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ABSTRACT

This study examines the impact of COVID-19 on labour productivity in Western sub-Saharan African
countries, focusing on digitalisation and health expenditure. A balanced panel comprising 19 selected
countries over 24 years from 2000 to 2023 was selected and, using an appropriate technique confirmed by
the Hausman test, the study found that, at the 5% level of significance, digitalisation had been gradually
contributing to labour productivity in the region. However, this improvement was eroded entirely by the
COVID-19 pandemic. There were improvements in health expenditure to enhance labour productivity
during and after the COVID-19 era. The study further revealed that at 5% level of significance, health
expenditure had been weakening labour productivity in the region before the pandemic. However, there
were improvements in health expenditure aimed at boosting labour productivity during and after the
COVID-19 era. Based on the findings of this study, it is recommended that the Government subsidise the
acquisition and installation costs of digital technology for small-scale firms in countries in the SSA
region. Also, Health expenditures should be monitored appropriately to avoid waste and leakage, ensuring
their intended goals are achieved and sustained.
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1.0 INTRODUCTION

The onset of the COVID-19 pandemic in early 2020 precipitated an unprecedented global economic
disruption, severely affecting labour markets and productivity. In sub-Saharan Africa (SSA), the labour
market was already characterised by informality, underemployment, and low productivity, making the
region particularly vulnerable to the pandemic shock (International Labour Organisation [ILO], 2022).
The pandemic’s containment measures, including lockdowns, workplace closures and mobility
restrictions, resulted in significant working-hour losses and sharp declines in employment, thereby
exerting downward pressure on labour productivity (ILO, 2022; Danquah etal.,, 2020). These
circumstances set the stage for a deeper inquiry into how the pandemic has impacted labour productivity,
specifically in the western region of SSA, where the interplay of informal employment, weak social
protection mechanisms and disrupted supply chains presents unique challenges.

Labour productivity, typically measured as output per worker or output per labour hour, is a key
determinant of economic growth, living-standards and competitiveness. Prior to the pandemic, SSA’s
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productivity growth lagged behind global averages owing to structural constraints such as limited
investment in human capital, poor health outcomes and dependence on low-value-added sectors (Mobosi
etal., 2022). The COVID-19 shock not only disrupted incomes and employment but also triggered health
burdens that further depressed productivity: for instance, a 1 % increase in health-burden indicators was
found to reduce labour productivity by between 12 % and 19 % depending on the income-group of
countries in Africa (Mobosi etal., 2022). Hence, investigating the pandemic’s impact on labour
productivity in the western region of SSA is both timely and essential for understanding the setbacks to
sustainable development.

Within the western region of sub-Saharan Africa, the labour market features distinct characteristics: a
high share of informal employment (Abeke et al., 2025), limited digital infrastructure (Abdulazeez et al.,
2022), and heavy reliance on agriculture and small-scale trade (Abubakar et al., 2025; Magaji et al.,
2024). Empirical evidence from four African countries (including Nigeria) shows that in the first wave of
the pandemic, up to 38 % of workers in one country reported having stopped work because of COVID-19
containment measures, with urban informal jobs being hit hardest (Weber, Palacios-LOpez
& Contreras-Gonzalez, 2020). The western region’s labour productivity may thus have been more
severely disrupted than in other regions, due to the interplay of informality, limited remote working
capacity, and narrower social safety nets.

The pandemic also offers important lessons for policy, resilience and future preparedness in the Western
sub-Saharan context. For example, evidence indicates that access to the internet and digital tools
significantly influenced productivity outcomes during the pandemic in Nigeria: internet availability was
one of the strongest predictors of whether a worker maintained productivity (Ogun et al., 2022).
Additionally, lockdown-related income and employment shocks forced households into extreme poverty,
eroding their labour capacity and resilience (Teachout & Zipfel, 2020). These findings suggest that
enhancing digital infrastructure, reinforcing social protection, and building resilient labour markets are
crucial lessons for the region as it transitions from crisis to recovery.

In light of these dynamics, this study seeks to assess how the COVID-19 pandemic affected labour
productivity in the western region of sub-Saharan Africa, what lessons can be drawn, and how policy
responses might be tailored to support recovery and sustainable productivity growth. By focusing on this
specific region, the research acknowledges the heterogeneity within SSA and aims to generate context-
specific insights rather than broad generalisations. The outcome is expected to provide researchers,
policymakers, and practitioners with a deeper understanding of the productivity impact of COVID-19 and
the measures required to mitigate similar shocks in the future.

2.0 Literature Review and Theoretical Framework

2.1 Conceptual Review

2.1.1 COVID-19 Pandemic

The COVID-19 pandemic, caused by the novel coronavirus SARS-CoV-2, emerged in late 2019 and
rapidly evolved into a global public health crisis, profoundly affecting socio-economic systems
worldwide. Beyond its health implications, the pandemic disrupted economic activities through
lockdowns, travel restrictions, and social distancing measures, which significantly constrained the
movement of goods and labour, disrupted supply chains, and triggered sharp declines in employment and
income (Nicola et al., 2020; World Health Organisation [WHQ], 2020; Magaji et al., 2022a). In sub-
Saharan Africa the pandemic exacerbated existing vulnerabilities, including high levels of informal
employment (Adekoya et al., 2025), limited healthcare infrastructure (ljoko et al., 2021; Ismail et al.,
2024), and fragile social protection systems, highlighting the region's susceptibility to both health and
economic shocks (Danquah et al., 2020). The COVID-19 pandemic thus represents not only a public
health emergency but also a catalyst for socio-economic transformation and resilience-building in labour
markets and governance systems.
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2.1.2 Labour Productivity

Labour productivity refers to the amount of output produced per unit of labour input, commonly measured
as output per worker or output per hour worked. It is a key determinant of economic growth,
competitiveness, and living standards, reflecting the efficiency with which labour resources are utilised in
the production process (OECD, 2020). Productivity is influenced by factors such as skills (Magaji et al.,
2025), technology adoption (Dickson et al., 2025), health and workplace conditions (Bitrus et al., 2025),
and macroeconomic stability (Magaji et al., 2022b). In the context of the COVID-19 pandemic, labour
productivity in sub-Saharan Africa was adversely affected due to widespread business closures,
disruptions in work processes, reduced working hours, and the health impacts of the virus itself,
especially in regions with high levels of informal employment and limited access to remote working
technologies (ILO, 2022; Mobosi et al., 2022). Understanding labour productivity during crises like
COVID-19 is essential for designing interventions that mitigate economic losses and promote sustainable
employment recovery.

2.2 Theoretical Review

2.2.1 Human Capital Theory

Human Capital Theory posits that the productivity of individuals and, by extension, the economy, is
primarily determined by investments in the health, education, skills, and knowledge of the workforce
(Becker, 1993). In the context of the COVID-19 pandemic, this theory is particularly relevant because the
health shock disrupted workers' physical and mental well-being, reduced their capacity to perform
effectively, and highlighted the critical link between workforce health and labour productivity (Mobosi et
al., 2022; ILO, 2022). Moreover, the pandemic emphasised the importance of skills and adaptability, as
employees with digital competencies were better able to maintain productivity in remote work settings.
By applying Human Capital Theory, the study can explore how investments in workforce health, safety,
and skills development may mitigate productivity losses during crises and enhance labour market
resilience in the western region of sub-Saharan Africa.

2.3 Empirical Review

Karacuka, Myovella, and Haucap (2024) examined the impact of digitalisation on labour productivity
across 40 sub-Saharan African economies from 2006 to 2021 using a composite digitalisation index.
Using generalised least squares (GLS) and system generalised method of moments (GMM), the study
assessed productivity effects across the agricultural, manufacturing, and service sectors. Their findings
indicated a weak overall relationship between digitalisation and labour productivity; however, sector-
specific analysis revealed that digitalisation positively influenced productivity in agriculture and
manufacturing, while a productivity paradox was observed in the service sector, where digitalisation even
negatively affected productivity.

Beyene, Beyene, and Sore (2023) examined the role of digital technology on labour productivity across
33 sub-Saharan African countries between 2010 and 2020, using a one-step system GMM approach. The
study reported that digital technology significantly improved labour productivity in the short run, with
lagged productivity also positively influencing current productivity. Conversely, inflation, general
government final consumption expenditure, and foreign direct investment negatively impacted growth.
Long-term analysis confirmed digital technology’s persistent positive effect, while the negative influences
of inflation, government expenditure, and foreign direct investment persisted. The authors recommended
increasing investment in digital technology and establishing clear policies to manage macroeconomic
factors to sustain productivity improvements.

Mobosi, Okonta, and Nwankwo (2023) assessed the impact of health burdens on labour productivity in
Africa’s middle- and low-income economies during the COVID-19 pandemic. Using Common Correlated
Effects (CCE) estimation for a panel of 45 African countries from 1990 to 2020, the study found that the
pandemic exacerbated morbidity and mortality, significantly reducing productivity. Specifically, a 1%
increase in health burden corresponded to a 13% decrease in labour productivity in upper-middle-income
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countries, a 17% decrease in lower-middle-income countries, and a 19% decrease in low-income
countries. Low- and lower-middle-income nations bore the most significant negative impact due to
inadequate health systems, highlighting the critical link between health crises and labour productivity.
Klaas and Ark (2023) investigated the short-term disruptions and long-term implications of the COVID-
19 pandemic on productivity in France, the UK, and the US in 2020. Using industry-level quarterly data,
the study distinguished productivity changes due to within-industry gains from those due to reallocation
of working hours across industries. While aggregate output per hour increased, only the US showed
positive within-industry productivity growth after adjustments. European countries exhibited negative
within-industry growth, with digital-intensive industries outperforming others in France and the UK. The
findings suggest that future productivity trends will depend on whether gains in digitally intensive sectors
can offset pandemic-related losses, particularly in severely affected industries like hospitality and culture.
Ayaga, Nomor, Obute, and Ngutsav (2023) analysed the relationships between health expenditure, labour
productivity, and economic growth in Nigeria using SVAR models on secondary data from 1986 to 2022.
Results indicated that health expenditure positively influenced labour productivity, although
insignificantly in the short run, while labour productivity also had a negligible short-run effect on
economic growth. Variance decomposition analysis showed that health expenditure was a stronger
predictor of economic growth than labour productivity in the short term. The study concluded that
increased, more efficient investment in healthcare is essential to boost labour productivity and sustainable
growth in Nigeria.

Onuoha (2022) examined the effects of digitalisation on labour in Africa, highlighting social
interventions, structural inequalities, and policy gaps. The study noted that disparities in digital skills and
access shifted bargaining power toward digital companies, often resulting in reduced wages and
constrained worker autonomy. Precarious working conditions in gig work, dependence on technology,
and inconsistent power and internet access were significant barriers. Despite regulatory gaps, African gig
workers demonstrated resilience by employing subtle strategies to navigate digital labour challenges. The
study emphasised the need for targeted policy interventions to foster inclusive digital labour markets and
accelerate socio-economic development in the region.

2.4 Gap in Literature

Based on the reviewed empirical studies, a clear research gap emerges regarding the interplay among
health crises, digitalisation, and labour productivity in the western region of sub-Saharan Africa. While
Karacuka et al. (2024) and Beyene et al. (2023) highlight the positive role of digital technology on labour
productivity across sectors in SSA, and Mobosi et al. (2023) and Ayaga et al. (2023) emphasise the
adverse impact of health burdens on productivity, no study has comprehensively examined how the
COVID-19 pandemic simultaneously affected labour productivity through both health-related shocks and
digitalisation dynamics in this specific region. Additionally, Onuoha (2022) underscores the structural and
policy challenges in the digital labour market but does not link these constraints to pandemic-induced
productivity disruptions. Consequently, there is a lack of integrated empirical evidence on how health
crises and digital adoption jointly influenced sectoral labour productivity in the western sub-Saharan
context during COVID-19, creating a critical gap for targeted policy interventions to enhance labour
market resilience and productivity recovery.

3.0 METHODOLOGY

3.1 Research Design

Research design is the structure or plan a researcher uses to conduct a study. Hence, the purpose of this
study is to analyse the impact of the COVID-19 pandemic on labour productivity with special interest in
digitalisation and health expenditure in Sub-Saharan Africa, focusing on the Western region. The study
focused on the entire 19 countries within the Western region of Sub-Saharan Africa. The research design
used in this study is an ex-post facto design. It is a design that predicts the effect of one variable (the
independent variable) on another (the dependent variable).
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Quantitative panel research is found to be suitable and appropriate for this study, as the study focuses on
different countries in the Western region of SSA. In this study, a quantitative research approach is used.
Secondary data are collected and analysed using the E-Views 10 econometric package. Quantitative
research is a systematic investigation of observable phenomena using statistical, computational, or
mathematical techniques (Given 2018). The ex post facto design is appropriate because the study
examines how independent variables affect dependent variables. This method is popular among
researchers due to its ease of obtaining data (Sekeran, 2020). The collected data were analysed using
panel data techniques at the 5% level of significance.

3.2 Model Specification

This study adapted the work of Usman & Abubakar (2022), who used Panel data analysis to examine the
effect of the pandemic on the productivity of African countries, with modifications. The model is stated
thus:

LPi = Bo + Blcovn + ﬁzUNPit + BzGDPit seit (3.1)

(GDP) Here | represent each country or each cross-sectional unit, and t represents the time. In the above
model, B0 is the constant term, which is not correlated with the right-hand side variables. His primary
variable of interest is the COV (COVID-19); the variable UNP (Unemployment) is the control variable,
and ¢ is the error term.

The above model is therefore modified and technically written by including variables that will capture the
objectives of our study as follows:

LPit=a+p1COVIDImpactit+p2Digitalizationit+p3HealthExpendit+yi+dt+eit

LP, = a + ,CVDIMP, + B,DIGT,, + B;HETEXP, + y, (3.2)
Where:

LP,, = Labour productivity in countries at time t.

CVDIMP, = Avariable representing the severity of the COVID-19 pandemic in country i at time t.
DIGT,;, = A variable representing the level of digitalisation in country i at time t.

HETEXP,, = Avariable representing the strength of healthcare infrastructure in country i at time t.

et = Intercept

B, ... B5 = coefficients of the independent variable

. = Error term

To assess the overall impact of the COVID-19 pandemic on labour productivity in Sub-Saharan Africa,
we use a dummy variable to capture the pre- and post-COVID-19 effects on the labour productivity
function, where zero denotes the period before the COVID-19 effect and 1 denotes the period after.
Therefore, in our study, O corresponds to the period 2000 to 2019, while the period 2020 to 2023 is
assigned 1 in the dummy variable model specification.

Hence, equation (3.2) can be rewritten as:
LP, = al+ a2Di+ B,DIGT,, + B,HETEXP, + B,(DiDIGTit) + B,(DiHETEXPit) + u,
(3.3)
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The expectation of equation 3.3 is that for the period 2000 to 2019, the dummy variable is 0, and we have:
E(LP/Di=0) = @1 + 8, DIGT,, + B,HETEXP, (3.4)
The expectation of equation 3.3 is that for the period 2020 to 2023, the dummy variable is 1, and we have:
E(LPit /Di =1) =al+ a2+ (B, + B;)DIGT,. + (B,+ B,)HETEXP,, (3.5)

This model is specifically specified to achieve the study objective by addressing the research questions.
Both joint and individual analyses of the significant impact of the independent variables in this model on
labour productivity provide the framework for evaluating the study hypotheses and making
recommendations.

The model is explicitly expressed as follows:

Yit = Q; + Zlel A;}Y,t_] + z;’=01 6:]Xlt—] + U (36)
Xit is a k-dimensional vector of explanatory variables for group i; o represents the fixed-effects; the
coefficients of the lagged dependent variables, Aij, are scalars; and dij are k-dimensional coefficient
vectors. In the following, we assume that the disturbances uit, i =1,2,... N;t=1,2,...,T, are
independently distributed across i and t, with zero means, variancesc2i, and are distributed independently
of the regressors Xi.

The error correction representation of the above ARDL model is:

AV = @i+ ¢i¥ie 1+ BiXi + X0 AGAY e j + BI0850K e + wye
Where

(3.7)

¢ R (1 - Zleaij)' Bl’ = Z;’:lé‘ijl
}L: = =Y lim:

m=j+1

6:] = 25‘;1 61’771:
If we stack the time series observations for each group, (3.7) can be written as
AY; = atr + d¥ip q + XiBi + 2§'J=1IAE}'AYi,t—j + Z;’:é 00X + u;, (3.8)
3.3 Variables Discussion and Measurement
Labour Productivity:
Labor productivity is the key outcome of interest in this study. It reflects the efficiency of labor in
producing goods and services. Changes in labour productivity during the COVID-19 pandemic are crucial
for understanding the broader economic impact of the crisis.
GDP per Worker: This is a standard measure of labour productivity, calculated as the ratio of Gross
Domestic Product (GDP) to the total number of workers. It provides an overall measure of economic
output per worker.

Labour Productivity = coP

Total Number of Workers

Severity of COVID-19 Impact:

The severity of the COVID-19 impact captures how strongly the pandemic affected each country in Sub-
Saharan Africa. This variable reflects the extent of health and economic disruptions caused by the
pandemic. This variable can be measured through a composite index or individual indicators, such as
COVID-19 Deaths per Capita (The number of confirmed COVID-19 deaths per 1,000 people). We used a
dummy variable (Chow Test) in our model to capture the severity of COVID-19's impact due to data
availability.
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Digitalization:

Digitalisation refers to the adoption and integration of digital technologies in economic and social
activities. During the COVID-19 pandemic, digitalisation became critical for maintaining productivity,
enabling remote work, online education, and digital service delivery. Digitalisation can be measured using
the Internet Penetration Rate (the percentage of the population with internet access).

. A bar I " Uzar.
The Internet Penetration Rate = ~2er of Internet Users 109

Total Population
Healthcare Infrastructure:
Healthcare infrastructure is a critical determinant of a country's ability to respond to the COVID-19 health
crisis. It enhances labour productivity resilience by ensuring a healthier workforce and reducing
disruptions from illness. Healthcare infrastructure can be measured through the Health Expenditure as a
Percentage of GDP (The proportion of national income spent on healthcare, indicating the level of
investment in the health sector).

. T ! Health E. d it
Health Expenditure = ————=% :;DP”E” ETE % 100

Measuring these variables will enable a robust analysis of the factors influencing labour productivity in
Sub-Saharan Africa during and after the COVID-19 pandemic.

3.4 Nature and Sources of Data

This study used secondary data to investigate the impact of the COVID-19 pandemic on labour
productivity in Sub-Saharan Africa. The data for the countries used in the study were presented in
Appendix VIII. The study typically covered data from 2000 (pre-pandemic era) to 2023 (post-pandemic
era), providing a comprehensive analysis of the effects of COVID-19 on labour productivity over time.
This time frame captured the full scope of the pandemic's impact, from the initial outbreak to the recovery
and adjustment periods. The data collection technique for this research was panel data and was sourced
mainly from the World Development Indicators (WDI). The collected data are annual data on the
variables stated in the model above.

3.5 Method of Data Analysis

Panel regression models will be used to explore the effect of the COVID-19 pandemic on labour
productivity in selected Sub-Saharan African countries. Panel data is called multi-dimensional data as it
measures the data over time. Panel data will enable us to capture the effects of heterogeneity arising from
individual- and time-specific factors. Panel data enables us to control for omitted-variable bias. The
technique was used to critically analyse the interactions among the macroeconomic variables in this study.
In the context of panel data analysis, researchers have three primary options: pooled Ordinary Least
Squares (OLS), fixed-effects models, and random-effects models. While a debate exists between the latter
two methods, this study opts not to utilise the random effect model, favouring the fixed effect model due
to its more conservative estimation. The fixed-effect model is chosen because it effectively controls for
factors that remain constant over time, offering a more robust approach to capturing the nuances of the
dataset.

A-Priori Expectations

By theoretical postulation, we expect a1 t0 be negative, as a greater severity of COVID-19 impacts is
likely associated with lower labour productivity due to disruptions in work, health crises, and economic
contractions.

We expect B1 to be positive, as higher levels of digitalisation should enhance labour productivity,
particularly during the pandemic when digital tools and infrastructure became critical for maintaining
economic activity.

We expect B2 to be positive, as stronger healthcare infrastructure is likely to mitigate the pandemic's
negative impact on labour productivity by reducing health-related work absences and ensuring a healthier
workforce.

154



Mboyi etal. ..... Int. J. Innovative Devpt & Policy Studies 13 (4):148--166, 2025

3.6 Estimation Techniques

3.6.1 Stationarity Test

It is necessary to test stationarity in time series and panel data. In panel analysis, various unit root tests
can be adopted, including Levin, Lin, and Chu (2002), Harris and Tiao (1999), Breitung (2000), Im,
Pasaran, and Shin (2003), and the Fisher type (Choi, 2001).

In two separate studies, the IPS (1997 and 2003) presented two group means and panel unit root tests
designed against the heterogeneous alternative using the likelihood framework; they suggested the t-bar
statistics as a more flexible and computationally simpler unit root testing procedure. This test allows for
residual serial correlation and heterogeneity in the dynamics and error variances across variables.
Therefore, instead of pooled data analysis, this technique looks at the meaning (ADF) computed for each
cross-section unit in the panel when the error term is correlated, that is

Ayt = piYit1 + Zit Y + Uit (3.9)
Where 1= 1, 2,...,N is the individual observation
t=1, 2,...,T is the time series observation

zit is the deterministic component which could be zero, one, the fixed effect (ui) or fixed effect as well as
time trend (t)

uir = the stationary process

Serially, with different correlation patterns across the cross-sectional units, i.e

pi o .
Uy = 2;‘=1 Qij uit — j + £&it (3.10)

Where T and N are sufficiently large, substituting the value of u;into equation (3.5), we have.
AYit = piyie1 + Zit Y

pi o o
AYit = ogi + PiYit1 + Zi=1qol] Wb~ -8t (3.12)

The null hypothesis is stated as
Ho:p =0 foralli
As opposed to the alternate hypothesis

H, :{pi<o0 fori=1,2,....N
{Pi=0 for i = Ni+1, N142,...,.N

This allows some of the individual series to have a unit root (Barbieri, 2005). It is important to note that
to apply the IPS (2005) test tables with a correction factor, there should be an identical lag length for all
the variables and a balanced panel.

3.6.2 Panel Cointegration Test

As in the pure time-series framework, the variables in a regression function can be tested for cointegration
by applying unit-root tests of the sort suggested in the previous sections to the residuals of the estimated
regression. Unfortunately, panel unit root tests cannot be applied to the residuals in (3.2) if there is serial
correlation, that is, if E(u, X) # 0. Pedroni (2004) proposes two test statistics for models with
heterogeneous cointegration vectors. Let i; denote the regression residual of the cointegration regression.
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Pedroni considers two different classes of test statistics: (i) the ‘panel statistic’ that is equivalent to the
unit root statistic against homogeneous alternatives, and (ii) the ‘Group Mean statistic’ which is analogous
to the panel unit root tests against heterogeneous alternatives. The two versions of the t-statistic are
defined as.

panel Z,, = (c&; Ziilz:::lu;‘:t_l)_ (Z;ilz::=llti,t—1llit = TZ?LI A:), (3.12)

N T —1/2 (N
group —meanZy = 3,." | (G%thlugt_l) (Z,-=1 Uje—1Uit — Tlli)r (3.13)
Where A is a consistent estimator of the one-sided long run variance A =
ij:l E(eieir—j), e = i — Ouiz—1,6; = E (wiewie—1, ) /E(ufe_1)

1/2

o2k denotes the estimated

variance of ey and o?r= N . z:?,=1 T% Pedroni presents values of up, o, such that (Zst —u, YN)/ o, have
standard normal limiting distributions under the null hypothesis.

Using results on convergence of functional of Brownian motion, Pedroni finds the following result:

Zipnt = + 1.73 YN = N(0, 0.93)

This distribution applies to the model that includes an interception but does not include a time trend.
Asymptotic results for other model specifications are available in Pedroni (2000). The intuition on these
tests with varying slopes is not straightforward. The convergence in distribution is based on the individual
convergence of the numerator and denominator terms. Using the average of the overall test statistic makes
interpretation easier: rejection of the null hypothesis means that enough of the individual cross-sections
have statistics “far away” from the means predicted by theory, were they generated under the null.

3.6.3 Panel Causality Test

The Dumitrescu-Hurlin (DH) test will be used to test for causality. DH provides an extended test for
detecting causality in panel data. The underlying regression is written as follows:

K K
Yip=o+ Z BiYis—i + 2 AucXie—k + ez
K=1 K=1

Where Xi: and Y, are the observations of two stationary variables for individual i in period t. Coefficients
are allowed to differ across individuals (note the i subscripts attached to the coefficients) but are assumed
to be time-invariant. The lag order K is assumed to be identical across all individuals, and the panel must
be balanced.

The procedure to determine the existence of causality is to test for significant effects of past values of X
on the present value of .

The null hypothesis is therefore defined as:

HO: Ain=2Ai2=...... =Ak=0M-I=12,....... N

Which corresponds to the absence of causality for all individuals in the panel. The test assumes there can
be causality for some individuals but not necessarily for all. The alternative hypothesis thus writes:

H1 Z)xu:)uiz: ...... = 7Lik 750 V—'Z 1,2, ....... ,N

Air#Oor....... or Aik# 0 MI=N;+1, ....... N

Where N1 € [O;N -1] is unknown. If N1 = 0, there is causality for all individuals in the panel. N1 is
strictly smaller than N, otherwise there is no causality for all individuals and H; reduces to Ho.

Against this backdrop, DH propose the following procedure: run the N individual regressions implicitly
enclosed in (3), perform F-tests of the K linear hypotheses Air = Ai2 =...... = Lik =0 to retrieve Wi, and
finally compute W as the average of the N individual Wald statistics:

N
. 1
i=1
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Where Wi is the standard adjusted Wald statistic for individual i observed during T periods.1 We
emphasize that the test is designed to detect causality at the panel level, and rejecting HO does not exclude
that there is no causality for some individuals. Using Monte Carlo simulations, DH shows that W is
asymptotically well-behaved and can genuinely be used to investigate panel causality.

Under the assumption that Wald statistics Wi are independently and identically distributed across
individuals, it can be shown that the standardized statistic Z when T oo 1s first and then N 00
(sometimes interpreted as T should be large relative to N") follows a standard normal distribution:

Also, for a fixed T dimension with T > 5 + 3K, the approximated standardised statistic e Z follows a
standard normal distribution:

A N T-3k-5 [T-3k-3 ; d
L=z [T—3K—1 Gl ]m N(0,1)

2K T—-2K-3
The testing procedure of the null hypothesis in (4) is finally based on Z andZ. If these are larger than the
corresponding normal critical values, then one should reject Ho and conclude that there is causality.
For large N and T panel datasets, it can be reasonably considered. For large N but relatively small T
datasets, e Z should be favoured. Using Monte Carlo simulations, DH have shown that the test exhibits
excellent finite sample properties, even with both T and N small.

4.0 Data Presentation, Analysis And Interpretation Of Results

4.1 Data Presentation

In this study, a panel data approach was adopted. The study covered 24 years (2000 — 2023) across all 19
Western Sub-Saharan African (SSA) countries. The time-series component of the panel data exceeds the
cross-sectional component (T > N), so we have a macro panel. With macro panels, there is a natural
tendency to use the fixed-effects model. However, the appropriate test technique for the panel of this
study was assessed using the Hausman test, which confirmed the use of FEM. Further, since we have a
macro model, we need to test for unit roots and cointegration. Again, we have a balanced panel, as there is
no missing data in the sample. The analysis of the data is presented in the sub-section below, starting from
the descriptive statistics.

4.2 Data Analysis

4.2.1 Descriptive Statistics of Data

Table 4.1: The Descriptive Statistics of the Variables of the Study

PARAMETERS LP HETEXP DIGT
Mean 13618.24 4.725943 12.86842
Median 8954.000 4,200000 5.000000
Maximum 120201.0 19.69000 74.00000
Minimum 2907.000 1.110000 0.000000
Std. Dev. 17082.24 2.282526 16.07374
Skewness 3.965057 2.512985 1.620118
Kurtosis 20.04364 12.98695 5.274695
Jarque-Bera 6714.074 2374.993 297.7939
Probability 0.000000 0.000000 0.000000
Sum 6209916. 2155.030 5868.000
Sum Sq. Dev. 1.33E+11 2370.516 117556.1
Observations 456 456 456

Source.: Author s Computation (from E-Views 10 Output)
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Table 4.1 above shows the descriptive statistics of the three major variables used in this study. The
statistics described the measures of central tendencies as well as measures of dispersion for each of the
variables, hence helping to give insight into the behaviour of the variable across the region. The table
reveals that the average labour productivity in the region is $13,618.24. These further reveal that the
maximum GDP per worker is $120,201, and the minimum is $2,907. The table also shows that the
average internet penetration in the region during the period under investigation was 12.87%, ranging from
0% to 74%. This shows that the middle value of the internet users in the region is about 5%. The table
shows that the average health expenditure as % of GDP in the region is about 4.7% with the maximum
health expenditure as % of GDP at about 19.7% and the minimum health expenditure as % of GDP at
1.11%

The probability of the Jarque-Bera (J-B) statistic is statistically significant at 5%. This shows that the
variables are well-behaved. This confirms that the variables are normally distributed. This is true because,
as required, the J-B statistics for all the variables are not only positive but also far from zero.

4.2.2  Unit Root Test

Panel unit root tests were conducted on the study's variables. This is necessary because the time-series
dimension of the data structure exceeds the cross-sectional dimension. Hence, to avoid spurious
regression, unit root tests were conducted using the summary approach, which includes tests such as the
Levin, Lin & Chu, Im, Perron, and Shin, ADF-Fisher Chi-square, and PP-Fisher Chi-square. The unit root
test results are presented in Table 4.2 below.

Table 4.2: Summary of Unit Root Test Results

P-values of Test Result at Level

Variable Levin, Lin & Chu Im Pesaran & Shin ADF-Fisher PP-Fisher | Remark

LP 0.8060 0.9998 09587 0.9679 Not Stationary
DIGT 1.0000 1.0000 1.0000 1.0000 Not Stationary
HETEXP | 0.1939 0.1819 0.3101 0.0116 Not Stationary

P-values of Test Result at First Difference

LP 0.0000 0.0000 0.0000 0.0000 Stationary
DIGT 0.0008 0.0002 0.0009 0.0000 Stationary
HETEXP | 0.0000 0.0000 0.0000 0.0000 Stationary

Source: Author’s Compilation from E-Views 10 Output

The null hypothesis for the stationarity test is that the variable has a unit root. Therefore, the decision is to
reject the null hypothesis when the probability is small. That is, if p > 0.05, accept the null hypothesis
(HO0), and if p < 0.05, reject the null hypothesis (Ho). The panel unit root has many unit root test statistics.
Hence, the decision regarding the stationarity or non-stationarity of the variable depends on the majority
of the test statistics.

As shown in Table 4.2, the variable LP has all four test statistics rejecting the null hypothesis of no unit
root at the level. Hence, the decision to reject the null hypothesis at the level. This means it requires
another unit root test on the first difference. The variable LP shows that the p-values for all test statistics
are small (P < 0.05). Therefore, LP is stationary at the first difference. Clearly, the variables DIGT and
HETEXP are not stationary at the level but become stationary at the first difference.

There is a possibility of running either a random-effects or a fixed-effects model. However, according to
the rule of thumb, since the time-series dimension is greater than the cross-section dimension, we can run
the fixed-effect model. However, before running the regression, we perform the Hausman test to
determine whether to use a random- or fixed-effect model.

The null hypothesis of the Hausman test is that the Random Effect Model (REM) is appropriate.
Therefore, if the p-value is greater than 0.05, then accept the null hypothesis and go for REM; otherwise,
if the p-value is less than 0.05, then reject the null hypothesis and go for the Fixed Effect Model (FEM).
The result of the Hausman Test is presented in Appendix IV. As revealed, the p-value of the Hausman Test
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is 0.0291, which is less than 0.05. This implies that the Fixed Effect Model (FEM) is appropriate for our
study.

4.2.3 Correlation Matrix

Table 4.3 below presents the correlation matrix for the data set, showing the extent of interdependence
among the variables.

Table 4.3: Correlation Matrix Table

Variable LP DIGT HETEXP
LP 1.000000
DIGT 0.450521 1.000000
HETEXP -0.456828 -0.205950 1.000000

Source: Author’s Compilation from E-Views 10 Output

The correlation matrix determines the degree of relationships between the proxies of an independent
variable and the dependent variable. It also shows whether there is an association among the proxies of
the independent variables themselves, to detect multicollinearity in the model. The results from Table 4.3
show a 45% positive, weak relationship between labour productivity and digitalisation. Also, there is a
weak negative relationship of about 45% between labour productivity. Further, there is a weak, negative
relationship of about 20% between health expenditure and digitalisation. Since no variable shows a strong
association with another (i.e., a correlation above 50%), there is strong evidence of the absence of
multicollinearity.

We apply appropriate analytical techniques to answer our research questions and objectives. There are
many options for panel data problems. We use the Hausman test results to determine whether to adopt the
fixed-effect model (FEM) or the random-effect model (REM). We present the result in Table 4.4 below.
Table 4.4: Presentation of the Hausman Test Result

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob.

Cross-section random 5.869608 4 0.0291
Source: Author’s Compilation from E-Views 10 Output

The result of Table 4.4 shows that the p-value of the Hausman Test is small (< 0.05). This means that we
do not have enough evidence to accept the null hypothesis. We therefore reject the null hypothesis and
accept the alternative and thus conclude that FEM is appropriate than RAM.

Hence, we present the panel fixed-effect results of the model, consistent with the stationarity status, to
avoid spurious regression.

The result of the equation of the Model is presented in Table 4.5

Table 4.5: Regression Result of the Stud

VARIABLE COEFFICIENT t-Statistic P-Value
CONSTANT 147.97 14.46403 0.0000
DIGIT 40.03 2.310308 0.0108
HETEXP -327.82 -2.577058 0.0155
D_DIGIT -107.0799 -2.854701 0.0045
D HETXEP 552.9120 2.684787 0.0075
R? 0.8850

F-Statistic 151.5245

Prob (F-Stat) 0.0000

Durbin-Watson 2.04

Source: Author s Compilation from E-Views 10 Output

The result shown in Table 4.5 above reveals the pre-COVID-19 and post-COVID-19 effects of
digitalisation and health expenditure on labour productivity in the Western region of Sub-Saharan Africa.
The coefficients for the dummy variables (D_DIGIT for digitalisation and D_HETEXP for health
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expenditure) show the post-COVID effect. That is, when the dummy variable value is 1. The value shows
an increase or decrease from pre-COVID levels.

The result shows that R2 is 0.8850, indicating that about 87% of the total variation in labour productivity
during the period under review is explained by changes in digitalisation, health expenditure, and their
respective dummy variables. Just about 13% of the variation in labour productivity is unexplained in the
model. This shows a good fit of the model. Moreover, the F-statistics are statistically significant, implying
that the entire model is significant; hence, the model's results are robust and can be relied upon for policy
measures. The value of the Durbin-Watson (DW) statistic is approximately 2, implying the absence of
autocorrelation.

The result above shows the combined effect of digitalisation and health infrastructure on labour
productivity in Western Sub-Saharan African countries over the period 2000-2023. The result reveals that,
on average, digitalisation in the region contributed to increased labour productivity before the COVID-19
era, but, contrary to expectations, it shows signs of decline after the COVID-19 period. However, the
result reveals that, on average, the increase in health infrastructure did not improve labour productivity in
the region before the COVID-19 era, but shows signs of improvement after the pandemic. This is
worrisome but not unsurprising, given the earlier neglect of the health sector in the region, even though
many countries are beginning to give it attention.

The result reveals that, prior to the pandemic, digitalisation contributed positively to labour productivity,
while health infrastructure dampened labour productivity in the region. Specifically, a unit increase in
internet penetration in the region increases labour productivity by about 40 units before the COVID-19
era. On the other hand, a unit increase in health expenditure as a % of GDP reduces labour productivity in
the region by over 300 units.

However, contrary to expectations, digitalisation shows a dip in enhancing labour productivity in the
region after the COVID-19 era, as indicated by the period under study. While digitalisation contributed
positively before the pandemic, its impact after the pandemic has been negative, with a declining
contribution to labour productivity. After that period, internet penetration reduced labour productivity by
about 107 units. On the other hand, health infrastructure negatively affected labour productivity in the
region before the COVID-19 era. Even though health infrastructure had a negative impact on labour
productivity in the pre-pandemic era, its contribution improved in the post-pandemic era. Obviously,
during the post-pandemic era, total health expenditure to GDP improved labour productivity by about 552
units. The result shows that, on average, during the post-pandemic era, health expenditure has enhanced
labour productivity, with some improvement compared with the pre-pandemic era.

Table 4.6: Cross-Section Fixed Effects for the Western Region Countries of the SSA

Country C_ID Effect Average Impact on Average Rank
Benin 1 -67.84 147.97 80.13 12t
Burkina Faso 2 -77.40 147.97 70.57 16"
Cameroon 3 -26.55 147.97 121.42 gt
Cabo Verde 4 64.69 147.97 212.66 18
Chad 5 -83.64 147.97 64.33 17"
Cote D’Ivoire 6 -24.34 147.97 123.63 5
Equatorial Guinea 7 63.32 147.97 211.29 2nd
The Gambia 8 -26.50 147.97 121.47 7
Ghana 9 -12.33 147.97 135.64 4t
Guinea 10 -41.62 147.97 106.35 g
Guinea Bissau 11 -72.64 147.97 75.33 14
Liberia 12 -95.47 147.97 52.5 18"
Mali 13 -74.52 147.97 73.45 15"

160




Mboyi et al. ..... Int. J. Innovative Devpt & Policy Studies 13 (4):148--166, 2025

Mauritania 14 12.76 147.97 160.73 3
Niger 15 -98.44 147.97 49,53 19t
Nigeria 16 -25.35 147.97 122.62 6"
Senegal 17 -64.72 147.97 83.25 11
Sierra-Leone 18 -44.88 147.97 103.09 10t
'Togo 19 -69.47 147.97 78.8 13"

Source: Author’s Compilation from E-Views 10 Output

Table 4.6 above shows the influence of heterogeneous factors across countries on labour productivity. The
rank shows the order of impact across different countries. This means that, keeping digitalisation and
health expenditure constant, other country-specific factors —such as governance, institutional framework,
policy workability, and other macroeconomic factors — reduce labour productivity in the region, except
for Cabo Verde, Equatorial Guinea, and Mauritania. Cabo Verde has a more robust macroeconomic
environment and a strong institutional framework that promotes labour productivity, followed by
Equatorial Guinea and Mauritania. For instance, this shows that the level of the country-specific effect of
Cabo Verde contributes about 212.66 units to labour productivity, while keeping the average impact of
digitalisation and health expenditure in the region constant. Following Cabo Verde is Equatorial Guinea,
with 211.29 units of contribution to country-specific factors that improve labour productivity in their
country. Nigeria contributed 122.62 units to country-specific factors that improve labour productivity,
ranking 6th among the 19 Western SSA countries in the study. Regrettably, macroeconomic factors and
the institutional framework in Niger are shown to be the worst, further worsening the country-specific
influence on labour productivity.

4.2.4  Cointegration Test

The unit root test results of this study (Table 4.2) satisfy the precondition for panel cointegration. This
means that, to run for panel cointegration, none of the variables must become stationary at the level, but
all must be stationary after first differencing. Hence, with this condition, we further test the nature of the
association between labour productivity, digitalisation and health expenditure in the region. The essence
of this is to determine whether there is a long-run (or short-run) relationship between the variables. We
performed a cointegration regression and thus present the result below.

Table 4.7: Cointegration Results

Pedroni Residual Cointegration Test

Cointegration Result with no Deterministic Trend

Alternative hypothesis: individual AR coefs. (within-dimension

| Statistic Prob. | Weighted Statistic Prob.
Panel v-Statistic -0.319620 0.6254 -1.217369 0.8883
Panel rho-Statistic 0.788231 0.7847 0.252853 0.5998
Panel PP-Statistic -0.124169 0.4506 -1.834360 0.0333
Panel ADF-Statistic | -0.518001 0.3022 -2.520021 0.0059
Alternative hypothesis: individual AR coefs. (between-dimension)

| Statistic Prob.
Group rho-Statistic 2.387557 0.9915
Group PP-Statistic -1.045870 0.1478
Group ADF-Statistic -1.842242 0.0327

Cointegration Result with Deterministic Intercept and Trend
Alternative hypothesis: individual AR coefs. (within-dimension
Statistic Prob. Weighted Statistic Prob.

Panel v-Statistic -1.775099 0.9621 -0.773950 0.7805
Panel rho-Statistic 1.466459 0.9287 -0.257926 0.3982
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Panel PP-Statistic -0.806607 0.2099 -7.514585 0.0000
Panel ADF-Statistic | -0.945848 0.1721 -7.764910 0.0000
Alternative hypothesis: individual AR coefs. (between-dimension)

| Statistic Prob.
Group rho-Statistic 2.524617 0.9942
Group PP-Statistic -6.657520 0.0000
Group ADF-Statistic -3.640788 0.0001

Source: Author’s Compilation from E-Views 10 Output
Kao Residual Cointegration Test

t-Statistic Prob.
ADF -1.104040 0.1348
Residual variance 641158.5
HAC variance | 556858.6

Source: Author s Compilation from E-Views 10 Output

Table 4.7 presents the cointegration test results for the study. The cointegration test is performed using the
Pedroni panel residual cointegration test, and the result is confirmed using the Kao panel residual
cointegration test.

The null hypothesis is that there is no cointegration. As required, if the p-value is above 5%, we accept the
null hypothesis; otherwise, we accept the alternative hypothesis. The Pedroni residual cointegration test
was conducted with no deterministic trend and with a deterministic intercept and trend. Each has some
test statistics (eight) within dimensions and some (four) between dimensions.

As shown in the results, six of the eight within-dimension test statistics for no deterministic trend reject
the null of no cointegration. At the same time, two out of the three between-dimension test statistics also
accept the null hypothesis of no cointegration. Further, the cointegration result with deterministic
intercept and trend indicates that six of the within-dimension test statistics reject the null hypothesis, and
one of the three between-dimension test statistics also rejects it. In all, using the Pedroni residual
cointegration test, we do not have sufficient evidence to reject the null of no cointegration among the
variables of labour productivity, digitalisation, and health expenditure in the Western region of SSA.

To further confirm the decision, we conducted the Kao residual cointegration test. As shown, the p-value
of the ADF test statistic is above 5%, indicating that we cannot reject the null hypothesis of no
cointegration. Therefore, we conclude that no cointegration exists between labour productivity,
digitalisation, and health expenditure in the region in the short or long run. The unit root test indicates a
mere coincidence rather than cointegration.

4.3 Interpretation and Discussion of Results

The results reveal that digitalisation contributed to increased labour productivity in the region during the
pre-COVID-19 era. The contribution was about a 40-unit increase in productivity for a unit increase in the
proportion of internet users to the total population. The gradual appreciation of digitalisation in
productivity levels, however, was not sustained during the few years after the pandemic, as digitalisation
was seen to dampen productivity by about 107 units. This surprising result, that digitalisation did not
sustain its positive impact even during and after the pandemic, could be attributed to many factors in the
region. First, digitalisation has not been fully entrenched in the system in the SSA region as it has been in
the more developed countries. Therefore, it became easy to abandon the progress and benefit during the
crisis period. Second, in the region, many of the factors needed for digitalisation to work seamlessly are
inadequate. The power supply is inefficient due to intermittent network interruptions from internet service
providers. There has been a decline in labour productivity in the region. Again, the level of productivity in
the SSA region is not so dependent on technology but much on workforce. Therefore, during the
pandemic and lockdown period, it became evident that digitalisation alone could not spur productivity. As
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found by Balde, Boly, and Avenyo (2020), informal workers are more likely to lose their jobs and
experience a decrease in earnings. These findings are also found for those who work in high-risk sectors.
The overall output in the SSA is mainly the result of the aggregate of the informal sector.

The findings of this study are further supported by Beyene, Beyene, and Sore (2023), who examined the
role of digital technology on labour productivity across 33 Sub-Saharan African countries and found that
it has a significant positive effect on labour productivity in the short run. It also agrees with the findings
of Karacuka, Myovella and Haucap (2024), who found a weak association between digitalisation and
overall labour productivity. However, when sectors are analysed separately, their result reveals that
digitalisation has a positive effect on labour productivity in the agriculture and manufacturing sectors,
whereas they found evidence for the productivity paradox in the service sector, with even an adverse
effect of digitalisation on labour productivity.

Further, the results show that health expenditure has not been so impressive in improving labour
productivity in the region. Prior to the pandemic, this study found that healthcare infrastructure has, on
average, significantly dampened labour productivity. However, there was an improvement in health
infrastructure and expenditure during and after the pandemic era. Following the COVID-19 pandemic,
health expenditure has been shown to positively affect labour productivity. This explains the severe
neglect in the health sector before the pandemic. The slogan, “health is wealth has not been taken
seriously in the region in the past. Budgetary allocation to health does not seem adequate to catalyze
improved labour productivity. The poor performance of the region's health infrastructure could also
previously have been attributed to brain drain. The majority of personnel in the health sector in the region
prefer to work in other continents, where their services are better appreciated and adequately remunerated.
However, the recent contribution of health expenditure to labour productivity is a pointer that countries in
the region should prioritise health if meaningful development is to be achieved and sustained.

In line with this study's findings, Mehmood, Siddique, and Ali (2022) found that health expenditures
significantly and positively influence productivity in South Asian countries. Further, studies in Sub-
Saharan Africa also support our prior findings before the pandemic. Ayaga, Nomor, Obute, and Ngutsav
(2023) observed that in the short run, health expenditure has a positive but insignificant relationship with
labour productivity in Nigeria. Further, Adegoke, Mbonigaba, and George (2022) reveal negative
relationships between health expenditure and TFP, and between health expenditure per capita and TFP, in
SSA countries. Education and other non-health factors, such as Information and Communication
Technology (ICT) and control of corruption, also have a significant positive impact on TFP.

4.4 Implications of Findings

The findings of this study reveal that, during the pre-COVID-19 pandemic era, digitalisation gradually
gained momentum, improving labour productivity in the region. The impact of digitalisation was
frustrated during the COVID-19 era, and this has not been fully redeemed even after a few years of
pandemic relaxation. The primary factor is the level of development in the region and the extent of the
need for digital technology in our production system. Production in the region is essentially on small-
scale aggregates that require little or no digitalisation. Further, the operationalisation of digital technology
requires certain conditions, such as a stable power supply and uninterrupted internet service.
Unfortunately, these conditions are not easily met by the aggregate small-scale firms in the region,
thereby frustrating the robust impact digitalisation would have on labour productivity. The cost of
acquiring and operating digital assets is such that, on average, many production units in the region would
want to invest but cannot because of the impact of such a cash outlay on their capital structure and
businesses at large.

Another revelation from the study is that health infrastructure dampens labour productivity in the region
in the pre-pandemic period but significantly boosts it in the post-pandemic era. There was a noticeable
improvement in health infrastructure and labour productivity during and after the pandemic era. This
implies that there was misallocation of health expenditure and a certain level of nonchalant attitude
toward monitoring the extent to which health expenditures could impact labour productivity. This is
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because during the pandemic, more attention was given to health expenditures, which improved labour
productivity. The implication is that leakages that encourage waste and misapplication of funds towards
achieving crucial health-sector goals were tightened, and policies were strengthened to prevent such
leakages.

4.5 Evaluation of Research Hypotheses

Our hypothesis, stated in section 1.5, is evaluated thus:

45.1 Evaluation of Research Hypothesis One

HO.: The level of digitalisation has no significant influence on labour productivity in the Western region
of Sub-Saharan Africa before and after the COVID-19 pandemic.

HO0a:: The level of digitalisation has a significant influence on labour productivity in the Western region of
Sub-Saharan Africa before and after the COVID-19 pandemic.

Decision

To test hypothesis one, we consider the p-values reported in Table 4.5. Here are the p-values of DIGT,
which show that basically the effect of digitalisation on labour productivity in the Western region of Sub-
Saharan Africa before COVID-19 is 0.0000, which is less than the 0.05 level of significance. Further, the
p-value of D_DIGIT, which shows the dummy variable effect of the post-COVID-19 era, is 0.0045, which
is less than the 0.05 level of significance. Since the p-values are small, we do not have enough evidence to
accept the null hypothesis. We therefore reject the null hypothesis and conclude that the level of
digitalisation significantly influences labour productivity in the Western region of Sub-Saharan Africa
before and after the COVID-19 pandemic.

4.5.2 Evaluation of Research Hypothesis Two

HO: Healthcare infrastructure has no significant effect on labour productivity in the Western region of
Sub-Saharan Africa before and after the COVID-19 pandemic.

HO.2: Healthcare infrastructure has a significant effect on labour productivity in the Western region of
Sub-Saharan Africa, both before and after the COVID-19 pandemic.

Decision

Again, to test hypothesis two, we consider the p-values for the variable health infrastructure (HETEXP)
during the pre-COVID-19 era and for D_HETEXP, the dummy variable for the post-COVID-19 era, in
Table 4.5. Here, the p-value of HETEXP is 0.0000 (< 0.05) and the p-value of D_HETEXP is 0.0075
(<0.05). With this, we reject the null hypothesis and accept the alternative hypothesis. Thus, we conclude
that healthcare infrastructure has a significant effect on labour productivity in the Western region of Sub-
Saharan Africa, both before and after the COVID-19 pandemic.

4.5.3 Evaluation of Research Hypothesis Three

HOs: There is no specific-country effect of digitalisation and healthcare infrastructure on labour
productivity in the Western region of Sub-Saharan Africa.

HO0.: There is no specific country effect of digitalisation and healthcare infrastructure on labour
productivity in the Western region of Sub-Saharan Africa.

Decision

To test hypothesis three, we consider the Hausman Test result in Table 4.4. The result of Table 4.4 shows
that the p-value of the Hausman Test is small (< 0.05). The implication is that the specific factors of
different countries are significant. With this, we do not have enough evidence to accept the null
hypothesis. We reject the null hypothesis and accept the alternative hypothesis. We therefore conclude
that there is a specific-country effect of digitalisation and healthcare infrastructure on labour productivity
in the Western region of Sub-Saharan Africa.

5.0 CONCLUSION AND RECOMMENDATIONS

The study concludes that labour productivity in the Western region of Sub-Saharan Africa is significantly
influenced by both digitalisation and health-related factors, and that the COVID-19 pandemic disrupted
prior productivity gains. While digitalisation gradually boosted labour productivity before the pandemic,
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the COVID-19 shock eroded these gains due to an underdeveloped digital infrastructure, unstable power
supply, and limited internet access. Conversely, health expenditure, which had previously had a limited or
even adverse effect on labour productivity, demonstrated a more positive impact during and after the
pandemic, suggesting that investments in health infrastructure can enhance workforce efficiency in crisis
periods. Furthermore, country-specific interventions, as observed in Cabo Verde, Equatorial Guinea, and
Mauritania, indicate that focused attention on digitalisation and health systems can yield measurable
improvements in labour productivity, underscoring the importance of targeted national strategies.

Based on the findings, several policy measures are recommended to strengthen labour productivity in the
region. First, governments should subsidise the acquisition and deployment of digital technologies,
particularly for small- and medium-sized enterprises, to enhance digital adoption across sectors. Second,
internet service providers must invest in modern infrastructure to ensure stable, reliable, and affordable
internet connectivity for all users. Third, substantial and consistent investment in the power sector is
critical to support both digital and industrial activities and ensure uninterrupted operations. Lastly, health
expenditures should be closely monitored and efficiently managed to avoid leakages, ensuring that
resources effectively enhance workforce health and productivity. Collectively, these interventions can
help the Western region of SSA recover lost productivity from the pandemic and build resilience against
future disruptions.
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