on 
the distribution of the country’s wealth. Indeed, the higher the rate of population 
growth, the greater the inequality is assumed to be. With regard to the secondary 
school completed and the average years of secondary schooling, which represent 
human capital, it is generally noted that the accumulation of human capital tends to 
reduce inequalities. Conversely, since rural populations in developing countries are 
expected to be poorer than urban populations, it is generally assumed that the more 
rural–urban migration there is, the less income inequality there is. Similarly, govern-
ment expenditures are generally seen as a factor in reducing inequality, especially 
when it is allocated efficiently for the benefit of the population. Such efficiency 
requires the existence of good quality institutions. Therefore, it can be assumed that 
controlling corruption could have a negative impact on income inequality, as well as 
contribute to the widespread adoption and diffusion of ICTs among the population.

The definitions of variables are presented in Table 1 while Table 2 displays sum-
mary statistics.

On the basis of Table 2 below, it can be seen that our sample of countries displays 
a rather unequal distribution of income, with an average Gini index of 41.81 and an 
income share of the lowest quintiles (Q1 + Q2) that only represents 35% of the high-
est quintile income share.

With regard to Table  7 in Annex, it is known that the aim of the correlation 
matrix is to control for issues of multicollinearity among variables. This concern is 
apparent in inequality variables. To avoid conflicting results, inequality indicators 
are used distinctly as dependent variables. The correlation coefficient between two 
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variables is between − 1 and 1. The correlation coefficient between the Gini index 
and the Palma ratio is 0.935 indicating a very strong linear dependence between the 
two variables. These two variables are positively correlated, indicating a simultane-
ous change (increase, decrease or constancy) in the values of the two variables. Sim-
ilarly, we note that the correlation coefficient between the Gini index and the quintile 
group shares is generally close to − 1, indicating that the Gini index and the quintile 
group shares are negatively correlated. It can be assumed that these two categories 
of variables move in opposite directions. Thus, when the Gini index values increase, 
those of the quintile group shares decrease, and vice versa. This could provide a bet-
ter understanding of the effects of ICT, human capital and the interaction variable 
between ICT and human capital on income inequality in developing countries.

Empirical Specification

This paper analyses the effect of the interaction between ICTs and human capital on 
income inequality in developing countries. To do this, we use the following basic 
econometric specification:

where i denotes the different countries (i = 1,…N) and t indicates the time period 
(t = 1,…T) . The dependent variable INEQit represents income inequality in country 
i over the period t. In this study, income inequality refers to six different indicators, 
namely: Gini coefficient, Palma ratio, first quintile (Q1), second quintile (Q2), ratio 
of the first and fifth quintile (Q1/Q5), and ratio of the sum of the first and second 
quintile to the fifth quintile (Q1 + Q2)/Q5.ICTit represents Information and Commu-
nication Technologies in country i during the period t, HCit indicates human capi-
tal, which is approximated to the secondary school completed, ICTit × HCit is the 
interaction variable of ICTs with human capital, GDPperCap is the gross domes-
tic product per capita, Xit is a vector of the other control variables namely credit 
market imperfections, democracy (political rights), control of corruption, population 
growth, rural population, government expenditures, income dummy variable (equal 
to 1 if the inequality indicator is determined from income and 0 if the inequality 
indicator is determined from consumption) assumed to affect income inequality, �0 , 
�1,�2 , �3, �4 , �5 are the parameters and vectors of the parameters to be estimated. The 
�i and �t are vectors of dummy variables representing country-specific and period-
specific effects, respectively; and �it is the error term. Robust standard errors are 
estimated to allow correction for heteroskedasticity. In addition, ICTit ; HCit and 
ICTit × HCit are the main variables of interest in the Eq.  (1), we are interested in 
the sign of the coefficients �1 ; �2 and �3 . A positive (or negative) sign of �1 ; �2 and 
�3 indicates that an increase (decrease) in income inequality widens as ICT, human 

(1)
INEQit = �0 + �1ICTit + �2HCit + �3 ln(ICTit × HCit)

+ �4 lnGDPperCapit + �5Xit + �i + �t + �it
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capital and interaction term of ICTs and human capital strengthen respectively. Con-
cerning quintiles income shares, positive (or negative) sign of �1 ; �2 and �3 indi-
cates that an increase (decrease) in quintile income shares as ICT, human capital 
and interaction term of ICTs and human capital strengthen respectively. Key control 
variables include GDP per capita, credit market imperfections, democracy (politi-
cal rights), control of corruption, population growth, rural population, government 
expenditures.

Estimation Technique

This paper aimed to analyse the effect of the interaction between ICTs and human 
capital on income inequality in developing countries. To achieve this objective, the 
use of panel data, rather than cross-sectional data, makes it possible to control for 
country-specific effects that are crucial when considering a considerable number of 
heterogeneous countries (Ali et al. 2018). For this type of data, the most commonly 
used estimation methods are Fixed Effect Models, Random Effect Models, and Gen-
eralized Moment Method (GMM).

The GMM method has many advantages over the others two: unbiased dynamic 
modeling, correction for endogeneity, and more efficiency in presence of high per-
sistence in the data (Soto 2009; Chauvet et al. 2015; Ali et al. 2018). However, when 
there is no persistence in the data, the fixed effects method could be preferred. In 
the presence of persistence in the data (which implies the existence of a unit root in 
the series (Dua and Mishra 1999)), the use of the GMM estimation technique is pre-
ferred. On the other hand, in the absence of persistence in the data (which implies 
the non-existence of a unit root in the series), the use of the fixed effects estimation 
technique is recommended. Thus, to check for persistence in the data, we used the 
Fisher test for panel unit root using an augmented Dickey-Fuller test. The results 
of this test revealed no evidence of persistence over time. The results of the Fisher 
test are available from the authors. We preferred this test to others, Levin-Lin-Chu, 
Harris-Tsavalis, Breiting and Hadri Lagrange Multiplier Tests require strongly bal-
anced data. Im-Pesaran-Shin test allow for unbalanced panels, but is not adequate 
when there are gaps in data. because it allows us to consider panels that are unbal-
anced and have gaps in the data. Thus, since the data used in this study have these 
two characteristics (unbalanced panels and have gaps), we felt it was appropriate to 
use the Fisher test as indicated above. Consequently, the results of this test lead us 
to use a fixed effects panel model. Furthermore, according to Lee and Lee (2018), 
the fixed effects estimation controls for possible bias when unobserved and persis-
tent country characteristics that influenced the income inequality variable correlated 
with the explanatory variables.

In addition, to control for potential reverse causality bias, which may arise from 
the presence of endogenous independent variables in the model, we chose to adopt 
fixed effects instrumental variables (FEIV) technique. The latter estimation tech-
nique uses lagged values of potential endogeneous independent variables (ICTs, 
human capital, interaction variable of ICTs with human capital, GDP per capita) 
as instruments (Ali et al. 2018; Lee and Lee 2018). Specifically, following Lee and 
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Lee (2018), it is practically difficult to adopt instrumental variable estimation tech-
niques by constructing a set of fully convincing exogenous instruments in this panel 
structure.

Results, Robustness Checks and Discussion

Baseline Results

Tables 3 and 4 below present the results of the estimation of Eq. (1) using the fixed 
effects (FE) and fixed effects instrumental variables (FEIV) estimation techniques 
respectively. This latter method was used to take into account the potential endoge-
neity bias (reverse causality bias) that would result from the presence of endogenous 
independent variables in the specified model. In addition, using each of the above 
estimation techniques, we first estimate the model without introducing the interac-
tion term of ICTs with human capital, in order to verify that the respective impacts 
of ICTs and human capital are in accordance with the literature (Kudasheva 2015; 
Franzini and Raitano 2019; Das and Drine 2020). Each of these tables is thus made 
up of 12 columns, the first 6 of which present the results of the estimations without 
the introduction of the interaction term.

More specifically, the results of the estimation of Eq.  (1) using simple FE esti-
mators are presented in Table 3. The columns (1) and (2) using the Gini index and 
the Palma ratio as dependant variables show that ICTs and human capital individu-
ally have an overall significant and negative impact on income inequality. However, 
when the interaction variable is introduced into the model (see columns (7) and (8)), 
it seems to have no significant impact on inequality. In contrast, the columns (3) to 
(6) using quintile income shares as well as ratios with respect to the highest quintile 
as dependant variables show that ICTs have a positive impact on the income shares 
of the poorest quintiles as well as ratios with respect to the highest quintile. How-
ever, human capital taken individually seems to have, in general, no impact on these 
quintile income shares. Moreover, when we introduce the interaction variable of 
human capital with ICTs (see columns (9) to (12)), we note that its impact appears 
to be greater than that of ICTs taken individually, although the impact of human 
capital taken individually remains insignificant.

Sources Authors’ calculations based on UNU-WIDER (WIID), World Bank 
(WDI & WGI), Barro and Lee (2015), Freedom House database data.

However, given the potentially endogenous nature of several independent vari-
ables in Eq. (1), namely ICTs, human capital, the interaction variable of human 
capital with ICTs, and GDP per capita, the simple FE estimators do not appear 
to be an appropriate technique for estimating Eq.  (1). Also, following Lee and 
Lee (2018), we used the FEIV estimation technique which uses lagged values of 
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the potential endogeneous independent variables as instruments. The results of 
the estimation of Eq.  (1) using this latter estimation technique are presented in 
Table 4 below. Thus, we note in the first two columns ((1) and (2)), which use 
the Gini index and the Palma ratio respectively, it can be seen that both ICTs and 
human capital have a significant and negative impact on income inequality. This 
implies that both ICTs and human capital would reduce overall income inequality 
in developing countries.

From column (3) to column (4) using the income quintiles, it can be seen that 
both ICTs and human capital have a significant and positive impact on the income 
shares of the two lowest quintiles, would mean that ICTs and human capital ben-
efit the poorest by increasing their shares of income. From column (5) to column 
(6) using the ratios of income quintiles with respect to the highest quintile, we 
found that ICTs has a positive and significant impact on the income shares of the 
poorest quintiles relative to the income share of the highest quintile. This would 
reflect the fact that ICTs seems to significantly increase the share of income of 
the poorest relative to the richest. Human capital considered individually would 
have no significant impact on these ratios. Human capital does not, therefore, 
individually seem to have any influence on the distribution of income of the poor-
est compared to the richest.

Furthermore, the introduction of the interaction variable of human capital 
with ICTs (from column (7) to column (12)) shows that this variable tends to 
reinforce the relationship between ICTs and income inequality in developing 
countries. Indeed, we note that in columns (7) and (8), ICTs have a negative 
impact on inequality. Human capital has a negative impact on Gini index, but 
does not have a significant impact on Palma ratio. However, the interaction term 
significantly strengthens the impact of ICTs on income inequality. Thus, human 
capital would have a catalytic effect on the impact of ICTs on inequality, as the 
impact of the interaction variable is also significant and negative, but larger than 
the impacts of ICTs and human capital individually. With respect to columns 
(9) and (10), ICTs have positive and significant impacts on the two lowest quin-
tiles. Human capital does not have a significant impact on one of these lowest 
quintiles. In this case as well, the introduction of the interaction term allows us 
to note that the latter reinforces the impact of ICTs on the income shares of the 
two poorest quintiles. ICTs associated with human capital would thus allow the 
poorest to increase their shares of income.

Finally, when we consider columns (11) and (12), we see that the individual 
ICTs have a significant and positive impact, albeit small, on the income shares 
of the poorest quintiles with respect to the highest quintile. Human capital, taken 
individually, does not have a significant impact on these quintile income shares. 
On the other hand, the introduction of the interaction variable of human capital 
with ICTs seems to reinforce the positive impact of ICTs on the income shares 
of the poorest quintiles with respect to the highest quintile. In this case, we can 
also conclude that the accumulation of human capital associated with access to 
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and use of ICTs reduces the gap, in absolute value, between the income shares 
of the two lowest quintiles and the income share of the highest quintile. Thus, 
the enhanced effect of human capital with ICTs on inequality would be more 
concentrated in the poorest quintiles, leading to an improvement in the level 
income shares of the latter relative to the richest quintile.

Robustness Checks

In Table 5 below, we assess the robustness of our core results by using a differ-
ent definition of human capital. Thus, we provide estimation results using the 
average years of secondary schooling. This variable is taken from the database 
constructed by Barro and Lee (2015). We present only the results from the esti-
mation of Eq.  (1) by the fixed effects instrumental variables (FEIV). The new 
results are in line with our previous finding regarding the interaction variable of 
human capital with ICTs. Indeed, this variable seems to reinforce the impact of 
ICTs on income inequality both at the aggregate level, and in relation to income 
shares of the poorest quintiles as well as ratios with respect to the highest quin-
tile. However, taken individually, the impact of human capital appears to be 
opposite to that of ICTs in every case. The latter result could be justified by the 
fact that the longer it takes to complete secondary education, the more likely it 
is that overall income inequality will increase and quintile income shares will 
decrease.

Discussion

Can income inequality be affected by the interaction between ICTs and human 
capital in developing countries? Our analysis underlines that, in order to answer 
this question, contextual and socio demographic factors must be taken into 
account. The results indicate that ICTs and human capital have a significant 
impact on income inequality. When inequality is considered at the aggregate level 
(Gini index and Palma ratio), this impact turns out to be negative. Moreover, the 
interaction variable of human capital with ICTs, when introduced, tends to rein-
force the relationship between ICTs and income inequality in developing coun-
tries. Furthermore, when considering the income shares of the poorest quintiles 
(Q1 and Q2) as well as ratios with respect to the highest quintile (Q1/Q5 and 
(Q1 + Q2)/Q5), it can be seen that both ICTs and human capital have a significant 
and positive impact on the income shares of the two lowest quintiles, but that 
only the ICTs have a significant and positive impact on the income shares of the 
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two poorest quintiles with respect to the richest quintile. Moreover, the introduc-
tion of the interaction variable of human capital with ICTs seems to reinforce the 
impact of ICTs on these quintile income shares.

In line with the hypothesis, we conclude that the interaction between ICTs and 
human capital significantly affects income inequality in developing countries. 
Thus, while this impact is negative when considering inequality as a whole, it 
becomes positive when using the income shares of the poorest quintiles as well 
as ratios with respect to the highest quintile. Thus, the enhanced effect of human 
capital with ICTs in addition to reducing income inequality at the global level, 
would be more concentrated in the poorest quintiles, leading to an improvement 
in the level income shares of the latter relative to the richest quintile.

Thus, access to and use of ICTs by poor individuals could enable them to 
increase their income shares. Moreover, if these individuals have an average level 
of human capital, the effect of their use of ICTs will be enhanced. ICTs penetra-
tion should therefore go hand in hand with a significant acquisition of human 
capital by populations, so that the combined effect of ICTs and human capital 
can lead to the reduction of income inequalities in favour of the poorest popula-
tions. Technology and human capital are generally considered to be the results of 
investments made by individuals, firms or countries for the purpose of obtaining 
gains. These gains can be translated into increased income, productivity or eco-
nomic growth. When the products resulting from such investments are sufficiently 
adopted and widely disseminated, one can expect effects in terms of improving 
the living conditions of populations.

However, possession of an ICTs tool does not necessarily lead to optimal use 
of that tool. Indeed, without a sufficient level and quality of human capital, it is 
possible that even with ICTs, one may not be able to exploit all its functionalities 
and therefore all its benefits. From this perspective, ICTs associated with human 
capital are likely to reinforce socio-economic inequalities in general and income 
inequalities in particular between different groups in society and especially for 
the poorest of them.

However, while previous studies on income inequality have generally analyzed 
the impact of either ICTs or human capital on income inequality, this study has ana-
lyzed the impact of the interaction between these two variables on income inequal-
ity. Moreover, income inequality is usually only approached at an aggregate level, 
notably through the use of the Gini index. The present study used not only the Gini 
index, but also the Palma ratio and a set of quintile income shares in order to deter-
mine the impact of the interaction of human capital with ICTs on the overall income 
distribution, but also on the variation of income shares of the poorest, especially 
relative to the richest in developing countries.
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Conclusion

This paper examines the effect of the interaction between ICTs and human capital 
on income inequality in developing countries. Covering 89 developing countries 
for the period 2000 to 2015 and based on panel fixed effects instrumental variables 
technique, this study concluded that the interaction between ICTs and human capi-
tal systematically reinforces the impact of ICTs on income inequality in develop-
ing countries. Indeed, the reduction of income inequality is accelerated if access 
to and use of ICTs are associated with a significant level of human capital. More 
specifically, the combination of ICTs and human capital reduces overall income 
inequalities in developing countries on the one hand, and on the other, leads to 
an increase in the income shares of the poorest, and in particular relative to the 
richest.

These results indicate that prioritizing the acquisition of human capital by the 
poorest, as well as promoting access to and use of ICTs for the benefit of the poor-
est, should enable them to seize most of the income-generating opportunities avail-
able to them. In addition, in a global context marked by the occurrence of repeated 
crises and in particular the health crisis due to the COVID-19 pandemic, which has 
imposed social distancing measures on the different countries of the world, it seems 
essential for the poorest to have adequate technological and educational capacities to 
be able to better adapt and therefore survive whenever the political, economic and 
health situation does not allow them to participate directly in the economic activity 
of their respective countries.

Indeed, the main implication of our findings is that investment in human capital 
should be systematically taken into account in the definition and implementation of 
public policies in developing countries. In fact, successful adoption and diffusion of 
any innovation, whether social, economic or technological, requires that individu-
als in society have a substantial level of human capital. If it has been demonstrated 
that ICTs have an impact on income inequalities, tending to reduce them, we can, 
at the end of this study, suggest that human capital can reinforce this impact. How-
ever, in most developing countries, the acquisition of human capital is not within 
the reach of everyone, compared to developed countries. The poor are very often 
confronted with the problem of the high costs inherent in accessing human capital. 
It would therefore be relevant for public decision-makers in these countries to allow 
free or almost free access to human capital, particularly for the poorest. But, there 
are pending questions concerning the nature of human capital required to developing 
countries in view of optimising the impact of ICTs on income inequality. This topic 
remains an interesting fertile ground to explore in future research.

Appendix

See Tables 6 and 7.
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Table 6  List of countries
Afghanistan
Albania
Algeria
Armenia
Benin
Bolivia
Botswana
Brazil
Bulgaria
Burundi
Cambodia
Cameroon
Central
African Republic
Chile
China
Colombia
Congo. Democratic Republic of the
Congo. Republic of the
Costa Rica
Cote d’Ivoire
Dominican Republic
Ecuador
Egypt
El Salvador
Eswatini
Fiji
Gabon
Gambia. The
Ghana
Guatemala
Haiti
Honduras
India
Indonesia
Iran
Iraq
Jamaica
Jordan
Kazakhstan
Kenya
Kyrgyzstan
Laos
Latvia
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Table 6  (continued)
Lesotho
Liberia
Lithuania
Malawi
Malaysia
Mali
Mauritania
Mauritius
Mexico
Moldova
Mongolia
Morocco
Mozambique
Myanmar
Namibia
Nepal
Nicaragua
Niger
Pakistan
Panama
Papua New Guinea
Paraguay
Peru
Philippines
Romania
Russia
Rwanda
Senegal
Serbia
Sierra Leone
South Africa
Sri Lanka
Sudan
Tajikistan
Tanzania
Thailand
Togo
Tunisia
Turkey
Uganda
Ukraine
Uruguay
Venezuela
Yemen
Zambia
Zimbabwe
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