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Abstract

This paper examines how innovation heterogeneity is associated with employment struc-
ture among firms in Sub-Saharan Africa (SSA). While innovation is often promoted as a
pathway to job creation, its employment implications remain contested, particularly in
contexts marked by resource constraints, weak infrastructure and uneven skills supply.
Using firm-level data from the World Bank Enterprise Survey and the Innovation Follow-up
Survey, the study investigates five types of innovation (product, process, organisational,
incremental and radical) across five employment outcomes, including total, permanent,
temporary, skilled and unskilled employment. Kernel propensity-score matching is used to
reduce observable selection bias, with nearest-neighbour matching applied as a robustness
check. The findings show that innovation is not uniformly related to employment. While
product innovation is mainly linked to permanent and total employment, process innova-
tion is associated with broader employment outcomes. Organisational innovation is more
strongly connected to structured, skill-oriented employment than to unskilled employment.
Incremental innovation shows the most inclusive employment pattern, whereas radical
innovation is largely skill-selective and does not translate into broad-based employment
gains. These empirical findings suggest that employment-oriented innovation policy in
Sub-Saharan Africa should support adaptive innovation, while complementing advanced
innovation with skills development.

Keywords: innovation; employment structure; propensity-score matching; Sub-Saharan
Africa

1. Introduction

Innovation is widely regarded as an important mechanism through which firms renew
their competitive position, improve operational efficiency and respond to changing market
conditions (Ungerman et al., 2018; Baldz et al., 2023; Agazu & Kero, 2024). However, the
relationship between innovation and employment remains theoretically and empirically
contested. Innovative firms may report higher employment levels when new products are
associated with market expansion, when improved processes support greater production
capacity or when organisational changes strengthen firms’ ability to coordinate a larger
workforce. At the same time, innovation may be associated with lower or differently
structured employment where efficiency improvements reduce reliance on routine labour,
where new technologies complement skills or where organisational restructuring changes
the composition rather than the overall level of employment (Santoleri, 2020; Zhu et al.,,
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2021; Arenas Diaz et al., 2024). The relationship between innovation and employment
should therefore not be assumed to be uniformly positive or negative. It may vary according
to the type of innovation adopted, the category of workers considered and the institutional
and productive environment in which firms operate (Schumpeter, 1942; Vivarelli, 2014;
Harrison et al., 2014).

This issue is particularly relevant in Sub-Saharan African (SSA) countries, a region
widely recognised for limited employment opportunities, high informality, persistent under-
employment, poor skill development and sluggish structural transformation. Innovation
is increasingly promoted as part of strategies to strengthen productivity, competitiveness
and firm development across the region (International Labour Organization, 2023; African
Union Commission & OECD, 2024). Nevertheless, the employment characteristics of in-
novative firms may differ substantially from those of non-innovative firms. Some forms
of innovation may be associated with higher levels of permanent or skilled employment,
while others may show weaker relationships with temporary or unskilled employment. Ex-
amining employment composition is therefore important because development concerns in
SSA extend beyond the number of workers employed to include the stability, inclusiveness
and skill content of employment.

Despite the growing interest in the relationship between innovation and employment,
much of the existing evidence comes from advanced economies (Evangelista & Vezzani,
2012; Harrison et al., 2014). Firms in SSA operate under different conditions, including
limited access to finance, weak infrastructure, uneven skills supply and lower technological
capabilities. These conditions may shape both innovation and employment structure
differently from what is observed in more developed economies (Ayyagari et al., 2011;
Cirera & Maloney, 2017; Cirera & Sabetti, 2019). Although some recent studies (Avenyo
et al., 2019; Medase & Wyrwich, 2022; Naidoo et al., 2022) have examined innovation and
employment in African firms, evidence from the region remains limited, particularly on
how innovation is associated with different forms of employment.

A further limitation indicates that existing literature has largely concentrated on
product and process innovation, while giving less attention to organisational innovation
and differences in the novelty of innovation. This narrow focus may conceal important
variations, because different forms of innovation may be associated with employment
through different channels, including market expansion, production adjustment, work-
place reorganisation and changing skill requirements (Harrison et al., 2014; Vivarelli, 2014;
Calvino & Virgillito, 2018). Incremental innovation supports employment through gradual
improvements that allow firms to expand without major disruption. Radical innovation,
by contrast, often requires new technical capabilities and may, therefore, increase demand
for skilled labour, while offering weaker prospects for less-skilled workers. Treating inno-
vation as a single construct or limiting the analysis to product and process innovation risks
overlooking these distinct employment channels.

Lastly, employment is commonly treated as an aggregate outcome, even though
innovation may be associated differently with permanent, temporary, skilled and unskilled
workers. This is particularly important in SSA, where the development concern is not only
the level of employment, but also its stability and skill composition. A firm may expand
permanent employment but reduce temporary jobs; it may increase skilled employment
while leaving unskilled employment unchanged; or it may raise total employment without
improving job stability. For SSA, where the challenge is not only to create employment but
also to improve the quality and inclusiveness of employment, it is important to distinguish
between total, permanent, temporary, skilled and unskilled employment outcomes. This
distinction allows the current study to examine whether innovation contributes to broad-
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based employment expansion or whether its benefits are concentrated among particular
groups of workers.

This study addresses the above discussed gaps by examining how five forms of innova-
tion are associated with different employment outcomes among firms in selected SSA countries.
The analysis is based on firm-level data from the World Bank Enterprise Survey and Innova-
tion Follow-up Survey covering selected SSA countries. This setting provides an important
empirical context because it allows the study to examine the innovation-employment
nexus in economies where innovation policy is increasingly framed as a development
strategy, but where the labour market consequences of firm-level innovation remain
insufficiently understood.

The study addresses the following research question: How are different forms of
innovation associated with total, permanent, temporary, skilled and unskilled employment
among firms in SSA? By linking innovation heterogeneity with employment disaggregation,
the question provides a unified framework for examining whether employment patterns
differ across innovation types and worker categories within the SSA context.

The paper makes three contributions to the innovation and employment literature. The
main contribution lies in examining innovation heterogeneity and employment composition
together within a regional context where evidence remains comparatively limited. First, the
study provides firm-level evidence from SSA, a region that remains underrepresented in
studies of innovation and labour market outcomes. To be precise, the employment effects
of innovation are likely to be shaped by the institutional and productive structures of the
economy in which firms operate. Second, the paper broadens the analysis beyond the
conventional product—process distinction by incorporating organisational, incremental and
radical innovation. This allows us to capture more nuanced innovation pathways and their
distinct implications for labour demand. Third, the paper disaggregates employment into
total, permanent, temporary, skilled and unskilled categories. This enables a more detailed
assessment of whether innovation generates inclusive employment gains or whether its
benefits are concentrated in more stable or more skill-intensive forms of work. This
distinction is relevant for policy making. If innovation mainly benefits skilled or permanent
workers, innovation policy should be complemented by skills development and labour
market interventions to avoid widening existing inequalities. If certain types of innovation
support broader employment growth, policy can target those innovation activities as part
of a wider strategy for inclusive structural transformation.

The remainder of the paper is structured as follows. Section 2 presents the theoretical
framework and develops the hypotheses. Section 3 describes the methodology, including
the data, sample, variable measurement and empirical strategy. The subsequent sections
present the results, robustness checks, implications and limitations of the study.

2. Theoretical Framework

This study draws on the Schumpeterian creative destruction theory and the Skill-
Biased Technological Change (SBTC) theory to explain why different forms of innovation
may generate different employment outcomes across firms and worker groups (Schumpeter,
1934, 1942; Acemoglu, 1998; D. H. Autor et al., 2003). The Schumpeterian theory views
innovation as a process through which firms introduce new products, production methods
and organisational arrangements that may renew markets and alter existing production
structures (Schumpeter, 1934, 1942). Product innovation might be associated with higher
employment where new or improved products increase sales and encourage firms to
expand production capacity (Bogliacino & Vivarelli, 2012; Harrison et al., 2014; Van Roy
et al., 2018). Process innovation has a less certain employment association because it
operates through competing channels. It may reduce labour requirements when new
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production methods substitute for workers, but it may also be associated with higher
employment when efficiency gains reduce costs, remove production constraints, and
support output expansion (Pianta, 2005; Harrison et al., 2014; Vivarelli, 2014; Cirera &
Sabetti, 2019). Organisational innovation could influence employment through changes in
workplace practices, managerial systems and labour coordination, thereby affecting both
the level and composition of employment (Damanpour, 1991; Lam, 2005; OECD, 2018).

The SBTC theory complements the Schumpeterian argument by explaining why
innovation may affect skilled and unskilled workers differently. The central argument is that
technological change often complements skilled labour, while reducing the relative demand
for routine or less-skilled work (Griliches, 1969; Berman et al., 1994; Acemoglu, 1998; Goldin
& Katz, 1998). D. H. Autor et al. (2003) further show that technology tends to substitute
routine tasks, while complementing non-routine cognitive and problem-solving tasks. This
argument is relevant for the study because innovation may increase total employment,
while still changing the composition of employment in favour of skilled workers.

The SBTC perspective is especially relevant for radical and process innovation. Radical
innovation may require new technical, managerial and learning capabilities, which can
increase demand for skilled workers and reduce the relative importance of routine labour
(Acemoglu, 2002; D. H. Autor et al., 2006; Piva & Vivarelli, 2018). Process innovation may
also be skill-biased where improved production systems require workers who can operate,
maintain or adapt new technologies (Berman et al., 1998; Conte & Vivarelli, 2011). Incremen-
tal innovation, by contrast, may be less disruptive because it improves existing products,
services or processes without necessarily transforming the firm’s production structure.
It may therefore generate broader employment effects, in which gradual improvements
support firm expansion without sharply altering the skill composition of labour demand
(Dosi, 1982; Heidenreich & Kraemer, 2016).

In the SSA context, the differentiation between incremental and radical innovation is
critical. Due to financial, infrastructural and skills constraints, many firms in the region
innovate through adaptation, imitation, learning-by-doing and gradual improvement (Bell
& Pavitt, 1993; Fagerberg et al., 2010; Cirera & Maloney, 2017). Consequently, innovation in
this environment is less about creating entirely new-to-the-world technologies and more
about context-specific upgrades. Incremental innovation is generally compatible with
existing technologies, workforce skills and organisational routines and may therefore be
associated with a broader employment structure. By contrast, radical innovation involves
a greater departure from existing products, technologies or practices and may require
stronger technical capabilities, absorptive capacity and organisational adjustment (Dosi,
1982; Tushman & Anderson, 1986; Henderson & Clark, 1990; Aghion & Howitt, 1992). In
resource-constrained SSA firms, however, radical innovation should be understood relative
to the firm’s existing technological and market position. Even where an innovation is not
globally novel, greater novelty to the firm or market may still require more specialised
skills and may consequently be associated more strongly with skilled employment than
with temporary or unskilled employment.

2.1. Literature Review and Hypothesis Development

Building on the Schumpeterian and SBTC perspectives, the literature review examines
whether the employment associations of innovation vary across innovation types and
worker categories. Existing studies show that innovation may be associated with em-
ployment through several channels, including market expansion, production adjustment,
workplace reorganisation and changes in skill requirements (Pianta, 2005; Vivarelli, 2014;
Dachs & Peters, 2014; Harrison et al., 2014; Calvino & Virgillito, 2018). These relationships
may be particularly context-dependent in SSA, where firms operate under financial, in-
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frastructural, technological and skills constraints that can influence both innovation and
employment outcomes (Ayyagari et al., 2011; Goedhuys & Sleuwaegen, 2016; Cirera &
Maloney, 2017; Cirera & Sabetti, 2019). Although emerging evidence examines innovation
and employment among African firms, knowledge of how different innovation types relate
to disaggregated employment outcomes remains limited (Avenyo et al., 2019; Medase
& Wyrwich, 2022; Naidoo et al., 2022). The following subsections therefore review the
evidence for each innovation type and develop hypotheses concerning total, permanent,
temporary, skilled and unskilled employment.

2.1.1. Product Innovation and Employment Outcomes

Product innovation is commonly associated with higher employment through the
demand-expansion channel. New or improved products may be linked to higher sales,
wider market reach and stronger firm competitiveness, which may correspond with in-
creased labour demand (Harrison et al., 2014; Dachs & Peters, 2014; Van Roy et al., 2018).
Harrison et al. (2014), using comparable firm-level evidence from four European coun-
tries, report that product innovation is associated with higher employment where sales
from new products expand demand. Dachs and Peters (2014) similarly find that product
innovation has a more consistent positive relationship with employment than process
innovation, while Van Roy et al. (2018) identify a positive association between innovation
and employment growth among European patenting firms.

Evidence from developing economies points in a similar direction, although the associ-
ations may differ across labour categories. Crespi et al. (2019) find a positive association be-
tween product innovation and employment among Latin American firms, mainly through
demand expansion. Avenyo et al. (2019) report that innovation is positively associated with
labour demand among African firms, while Goedhuys and Sleuwaegen (2016) find that
innovative manufacturing firms are associated with higher employment despite financial
and technological constraints. In Nigeria, Medase and Wyrwich (2022) identify a positive
relationship between innovation and employment growth, while Naidoo et al. (2022) report
positive employment associations among South African firms. These findings suggest
that product innovation could be particularly relevant to SSA firms as new or improved
products may be associated with market expansion and higher employment levels.

However, product innovation may not be associated equally with all employment
categories. Where new products require technical, managerial or quality-control capabili-
ties, the association may be stronger for skilled workers (Machin & Van Reenen, 1998; De
Elejalde et al., 2015; Crespi et al., 2019). Where product expansion remains labour-intensive,
it could also be associated with semi-skilled and unskilled employment (Crespi et al., 2019;
Avenyo et al., 2019). Product innovation might also be more closely related to permanent
employment where firms anticipate sustained demand, whereas its relationship with tem-
porary employment could depend on whether demand is uncertain or short-term. Based
on these arguments, the following hypothesis is proposed.

H1. Product innovation is positively associated with total and permanent employment among firms
in SSA.

2.1.2. Process Innovation and Employment Outcomes

Process innovation has a more ambiguous effect on employment because it operates
through both labour-saving and labour-expanding mechanisms. It could correspond to
lower labour demand whereby improved production techniques, automation or delivery
systems allow firms to produce the same output with fewer workers (Evangelista & Pianta,
1996; Pianta, 2005; Vivarelli, 2014; Bessen, 2019). Conversely, it might be associated with
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higher employment, given that efficiency gains may reduce costs, strengthen competitive-
ness and support output expansion (Harrison et al., 2014; Cirera & Sabetti, 2019; Crespi
et al., 2019).

Moreover, the employment pattern associated with process innovation depends partly
on the form of production adjustment involved. Where process innovation requires ad-
vanced equipment, technical monitoring or problem-solving capabilities, it is likely to be
more strongly associated with skilled employment. However, many firms in SSA countries
adopt process improvements through better equipment use, improved workflows, deliv-
ery systems and reductions in operational bottlenecks, rather than extensive automation.
Where such improvements support the expansion of labour-intensive production, they
may also be associated with unskilled employment. The relationship with temporary
employment may be weaker because process changes are often embedded in continuing
production systems and may depend more on permanent workers with firm-specific expe-
rience. These competing mechanisms provide a more precise basis for expecting process
innovation to be associated with both skilled and unskilled employment, while recognising
that the relationship may differ across employment categories.

The empirical literature reflects this ambiguity. Harrison et al. (2014) report that pro-
cess innovation could be related to higher employment, when productivity improvements
are accompanied by output expansion, although the relationship is less direct than for
product innovation. Crespi et al. (2019) find that process innovation in Latin America
improves efficiency, but does not always generate employment when the innovation is
primarily cost-saving. Hou et al. (2019), using harmonised firm-level data from China,
France, Germany and the Netherlands, also find that product innovation has a stronger
employment effect than process innovation. Calvino and Virgillito (2018) further argue
that the employment effect of process innovation depends on whether lower prices, higher
demand and output growth are strong enough to offset direct labour-saving effects.

In SSA countries, process innovation might differ from the automation-intensive pat-
tern often observed in advanced economies. Many firms operate with limited automation
and high labour intensity, implying that process innovation could involve improved equip-
ment use, better production routines, delivery improvements or workplace reorganisation,
rather than extensive labour replacement (Goedhuys & Sleuwaegen, 2016; Avenyo et al.,
2019; Medase & Wyrwich, 2022). Under these conditions, process innovation may be
reflected in higher employment, as it reduces production bottlenecks and supports labour-
intensive output expansion. It might also be linked with skilled employment given that
workers are required to operate and adapt to new systems, and with unskilled employment
where production remains labour-intensive. However, the direction of these relationships
remains theoretically uncertain, because more capital-intensive or routine-replacing process
changes might correspond to lower demand for some categories of labour (Chennells & Van
Reenen, 1999; Acemoglu, 2002; Bessen, 2019). These competing mechanisms suggest that
the relationship between process innovation and employment could vary across employ-
ment categories and might not follow a uniformly positive or negative pattern. Therefore,
the following is proposed.

H2. The associations between process innovation and the five employment outcomes are not uniformly
positive or negative.

2.1.3. Organisational Innovation and Employment

Organisational innovation may be associated with employment through changes
in coordination, managerial systems, work routines and labour allocation rather than
through direct market expansion (Damanpour, 1991; Lam, 2005; Armbruster et al., 2008).
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By improving communication, strengthening managerial control and reducing internal
inefficiencies, organisational innovation may improve firm capacity and support workforce
expansion (Mol & Birkinshaw, 2009; Damanpour & Aravind, 2012). This is particularly
relevant in SSA, where weak managerial systems and informal work practices often limit
firm growth and productivity (Fox & Sohnesen, 2012; Goedhuys & Sleuwaegen, 2016).

The relationship between organisational innovation and employment could, however,
be more closely linked to workforce restructuring than to broad employment expansion.
New workplace practices, human resource systems and external collaborations might
be related to greater demand for workers with administrative, technical and problem-
solving capabilities (Lam, 2005; Damanpour & Aravind, 2012; Cirera & Sabetti, 2019).
Organisational innovation may therefore correspond to changes in both employment levels
and workforce composition.

Among SSA firms, organisational innovation might be associated with permanent
employment, in which new routines become embedded in ongoing operations and require
stable internal capabilities. It could also be linked to temporary employment, in which
firms introduce flexible work arrangements or project-based systems. Its relationship
with skilled employment could be stronger because organisational changes often require
coordination, administrative and problem-solving capabilities. By contrast, the association
with unskilled employment is less certain because such changes may not directly expand
routine or manual tasks (Machin & Van Reenen, 1998; Acemoglu, 2002; Cirera & Sabetti,
2019). Based on these arguments, the following hypothesis will be tested.

H3. Organisational innovation is positively associated with total, permanent, temporary and skilled
employment among firms in SSA.

2.1.4. Incremental Innovation and Employment Outcomes

Incremental innovation is particularly relevant to firms in developing economies, as
many firms innovate through adaptation, imitation, learning-by-doing and continuous
improvement, rather than through formal research and development (Lundvall, 1992; Bell
& Pavitt, 1993; Fagerberg et al., 2010; Cirera & Maloney, 2017). It is generally less disruptive
than radical innovation as it entails gradual improvements to existing products, processes
or practices without requiring a major technological break or extensive restructuring of
production systems (Dosi, 1982; Tushman & Anderson, 1986; Henderson & Clark, 1990;
Heidenreich & Kraemer, 2016).

Incremental innovation could be related to broader employment outcomes because it
strengthens existing firm activities while remaining compatible with established technolo-
gies, skills and work routines. Improvements in product quality, production efficiency and
customer retention might support gradual firm expansion without substantially displacing
existing labour (Dosi, 1982; Heidenreich & Kraemer, 2016; Cirera & Maloney, 2017). Its
compatibility with existing workforce capabilities, therefore, corresponds to both skilled
and unskilled employment.

This argument is especially relevant in SSA, where firms often face limited access to
finance, weak technological infrastructure and shortages of specialised skills (Ayyagari et al.,
2011; Cirera & Maloney, 2017; Avenyo et al., 2019). Under these conditions, incremental
innovation may offer a more realistic route to employment association as it enables firms to
enhance competitiveness without large-scale technological transformation. It could also
generate more inclusive employment effects by building on existing production systems
and labour structures. Consequently, the following hypothesis is formulated.
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H4. Incremental innovation is positively associated with total, permanent, temporary, skilled and
unskilled employment among firms in SSA.

2.1.5. Radical Innovation and Employment Outcomes

Radical innovation is likely to have a more selective employment effect, because it often
requires new knowledge, technical capabilities, organisational routines and substantial
firm-level adjustment (Tushman & Anderson, 1986; Henderson & Clark, 1990; Aghion &
Howitt, 1992; Bresnahan et al., 2002). From a Schumpeterian perspective, radical innovation
can create new markets and employment opportunities, but it can also make existing tasks,
skills and routines less relevant (Schumpeter, 1942; Aghion & Howitt, 1992; Bogliacino &
Pianta, 2016).

The literature suggests that radical innovation is more likely to be skill-biased. Skill-
Biased Technological Change theory argues that technological change complements skilled
labour while reducing the relative demand for routine and manual tasks (Machin & Van
Reenen, 1998; Acemoglu, 2002; D. H. Autor et al., 2003; Acemoglu & Autor, 2011). Chennells
and Van Reenen (1999) show that technological innovation can reduce demand for manual
labour, while Bessen (2019) argues that new technologies can substitute routine tasks even
when they raise productivity. D. Autor and Salomons (2018) also show that technological
change can increase demand for workers with stronger cognitive and technical capabilities.

Evidence from developing economies also supports this skill-selective interpretation.
De Elejalde et al. (2015) find that innovation in Argentina is more strongly associated with
skilled than unskilled employment, while Crespi et al. (2019) report that innovation in Latin
Anmerica is associated with employment, but tends to favour higher-skilled workers. In SSA,
where firms often face skills shortages and weaker technological capabilities, innovation
involving greater novelty may therefore be more closely associated with workers who
possess the technical and cognitive capabilities required to operate in more advanced
production systems. Based on this reasoning, the following is proposed.

H5. Radical innovation is positively associated with skilled employment among firms in SSA.

3. Methodology
3.1. Data and Sample

The study uses firm-level data from the World Bank Enterprise Survey (WBES) and the
World Bank Innovation Follow-up Survey for selected SSA countries. The WBES provides
standardised and comparable information on firm characteristics, business environment
conditions, employment and performance across developing economies, making it widely
used in firm-level studies of innovation and employment (World Bank, 2014; Avenyo et al.,
2019; Atwine et al., 2023). The Innovation Follow-up Survey complements the WBES by
capturing detailed information on firms” innovation activities, consistent with the Oslo
Manual approach to measuring innovation (OECD, 2005, 2018). Combining the two datasets
is therefore appropriate for this study, as it links firms’ innovation behaviour to employment
outcomes and observable firm characteristics in a comparable multi-country setting.

The sample is restricted to SSA countries that took part in both the WBES and the
Innovation Follow-up Survey during the 20132014 survey period. This yields a sample
covering Ghana, Nigeria, Tanzania, Uganda, Kenya, Malawi, the Democratic Republic of
Congo, Zambia, South Sudan and Namibia. These countries are included based on data
availability, survey compatibility, and regional relevance, consistent with related African
firm-level innovation studies (Avenyo et al., 2019; Okumu et al., 2019). The two surveys are
merged using firm-level identifiers, thereby linking innovation variables to employment
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outcomes and firm characteristics. After excluding observations with missing information
on the key variables required for the analysis, the final sample consists of 5092 firms across
manufacturing and service activities. This multi-country, firm-level sample provides an
appropriate basis for examining whether product, process, organisational, incremental and
radical innovations are associated with different employment outcomes among SSA firms.
The summary statistics and variable definitions are presented in Table 1.

Table 1. Variable definition and descriptive statistics.

Variable

Measurement Mean Std. Dew. Min Max

Outcome (dependent) variables

Permanent employment

Logarithm of number of permanent, full-time

employees at end of last fiscal year 2.627 1.147 0 8.613

Temporary employment

The logarithm of total number of full-time temporary
employees at the end of the fiscal year. The
temporary employment is constructed by adding 1 to
the number of temporary employees before taking
the logs to avoid missing firms that do not have
temporary employees

1.968 1.273 0 7.669

Total employment

Natural logarithm of the sum of permanent and

4.757 2.282 0.693 14.152
temporary employees

Skilled employment

The logarithm of full-time skilled employees at the

end of the last fiscal year 2.136 1.214 0 7.601

Unskilled employment

The logarithm of full-time unskilled employees at the
end of the last fiscal year. It is constructed by adding
1 to the number of unskilled employees before taking ~ 1.821 1.354 0 8.132
the logs to avoid missing firms that do not have
unskilled employees

Treatment variables

Product innovation

Dummy variable equals 1 if firm introduced any
innovative product or service within the last three 0.411 0.492 0 1
years and 0 otherwise

Process innovation

Dummy variable equals 1 if firm introduced any
innovative methods of manufacturing products or
offering services within the last three years and
0 otherwise

0.352 0.478 0 1

Organisational innovation

Dummy variable equals 1 if firm introduced new or
significantly improved organisational structure 0.446 0.497 0 1
within the last three years and 0 otherwise

Incremental innovation

Dummy variable equals 1 if a firm made small
changes or continuous improvements to existing 0.261 0.439 0 1
products, processes or services, and as 0 otherwise

Radical innovation

Dummy variable equals 1 if the firm has introduced
any product or services that are new to the firm'’s 0.677 0.468 0 1
main establishment market and 0 otherwise

Matching (control) variables

Natural logarithm of number of years the firm has

Firm age . . 2.316 0.917 0 4.883
been in operation
Export orientation Dummy Varlgble equals 1 if 10% of the. firm’s product 0.081 0274 0 1
is exported and 0 otherwise
Firm affiliation Dummy Var1.ab1e equals 1 if a firm is Part of a larger 0.205 0.403 0 1
firm or equal to 0 otherwise
Micro firm Dummy variable equals 1 if the firm has employees 0.034 0183 0 1

up to 5 or less and 0 otherwise
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Table 1. Cont.
Variable Measurement Mean Std. Dev. Min Max
. Dummy variable equals 1 if the firm has employees
Small firm between 5 and 20 and 0 otherwise 0.608 0.488 0 1
. . Dummy variable equals 1 if the firm has employees
Medium firm from 20 but less than 100 and 0 otherwise 0.241 0.428 0 1
. Dummy variable equals 1 if the firm has employees
Large firm 100 and above and 0 otherwise 0.116 0.320 0 1
Ghana Dummy variable equals 1 if t}}e firm is in Ghana and 0.107 0310 0 1
0 otherwise
Nigeria Dummy variable equals 1 if thg firm is in Nigeria and 0.178 0.382 0 1
0 otherwise
South Sudan Dummy variable equals 1 if the f.1rm is in South 0.107 0.308 0 1
Sudan and 0 otherwise
Congo Dummy variable equals 1 if t}}e firm is in Congo and 0.076 0.264 0 1
0 otherwise
Tanzania Dummy variable equals 1 if thg firm is in Tanzania 0.107 0.309 0 1
and 0 otherwise
Uganda Dummy variable equals 1 if th.e firm is in Uganda 0.088 0.284 0 1
and 0 otherwise
Kenya Dummy variable equals 1 if the firm is in Kenya and 0.108 0310 0 1
0 otherwise
Malawi Dummy variable equals 1 if th.e firm is in Malawi and 0.049 0216 0 1
0 otherwise
Zambia Dummy variable equals 1 if the firm is in Zambia and 0.106 0.308 0 1
0 otherwise
Namibia Dummy variable equals 1 if thfe firm is in Namibia 0.074 0.262 0 1
and 0 otherwise
Dummy variable equals 1 if the firm is
- . high-technology industries (precision instruments,
High-technology industry publishing, printing, and recorded media) and 0.038 0.192 0 !
0 otherwise
Dummy variable equals 1 if the firm is
Medium-high-technology medium-high-technology industries (electronics
. . . . 0.049 0.216 0 1
industry chemicals, machinery and equipment, transport
machines) and 0 otherwise
Dummy variable equals 1 if the firm is
Medium-low-technolo medium-low-technology industries (refined
industr gy petroleum product, plastics and rubber, non-metallic ~ 0.097 0.295 0 1
y mineral products, basic metals and fabricated metal
products) and 0 otherwise
Dummy variable equals 1 if the firm is
Low-technology industry low-technology industries (food, tol.)acco, textllgs, 0.619 0.486 0 1
garments, leather, wood, paper, furniture, recycling
and retail) and 0 otherwise
Dummy variable equals 1 if the firm is
Knowledge-intensive knowledge-intensive service (services of motor
. . . . . 0.121 0.326 0 1
services vehicles, construction section and transport section)
and 0 otherwise
Low knowledee-intensive Dummy variable equals 1 if the firm is low
& knowledge-intensive service (hotel and restaurants 0.076 0.264 0 1

service

section, wholesale and IT) and 0 otherwise
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3.2. Variable Measurement
3.2.1. Outcome Variables

The outcome variables are five measures of firm-level employment: permanent em-
ployment, temporary employment, skilled employment, unskilled employment and total
employment. While employment growth is widely used in the innovation—employment
literature (Carree & Thurik, 2008; Gebreeyesus, 2011; Harrison et al., 2014; Audretsch et al.,
2014; Atwine et al., 2023), it is not used in this study because the available data do not
permit a consistent measurement of employment growth over the same period in which
innovation activities are observed. The World Bank Enterprise Survey reports employment
at the end of a previous fiscal year, whereas the Innovation Follow-up Survey records inno-
vation activities undertaken during the preceding three years. This mismatch in reference
periods makes it difficult to establish a reliable measure of employment growth that directly
corresponds to firms’ innovation activities. The study therefore follows Avenyo et al. (2019)
and Okumu et al. (2019) by using disaggregated employment levels rather than a single
employment-growth indicator.

Permanent employment is measured as the natural logarithm of the number of full-
time permanent employees at the end of the previous fiscal year. Temporary employment is
measured as the logarithm of the number of full-time temporary employees over the same
period. Following Managi and Jena (2008), Wang et al. (2010) and Avenyo et al. (2019), one
is added to temporary employment before taking logs to retain firms without temporary
workers. Total employment is measured as the logarithm of the sum of permanent and
temporary employment, consistent with Avenyo et al. (2019). Skilled employment is
measured as the logarithm of the number of full-time skilled employees, while unskilled
employment is measured as the logarithm of the number of full-time unskilled employees.
As with temporary employment, one is added before taking the logarithm where firms
report zero unskilled employees, following Atfield et al. (2011), Kerr et al. (2014), Peugny
(2019), Avenyo et al. (2019) and Okumu et al. (2019). Using these five outcomes allows the
study to examine not only whether innovation is associated with employment but also how
it relates to job stability and skill composition.

These outcomes enable the determination of whether the employment associations
of different forms of innovation are concentrated within particular worker categories or
are uniformly distributed across the workforce. The estimates of the outcomes should
be interpreted as conditional differences in employment between innovating firms and
comparable non-innovating firms, rather than as changes in employment over time.

3.2.2. Treatment Variables

The treatment variables are five binary indicators of innovation: product innovation,
process innovation, organisational innovation, incremental innovation and radical inno-
vation. Each treatment variable is estimated separately to capture heterogeneity across
innovation types. This is consistent with empirical studies that distinguish between product
innovation (Avenyo et al., 2019; Medase, 2019; Medase & Barasa, 2019; Okumu et al., 2019;
Chen et al., 2021), process innovation (Mahagaonkar, 2010; Gorodnichenko & Schnitzer,
2013), organisational innovation (Shanker et al., 2017; Azar & Ciabuschi, 2017; Shahzad
et al., 2017), incremental innovation (Guisado-Gonzalez et al., 2016; Parrilli & Radicic, 2021)
and radical innovation (Guisado-Gonzdlez et al., 2016; S. Kennedy et al., 2017; Agostini &
Nosella, 2017; Parrilli & Radicic, 2021; Naidoo et al., 2022).

Product innovation is coded as one if a firm introduced an innovative product or
service within the three years preceding the survey, and zero otherwise, following the
measurement approach used by Avenyo et al. (2019), Medase and Barasa (2019), Okumu
et al. (2019) and Chen et al. (2021). Process innovation is coded as 1 if a firm introduced

https://doi.org/10.3390/economies14080349


https://doi.org/10.3390/economies14080349

Economies 2026, 14, 349

12 of 30

innovative methods of manufacturing products, offering services or improving operational
processes within the same period, and 0 otherwise, consistent with Mahagaonkar (2010),
and Gorodnichenko and Schnitzer (2013). Organisational innovation is coded as one if a
firm introduced a new or significantly improved organisational structure, business practice
or workplace arrangement during the reference period, and zero otherwise, following
Shanker et al. (2017), Azar and Ciabuschi (2017) and Shahzad et al. (2017).

Incremental innovation is coded as 1 if a firm made small changes or continuous
improvements to existing products, processes or services, and as 0 otherwise. This measure
follows studies that treat incremental innovation as a distinct form of innovation based
on improvement and adaptation rather than full market novelty (Guisado-Gonzalez et al.,
2016; Parrilli & Radicic, 2021; Acemoglu et al., 2022). Radical innovation is coded as 1 if a
firm introduced a new or significantly improved product or service that was also new to its
main market, and 0 otherwise (Reddy et al., 2021). It captures a higher degree of novelty
than product innovation and follows Guisado-Gonzalez et al. (2016), S. Kennedy et al.
(2017), Agostini and Nosella (2017), Parrilli and Radicic (2021) and Naidoo et al. (2022).

Although all five innovation variables are binary, this limitation is particularly impor-
tant for radical innovation, because the measure does not capture the intensity, scale or tech-
nological significance of innovation. Moreover, a product or service that is new to the firm'’s
main market may not necessarily be technologically disruptive or market-transforming.
Radjical innovation is, therefore, treated as a survey-based proxy for market-novel product
or service innovation, rather than definitive evidence of breakthrough innovation.

The five innovation indicators are not mutually exclusive. Product, process and or-
ganisational innovation describe the area in which innovation occurs, while incremental
and radical innovation reflect the degree of novelty. A firm may therefore report more than
one type of innovation during the three years referred to in the survey questionnaire. Esti-
mating each treatment separately allows the study to examine the employment outcomes
associated with each innovation indicator, while, in practice, several forms of innovation
may coexist within the same firm.

3.2.3. Covariates

The analysis includes firm-level covariates that may jointly influence innovation
adoption and employment outcomes. In matching-based studies, the selection of covariates
is important because treated and untreated firms should be compared on observable
characteristics that are likely to affect both the probability of innovation and the outcome
of interest (Rosenbaum & Rubin, 1983, 1985; Becker & Ichino, 2002; Caliendo & Kopeinig,
2008). Following this logic, the study controls for firm size, firm age, export orientation
and firm affiliation. These covariates are used to reduce observable differences between
innovative and non-innovative firms before estimating the association between innovation
and employment outcomes.

Firm size is included because larger firms often have greater financial resources,
managerial capacity and internal capabilities to adopt innovation and expand employment
(Schumpeter, 1942; Cohen & Levinthal, 1990; Ayyagari et al., 2011; Avenyo et al., 2019). Firm
age is controlled for because older firms may have accumulated market knowledge, routines
and networks that shape both their innovation decisions and employment structures, while
younger firms may be more flexible, but more resource constrained (Huergo & Jaumandreu,
2004; Coad et al., 2016; Avenyo et al., 2019). Export orientation is included because exporting
firms are exposed to larger markets, stronger competition and learning opportunities, all
of which can influence both innovation and labour demand (Aw et al., 2007; Salomon
& Shaver, 2005; Gorodnichenko & Schnitzer, 2013). Firm affiliation captures whether a
firm belongs to a larger business group or network, which may provide access to finance,
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knowledge, technology and managerial support that can affect innovation adoption and
employment outcomes (Ayyagari et al., 2011; Medase & Barasa, 2019; Okumu et al., 2019).
Including these covariates strengthens the matching design by improving comparability
between firms that innovate and those that do not.

3.3. Empirical Strategy

This study estimates the employment differences associated with innovation among
firms in SSA. The key empirical concern is that innovation is not adopted at random.
Firms that introduce innovation may already differ from non-innovative firms in size,
age, export orientation, firm affiliation, workforce education, industry characteristics and
country-level business conditions. These differences matter because they may influence
both the likelihood of innovation and employment outcomes. A direct comparison between
innovative and non-innovative firms may therefore reflect pre-existing firm characteristics
rather than the employment effects associated with innovation.

To address this concern, the study adopts a treatment-effect framework based on
propensity-score matching (PSM). The innovation variables are estimated as separate treat-
ments because different forms of innovation may affect employment outcomes in distinct
ways (Schumpeter, 1934, 1942; Harrison et al., 2014; Vivarelli, 2014; Piva & Vivarelli, 2018;
Calvino & Virgillito, 2018). Instead of directly comparing innovative and non-innovative
firms, PSM matches each treated firm with comparable non-treated firms based on observ-
able characteristics, thereby reducing selection bias (Rosenbaum & Rubin, 1983; Heckman
et al.,, 1997; Dehejia & Wahba, 2002; Smith & Todd, 2005; Caliendo & Kopeinig, 2008; Austin,
2011). This approach also reflects the Skill-Biased Technological Change view that innova-
tion may alter labour demand across skill groups (Acemoglu, 2002; D. H. Autor et al., 2003;
Acemoglu & Autor, 2011; Avenyo et al., 2019; Parrilli & Radicic, 2021).

PSM is preferred to a simple regression comparison because it explicitly constructs
a comparable control group. Since the data are observational, the same firm cannot be
observed both as an innovator and as a non-innovator. PSM addresses this problem by
matching innovative firms to non-innovative firms with similar observable characteristics.
This creates a more credible counterfactual and reduces selection bias arising from observ-
able firm-level differences (Rosenbaum & Rubin, 1983; Heckman et al., 1997; Smith & Todd,
2005; Caliendo & Kopeinig, 2008; Stuart, 2010; Austin, 2011).

The study focuses on the Average Treatment Effect on the Treated (ATT). This is
appropriate because the objective is to estimate the employment difference associated
with innovation among firms that actually introduced innovation, rather than the effect of
innovation on all firms in the sample. The ATT is expressed as:

ATT =E[Y, |D=1]—E[Y, | D =1] )

where E[Y; | D = 1] represents the expected employment outcome for firms that intro-
duced innovation, while E[Y; | D = 1] represents the counterfactual expected employment
outcome for those same firms had they not introduced innovation.

The matching covariates include firm size, firm age, export orientation, firm affiliation,
industry dummies and country dummies. These variables capture firm capabilities, market
exposure, organisational resources and institutional conditions that may influence both
innovation adoption and employment outcomes. Their inclusion follows the matching
principle that covariates should be related to both treatment assignment and the outcome
variable (Rosenbaum & Rubin, 1983; Brookhart et al., 2006; Czarnitzki et al., 2007; Stuart,
2010; Guo & Fraser, 2015; Petkovi¢ et al., 2023).

The empirical strategy follows four stages. First, the probability of adopting each
innovation type is estimated using observed firm-level characteristics. Second, innovative
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firms are matched with comparable non-innovative firms using their propensity scores.
Third, the ATT is estimated by comparing employment outcomes between treated and
matched control firms. Fourth, the quality of the matching is assessed through covariate
balance and common support diagnostics.

3.3.1. Propensity-Score Matching

Propensity-score matching estimates the probability that a firm receives treatment
conditional on observed pre-treatment characteristics. In this study, treatment refers to
the introduction of a specific type of innovation. Let D; denote the treatment status of a
firm i, where D; = 1 if a firm introduced a given innovation and D; = 0 otherwise. Let X;
represent the vector of observed firm characteristics used for matching. The propensity
score is defined as:

P(D=1]X) @

where P(D =1 | X) is the probability of receiving treatment conditional on covariates X.
The propensity score is estimated using a logit model because the treatment variables are
binary and logit models are widely used in matching studies (Caliendo & Kopeinig, 2008;
Austin, 2011; Guo & Fraser, 2015; Radicic et al., 2018; Parrilli & Radicic, 2021). The logit
specification is expressed as:

P(D=1|X)
1-PD=1]X

logit[P(D =1| X)] = log{ ] } =ua+ X 3)
where P(D = 1] X) is the probability of receiving treatment, « is the intercept, and B
represents the coefficients of the matching covariates.

Kernel matching is used as the preferred estimator. Unlike methods that rely on only
one comparison firm, kernel matching uses all comparable control observations and gives
greater weight to control firms that are closer to the treated firm. This is useful in multi-
country firm-level data, where exact matches may be difficult to obtain. Kernel matching
therefore helps construct a more stable counterfactual for innovative firms (Heckman et al,,
1997, 1998; Smith & Todd, 2005; Caliendo & Kopeinig, 2008).

The kernel matching estimator for the ATT is specified as:

1 ..
ATT = N Y; — X; W(z,])Y]- 4)
Jj:Dj=0
i:D;=1

where Np is the number of treated firms, Y; is the employment outcome for treated firm i,
Y; is the employment outcome for control firm j, and W (i, j) is the weight assigned to each
control firm when constructing the counterfactual outcome. The weight assigned to each
control firm is defined as:

K (1 X:—X; I
= zk;Dk_(oK (hx’h)x") X

where K(-) is the kernel function, || X; — X; || measures the distance between treated and
control firms, h is the bandwidth parameter, and X;, X, and X; are the vectors of observed
characteristics (covariates) or propensity scores for firms i, k and j.

A smaller bandwidth gives greater weight to closer matches, while a larger bandwidth
uses a wider range of control observations. The ATT is then calculated as:

ATT = E[Y, |D=1]—E[Y, | D =1] ©6)
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The validity of PSM depends on two main assumptions. The first is the Conditional
Independence Assumption, which requires that, after controlling for observed firm char-
acteristics, treatment assignment is independent of the potential untreated outcome. The
second is the common support condition, which requires treated and untreated firms to
have overlapping propensity scores. These assumptions ensure that the comparison be-
tween innovative and non-innovative firms is based on comparable observations rather
than extrapolation (Rosenbaum & Rubin, 1983; Heckman & Vytlacil, 2007; Caliendo &
Kopeinig, 2008; Imbens & Wooldridge, 2009).

Although PSM reduces differences in observed characteristics, it cannot account for
unobserved factors, such as managerial ability, entrepreneurial orientation, firm culture or
innovation capability. The cross-sectional data also prevent the analysis of employment
changes over time. The ATT estimates are therefore interpreted as conditional employment
differences rather than causal effects of innovation.

3.3.2. Overlap Region

Figures 1 and 2 provide visual evidence of the common-support condition across
the five innovation treatments. Figure 1 presents the overlap plots for product, process,
incremental and radical innovation, while Figure 2 presents the plot for organisational
innovation. In the raw samples before matching, the propensity-score distributions of
innovative and non-innovative firms differ to varying degrees, indicating observable
differences between the treated and control groups and suggesting that unmatched com-
parisons may be affected by selection bias (Rosenbaum & Rubin, 1983; Heckman et al.,
1997; Caliendo & Kopeinig, 2008). Following kernel matching, the propensity-score dis-
tributions of the treated and matched control firms become closely aligned across the five
innovation treatments. This improved alignment suggests that the matching procedure
enhanced comparability between the groups and that the ATT estimates are based on firms
located within a shared range of propensity scores, rather than on observations outside the
common-support region (Dehejia & Wahba, 2002; Smith & Todd, 2005; Austin, 2011).
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Figure 1. Propensity-score overlap before and after kernel matching for product, process, incremental
and radical innovation.
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Figure 2. Propensity-score overlap before and after kernel matching for organisational innovation.

4. Empirical Results
4.1. Covariate Balance Diagnostics Before and After Kernel Matching

Standardised mean differences, pseudo-R? and joint significance tests are commonly
used to assess whether propensity-score matching has achieved satisfactory covariate bal-
ance (Caliendo & Kopeinig, 2008; Austin, 2011). Before estimating the kernel matching
results, covariate balance diagnostics were conducted to assess whether the matching
procedure improved the comparability of innovative and non-innovative firms across
the five innovation treatments. Table 2 shows that, after matching, the pseudo—R2 values
declined considerably, the likelihood-ratio tests became statistically insignificant, and the
mean and median standardised biases were markedly reduced. These changes indicate
that systematic differences in the observed characteristics of the treated and control firms
were substantially reduced. The Rubin diagnostics provide further evidence of satisfactory
balance. After matching, Rubin’s B was below the recommended threshold of 25 for all five
innovation treatments, while Rubin’s R remained within the acceptable range of 0.5 to 2
(Rubin, 2001). These results indicate that the kernel matching procedure improved the
comparability of the treated and control firms based on observed characteristics. Never-
theless, the procedure cannot eliminate possible differences arising from unobserved firm
characteristics, and the subsequent estimates should therefore be interpreted as conditional
associations rather than causal effects (Caliendo & Kopeinig, 2008).

Table 2. Covariate balance diagnostics before and after kernel matching.

Pseudo-R? LR p-Value Mean Bias Median Bias Rubin’s B Rubin’s R
Before After Before After Before After Before After Before After Before After

Innovation Type

_ Product 0060 0002 0000 0959 97 2.3 74 2.0 505 109 092 112
innovation
_ Process 0050 0.001 0000 0997 95 13 8.1 0.9 53.1 8.3 183  1.17
innovation
Organisational 00 0001 0000 0990 111 1.8 9.8 17 493 7.9 125 116
innovation
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Table 2. Cont.

Pseudo-R? LR p-Value Mean Bias Median Bias Rubin’s B Rubin’s R
Innovation Type
Before After Before After Before After Before After Before After Before After
Incremental 0102 0002 0000 0985 165 21 16.5 19 806 109 152 114
innovation
_ Radical 0.045 0.003 0000 0920 94 2.0 7.6 12 51.7 122 113 1.08
innovation

Namibia

Notes: “Before” refers to the unmatched sample, and “After” refers to the matched sample. A low
post-matching pseudo-R?, an insignificant likelihood-ratio test, low mean and median bias, Rubin’s B
below 25 and Rubin’s R between 0.5 and 2 indicate satisfactory covariate balance.

4.2. Standardised Percentage Bias Before and After Kernel Matching

Figures 3 and 4 present the standardised percentage bias before and after kernel
matching across the different innovation treatments. In the unmatched samples, several
covariates are widely dispersed from the zero line, whereas the matched covariates are
clustered much closer to zero. This visual pattern indicates that the matching procedure
substantially reduced observable differences between innovative and non-innovative firms.
Standardised percentage bias is commonly used to assess covariate balance, with values
closer to zero indicating greater similarity between treated and control groups (Caliendo &

Kopeinig, 2008; Austin,

Incremental innovation

2011).

Malawi

Part of lager firm
South Sudan
Nigeria

Medium high tech

Knowledge service

Export

High tech industry
Zambia

Medium low tech

Organisational innovation

Part of larger firm
Export

Kenya
Medium firms

Firm age

U

ganda
Medium h_}_gh tech
al

nzania

Knowledge service

High tech industry

Low kEowled € service

ow tech industry
Malawi

ooy

Firm age Zambia L 4
Semva 1 ¢ Unmatched 2R Cango o e Unmatched ::
DR Congo {-++ South Sudan o
Tanzania {+* - x Matched Small firms L 2 * Matched
T T T T T T T T T T T
-20 0 20 40 60 -30 -20 -10 0 10 20
Standardized % bias across covariates Standardized % bias across covariates
Product innovation Process innovation
South Sudan o Zambia *
Zambia & Part of larger firm *
Uganda & Low tech industry @
Medium high'tech g Large firms L]
Large firms e rm a%e @
Part of larger firm N Medium high tec @
Knowledge Service o XPO! *
Medium firms o Knowledge service *
POl ® amibia *
Kenya [ o . Malawi el
Malawi @ Micro firms @
Low knc - service . . _Nigeria (d
High tech industry o High tech indUstry ®
Low tech industry =@ South Sudan o (3
ohemes : : oCns : i
Small firms . ® Unmatched - enya ° ® Unmatched -
FmGnhggg . o - Low knowledge service . o
Tanzania e x Matched Small firms ® x Matched
T T T T T T T T T
-40 -20 0 20 40 20 0 20 40

Standardized % bias across covariates

Figure 3. Standardised percentage bias before
incremental and organisational innovation.
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Figure 4. Standardised percentage bias before and after kernel matching for radical innovation.

4.3. Kernel Matching Results

The empirical analysis employs a kernel propensity-score matching estimator to ex-
amine differences in employment associated with innovation adoption. Each innovation
variable is specified as a separate binary treatment, enabling the analysis to estimate the
ATT for product, process, organisational, incremental and radical innovation independently.
The outcome variables comprise permanent, temporary, total, skilled and unskilled em-
ployment. To minimise observable selection bias, the propensity-score model conditions
treatment assignment on a set of pre-treatment covariates, including firm age, firm size,
firm affiliation, export status, industry fixed effects and country fixed effects. The esti-
mates are reported as Average Treatment Effect on the Treated (ATT), with bootstrapped
standard errors used for statistical inference. Because the employment outcomes are ex-
pressed in natural logarithms, the statistically supported ATT estimates are converted into
percentage using the formula 100[exp(ATT) — 1]. This transformation provides a more
accurate interpretation than simply multiplying the ATT by 100 (Halvorsen & Palmquist,
1980; P. E. Kennedy, 1981; Giles, 1982; van Garderen & Shah, 2002; Downar et al., 2021;
Srhoj et al., 2021).

Table 3 presents the estimates for product innovation. Product-innovating firms report
approximately 13.0% higher permanent employment and 30.5% higher total employment
than matched firms without product innovation. The estimates for temporary and unskilled
employment are not statistically significant at any conventional level. Although the estimate
for skilled employment is positive, it is significant only at the 10% level. The results
therefore indicate that the association between product innovation and employment is
evident mainly in permanent and total employment. This evidence is consistent with HI.

Table 3. Kernel matching estimation results of product innovation on employment outcome (N = 4530).

Employment Outcome Treated Control ATT 95% Confidence Interval
0.122 ***
Permanent employment 2.745 2.623 (0.039) [0.045, 0.199]
Temporary employment 2.068 1.910 0.072 [—0.058, 0.201]
porary employ : : (0.066) R
Skilled employment 2.218 2113 0.105 % [—0.032, 0.242]
' ' (0.070) A
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Table 3. Cont.

Employment Outcome Treated Control ATT 95% Confidence Interval
Unskilled employment 1.996 1.848 (8133) [—0.062, 0.357]
Total employment 4.972 4.705 0.266 ™ [0.022, 0.511]
ploy : : (0.125) vess U

Notes: Average treatment effect on the treated (ATT); standard errors in the parentheses are boot-
strapped with 200 bootstrap replications; *** p < 0.01, ** p < 0.05and * p < 0.1.

Table 4 presents the estimates for process innovation. Process-innovating firms report
approximately 25.0% higher permanent employment, 21.3% higher skilled employment,
40.9% higher unskilled employment and 48.9% higher total employment than matched
firms without process innovation. These estimates are statistically significant at the 1%
level. The estimate for temporary employment is positive, but marginally significant at the
10% level. The findings indicate that process innovation is associated with employment
differences across several categories, particularly permanent, skilled, unskilled and total
employment. The evidence is not consistent with H2, which posits that the associations
would differ depending on the type of employment.

Table 4. Kernel matching estimation results of process innovation on employment outcome (N = 4551).

ATT

Employment Outcome Treated Control (SE) 95% Confidence Interval
Permanent employment 2.835 2.612 0.223 [0.147, 0.298]
ploy : : (0.038) ST
0.109 *
Temporary employment 2.101 1.991 [—0.031, 0.249]
(0.071)
Skilled employment 2.275 2.082 0.193 = [0.075, 0.311]
ploy : : (0.060) R
Unskilled employment 2.116 1.773 0.343 = [0.181, 0.505]
ploy : : (0.083) oL
Total employment 5.108 4.710 0.398 ** [0.148, 0.648]
pioy ' ' (0.128) T

Notes: Average treatment effect on the treated (ATT); standard errors in the parentheses are boot-
strapped with 200 bootstrap replications; *** p < 0.01, and * p < 0.1.

The results from Table 5 show that firms that adopt organisational innovation report
approximately 23.4% higher permanent employment, 16.5% higher skilled employment
and 40.9% higher total employment than matched firms without organisational innovation.
These estimates are statistically significant at the 1% level. No statistically significant
difference is observed for unskilled employment. The estimate for temporary employment
is positive but significant only at the 10% level. The results indicate that organisational
innovation is associated primarily with permanent, skilled and total employment. The
evidence is therefore consistent with the central expectations of H3, while the association
with temporary employment remains weak.

Table 6 presents the estimates for incremental innovation. Incrementally innovative
firms report approximately 28.3% higher permanent employment, 20.1% higher temporary
employment, 24.0% higher skilled employment, 41.9% higher unskilled employment and
73.9% higher total employment than matched firms without incremental innovation. The
estimates for permanent, skilled, unskilled and total employment are statistically significant
at the 1% level, while the estimate for temporary employment is significant at the 5% level.
Incremental innovation is therefore associated with statistically supported differences across
all five employment categories. Compared with the other innovation types examined, it
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shows the most extensive association across the employment outcomes. The findings are
consistent with H4.

Table 5. Kernel matching estimation results of organisational innovation on employment outcome
(N =4512).

ATT

Employment Outcome Treated Control (SE) 95% Confidence Interval
0.210 ***
Permanent employment 2.837 2.627 [0.134, 0.285]
(0.039)
0.129 *
Temporary employment 2.134 2.005 [—0.008, 0.266]
(0.070)
Skilled employment 2.301 2.148 0.153 = [0.039, 0.267]
(0.058) !
Unskilled employment 1.974 1.937 0.037 [—0.166, 0.240]
(0.104)
Total employment 5.122 4.779 0.343 = [0.093, 0.592]
otal employme . . 0.127) .093, 0.

Notes: Average treatment effect on the treated (ATT); standard errors in the parentheses are boot-
strapped with 200 bootstrap replications; *** p < 0.01, and * p < 0.1.

Table 6. Kernel matching estimation results of incremental innovation on employment outcome
(N = 4357).

Employment Outcome Treated Control ATT 95% Confidence Interval
Permanent employment ~ 2.861 2,612 0249 [0.156, 0.342]
e ent employme . . (0.047) .156, 0.
0.183 **
Temporary employment 2.090 1.907 [0.007, 0.359]
(0.090)
Skilled employment 2.387 2172 0.215 [0.051, 0.379]
poy : : (0.084) WL
. 0.350 ***
Unskilled employment 2.159 1.809 [0.110, 0.590]
(0.122)
Total employment 5.181 4.627 0.553 ™ [0.260, 0.847]
ploy : : (0.150) e

Notes: Average treatment effect on the treated (ATT); standard errors in the parentheses are boot-
strapped with 200 bootstrap replications; *** p < 0.01, ** p < 0.05.

The results from Table 7 show that radical innovation is associated with skilled em-
ployment. Radical innovators report approximately 17.5% higher skilled employment
than matched firms without radical innovation, with the estimate statistically significant
at the 5% level. The estimates for permanent, temporary, unskilled and total employment
are not statistically significant. The association between radical innovation and employ-
ment is therefore limited to skilled employment, rather than extending across the wider
employment structure of firms. This evidence is consistent with Hb5.

Table 7. Kernel matching estimation results of radical innovation on employment outcome (N = 2563).

ATT

Employment Outcome Treated Control (SE) 95% Confidence Interval
Permanent employment 2.804 2.716 0.088 [—0.007, 0.183]
Py ' ' (0.048) D07
—0.019
Temporary employment 2.077 2.096 (0.098) [—0.210, 0.173]
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Table 7. Cont.
ATT .
Employment Outcome Treated Control (SE) 95% Confidence Interval
. 0.161 **
Skilled employment 2.268 2.107 [0.002, 0.320]
(0.081)
. 0.094

Unskilled employment 2.031 1.941 [—0.161, 0.349]
(0.130)

Total employment 5.026 5.042 —0.017 [—0.315, 0.282]

ploy : : (0.113) o,

Notes: Average treatment effect on the treated (ATT); standard errors in the parentheses are boot-
strapped with 200 bootstrap replications; ** p < 0.05.

4.4. Robustness Check

To assess whether the baseline kernel matching results are sensitive to the choice of
matching algorithm, the study re-estimates the ATT using nearest-neighbour matching.
Unlike kernel matching, which constructs the counterfactual outcome using a weighted
average of comparable untreated firms, nearest-neighbour matching compares each treated
firm with the closest untreated firm based on the estimated propensity score. This provides
a useful robustness check by testing whether the main employment patterns remain stable
under a stricter matching procedure.

The nearest-neighbour estimates, reported in Table 8, are broadly consistent with the
baseline kernel matching results. Therefore, the robustness check confirms the main con-
clusion that the employment association of innovation is heterogeneous across innovation
types and labour categories. The strongest and most stable evidence is observed for process
and incremental innovation, while product and organisational innovation show more selec-
tive employment associations. Radical innovation remains limited in its employment reach,
with the most consistent evidence concentrated on skilled employment. Importantly, not all
baseline results are reproduced with the same level of significance under nearest-neighbour
matching, especially for temporary employment and the permanent employment result
for radical innovation. The robustness evidence should therefore be interpreted as broadly
supportive of the baseline findings, rather than as a complete one-to-one replication of
every estimate.

Table 8. Estimated treatment effects from nearest-neighbour matching.

. ATT 95% Confidence
Innovation Type Employment Outcome (SE) Interval
. . 0.167 ***
Product innovation Permanent employment (0.042) [0.085, 0.249]
roduct innovation emporary employment —0. , 0.
Product i i Temp y employ (88;; [—0.067, 0.226]
Product innovation Skilled employment (88%) [—0.025, 0.213]
Product innovation Unskilled employment (858) [—0.080, 0.350]
. . 0.261*
Product innovation Total employment (0.137) [—0.007, 0.529]
. . 0.164 ***
Process innovation Permanent employment (0.048) [0.069, 0.258]
. . 0.128
Process innovation Temporary employment (0.079) [—0.026, 0.283]
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Table 8. Cont.
. ATT 95% Confidence
Innovation Type Employment Outcome (SE) Interval
. . . 0.217 ***
Process innovation Skilled employment (0.074) [0.073, 0.362]
. . . 0.351 ***
Process innovation Unskilled employment (0.104) [0.146, 0.555]
. . 0.434 ***
Process innovation Total employment (0.143) [0.153, 0.715]
- . . 0.227 ***
Organisational innovation Permanent employment (0.046) [0.136, 0.318]
i . . 0.141 *
Organisational innovation Temporary employment (0.080) [0.002, 0.280]
— . . . 0.237 ***
Organisational innovation Skilled employment (0.085) [0.070, 0.405]
- . . . 0.044
Organisational innovation Unskilled employment [—0.169, 0.256]
8 ploy (0.109)
— . . 0.323 **
Organisational innovation Total employment (0.147) [0.034, 0.611]
. . 0.294 ***
Incremental innovation Permanent employment (0.057) [0.182, 0.405]
. . 0.075
Incremental innovation Temporary employment (0.104) [—0.129, 0.278]
. . . 0.294 ***
Incremental innovation Skilled employment (0.104) [0.091, 0.497]
. . . 0.434 ***
Incremental innovation Unskilled employment (0.131) [0.178, 0.691]
. . 0.411 **
Incremental innovation Total employment (0.176) [0.066, 0.756]
Lo . 0.143 **
Radical innovation Permanent employment (0.057) [0.033, 0.254]
Lo . 0.038
Radical innovation Temporary employment (0.097) [—0.152, 0.228]
S . . 0.174 **
Radical innovation Skilled employment (0.077) [0.023, 0.325]
Lo . . —0.049
Radical innovation Unskilled employment [—0.306, 0.208]
Py (0.131)
S . 0.070
Radical innovation Total employment (0.185) [—0.293, 0.433]

Notes: ATT denotes the average treatment effect on the treated. Standard errors are reported in
parentheses below the ATT estimates and are bootstrapped with 200 replications. ***, ** and * denote
statistical significance at the 1%, 5% and 10% levels, respectively.

5. Discussion

Innovation has uneven employment implications for firms in SSA. The findings show
that different types of innovation are associated with distinct employment outcomes,
reinforcing the argument that innovation does not affect labour demand through a single
pathway. This pattern is consistent with recent evidence that innovation is not uniformly
related to employment in the region. Porath et al. (2021) focus mainly on permanent
full-time employment, while Keraga et al. (2024) examine product and process innovation
in relation to employment and spillovers. Our findings provide a broader comparison by
showing how product, process, organisational, incremental and radical innovation relate
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differently to five employment outcomes. These differences suggest that the employment
associations of innovation depend on both the form of innovation and the category of
labour considered. They are also consistent with the Schumpeterian view that innovation
could be linked to competing displacement and compensation mechanisms, while the
concentration of some associations in skilled employment reflects the expectations of
Skill-Biased Technological Change.

Product innovation is associated mainly with permanent and total employment. This
pattern is consistent with the compensation mechanism in the Schumpeterian theory, under
which the market opportunities related to new or improved products may be accompanied
by higher output requirements and stronger demand for labour. Previous studies similarly
relate product innovation to employment through market expansion, increased sales and
additional production requirements (Harrison et al., 2014; Dachs & Peters, 2014; Van
Roy et al., 2018; Piva & Vivarelli, 2018). In the SSA context, one possible explanation is
that firms introducing new or improved products depend more heavily on permanent
workers who possess firm-specific knowledge and can support production continuity,
quality assurance, marketing and customer relationships. The absence of associations with
temporary and unskilled employment indicates that the relationship is concentrated in
selected employment categories rather than extending across the entire workforce.

Process innovation is associated with permanent, skilled, unskilled and total employ-
ment, while the evidence for temporary employment is weaker. The breadth of this pattern
differs from the labour-displacement mechanism frequently linked to process innovation,
which is in line with the Schumpeterian compensation mechanisms. In many SSA firms,
improved production methods, delivery systems and operational routines might be asso-
ciated with better use of existing capacity and fewer production bottlenecks, rather than
the replacement of workers. This interpretation is particularly relevant to labour-intensive
firms operating below their productive capacity, where improved processes could comple-
ment both skilled and unskilled labour. The findings align with studies showing that the
employment implications of process innovation depend on firms’ production conditions
and the relationship between productivity and output demand (Pianta, 2005; Vivarelli,
2014; Harrison et al., 2014; Cirera & Sabetti, 2019). The weaker association with temporary
employment is consistent with firms placing greater value on continuity and firm-specific
experience when introducing new production routines.

Organisational innovation is associated with permanent, skilled and total employment,
while no clear association is observed with unskilled employment and the association with
temporary employment is comparatively weak. One possible explanation is that changes
in management practices, reporting systems, task coordination and workplace organisation
are more closely related to formal and skill-oriented employment arrangements. Organi-
sational innovation may be associated with greater reliance on workers who can adapt to
structured routines, undertake problem-solving responsibilities and operate within formal
systems of coordination (Damanpour, 1991; Lam, 2005; Armbruster et al., 2008; Damanpour
& Aravind, 2012). This pattern is also consistent with Skill-Biased Technological Change,
as organisational upgrading may be more closely linked to workers with stronger tech-
nical, managerial and cognitive capabilities. In SSA firms, where managerial limitations
and informal organisational practices often constrain firm development, organisational
innovation could be more closely associated with permanent and skilled employment than
with unskilled labour.

Incremental innovation is associated with all five employment outcomes and dis-
plays the broadest employment pattern among the innovation categories examined. This
finding is especially relevant for SSA because many firms innovate through adaptation,
imitation, gradual improvement and learning-by-doing rather than through frontier-level
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research. Our study aligns with the literature on technological learning and capability
accumulation in developing economies (Lundvall, 1992; Bell & Pavitt, 1993; Fagerberg et al.,
2010; Cirera & Maloney, 2017). The finding also suggests that, in resource-constrained
environments, gradual, incremental innovation may be more employment-inclusive than
more disruptive innovation.

Radical innovation is associated only with skilled employment. This selective pattern
is consistent with Skill-Biased Technological Change, which maintains that technologically
demanding activities are more strongly related to workers possessing advanced technical,
analytical and cognitive skills than to routine or less-skilled labour (Griliches, 1969; Berman
et al.,, 1994; Acemoglu, 1998; D. H. Autor et al., 2003). Unlike incremental innovation,
radical innovation often requires new technologies, specialised skills, finance, managerial
depth and absorptive capacity. Many SSA firms lack these complementary resources,
limiting their ability to translate radical innovation into wider workforce expansion. This
could explain why radical innovation does not show a broad association with permanent,
temporary, unskilled or total employment. Its employment associations are more likely
to be concentrated among workers with the technical and cognitive capabilities needed
to implement and manage complex innovations. This interpretation is consistent with
Skill-Biased Technological Change, which argues that advanced technological change tends
to complement skilled labour while offering weaker benefits for routine or less-skilled
workers. Thus, in the SSA context, radical innovation could deepen skill-selective labour
demand, rather than generate broad-based employment growth.

5.1. Theoretical Implications

The findings have important theoretical implications for the innovation-employment
literature because they show that innovation is not a single employment-generating mecha-
nism. Instead, the employment relevance of innovation depends on the type of innovation
introduced and the employment category affected. This strengthens the argument that
innovation theory should move beyond aggregate employment effects and pay closer
attention to how different forms of innovation are linked to permanent, temporary, skilled,
unskilled and total employment outcomes.

First, the findings refine the Schumpeterian view of innovation as a driver of firm
renewal and labour demand. Product innovation supports the demand-expansion channel,
because it is mainly associated with permanent and total employment. This suggests that
new or improved products may create employment by increasing market demand and
requiring firms to expand production capacity. Process innovation also extends the Schum-
peterian argument by showing that efficiency-oriented innovation does not necessarily
reduce employment. In the SSA context, improved production methods and operational
routines appear to support employment when they help firms increase output rather than
simply replace labour.

Second, the findings extend the theoretical role of organisational innovation. The
association between organisational innovation and permanent, skilled and total employ-
ment suggests that innovation affects labour demand not only through new products or
production technologies, but also through changes in coordination, management systems
and workplace routines. This shows that work reorganisation is an important employment
channel in resource-constrained firms, where managerial upgrading can shape both the
scale and composition of employment.

Third, the findings refine Skill-Biased Technological Change theory by showing that
skill bias is not a uniform outcome of all innovation. Radical innovation is associated mainly
with skilled employment, suggesting that more novel forms of innovation may require
technical and specialised capabilities. However, incremental innovation is associated with
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a broader range of employment outcomes, indicating that gradual improvements may be
more compatible with existing workforce structures. This means that skill bias should be
understood as conditional on the type of innovation, firm capability and the availability of
complementary skills.

5.2. Policy Implications

For policymakers, the findings suggest that innovation support in Sub-Saharan Africa
may benefit from a more differentiated approach. Product innovation may be supported
through measures that strengthen commercialisation, product quality, production readiness
and access to wider markets. Such support may help firms translate new or improved prod-
ucts into sustained business activity. Process innovation may also warrant attention within
production-upgrading programmes, particularly where firms face operational bottlenecks,
weak delivery systems and limited productive capacity.

Organisational innovation may be supported through programmes that strengthen
managerial practices, workplace coordination and formal systems of organisation. These
forms of support may be especially relevant for firms whose development is constrained
by weak internal structures and informal management practices. The findings also indicate
that incremental innovation should not be regarded as less valuable than radical or frontier
innovation. In economic contexts characterised by limited finance, infrastructure gaps and
shortages of specialised skills, gradual improvements to existing products, processes and
routines may be more closely aligned with firms’ current capabilities and employment
structures (OECD & IDRC, 2010; Cirera & Maloney, 2017).

Policy support may, therefore, place greater emphasis on adaptation, continuous im-
provement, learning by doing and technological upgrading. Support for radical innovation
may be complemented by technical training and skills development, given its stronger
association with skilled employment.

5.3. Managerial Implications

For managers, the findings indicate that innovation decisions should be considered
alongside workforce requirements. Firms introducing product innovation should assess
whether new or improved products are aligned with their permanent workforce, production
capacity and market-facing capabilities. Firms undertaking process innovation should also
consider how changes in production methods, delivery systems and operating routines
relate to the deployment of skilled and unskilled workers.

Organisational innovation might require attention to the capabilities employees need
to function within revised reporting structures, coordination systems and workplace rou-
tines. Managers should, therefore, consider training, communication and employee ad-
justment when introducing organisational changes. Incremental innovation may offer
particular strategic value, because gradual improvements can be aligned more easily with
existing technologies, routines and workforce capabilities. Encouraging continuous im-
provement and employee learning, therefore, supports innovation without requiring an
abrupt departure from current production arrangements.

When firms pursue radical innovation, investment in technical skills, managerial
capability and employee preparedness could be particularly relevant. Aligning innovation
ambitions with available workforce capabilities could reduce skill mismatches and support
more effective implementation.

5.4. Limitations and Suggestions for Future Research

This study has some limitations. First, the use of cross-sectional firm-level data
means that the results should be interpreted as conditional associations rather than defini-
tive causal effects, since propensity-score matching reduces observable selection bias but
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cannot fully account for unobserved factors such as managerial ability, firm culture or
entrepreneurial orientation. Second, the study uses employment levels rather than em-
ployment growth because the employment and innovation variables do not share the same
reference period. Third, the innovation measures are binary and therefore do not capture
the scale, quality or intensity of innovation. Fourth, the study does not examine whether the
findings vary by firm size, sector, export status or foreign ownership. Future research could
explore these differences to provide more fine-grained understanding of how innovation
and employment relationships differ across firms. Finally, the study focuses on selected
Sub-Saharan African countries and does not directly examine employment quality, such as
wages, job security or working conditions. Future research should use longitudinal data,
intensity measures of innovation and broader employment-quality indicators to examine
whether innovation produces lasting and inclusive employment outcomes across countries,
sectors and firm groups.
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