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Abstract
This paper examines the impact of digital transformation on the Egyptian labour market over the period 2002–2024. It reviews the relevant theoretical and empirical literature on the relationship between digital transformation, human capital, investment, and labour-market outcomes. The study employs the Autoregressive Distributed Lag (ARDL) model to estimate the effect of digital transformation on unemployment in Egypt. The results indicate that digital transformation is significantly associated with lower unemployment. In the long run, fixed broadband penetration (a proxy for digital transformation) is negatively and statistically significantly associated with unemployment, suggesting that stronger digital connectivity contributes to improved labour-market outcomes. The findings also show that the unemployment-reducing effect of digital connectivity strengthens as tertiary education increases, highlighting the complementary role of human capital in leveraging digital infrastructure to reduce the unemployment rate. Gross fixed capital formation also has a negative, significant long-run effect on unemployment, indicating that physical capital accumulation supports job creation. Overall, the evidence suggests that digital infrastructure alone is not sufficient to maximise the labour-market benefits of digital transformation; rather, these benefits depend critically on the interaction between digital connectivity and human capital.
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1. Introduction
		Digital transformation (DT) has become an important driver of economic and structural change, with significant implications for employment, the nature of work, and the skills required in labour markets. The adoption of digital technologies can increase productivity, create new economic activities, and generate new forms of employment. At the same time, technological progress can replace workers performing routine, easily automated tasks. Consequently, the impact of digital transformation on employment is not necessarily unidirectional. Still, it depends on the nature of technological adoption, the structure of the economy, workers' skills, and labour markets' ability to adapt to structural change (Akerman et al., 2015, pp. 1781–1784).
	The changing nature of work driven by digital transformation has heightened the importance of reskilling and upskilling. As automation transforms or replaces existing tasks, workers need new combinations of technical, cognitive, and interpersonal skills to adapt to changing labour-market demands and reduce the risk of technological unemployment. Therefore, the labour-market effects of digital transformation depend not only on digital infrastructure but also on workers' and educational systems' capacity to develop and apply relevant skills. Akerman et al. (2015) demonstrate this interaction, finding that broadband adoption complements skilled workers' performance of non-routine abstract tasks. Still, substitutes for unskilled workers engaged in routine tasks, resulting in more favourable productivity and labour outcomes for the former (Akerman et al., 2015, pp. 1781–1784). Human capital thus shapes the extent to which digital connectivity generates labour-market benefits rather than employment disruption.
The expansion of digital infrastructure may coexist with disparities in educational attainment, digital skills, and labour markets' capacity to absorb highly educated workers, particularly in developing economies. Consequently, broadband connectivity alone may not generate broad-based employment gains unless workers possess the skills required to use digital technologies effectively. The World Bank's assessment of Egypt's digital economy identifies universal and affordable broadband as a central component of digital infrastructure while emphasising human capital and digital skills as essential for enabling individuals and firms to benefit from digital technologies (World Bank, 2020, pp. 12–13). Human capital and digital infrastructure should therefore be considered jointly when assessing the labour-market effects of digital transformation.
Egypt provides an important context for examining this interaction, as digital transformation is central to its development strategy. The government's ICT Sustainable Development Strategy 2030 seeks to promote economic growth, productivity, new business models, and job creation through digital technologies, while broadband connectivity provides the foundation for expanding digital economic activity (World Bank, 2020, pp. 12–13, 34–43). Similarly, Egypt Vision 2030 integrates the transition towards a knowledge-based digital economy into its sustainable and inclusive development agenda, highlighting the role of information and communication technologies in supporting economic growth, improving public-sector efficiency and transparency, and strengthening human capital through education and lifelong learning (Ministry of Planning, Monitoring and Administrative Reform, 2016). Thus, expanding connectivity alongside the development of digital knowledge and skills—particularly among younger generations—is essential for preparing Egypt's workforce for evolving labour market demands.
Meanwhile, unemployment and the expansion of productive job opportunities remain central challenges for the Egyptian labour market. The link between education and employment is particularly relevant since higher education does not automatically produce favourable labour-market outcomes. Assaad, Krafft, and Salehi-Isfahani (2018) show major differences in labour-market outcomes by type of higher education in Egypt and Jordan, and they underscore the need to align educational outcomes with labour-market requirements (Assaad et al., 2018, pp. 945–947). Accordingly, increasing tertiary education will not necessarily improve employment outcomes unless higher educational attainment is paired with relevant skills and adequate demand for appropriately qualified workers.
Although Elgohary and Abdel-Aziz (2023) examine the effect of digital transformation on employment in Egypt using an ARDL model for 2003–2020, they do not test whether human capital moderates the labour-market effect of digital connectivity. This leaves an important research gap, particularly given international evidence of technology–skill complementarity and the persistent mismatch between higher education and labour-market requirements in Egypt. The present study addresses this gap by examining whether the effect of digital transformation on unemployment varies with the level of human capital.
Based on the above, we hypothesise that:
H1: Digital transformation and Gross fixed capital formation negatively affect unemployment in Egypt.
H2: Human capital strengthens the unemployment-reducing effect of digital transformation.
To examine these hypotheses, this study explores the impact of digital transformation on unemployment in Egypt, with particular emphasis on the complementary role of human capital. It employs an Autoregressive Distributed Lag (ARDL) model to estimate the short- and long-run relationships among unemployment, digital transformation (proxied by fixed broadband subscriptions), tertiary education, and gross fixed capital formation. We also incorporate an interaction term between tertiary education and the digital-transformation proxy to determine whether human capital moderates the effect of digital transformation on unemployment. This approach moves beyond estimating the direct effect of digital transformation and assesses whether higher levels of human capital strengthen its potential employment benefits.
The remainder of the paper is organised as follows. Section 2 presents the theoretical background and reviews the relevant empirical literature. Section 3 examines the evolution of digital transformation in Egypt. Section 4 describes the data and methodology, while Section 5 discusses the empirical findings. Section 6 concludes and outlines the main policy implications.
2. Theoretical Background and Literature Review:
Technological change influences production, productivity, employment, wages, and the organisation of work. Classical economists recognised its contribution to economic development but differed regarding its labour-market consequences. Smith emphasised how specialisation and improved machinery increase productivity and prosperity, whereas Ricardo and Marx highlighted the risks of labour displacement, wage pressure, and inequality (Nunes, 2023, pp. 17–22). Similarly, the Solow–Swan model identifies technological progress as the principal source of long-run growth in output per worker because it improves the efficiency of capital and labour. However, technology may either complement workers by increasing their productivity or substitute for them when their tasks can be automated. Moreover, because the Solow model treats technological progress as exogenous and gives limited attention to human capital and labour-market inequality, it should be complemented by theories that explicitly address skills and employment structures (Barro & Sala-i-Martin, 2004, pp. 14–58).
Schumpeter's theory explains digital transformation as a process of innovation, diffusion, and creative destruction through which new technologies, products, markets, and business models replace older activities while generating new opportunities for growth and employment (Śledzik, 2013; Stecenko, 2025, p. 29). Castells (2009) similarly views information as a strategic economic resource and networks and knowledge-based activities as central features of contemporary economic and social organisation. Digital transformation can facilitate structural change from traditional production towards technology-driven, service-oriented, and knowledge-intensive activities. More broadly, evidence suggests that increasing economic complexity and knowledge intensity shifts employment away from agriculture and traditional manufacturing towards the service sector (Can & Doğan, 2020). Innovation-driven entrepreneurship can reinforce this job-creation effect by enabling entrepreneurs, start-ups, firms, and research institutions to introduce new digital products, services, and industries (Botelho, Fehder, & Hochberg, 2021).
Nevertheless, the effects of digital transformation are uneven across workers and occupations. Skill-Biased Technological Change theory argues that digital technologies tend to complement educated and skilled workers while weakening the employment and wage prospects of less-skilled workers (Card & DiNardo, 2002; Acemoglu, 2002, pp. 4–5, 28–29). Routine-Biased Technological Change theory adds that technology primarily substitutes for routine manual and cognitive tasks, which are concentrated in many middle-skill occupations (Haslberger, 2021). This may produce job polarisation, characterised by growing demand for high-skill, abstract occupations and some low-skill, non-routine services, alongside declining middle-skill, routine employment (Davis, Mengus, & Michalski, 2020). Evidence from Portugal supports this pattern, showing stronger employment and wage growth in abstract high-skill tasks and declining routine manual employment (Fonseca, Lima, & Pereira, 2018). Thus, digital transformation does not affect all workers equally: its employment consequences depend on workers' skills, task characteristics, human capital, economic structure, and capacity to adapt to technological change.
This theoretical background provides the conceptual basis for reviewing the empirical literature on how digital transformation affects employment and unemployment, particularly through technological substitution, job creation, task restructuring, and its complementarity with workers' skills and human capital.
One group of studies focuses primarily on the displacement effects of automation and digital technologies. Rolleman (2016), using a microeconomic approach, shows that robotisation changes the allocation of tasks among low-, medium-, and high-skilled workers, with its effects on wages and employment depending on wage rigidity and the degree of substitutability between technology and labour. Similarly, Chinoracký and Čorejová (2019) find that digital technology adoption may substantially alter employment in the OECD freight-transport sector, with lower-skilled occupations particularly vulnerable. Szabó-Szentgróti et al. (2021), based on a review of 86 studies published between 2011 and 2020, conclude that Industry 4.0 technologies are likely to reduce labour requirements for production and significantly change working arrangements and hours. Wijayanti and Turgel (2021) also find that digitalisation can contribute to labour displacement and affect labour productivity in Indonesia. Collectively, these studies suggest that the displacement risks of digital transformation are concentrated in occupations and tasks that are more susceptible to automation.
A second strand examines whether job creation and structural change can offset technological displacement. Walwei (2016) argues that widespread employment losses arising from digitalisation are unlikely in Germany, although substantial changes in the structure of employment should be expected. Vermeulen et al. (2018) similarly conclude, based on several macro-level scenarios, that automation is more likely to restructure labour markets than to cause an overall decline in employment, because job losses in some sectors may be offset by employment creation in new and complementary activities. They consequently emphasise the importance of reducing frictional technological unemployment, upgrading displaced workers' skills, supporting enterprise creation, and facilitating transitions into emerging sectors. Bertani et al. (2020) identify a negative relationship between digital transformation and unemployment in European countries and the United States following the 2008 financial crisis. However, they caution that rapid growth in intangible digital investment could generate technological unemployment over the longer term. These findings indicate that the net employment effect of digital transformation depends on whether economies can create new activities and facilitate workers' movement from declining to expanding sectors.
Another group of studies concentrates on the employment-enhancing effects of digitalisation and connectivity. Rudskaya and Konnikov (2020), examining the Russian Federation during 2010–2016, finds that a higher proportion of firms with internet access is associated with lower unemployment, whereas higher ICT prices are associated with higher unemployment. Using feasible generalised least squares for 25 developing countries, Aly (2020) reports a positive relationship between digital transformation and employment, economic development, and labour productivity. These findings suggest that digitalisation may improve labour-market outcomes by facilitating business activity, increasing productivity, and widening access to digital technologies. Its effects also extend beyond aggregate employment: using data for 93 middle-income countries over 1995–2018, An (2021) finds a significant relationship between internet use and female labour-force participation. It reports that higher broadband penetration is associated with a narrower gender wage gap. Digital transformation may therefore influence not only employment levels but also participation and distributional outcomes across demographic groups.
The literature focusing on skills explains these varied outcomes. Dachs (2018) argues that the costs and benefits of digitalisation are distributed unevenly because technological progress tends to be skill-biased. Innovation may generate employment through new products and activities, while process innovation can eliminate existing jobs and increase inequalities between workers with different skills. Consequently, the labour-market effects of digital transformation depend not only on technology adoption but also on workers' capacity to acquire and apply the skills required by new technologies. This helps reconcile the mixed empirical findings: digitalisation may improve aggregate employment while simultaneously disadvantaging workers whose skills or tasks are readily substitutable by technology.
The COVID-19 pandemic accelerated digital transformation through remote work, digital platforms, and longer-term digital strategies, producing lasting changes in workplace organisation (Nagel, 2020; Amankwah-Amoah et al., 2021). Evidence from MENA countries similarly shows that financially disrupted or government-supported firms were more likely to adopt digital strategies, particularly in services (Aly & Aubert-Tarby, 2023). Digital capacity also strengthened labour-market resilience: remote working helped some Southern European firms limit employment losses, while workers in digital occupations were relatively more protected during the crisis (Webster et al., 2021; Jaumotte et al., 2023).
However, accelerated digitalisation also increased automation risks and inequalities. Employees in Egyptian mobile operators faced greater exposure to displacement as firms increasingly adopted digital platforms and remote working (Elsafty & Elzeftawy, 2021). Although digital inclusion was positively associated with employment growth, its benefits were distributed unevenly across countries and workers (Olanrewaju et al., 2024). Digitalisation therefore created new employment opportunities while disadvantaging workers with limited digital skills or inadequate access to technology (International Labour Organization (ILO), 2023).
Evidence on workplace training further highlights the importance of human capital. Using German firm-level survey data linked to employees’ administrative records, Müller (2024) finds that the COVID-19 pandemic reduced employer-sponsored training by up to 11 percentage points. Firms capable of using e-learning largely avoided this decline, although differences in firms’ ability to provide digital learning may have exacerbated existing inequalities in training opportunities. This evidence suggests that digital infrastructure alone does not guarantee inclusive labour-market gains; firms and workers must also possess the capabilities needed to use digital technologies effectively.
A further strand of the literature examines the role of human capital in shaping the labour-market effects of digital transformation. Aly (2020) argues that the effects of digitalisation on employment and productivity depend partly on labour-market conditions and the quality of human and physical capital. This argument is consistent with Becker's (1964) human capital theory, which holds that education improves workers' skills, productivity, adaptability, and employability. Human capital is particularly important in the digital economy because the benefits of digital infrastructure depend on workers' capacity to adopt and use new technologies productively. Sarabdeen and Alofaysan (2023) accordingly use tertiary education enrolment as an indicator of human-capital capability and the capacity to absorb digital transformation when examining the relationship between digitalisation, labour productivity, and unemployment. Akerman et al. (2015) provide further evidence of this complementarity, finding that broadband adoption improves the productivity and labour-market outcomes of skilled workers while generating less favourable outcomes for less-skilled workers. These studies suggest that higher tertiary enrolment may strengthen the employment benefits of digital connectivity by improving workers' ability to exploit digital opportunities and adapt to technological change.
Another group of studies focuses on physical-capital accumulation as a determinant of unemployment. Conventional growth and development theory suggests that investment in productive capital can expand productive capacity, stimulate output, and increase labour demand (Todaro & Smith, 2006). Empirical evidence generally supports this expectation. Oseni and Oyelade (2023) find that gross capital formation has a negative and statistically significant effect on unemployment in Nigeria. Pasara and Garidzirai (2020), Bayar (2016), and Almula-Dhanoon et al. (2020) similarly report that capital formation or domestic investment contributes to lower unemployment across different developing, emerging-market, and MENA contexts. This evidence indicates that the labour-market consequences of digital transformation should be examined alongside productive investment, since digital connectivity may generate stronger employment effects when accompanied by the physical capital needed to expand economic activity.
Methodologically, previous studies have employed different ICT indicators and econometric approaches to examine digital transformation. Duasa and Ramadan (2019) use ICT-related indicators to measure digital development, whereas Sarabdeen and Alofaysan (2023) employ fixed broadband subscriptions as an indicator of digital expansion and apply an ARDL error-correction framework to estimate its short- and long-run labour-market effects. Their approach demonstrates the relevance of fixed broadband as a measurable dimension of digital connectivity and the suitability of ARDL analysis for distinguishing between short-run adjustment and long-run relationships.
Studies addressing Egypt have mainly examined the development of digitalisation rather than its direct unemployment effects. Kamel (2021) documents Egypt's progress in ICT development and considers the potential social implications of digital transformation, while Elgohary (2022) highlights both the contribution of digital transformation to sustainable development and the continuing challenges related to ICT infrastructure and investment. Although these studies provide valuable evidence on the evolution of Egypt's digital economy, they do not establish short- or long-run relationships between digital connectivity and unemployment, nor do they examine whether these relationships vary with human capital.
Overall, previous findings remain mixed: some studies identify employment-enhancing effects (Walwei, 2016; Vermeulen et al., 2018; Rudskaya and Konnikov, 2020; Aly, 2020), while others emphasise technological substitution and displacement risks (Rolleman, 2016; Chinoracký & Čorejová, 2019; Wijayanti & Turgel, 2021; Végvári & Varga, 2021). Nevertheless, a common conclusion is that skills and human capital influence the magnitude and distribution of these effects. In Egypt, limited empirical attention has been devoted to whether human capital strengthens the labour-market benefits of digital connectivity. In particular, previous studies have not explicitly incorporated an education–broadband interaction to examine whether the effect of broadband penetration on unemployment varies by tertiary education. The present study addresses this gap by applying an Autoregressive Distributed Lag framework to examine the short- and long-run relationships among fixed broadband subscriptions, unemployment, tertiary enrolment, and gross fixed capital formation and by incorporating an education–broadband interaction term to test the complementary role of human capital.
3. Evolution of Digital Transformation in Egypt
Until the late twentieth century, Egypt was considered data-rich but information-poor, as government initiatives focused primarily on technical issues rather than using information to support decision-making and socioeconomic development. Limited coordination across sectors and the weak integration of information policies with development strategies further highlighted the need to establish an effective information and communication technology (ICT) infrastructure.
Egypt began investing substantially in its ICT infrastructure and infostructure in the mid-1980s as part of a nationwide strategy to address economic and social challenges. A major institutional step was taken in 1985 with the establishment of the Information and Decision Support Center (IDSC), which was responsible for developing and implementing national informatics projects to support policymaking and socioeconomic development. Between 1985 and 1995, cooperation between the government and the private sector contributed to the establishment of numerous information centres and informatics projects across public organisations (Kamel, 2021, p. 11).
The importance of ICT increased further in the 1990s. The Egypt Information Highway was introduced in 1994, followed in 1999 by the establishment of the Ministry of Communications and Information Technology (MCIT). The Ministry sought to develop Egypt's digital economy, enhance its competitiveness and inclusiveness, and use ICT as a driver of economic growth. These developments marked the gradual transition of the ICT sector from one dependent on government support and subsidies to a sector making tangible and intangible contributions to the economy (Kamel, 2021, p. 11).
During the 2000s, Egypt expanded the role of ICT through the National ICT Master Plan (2000), the Egypt Information Society Initiative (2003), the extension of ICT to public services, and the establishment of ITIDA in 2004. These were followed by successive ICT strategies and the 2014 Cloud Strategy. Public–private and civil-society collaboration supported this development through technical assistance, training, market research, and financial incentives (Kamel, 2021, p. 13).
In 2017, MCIT launched Digital Egypt: The 2030 ICT Strategy to promote sector growth, socioeconomic development, MSMEs, and human-capital capacity. Egypt consequently improved its position in the UN Global Knowledge Index from 82nd in 2019 to 72nd in 2020. The establishment of the National Council for Artificial Intelligence in 2019 further strengthened cooperation among government, academia, and the private sector (Kamel, 2021, p. 12). 
Investment in telecommunications infrastructure increased substantially, raising average internet speed from 6.5 Mbps in January 2019 to 39.6 Mbps in April 2021. Network upgrades, additional mobile frequencies, and the Decent Life (Haya Karima) initiative also expanded connectivity in underserved and rural areas (ITA, 2022). These improvements strengthened the economic contribution of the ICT sector. ICT revenues and growth increased markedly, while the sector's contribution to GDP rose from 3.5% in FY2017/2018 to 5% in FY2020/2021. In the latter year, the sector grew by 16.1%, and total investment reached approximately USD 3 billion (Kamel, 2021, p. 13; ITA, 2022). Despite this progress, Egypt remained at an early stage of ICT infrastructure development, receiving a score of 52.6 out of 100, with limited targeted investment aligned with the Sustainable Development Goals. In 2019, Egypt had approximately 49.2 million internet users, representing about 48% of the population, while fixed and mobile internet speeds remained below global averages. Nevertheless, the continued expansion of infrastructure, digital services, human capital initiatives, and institutional capacity indicates that Egypt's digital transformation has evolved from basic information system development into a broader strategy for economic growth, public service modernisation, innovation, and digital inclusion (Elgohary, 2022, p. 398).
4. Data and methodology  
This section presents the empirical framework used to examine the effect of digital transformation on unemployment in Egypt during 2002–2024. Digital transformation is proxied by fixed broadband subscriptions, while the model includes tertiary enrolment, gross fixed capital formation, an education–broadband interaction term, and a 2011 pulse dummy.
4.1 Data Description, Measurement, and Sources
[bookmark: _Hlk237379468][bookmark: _Hlk237633826]The empirical analysis uses annual time-series data for Egypt covering the period 2002–2024. Table 1 presents the definitions, measurement units, and data sources for all variables employed in the empirical analysis. The study uses the unemployment rate (UNEMP) as the dependent variable to capture labour-market performance in Egypt. Digital transformation is proxied by fixed broadband subscriptions per 100 people (BBND). This indicator is widely used in empirical studies because it reflects the expansion of digital connectivity and access to communication infrastructure (Duasa and Ramadan (2019; Sarabdeen and Alofaysan, 2023). The model further includes tertiary school enrolment (EDU) as a proxy for human capital, gross fixed capital formation (GFCF) as an indicator of investment and physical-capital accumulation, and a centred education-broadband interaction term (EDUBBNDC) to test whether tertiary education moderates the labour-market effect of digital transformation. A pulse dummy for 2011 (DUM2011), equal to one in 2011 and zero otherwise, is included as a fixed exogenous regressor to control for the exceptional temporary disturbance affecting economic activity and labour-market conditions in that year. 
Table 1: Variable Definitions, Measurement, and Data Sources
	Symbol
	Variable
	Measurement
	Source

	UNEMP
	Unemployment, total (% of total labour force)
	The share of the labour force that is without work but available for and seeking employment.
	World Bank, WDI

	LBBND

	Log of fixed broadband subscriptions
	Natural logarithm of fixed broadband subscriptions per 100 people. The underlying indicator measures fixed high-speed Internet subscriptions with downstream speeds of 256 kbit/s or more, including DSL, cable modem, fibre, satellite, fixed wireless, and WiMAX connections.
	World Bank, WDI, author's transformation

	GFCF
	Gross fixed capital formation (% of GDP)

	The value of investment in fixed assets as a percentage of GDP, providing an indicator of long-term capital investment and the accumulation of productive assets that support future economic growth.
	World Bank, WDI

	EDU
	School enrollment, tertiary (% gross)
	Total enrollment in tertiary education, regardless of students' age, as a percentage of the population of the official tertiary education age group. It serves as an indicator of the extent of participation in higher education and human capital development.
	World Bank, WDI

	EDUBBNDC
	Education–broadband interaction term
	Constructed as the product of mean-centred tertiary enrolment and mean-centred logged fixed broadband subscriptions: 
	Author's calculation based on World Bank data

	DUM2011
	2011 shock dummy
	Pulse dummy taking the value 1 in 2011 and 0 otherwise, included to control for the exceptional economic and labour-market disturbance associated with that year.
	Author's construction

	Note: Fixed broadband subscriptions per 100 people are transformed into natural logarithms and denoted by LBBND. The variables used to construct EDUBBNDC are mean-centred to reduce non-essential multicollinearity associated with the multiplicative interaction term and to facilitate interpretation of the lower-order coefficients at the sample means of the interacting variables (Iacobucci et al., 2016; Smith & Sasaki, 1979).
Source: Author's compilation based on World Bank, World Development Indicators (WDI), and author's calculations.


4.2.1 Empirical Specification and Variable Transformation
The general functional form of the model is expressed by Equation [1] as follows:

To model the moderating role of human capital, the constituent variables of the interaction term are mean-centred before multiplication. Mean-centring helps reduce non-essential multicollinearity that may arise mechanically between a multiplicative interaction term and its constituent variables, while also giving the lower-order coefficients an economically meaningful interpretation at the sample mean of the other interacting variable (Smith & Sasaki, 1979; Iacobucci et al., 2016). The interaction term is constructed as

With this specification, the coefficient on  represents the conditional effect of broadband when tertiary enrolment is at its sample mean, while the coefficient on  represents the conditional effect of tertiary enrolment when broadband is at its sample mean. The coefficient on  captures how the marginal effect of broadband varies with tertiary enrolment.  is treated as a deterministic fixed exogenous regressor rather than as a stochastic time-series variable and is therefore not subjected to unit-root testing.
Before estimating the ARDL model, the order of integration is examined using the Augmented Dickey–Fuller unit-root test (Dickey & Fuller, 1979, 1981). Variables are tested at the level and, where necessary, at first difference, using an intercept or an intercept and trend, depending on their graphical behaviour. This confirms that no variable is integrated of order two, as ARDL accommodates a mixture of I(0) and I(1) variables but is invalid in the presence of I(2) variables (Pesaran et al., 2001).
4.2.2 ARDL Representation and Lag Selection
The general ARDL representation corresponding to the empirical specification is written as:

where p denotes the lag order of the dependent variable, UNEMP, while , , , and  denote the lag orders of GFCF, EDU, LBBND, and EDUBBNDC, respectively. The parameter  represents the intercept, while  denotes the disturbance term.  is included as a fixed exogenous pulse dummy, taking the value one in 2011 and zero otherwise; accordingly, it is not assigned a dynamic lag structure. Given the limited number of annual observations, the lag structure is selected parsimoniously using the Schwarz Information Criterion (SIC). The SIC penalises additional parameters relatively heavily and therefore favours more parsimonious specifications, which is particularly desirable in the present context to conserve degrees of freedom and limit over-parameterisation (Schwarz, 1978; Pesaran & Shin, 1999). The selected lag orders are subsequently used to derive the bounds-testing and error-correction representations of the model.
4.2.3  Bounds Testing for a Long-Run Level Relationship
The existence of a long-run level relationship is examined using the bounds-testing procedure developed by Pesaran et al. (2001). The test is implemented under Case 3, which includes an unrestricted intercept but no deterministic time trend. For the bounds test, the ARDL model is reparameterised as a conditional unrestricted error-correction model (UECM), which separates short-run changes from the lagged levels that contain the information relevant to the long-run relationship:

The coefficients on the differenced variables capture short-run dynamics, whereas  through  are attached to the lagged level terms. The F-bounds statistic tests whether these lagged levels are jointly significant. The null hypothesis of no long-run level relationship is therefore:

against the alternative:

The decision rule is based on the lower  and upper  critical bounds. If the computed F-statistic exceeds the upper bound,  is rejected and a long-run level relationship is supported; if it falls below the lower bound,  cannot be rejected; and if it lies between the two bounds, the result is inconclusive. Given the relatively small annual sample, finite-sample critical values are preferred for the F-bounds test where they are available, since small-sample inference may differ materially from the asymptotic approximation (Narayan, 2005).
The F-bounds test is complemented by the t-bounds test proposed within the same framework. Whereas the F-bounds statistic assesses the joint significance of all lagged level terms, the t-bounds statistic focuses specifically on the coefficient of the lagged dependent variable, . The two tests are therefore complementary rather than competing sources of evidence. Because their distributions are non-standard under the null of no level relationship, both statistics are evaluated against the relevant bounds critical values rather than conventional F- or t-critical values (Pesaran et al., 2001).
In the present specification,  because the long-run regressor set comprises , , , and . The lagged dependent variable is not counted in , and neither is , because the latter is a deterministic fixed exogenous pulse dummy rather than a variable entering the long-run level relationship.
4.2.4 Long-Run Estimation and the Error-Correction Model
If the bounds tests provide evidence of a long-run level relationship, the normalised long-run coefficients are estimated, and the short-run dynamics are represented through a restricted error-correction model. In compact form, the ECM is written as:
	                                     [5]
where

In equation (5),  denotes the lag order selected for the th explanatory variable, and the coefficients  capture short-run effects.  is the lagged deviation from the estimated long-run equilibrium, while  measures the speed at which unemployment adjusts back towards that equilibrium following a short-run disturbance. A negative adjustment coefficient is required for convergence; its absolute magnitude indicates the proportion of the preceding period's disequilibrium corrected within one year.
4.2.5 Estimation, Inference, and Diagnostic Evaluation
To strengthen inference in the presence of potential heteroskedasticity and serial dependence, heteroskedasticity- and autocorrelation-consistent (HAC) covariance estimates are employed following Newey and West (1987). Robust standard errors affect statistical inference but do not alter the underlying coefficient estimates; consequently, they are considered together with formal residual diagnostics for model checking.
The statistical adequacy of the selected ARDL specification is evaluated using a battery of complementary diagnostic tests. Residual normality is assessed using the Jarque–Bera test (Jarque & Bera, 1980). Serial correlation is examined using the Breusch–Godfrey LM test, which is appropriate for dynamic regressions with lagged dependent variables (Godfrey, 1978). Heteroskedasticity is assessed using the Breusch–Pagan–Godfrey procedure (Breusch & Pagan, 1979), while functional-form adequacy is examined using the Ramsey RESET test (Ramsey, 1969). Finally, parameter stability is evaluated through the CUSUM and CUSUM of Squares tests based on recursive residuals (Brown, Durbin, & Evans, 1975). The long- and short-run estimates are interpreted only after the bounds, residual diagnostics, and stability evidence provide adequate support for the estimated specification.
5.  Empirical Results
5.1 Preliminary Analysis and Unit Root Tests
This subsection provides a preliminary examination of the data before estimating the ARDL models. It presents descriptive statistics, graphical trend analysis, correlation analysis, and unit root tests to assess the behaviour of the variables and establish their suitability for ARDL estimation.
Table 2: Descriptive Statistics of the Variables Used in the Analysis
	Statistics
	UNEMP
	LBBND
	EDU
	GFCF
	EDUBBNDC

	Mean
	9.93
	0.569
	31.10
	16.78
	4.906

	Median
	9.93
	1.032
	29.19
	16.83
	3.482

	Maximum
	13.15
	2.458
	38.77
	22.27
	16.365

	Minimum
	6.54
	-2.705
	25.59
	11.69
	-1.607

	Std. Dev
	2.13
	1.677
	4.07
	2.59
	5.268

	Skewness
	0.02
	-0.758
	0.52
	-0.10
	0.552

	Kurtosis
	1.81
	2.333
	1.95
	2.67
	2.154

	Jarque-Bera                 (p-value)
	1.41     (0.49)
	 2.631     (0.26)
	 2.18 (0.33)
	0.149 (0.92)
	1.856             (0.39)

	Obs.
	23
	23
	23
	23
	23


Table (2) presents the descriptive statistics of the variables used in the empirical analysis. The unemployment rate (UNEMP) average is 9.93% over the study period, ranging from 6.54% to 13.15%, with a standard deviation of 2.13, indicating moderate variation. The natural logarithm of fixed broadband subscriptions (LBBND) has a mean of 0.569 and greater dispersion, ranging from −2.705 to 2.458. The negative minimum value of (LBBND) is economically plausible because the logarithm of a positive value below one is negative and reflects the very low level of broadband subscriptions per 100 people during the early years of the sample. Tertiary school enrolment (EDU) averages 31.10%, whereas gross fixed capital formation (GFCF) averages 16.78% of GDP, with both variables displaying relatively moderate variation. The mean-centred education–broadband interaction term (EDUBBNDC) has a mean of 4.906 and a range of -1.607 to 16.365. The Jarque–Bera results indicate that the null hypothesis of normality cannot be rejected for (UNEMP), (LBBND), (EDU), (GFCF), and (EDUBBNDC), since their p-values exceed 0.05. 
Table 3: Pearson Correlation Matrix for the Variables Included in the Empirical Analysis
	Variable
	UNEMP
	LBBND
	EDU
	GFCF
	EDUBBNDC

	UNEMP
	1
	
	
	
	

	LBBND
	-0.278
	1
	
	
	

	EDU
	-0.612
	0.744
	1
	
	

	GFCF
	-0.393
	-0.330
	-0.163
	1
	

	EDUBBNDC
	-0.558
	-0.134
	0.427
	-0.033
	1

	Source: Author's calculations based on EViews 12.


Table (3) presents the Pearson correlation coefficients for the variables included in the fixed-broadband specification. There are negative correlations between unemployment and fixed broadband subscriptions (-0.278), tertiary school enrolment (-0.612), gross fixed capital formation (-0.393), and the centred education–broadband interaction term (-0.558). The relatively stronger negative correlation between unemployment and (EDUBBNDC) suggests that the association between broadband development and labour-market outcomes may become more favourable when digital expansion is accompanied by stronger human-capital capability. The largest correlation among the explanatory variables is between (LBBND) and (EDU), at (0.744), while the correlations of (EDUBBNDC) with (LBBND) and (EDU) are only (-0.134) and (0.427), respectively. It is worth mentioning that none of the pairwise correlations among the explanatory variables exceeds (0.80), suggesting that severe pairwise multicollinearity is unlikely to be a major concern.
Following the descriptive statistics and correlation matrix, Figures (1) through (5) illustrate the evolution of unemployment, the digital-transformation indicator, human and physical capital, and the mean-centred interaction terms over the study period. The graphical evidence reveals pronounced trends, fluctuations, and possible turning points across the variables. These patterns provide useful preliminary insights into their temporal behaviour, although they do not establish causal relationships or substitute for the subsequent unit-root and ARDL analyses.
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	Figure (1)



Figure (1) shows that the unemployment rate in Egypt experienced clear cyclical and structural movements during the study period. In the early 2000s, unemployment fluctuated around relatively high levels, before declining between 2007 and 2010. A sharp upward movement is observed after 2011, with unemployment reaching its highest levels during 2013–2015. This pattern is consistent with the labour-market pressures associated with the post-2011 economic and political transition. After 2016, unemployment followed a marked downward trend, reaching its lowest level around 2022, before rising slightly in 2023 and 2024. This suggests that unemployment in Egypt was shaped by both cyclical economic conditions and structural shocks over the period.
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	Figure (2)
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	Figure (3)


Figure (2) shows a persistent upward trend in the natural logarithm of fixed broadband subscriptions per 100 people (LBBND). The negative logarithmic values observed during the early years arise because the original number of subscriptions per 100 people was below one. The series increased continuously throughout the sample, crossed zero around 2009, and continued rising through 2024. 
Figure (3) shows that tertiary school enrollment (EDU) generally rises, despite some fluctuations. The decline around 2011–2012 is followed by a strong upward movement from the mid-2010s onwards, indicating an improvement in human capital formation. This pattern is important for the study because the labour-market effects of digital transformation depend not only on the availability of digital infrastructure but also on workers' capacity to acquire, absorb, and use digital skills effectively.
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	Figure (4)
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	Figure (5)


Gross fixed capital formation, shown in Figure (4), displays considerable instability over the study period. It increased during the mid-2000s and reached a peak around 2008, before declining sharply between 2011 and 2014. A recovery is observed during 2017–2019, followed by another decline in the later years of the sample. This pattern suggests that investment activity in Egypt was sensitive to macroeconomic conditions, public investment cycles, and external shocks. Since investment affects productive capacity and labour demand, GFCF volatility may have important implications for unemployment dynamics. 
Figure (5) presents the mean-centred interaction term. Its interpretation differs from that of the original variables. A positive interaction value arises when tertiary enrolment and the digital indicator are both above or both below their respective sample means. A negative value arises when one variable is above its mean while the other is below it. Consequently, a positive value does not necessarily imply that both education and digital connectivity are high; during the early years, it may instead indicate that both were below their sample averages. For the centred education–broadband interaction term ((EDUBBNDC)), Figure (5) shows that the series was positive during the early years of the study period, declined progressively, and subsequently became negative when tertiary enrolment and broadband connectivity were positioned on opposite sides of their respective sample means. From approximately 2015 onward, the interaction term returned to positive values and generally increased, although with noticeable fluctuations. The relatively high positive values observed in the later years indicate an increasing alignment between above-average tertiary enrolment and above-average broadband connectivity. 
Overall, the graphical analysis reveals marked differences in the temporal behaviour of the variables. These visual patterns underscore the need for formal unit-root testing before model estimation. They are also consistent with the possible presence of a mixture of (I(0)) and (I(1)) variables, which would support the use of the ARDL approach, provided that none of the series is integrated of order two, (I(2)). 
Table 4 reports the results of the Augmented Dickey–Fuller (ADF) unit root test for the variables included in the empirical model. The test is conducted at level and, where necessary, at first difference, with the lag length selected according to the Schwarz Information Criterion (SIC). The deterministic specification of each ADF equation is guided by the graphical behaviour of the series. Variables that fluctuate around a non-zero mean without a clear deterministic trend are tested with a constant only, whereas variables displaying a visible upward trend are tested with both a constant and a time trend. This distinction is important because excluding a relevant deterministic trend may lead to misleading stationarity conclusions.
As shown in Figure (1), unemployment (UNEMP) fluctuates over time without exhibiting a stable deterministic trend. Therefore, the ADF test is estimated with a constant only. The results indicate that UNEMP is non-stationary at the level but becomes stationary after first differencing, implying that it is integrated of order one (I(1). In contrast, the digital transformation indicator displays clear upward trends. Figure 2 shows that LBBND increased strongly over the study period, reflecting the expansion of broadband connectivity in Egypt. Accordingly, the ADF equation for this variable includes both a constant and a deterministic time trend. The result rejects the unit root null at level, indicating that it is stationary around a deterministic trend and can therefore be classified as I(0)
Table 4: Results of the ADF Unit Root Test
	Variable
	Test Statistic 
	Decision

	UNEMP
	-0.756 (C) [0.81]
	

	UNEMP 
	-3.397 (C) [0.02] **
	

	LBBND
	-5.25 (C & T) [0.00] *
	

	EDU
	-2.902 (C & T) [0.19]
	

	
	-7.583 (C) [0.00] *
	

	GFCF
	-1.836 (C) [0.35]
	

	
	-3.006 (C) [0.04] **
	

	EDUMBBNDC
	-1.424 (C) [0.55] 
	

	
	-7.304 (C) [0.000] *
	

	Notes: (1) Letters in round brackets next to the calculated ADF test statistics, i.e., C indicate that the test equation includes a constant whereas C & T indicates that the tests equation includes both a constant and a trend. (2)  is the difference operator. (3) The employed lag length is determined by SIC. (4) p-value is provided between square brackets. (5) *, ** indicate that the null hypothesis that the series under consideration has a unit root should be rejected at 1%, and 5% level of significance, respectively. (6) indicates that the variable is stationary whereas means that the variable under consideration is individually integrated of order one. (7) For variables tested with both a constant and a trend, stationarity at level should be interpreted as stationarity around a deterministic time trend, not stationarity around a constant mean.

	Source: Author's calculation based on EViews 12.


Table 4 shows that LBBND is trend-stationary at level and therefore classified as (I(0)), whereas UNEMP, EDU, GFCF, and EDUBBNDC become stationary after first differencing and are classified as (I(1)). Since none of the variables is (I(2)), the mixed integration orders satisfy the requirement for applying the ARDL bounds-testing approach.
5.2. ARDL Bounds Test and Long-Run Relationship
Table 5 reports the ARDL bounds tests for cointegration. The computed F-bounds statistic (34.386) exceeds the 1% upper-bound critical value (6.670), decisively rejecting the null hypothesis that the lagged-level terms are jointly insignificant. The t-bounds statistic (-9.024746) is also more negative than the corresponding 1% I(1) critical value (-4.60). Whereas the F-test assesses the joint significance of the lagged levels, the t-test focuses on lagged unemployment and its role in long-run adjustment. Together, the tests provide strong evidence of a long-run relationship among unemployment, gross fixed capital formation (GFCF), tertiary school enrolment (EDU), fixed broadband subscriptions (LBBND), and the centred education-broadband interaction term (EDUBBNDC).
Following this evidence, Table 6 presents the long-run coefficients, short-run error-correction estimates, and diagnostic tests for the selected ARDL(1,0,0,0,1) model. Unemployment is the dependent variable, and GFCF, EDU, LBBND, and EDUBBNDC are the explanatory variables. The pulse dummy DUM2011, equal to one in 2011 and zero otherwise, captures the exceptional labour-market disturbance in that year.  
Table 5. ARDL Bounds Tests for Cointegration
	Selected Model (1, 0, 0, 0, 1) for UNEMP, GFCF, EDU, LBBND, EDUBBNDC
Deterministic specification: unrestricted constant, no trend
Model-selection criterion: SIC
Number of long-run regressors (k)=4
Computed F-bounds statistic = 34.386*
Computed t-bounds statistic = -9.024746*

	
	F-Bound test
 Finite-sample critical values for (n=30)
	t-Bound test
 critical values

	Significance level
	I(0) bound
	I(1) bound
	I(0) bound
	I(1) bound

	10%
	2.752
	3.994
	-2.57
	-3.66

	5%
	3.354
	4.774
	-2.86
	-3.99

	1%
	4.768
	6.670
	-3.43
	-4.60

	*Significant at 1% level of significance.
Source: Author's calculations using EViews 12


Table 6. Long-Run and Error-Correction Estimates of the ARDL Model
	Panel A. Long-run estimates

	Variable
	Coefficient
	HAC robust standard error
	t-statistic
	p-value

	GFCF
	-0.290522*
	0.019645
	-14.78895
	0.0000

	EDU
	0.314007*
	0.011336
	27.69999
	0.0000

	LBBND
	-2.608188*
	0.038230
	-68.22357
	0.0000

	EDUBBNDC
	-0.443111*
	0.006787
	-65.28674
	0.0000

	Panel B. Short-run error-correction estimates

	Constant
	5.764756*
	0.412740
	13.96705
	0.0000

	ΔEDUBBNDC
	-0.255056*
	0.027161
	-9.390532
	0.0000

	DUM2011
	3.819878*
	0.297846
	12.82501
	0.0000

	ECT(t-1)
	-0.919128*
	0.061819
	-14.86795
	0.0000†

	R-squared = 0.925532                                             Adjusted R-squared= 0.913121
F-statistic =74.57165 (p-value =0.000)                       

	Panel C: Diagnostic Tests

	Jarque-Bera  
	0.705 [0.7]                   

	Breusch-Godfrey LM serial correlation
	F(2,12) = 2.292 [0.143]

	Breusch-Pagan-Godfrey Heteroscedasticity 
	F(7, 14) = 1.727 [0.181]

	Ramsey RESET test
	F(1,13) =0.6371    [0.439]

	CUSUM
	Stable (Figure 4-6/Panel A)

	CUSUMSQ
	Stable (Figure 4-6/Panel B)

	Notes:* Significant at the 1% level. † Formal inference for ECT(t-1) is based on the t-bounds test reported in Table 4-5. For the diagnostic tests in Panel C, p-values are reported in square brackets following the corresponding test statistics.
Source: Author's calculations using EViews 12


[bookmark: _Hlk237636317]All long-run coefficients are statistically significant at the 1% level. GFCF has a coefficient of -0.290522 (p = 0.0000), indicating that, ceteris paribus, a one-percentage-point increase in gross fixed capital formation as a share of GDP is associated with an approximately 0.291-percentage-point reduction in unemployment. This result supports the proposition that capital accumulation expands productive capacity and labour demand. It is consistent with Oseni and Oyelade (2023), who find a negative and significant effect of gross capital formation on unemployment in Nigeria; Bayar (2016), who reports a negative relationship between domestic investment and unemployment in emerging-market economies; and Almula-Dhanoon et al. (2020), who obtain a similar result for MENA countries.
LBBND also has a negative and statistically significant long-run coefficient of -2.608188 (p = 0.0000). Because broadband subscriptions are expressed in natural logarithms while unemployment is measured in percentage points, the coefficient is a semi-elasticity. At the sample mean of tertiary enrolment, a 1% increase in fixed broadband subscriptions per 100 people is associated with an approximate 0.026-percentage-point reduction in unemployment. This association may operate through improved information flows, remote-working opportunities, digital entrepreneurship, e-commerce, and technology-enabled services. The result is consistent with Sarabdeen and Alofaysan (2023), whose ARDL analysis shows that fixed broadband expansion reduces unemployment in Saudi Arabia. Although differences in economic structure, labour-market institutions, and human-capital measurement prevent direct comparison of coefficient magnitudes, both studies suggest that digital connectivity can contribute to more favourable labour-market outcomes.
EDU has a positive and significant coefficient of 0.314007 (p = 0.0000). Because the model includes a mean-centred interaction term, this coefficient represents the effect of tertiary enrolment when broadband is at its sample mean, rather than an unconditional effect of education. Its positive sign may reflect the expansion of higher education without a corresponding increase in suitable employment, owing to skill mismatch, delayed graduate absorption, or weak demand for highly educated labour. This interpretation is compatible with Assaad, Krafft, and Salehi-Isfahani (2018), who identify a substantial mismatch between higher-education output and labour-market requirements in Egypt and Jordan. The result therefore does not imply that education inherently increases unemployment.
The study's most distinctive finding is the negative and statistically significant coefficient on EDUBBNDC (-0.443111; p = 0.0000). It shows that tertiary education moderates the broadband-unemployment relationship: as tertiary enrolment rises above its sample mean, the unemployment-reducing association of broadband becomes stronger, whereas at lower levels of tertiary education it is weaker. Conversely, the effect of education becomes progressively more favourable as broadband connectivity rises relative to its sample mean. The main and interaction effects must therefore be interpreted jointly.
This finding provides direct empirical support for the technology-skill complementarity hypothesis. It is closely aligned with Akerman et al. (2015), who show that broadband adoption improves the productivity and labour-market outcomes of skilled workers while producing less favourable outcomes for less-skilled workers. Although their study does not estimate the same interaction term, the mechanism is consistent: digital infrastructure generates greater labour-market benefits when workers possess the skills required to use it productively. The result also accords with the task-based perspective of Autor et al. (2003), in which technological change complements non-routine, skill-intensive work while substituting more readily for routine labour.
5.3 Short-run error-correction dynamics
Panel B of Table 6 reports the short-run estimates from the selected ARDL(1,0,0,0,1) model. Only EDUBBNDC has a positive lag order and therefore appears as a differenced term in the restricted ECM. The absence of differenced GFCF, EDU, and LBBND terms reflects their zero lag orders, not their irrelevance, as their effects enter the long-run equilibrium relationship.
The coefficient on ΔEDUBBNDC is negative and highly significant (−0.2551), confirming that the complementarity between tertiary education and broadband connectivity also reduces unemployment in the short run. DUM2011 is positive and significant (3.8199), indicating an exceptional temporary increase of approximately 3.82 percentage points in the annual unemployment change in 2011. The error-correction coefficient is negative and significant (−0.9191), implying that approximately 91.9% of the preceding year's disequilibrium is corrected within one year. Formal inference on this relationship is based on the t-bounds test reported in Table 5.
The model has strong explanatory power, with an adjusted R2 of 0.9131 and a significant overall F-statistic of 74.5717. The diagnostic tests reported in Panel C indicate normally distributed residuals (Jarque–Bera statistic is 0.705 with p=0.700), no significant serial correlation (Breusch–Godfrey p=0.143), no heteroskedasticity (Breusch–Pagan–Godfrey p=0.181), and no evidence of functional-form misspecification (Ramsey RESET p=0.439).
5.4 Parameter stability
Figure (6) presents the CUSUM and CUSUM of Squares stability tests. In both panels, the respective statistics remain within the 5% critical bounds throughout the recursive evaluation period. The CUSUM plot therefore provides no evidence of systematic instability in the estimated coefficients, while the CUSUM of Squares test similarly indicates stability in the variance and overall recursive behaviour of the model. The fact that the plots begin in 2012 reflects the recursive-residual procedure, which requires an initial subsample sufficiently large to estimate the model parameters before recursive residuals can be generated.
Taken together, the CUSUM and CUSUM of Squares results support the stability of the fixed-broadband ARDL specification over the period for which recursive estimates are available. This is particularly important given the substantial economic and institutional changes that occurred during the study period.
	Panel (A)
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	Figure (6)


6. Conclusion and policy implications:
This paper aimed to examine the impact of digital transformation on unemployment in Egypt, with particular emphasis on the complementary role of human capital. It tested the hypothesis that digital transformation reduces unemployment and that its unemployment-reducing effect becomes stronger as the level of human capital increases. To test this hypothesis, the paper employed an Autoregressive Distributed Lag (ARDL) model to estimate the short- and long-run relationships among unemployment, fixed broadband subscriptions as a proxy for digital transformation, tertiary school enrolment, and gross fixed capital formation. A mean-centred education–broadband interaction term was incorporated to assess whether human capital moderates the effect of digital connectivity on unemployment, while a pulse dummy was included to account for the exceptional labour-market disturbance in 2011.
The empirical results indicate that digital connectivity, human capital, and physical-capital accumulation are jointly relevant to unemployment dynamics in Egypt. Fixed broadband penetration has a negative and statistically significant long-run association with unemployment, consistent with Sarabdeen and Alofaysan (2023). Gross fixed capital formation also exhibits a negative and significant long-run relationship with unemployment, suggesting that productive investment can expand labour demand. Tertiary school enrolment has a positive conditional effect when broadband is at its sample mean, which may reflect the continuing mismatch between higher-education outcomes and labour-market requirements. This result should not be interpreted as evidence that education inherently increases unemployment, because its effect depends on the level of broadband connectivity.
Most importantly, the education–broadband interaction is negative and statistically significant in both the short- and long-run. This indicates that the association between digital connectivity and reduced unemployment becomes stronger as tertiary enrolment increases, supporting the skill-complementarity perspective established by Akerman et al. (2015) and the broader technology–skill framework of Autor et al. (2003). The finding therefore supports the study's hypothesis. It extends the existing literature by explicitly demonstrating that, in Egypt, the labour-market benefits of digital connectivity depend partly on the human-capital environment in which digital technologies are adopted. The error-correction coefficient indicates relatively rapid adjustment towards long-run equilibrium, while the significant 2011 dummy confirms the importance of accounting for major economic and institutional disturbances affecting Egypt's labour market.
Based on these findings, four policy directions are recommended. First, Egypt should continue expanding affordable and reliable fixed broadband infrastructure to improve digital connectivity and access to employment opportunities. Second, digital-transformation policies should be accompanied by investment in the quality and labour-market relevance of tertiary education, given the significant complementarity between education and broadband. Third, greater emphasis should be placed on digital-skills development, upskilling, and reskilling programmes to help workers adapt to changing labour-market requirements. Finally, policies should encourage productive investment and gross fixed capital formation, both of which are associated with lower unemployment. Overall, digital infrastructure alone is insufficient to maximise the employment benefits of digital transformation; an integrated policy approach combining digital connectivity, relevant human-capital development, and productive investment is required.
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‘CUSUM of Squares Test for Parameter Stability of the Fixed-Broadband ARDL Mode
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