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Abstract Digital technologies have the potential
to transform all aspects of firms’ operations. The
emergence of advanced digital technologies such as
Artificial Intelligence and Machine Learning raises
questions about whether and when micro-businesses
should adopt these technologies. In this paper we
focus on how firms’ adoption decisions on Artificial
Intelligence and Machine Learning influence their
innovation capabilities. Using survey data for over
6,000 micro-businesses in the UK, we identify two
groups of adopters based on the timing of their adop-
tion of Artificial Intelligence and Machine Learning.
“first movers’ — early adopters of the new technolo-
gies - and ‘second movers’- later adopters of the new
technology. Probit models are used to investigate the
innovation benefits of first and second mover adop-
tion strategies. Our results suggest strong and posi-
tive impacts of adopting Artificial Intelligence and
Machine Learning on micro-businesses’ innovation
outcomes and innovation processes. We highlight the
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differential benefits of first mover and second mover
strategies and highlight the role of technology char-
acteristics as the differentiating factor. Our results
emphasize both the innovation enabling role of digi-
tal technologies and the importance of an appropri-
ate strategic approach to adopting advanced digital
technologies.

Plain English Summary Despite the powerful
functions offered by advanced digital technologies,
such as Artificial Intelligence and Machine Learning,
it is unclear whether micro-businesses should adopt
these technologies. In addition, micro-businesses
are faced with two adoption strategy options: a first
mover strategy by becoming an early adopter, or a
second mover strategy by becoming a later adop-
ter of the new technologies. Our study suggests that
adopting Artificial Intelligence and Machine Learn-
ing enhances micro-businesses’ innovation outcomes
and innovation processes, highlighting the benefits
of technology adoption on micro-businesses with
limited financial and human resources. Interestingly,
our study suggests the differential benefits of first
mover and second mover strategies based on technol-
ogy characteristics. The principal implication of this
study is that micro-businesses should be encouraged
to adopt Artificial Intelligence and Machine Learning
to compensate for their resources and capabilities in
the innovation process.
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1 Introduction

The emergence of advanced digital technologies in
the last decade promises a fourth industrial revolu-
tion, termed Industry 4.0, where firms adopt digital
technologies to transform their business processes,
product offerings, and inter-organizational relation-
ships, so increasing competitiveness and profitability
(Bharadwaj et al., 2013; Nambisan, 2017). Industry
4.0 requires digital adoption throughout the supply
chain; yet prior literature highlights the complex-
ity of the decision-making processes surrounding
both the adoption of new technology and the tim-
ing of new technology adoption (e.g., Hoppe, 2000;
Suarez & Lanzolla, 2007). Generally, the literature
distinguishes two types of adoption strategies based
on the timing of adoption: first mover and second
mover strategies. In the first mover strategy, firms are
the early adopters of new technology and may gain
first mover advantages by exploiting their superior-
ity in technology to achieve larger market shares and
higher returns (Lieberman & Montgomery, 1988;
Suarez & Lanzolla, 2007). Meanwhile, in the second
mover strategy, firms delay adoption due to uncer-
tainty about the value of any new technology and
adoption costs (Hoppe, 2000). Second movers accrue
advantages from better information about the value
and costs of the technology and, thus, have lower risk
(Yoon, 2009).

To date, the extant literature is vague concern-
ing technology adoption by micro-businesses. Prior
literature suggests the potential benefits of adopting
digital technologies to compensate for the capabil-
ity and resource constraints that smaller firms often
face (e.g., Ainin et al., 2015). The literature also sug-
gests that digital technologies can enhance firms’
innovation processes and innovation outcomes (e.g.,
Niebel et al., 2019; Raymond et al., 2009), which is
important because micro-businesses typically report
lower innovation activity and innovation outcomes
than larger firms (Baumann & Kritikos, 2016). On
the other hand, micro-businesses have more barriers
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to technology adoption due to limited financial and
human resources leading to lower adoption rates
(Jones et al., 2014; Kelliher & Reinl, 2009). Micro-
businesses also have difficulty valuing the potential
benefits of technology adoption (Simmons et al.,
2008), leading to late adoption of new technology
(e.g., Dorrington et al., 2016; Macgregor & Vrazalic,
2005). This suggests that the decision-making process
on the adoption and the timing of adoption of digital
technologies are more complex for micro-businesses.

This study explores the innovation benefits and the
best adoption strategy when micro-businesses adopt
digital technologies. We compare the benefits of first
mover and second mover strategies in adopting Artifi-
cial Intelligence and its subset, Machine Learning, for
firms’ innovation capability, measured by firms’ abil-
ity to perform innovation processes and to introduce
innovation outcomes. We use a micro-business sur-
vey covering 6,254 firms in the UK collected in 2018
which provides data on the adoption of Artificial Intel-
ligence and Machine Learning before and after 2012
and firms’ innovation activity and innovation out-
comes during 2015 — 2018. The structure of the data
allows us to identify two groups of adopters based on
the timing of their technology adoption: ‘first movers’
that adopted advanced digital technology before 2012,
and ‘second movers’ that adopted advanced digital
technology between 2012-2015. We then consider
the impact of each adoption strategy on innovation
capability, measured by whether firms perform inter-
nal research and development (R&D) activity, and
whether firms introduce product innovation and radi-
cal innovation, during the later 2015-18 period.

Our study makes two main contributions. First,
we explore how advanced digital technology adop-
tion strategies impact innovation capability. While the
prior literature has provided insights into how both
first movers and second movers benefitted from their
strategies in market share and competition (Hoppe,
2000; Lieberman & Montgomery, 1988), we con-
nect adoption strategies to firms’ innovation pro-
cesses and innovation outcomes. Understanding this
linkage seems essential given the growing questions
around the nature of advanced digital technologies
and the increasing emergence of Industry 4.0. Sec-
ond, our study focuses on digital technology adoption
in micro-businesses. While the prior literature has
examined the impact of digital technology adoption
on larger firms (e.g., Steiber et al., 2021) and SMEs
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(e.g., Giotopoulos et al., 2017; Li et al., 2018), micro-
businesses are often excluded from innovation sur-
veys and related analyses, (e.g., the UK Innovation
Survey, UK E-Commerce survey). Although smaller
firms comprise over 95% of all businesses (BEIS,
2020), smaller firms tend to have limited awareness
of the benefits of adopting new technology, lead-
ing to lower technology adoption rates compared to
their larger counterparts (Jones et al., 2014; Simmons
et al., 2008). Understanding the effects of digital tech-
nology adoption on micro-businesses seems impera-
tive to provide evidence of the adoption benefits and
encourage digital technology adoption.

The paper is organized as follows. Section 2 pro-
vides the conceptual framework drawing on the theo-
retical literature and empirical evidence on technology
adoption strategy and its relation to innovation. In Sec-
tion 3, we present our hypotheses drawn from previous
studies on technology adoption, the timing of adoption
decisions, and the complementarity of innovation. Sec-
tion 4 describes the data and statistical approach, and
Section 5 describes the probit estimation results. Last,
in Section 6, we discuss the results, the contribution,
the implications, and the limitations of this study.

2 Conceptual development

Based on the theoretical lens of the resource-based
view, the adoption of new technology is considered
as a resource-picking and capability-building mech-
anism to create sustained competitive advantage
(e.g., Wu et al.,, 2006). Within the resource-based
view, Barney (1991, p.105) proposed that valuable
resources enable firms to “exploit opportunities and/
or neutralize threats in a firms’ environment”. In
other words, resources are considered valuable due
to their resource value and resource risk considera-
tions (Toms, 2010). Since the adoption decision also
carries with it technology uncertainty and risks, and
resources required to adopt new technologies (e.g.,
Hoppe, 2000; Yoon, 2009), this implies the exist-
ence of risk-reward considerations behind advanced
digital technology adoption. To analyse this issue,
we explore the value of Artificial Intelligence and
Machine Learning adoption in micro-businesses and
the risk-reward balance of advanced digital technol-
ogy adoption based on the literature of first mover
and second mover advantage.

2.1 Adoption of artificial intelligence and machine
learning in micro-business

Artificial Intelligence (AI) and its subset technology,
Machine Learning, offer various powerful cogni-
tive and decision-making functions to enhance firms’
capabilities, performance, and competitiveness. Arti-
ficial Intelligence (Al) is defined as a system’s abil-
ity to imitate human cognitive functions to learn from
data, perform learning and solve problems (Haenlein
& Kaplan, 2019), with various Al techniques being
introduced in the literature including decision sup-
port systems, intelligent agents, and expert systems
(Chen et al., 2021). Loureiro et al. (2021) also high-
light Artificial Intelligence capabilities for natural
language processing, information storing, automated
reasoning, and Machine Learning to learn from pat-
terns. In its application, Artificial Intelligence may
support firms in automating their digital and physical
tasks, enable pattern detection in vast volumes of data
and data interpretation, and the cognitive engagement
between firms and their employees and customers
(Davenport & Ronanki, 2018). Meanwhile, Machine
Learning is defined as a subset technology of Al with
the ability to self-learn from data patterns and per-
form an assigned task without human intervention
(Brynjolfsson & Mcafee, 2017). In its application,
Machine Learning provides a higher level of cogni-
tive insights by mimicking the human brain to rec-
ognize patterns, make predictions, and produce new
data for better analysis (Davenport & Ronanki, 2018).
These reasons suggest that Artificial Intelligence and
Machine Learning have the potential to act as com-
plementary or substitute cognitive resources to tradi-
tional human resources to accelerate business func-
tion, which is aligned with the resource-based view
(e.g., Baget al,, 2021; Wade & Hulland, 2004).

The potential benefits of Artificial Intelligence
and Machine Learning to improve firms’ capabilities,
performance and competitiveness raises questions
about whether and when firms should adopt these
technologies. Linking to the resource-based view,
digital technologies can serve as strategic resources
to enhance firms’ competitiveness, growth, and sur-
vivability (e.g., Hartmann & Henkel, 2020). How-
ever, Ghobakhloo and Ching (2019) argue that the
decision process of adoption in smaller firms dif-
fers from larger firms due to their limited financial,
human, and organizational resources (Hewitt-Dundas,

@ Springer



414

U. Y. Nafizah et al.

2006). Micro-businesses with less than 10 employees
may experience more barriers to technology adop-
tion, supported by empirical evidence of lower digital
technology adoption rates in micro-businesses than
their larger counterparts (Jones et al., 2014).

In addition to resource limitations, prior litera-
ture also highlights other barriers that hamper digital
technology adoption in small businesses and micro-
businesses. For instance, the literature highlights
cost-benefit considerations as key determinants of
technology adoption decisions in micro-businesses.
Small firms may have perceptions of the high cost
of adoption (Dorrington et al., 2016) as well as dif-
ficulties valuing the potential benefits (Simmons
et al., 2008), and a more general lack of information
(Macgregor & Vrazalic, 2005). These findings sug-
gest that micro-businesses are often not convinced
of the benefits of technology adoption and, there-
fore, delay their adoption to collect more information
before reconsidering adoption.

2.2 First mover and second mover adoption strategy

The timing of adoption decisions therefore reflects
firms’ consideration of costs, risks, and poten-
tial benefits, with prior literature identifying two
types of adoption strategy based on firms’ response
to the emergence of new technology: first mover
and second mover strategies. A first mover adop-
tion strategy reflects firms’ decision to become
an early adopter of a new technology to gain first
mover advantages by exploiting their superiority
in technology to compete with their rivals, achieve
larger market share, and earn higher economic prof-
its (Lieberman & Montgomery, 1988; Suarez &
Lanzolla, 2007). A first mover adoption strategy
reflects a pre-emptive competitive strategy with
the assumption that firms win when they introduce
better innovations (by exploiting the technology)
at the earliest time (e.g., Riordan, 1992). Suarez
and Lanzolla (2007) identify three sources of first
mover advantage: economic advantages, internal
capability advantages, and market environmen-
tal advantages. First, first movers gain economic
advantages by monopolizing production resources,
achieving economic of scale, or capitalizing on
the patents of their innovations (e.g., Dixit, 1980;
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Gilbert & Newbery, 1982). Second, consistent with
the resource-based view, first movers enhance their
internal competence and capabilities earlier and,
therefore, may have specialized or superior capa-
bilities than their competitors (e.g., Klepper &
Simons, 2000; Rosenbloom & Cusumano, 1987).
Third, market environment advantages accrue since
by introducing better innovations before others, first
movers may initiate market evolution and technol-
ogy evolution and, therefore, benefit from technol-
ogy leadership (e.g., Suarez & Lanzolla, 2007).

On the other hand, a first mover adoption strat-
egy is higher risk due to the cost of investments and
technological uncertainty. For instance, Lieberman
and Montgomery (1988) suggest first movers may
be harmed by free rider effects, i.e., the imitation of
adoption by later adopters at lower costs, technology
uncertainty of the “dominant design”, and market
shifting. These first mover disadvantages, therefore,
become the advantages captured by second movers.

In the second mover strategy, firms delay adop-
tion to benefit from information spillovers and
lower adoption costs (Hoppe, 2000; Yoon, 2009).
Later adopters, further, aim to gain information
about technology adoption by observing early adop-
ters’ experience to reduce technological uncertainty
and adoption risks (Tran et al., 2012; Yoon, 2009).
However, in adopting a second mover strategy
firms’ trade-off greater information though delaying
technology adoption against lower potential profits.
Yoon (2009) suggests that the more firms adopt the
same technology, the lower the potential profit due
to competition. Prior literature on second mover
advantages, therefore, focuses on the waiting game
of adoption. For instance, Hoppe (2000) proposes a
duopoly model of new technology adoption based
on technology uncertainty and costs of adoption
and suggests a small increase in the probability of
success may transform the waiting game into a pre-
emptive game. Meanwhile, Yoon (2009) argue that
better informed firms are aware of the intention of
less-informed firms and, therefore will delay adop-
tion to prevent information spillovers and propose
an equilibrium model based on the cost of delaying
adoption. These findings highlight the complexity
of adoption strategy based on the information char-
acteristics, potential profit, and costs of adoption.
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3 Hypothesis development

The potential benefit of adopting advanced digital
technology raises questions about whether micro-
businesses should adopt these technologies and which
adoption strategy works best for micro-businesses.
Next, we investigate first mover advantages and sec-
ond mover advantages in the micro-businesses case.

3.1 How artificial intelligence and machine learning
influences micro-businesses’ innovation
processes and innovation outcomes

The literature suggests a close relationship between
digital technology and innovation. Digital technolo-
gies potentially transform innovation outcomes: first
by enabling the development of new products based
on the recombination of physical and digital compo-
nents (Yoo et al., 2010); and second by altering the
spatial and temporal boundaries of the innovation
process (Nambisan, 2017). To illustrate these two
effects of digital technologies’ role in innovation, the
literature introduces two perspectives: product-centric
and process-centric development. The product-centric
perspective defines digital innovation as a new type
of product innovation, i.e., the combination of physi-
cal and digital products enabled by the properties of
digital technologies to offer new opportunities for
products and services (Yoo et al., 2010, 2012). Mean-
while, the process-centric perspective on digital inno-
vation emphasizes the use of digital technologies to
orchestrate market offerings, business processes, and
innovation processes (Agostini et al., 2020; Namb-
isan, 2017). From the process-centric view, digital
technologies can act as both operand resources, i.e.,
enabler or facilitator, and operant resources, i.e., ini-
tiator or actor, in firms’ innovation process. In other
words, the process-centric view of digital innova-
tion argues that the adoption of digital technology
will enhance firms’ innovation process. In this study,
we explore both product-centric and process-centric
views of digital innovation and, therefore, analyse the
impact of advanced digital technology adoption on
both firms’ capability to undertake innovation and to
achieve enhanced innovation outcomes.

We propose that the adoption of Artificial Intel-
ligence and Machine Learning positively influences
innovation capability and enhances the innova-
tion process and improves firms’ ability to achieve

innovation outcomes. Firstly, both technologies
potentially reduce innovation barriers, improve effi-
ciency, and accelerate the innovation process that is
traditionally performed by humans. As suggested by
Haefner et al. (2020), both technologies support the
stage of idea generation and idea development by
overcoming information processing and knowledge
search barriers. The growing availability of data and
information due to technological advancements chal-
lenges the limit of human cognitive capacity to absorb
and process information. Artificial Intelligence ena-
bles firms to identify more problems and opportuni-
ties for new idea identification and assess more infor-
mation for idea development (Haefner et al., 2020).
Next, Artificial Intelligence eases the acquisition
of external information and knowledge; therefore, it
reduces knowledge search limitations and supports
firms in identifying more exploratory problems/
opportunities leading to the generation of more novel
ideas (Haefner et al., 2020; Paschen et al., 2019). In
addition, the adoption of Artificial Intelligence allows
firms to learn from customer data and, thus, improve
the prediction accuracy of customer preferences and
market segmentation (Angermann & Ramzan, 2016;
Farazzmanesh & Hosseini, 2017). These adoption
benefits may help firms identify and develop innova-
tion outcomes based on the specific market segment’s
preferences and needs, which improves the success of
innovation outcomes. Both Artificial Intelligence and
Machine Learning allow firms to undertake more pre-
cise forecasting based on a vast amount of data, lead-
ing to less risky decision-making (Srinivasan, 2014).
These potential benefits of Artificial Intelligence and
Machine Learning are particularly relevant to the idea
evaluation stage, where firms may evaluate possible
ideas based on the prediction of customers’ demand.
Second, both Artificial Intelligence and Machine
Learning technology can be recombined into the
existing solutions, thus, leading to a new application
of ideas (Davenport & Ronanki, 2018). For instance,
embedded Artificial Intelligence enables self-driving
cars, customer-bots, and personal assistants, e.g.,
Alexa or Siri. These reasons suggest that Artificial
Intelligence and Machine Learning can improve
firms’ ability to undertake internal innovation pro-
cesses and achieve enhanced innovation outcomes.
These effects may be particularly important for
resource constrained micro-businesses. To begin with,
empirical evidence suggests that micro-businesses,
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i.e., firms with fewer than ten employees, tend to have
a lower probability of performing innovation activity
and, therefore, have less product and process innova-
tion than larger firms (Baumann & Kritikos, 2016).
Micro-businesses have limited amounts of internal
capital and ability to invest in innovation (Audretsch
et al., 2020). However, advanced digital technologies
help small firms compensate for their limited internal
resources enabling their innovation activity (Li et al.,
2018). In our case, Artificial Intelligence and Machine
Learning technology may enhance small firms’ cog-
nitive and decision-making capability and compen-
sate for their human resource limitations. Linking to
the resource-based view, Artificial Intelligence and
Machine Learning, can thus be considered strate-
gic resources enabling firms to develop their inter-
nal capabilities and achieve competitive advantage
through innovation. Therefore, we argue that adopting
these technologies enhances micro-businesses’ inno-
vation capability to perform innovation processes and
leverage their innovation outcomes (Fig. 1).

Hla: The adoption of Artificial Intelligence posi-
tively affects micro-businesses’ innovation outcomes.
Hl1b: The adoption of Artificial Intelligence posi-
tively affects micro-businesses’ innovation processes.
H2a: The adoption of Machine Learning positively
affects micro-businesses’ innovation outcomes.

H2b: The adoption of Machine Learning positively
affects micro-businesses’ innovation processes.

3.2 Second mover strategy as the best adoption
strategy for micro-businesses

Whether it is more advantageous to be a first mover,
or a second mover is the subject of discussion in prior
literature. To date, the literature provides conflicting
empirical evidence and is unable to provide conclu-
sive evidence on the relative strength of first mover
and second mover advantages. One stream of litera-
ture highlights the impact of first mover advantages
on various measures of firm performance. Lambkin
(1988) provides empirical evidence that first movers
enjoy higher share values and longer profit advan-
tages to compensate for higher investments using
129 firms from the PIMS database. Shepherd (1999)
highlights that first movers have a higher probability
of survival than second movers based on the 1995
Australian Venture Capital Guide. Similarly, Robin-
son and Min (2002) provide evidence that first mover
advantages offset technological uncertainty and risks
and enhance firms’ survivability through temporary
monopoly using the 1999 Thomas Register of US
manufacturers. Using data from the Strategic Plan-
ning Institute’s STR2 database of US manufactur-
ers, Robinson et al. (1992) also highlights that first

Fig.1 Conceptual Model
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movers have stronger intrinsic skills and resource pro-
files than second movers.

Meanwhile, another strand of literature highlights
evidence of first mover disadvantages, inter alia sup-
porting second mover advantages. Golder and Tellis
(1993) use historical analysis to provide evidence
that first movers have a 47% failure rate, and only
11% of first movers become the market leaders of
their respective industries. Similarly, Boulding and
Christen (2001) use the PIMS database from 1930 to
1985 to provide empirical evidence of the cost dis-
advantages of first movers. Boulding and Christen
(2001) highlight that first movers have less profit in
the long term than second movers as the cost penalty
outweighs the potential revenue. These differences in
empirical evidence suggest that both first mover strat-
egy and second mover strategies can provide poten-
tial benefits for firms. Suarez and Lanzolla (2007)
further propose that the success of entry timing strat-
egy is affected not only by firm-level enablers, such
as firms’ resources and capabilities, but also by the
environmental dynamics of markets and technology
evolution.

In this study, we propose that the second
mover strategy is the best adoption strategy for
micro-businesses for two reasons: competitive
strategy and limited internal resources. First, a
second mover strategy fits with micro-businesses’
competitive strategy. As suggested by Parnell and
Carraher (2001), early adopters are identical to “the
prospectors” in Miles and Snow’s (1986) typology
who utilize innovation to actively engage with fast-
changing environments, while second movers link to
“the analysers” who focus on maintaining stability
and react to the dynamic started by first movers,
although both “prospectors” and ‘“‘analysers” are
associated with high entrepreneurial orientation that
enables small firms to benefit from innovation, risk-
taking, and proactiveness (Tang & Tang, 2012).
Evidence from Brazil and Ghana show “analysers” as
the most common strategy for small firms (Agyapong
et al.,, 2016; Gimenez, 2000). Micro-businesses,
therefore, are better to adopt second mover adoption
strategy as part of their competitive strategy.

Second, micro-businesses have limited internal
resources to devote to the adoption of new technolo-
gies and capitalize on technology benefits. Firms’
ability to capitalize on their technology superiority to
achieve economies of scale is critical for a first mover

strategy (e.g., Dixit, 1980; Gilbert & Newbery, 1982).
Micro-businesses have few permanent employees (or
even none), limited access to financial resources, and
therefore limited capacity to utilize scale economies
(Liberman-Yaconi et al., 2010). Micro-businesses are
vulnerable to risk and, therefore, first mover strategy
with more technological uncertainty is less suitable
for micro-businesses. Next, using 577 retail compa-
nies in the USA, Parnell and Carraher (2001) find
that micro-businesses with limited R&D activity will
have a less effective first mover strategy. Given that
micro-businesses are less able to gain innovation ben-
efits from the first mover strategy, we propose that the
second mover strategy by delaying the adoption of
advanced digital technologies is superior to the first
mover strategy to enhance micro-businesses innova-
tion process and outcomes.

H3: Second mover strategy leads to higher micro-
businesses’ innovation capability compared to a
first mover strategy

4 Data and methods

For our empirical analysis, we use the Micro-busi-
ness Britain Survey 2018 that provides informa-
tion on established micro-businesses in the UK.
The Micro-business Britain Survey includes infor-
mation on digital adoption before 2012, between
2012-2015, and after 2015, and innovation activity
between 2015 and 2018. The survey also provides
information on micro-businesses’ key business
characteristics and business strategies making it
a suitable dataset to study the links between busi-
ness characteristics, business strategy and digital
adoption. The survey covers established micro-
businesses: firms with 1-9 employees and had
been operating for at least three years. The survey
excludes micro-businesses that are subsidiaries of
larger firms, charities, or part of the public sector.
The Micro-Business Britain survey was undertaken
by telephone interview with either the owner or
business manager between February and May 2018.
The survey’s response rate is 9.3 per cent in the UK
survey. Although the survey tried to gain represent-
ative samples by sector and region within the firm’s
size band, there is an oversampling for firms in the
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5-9 size band to prevent small sample sizes in the
specific groups. In this study, we use the UK survey
sample with a total of 6,254 micro-businesses.

4.1 First and second movers

The Micro-Business Britain Survey 2018 provides
information on advanced digital technology adoption,
such as Artificial Intelligence and Machine Learn-
ing. For each technology, the survey asks whether
firms used each advanced digital technology, and
this is used for our adoption variables (Adopt:Al
and Adopt:ML). The survey also asks whether firms
had adopted these technologies in the last three
years (between 2015-2018), 3—6 years ago (between
2012-2015), or before 2012.

Based on the timing of their adoption of advanced
digital technology, we identify two groups of adop-
ters: first movers and second movers. ‘First movers’
are firms who adopted either Artificial Intelligence
or Machine Learning before 2012. Meanwhile, ‘sec-
ond movers’ are firms who adopted any of the two
advanced digital technologies during 2012-2015. We,
thus, come up with four variables of adoption strat-
egy: first mover strategy and second mover strategy
of adopting Artificial Intelligence (Adopt:Al-First
Mover and Adopt:Al-Second Mover) and Machine
Learning (Adopt:ML-First Mover and Adopt:ML-Sec-
ond Mover). While we use 2012 as the cut-off point
for first movers’ and second movers’ analysis due to
data limitations, interestingly, this timing also coin-
cides with the period when Industry 4.0 was intro-
duced as a high-tech strategy by the German govern-
ment (Kagermann et al., 2013).

Appendix Table 1 reports the proportion of
advanced digital technology adopters in the UK. By
2015, 2% of UK’s micro-businesses had adopted
Artificial Intelligence and 6% of them had adopted
Machine Learning. This seems related to the fact that
Machine Learning is a subset of computational tech-
niques of Artificial Intelligence, which is easier to
adopt (Brynjolfsson & Mcafee, 2017). Interestingly,
almost half of Artificial Intelligence and Machine
Learning adopters are first movers: 1.42 per cent of
first movers compared to 0.68 per cent of second
movers for Artificial Intelligence, and 4.28 per cent
of first movers compared to 2.68 per cent of second
movers for Machine Learning.
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4.2 Dependent variables

The Micro-business Britain survey includes ques-
tions about micro-businesses’ innovation activity in
the last three years, i.e., between 2015 and 2018. The
survey follows the core questions of the Community
Innovation Survey (CIS) to provide information on
innovativeness by different types of innovation, and
innovation performance. We focus on innovation
questions that measure micro-businesses’ capability
to introduce innovation outcomes and perform inno-
vation activities. The innovation outcome is measured
by product innovation, a question on whether they
introduced ‘any new or significantly improved prod-
ucts or services’ and a radical innovation question on
whether ‘the new or improved products or services
introduced were new to the market and/or introduced
before their competitors’. Meanwhile, innovation
activity is measured by whether micro-businesses
conduct internal research and development (R&D)
activities.

Each innovation question is answered in Yes/No
format and, therefore, makes our dependent vari-
ables binary. Overall, 33% of UK micro-businesses
introduce product innovations, 11% of UK micro-
businesses introduce radical innovations, and 12% of
UK micro-businesses performed internal R&D activ-
ity during 2015-2018. However, first movers tend to
have a higher propensity to introduce product innova-
tions, radical innovations and to perform R&D activ-
ity compared to second movers: 5.53 per cent of first
movers introduced product innovations compared to
1.12 per cent of second movers, 0.72 per cent of first
movers introduced new-to-the market innovations
compared to 0.48 per cent of second movers, and
1.12 per cent of first movers performed internal R&D
activity compared to 0.6 per cent of second movers.

4.3 Control variables

Following the resource-based view, firms’ capa-
bilities are contingent on and built using their set
of organizational resources (Sirmon et al., 2007).
In addition, the resource-based view suggests that
firms’ strategic resources and capability to inte-
grate, deploy, and utilize these resources will deter-
mine their performance, highlighting the role of
both resources and capabilities as sources of com-
petitive advantage (Barney, 2001). While technology
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adoption is considered as a resource-picking and
capability-building mechanism, prior literature has
shown the importance of complementary organi-
zational resources and capabilities, along with the
technology itself, to fully realize the benefits of tech-
nology investment (Mikalef & Gupta, 2021; Mikalef
et al., 2018).

We therefore include some control variables in our
analysis in relation to complementary organization
resources and capabilities. First, we include technol-
ogy assets and technology skills since the literature
suggests that previous adoption of related technology
increases firms’ stock of knowledge, enhances digital
skills (Bourke & Roper, 2016), and acts as the pre-con-
dition for developing firms’ capability to both improve
existing technology and to create new technologies
(Romijn & Albaladejo, 2002). We identify technology
assets based on all of the digital technologies adopted
by micro-businesses. The survey provides informa-
tion on digital technology adoption, such as customer
relationship management (CRM) systems, e-com-
merce, web-based accounting software, computer-
aided design software, and cloud computing. Here,
55 per cent of UK micro-businesses have adopted at
least one digital technology by 2015. Next, we deter-
mine technological skills through specific training to
develop new products /services in micro-businesses.
The survey suggests that only 14.5 per cent of micro-
businesses in the UK conducted specific training for
innovation. Second, we include human resource assets
and capabilities. We include human resource manage-
ment practices and organizational innovation practices
as complementary to innovation capability within the
micro-businesses. As suggested in the literature, the
adoption of technological innovation alone is insuffi-
cient to enhance firms’ innovativeness. It requires other
managerial and innovation practices (Battisti & Iona,
2009; Battisti & Stoneman, 2010). The survey sug-
gests that 66 per cent of micro-businesses in the UK
performed human resources practices, while only 23
per cent of them undertook organizational innovation.
Third, we include external knowledge search activity
as another resource-picking and capability-building
mechanism to enhance innovation capability, since the
literature highlights technological innovation’s suc-
cess through integrating both the internal capabilities
of inventiveness and external knowledge (Cassiman
& Veugelers, 2002). We control for micro-businesses’
external activities: whether firms collaborate with

external partners on their innovation activities and
whether firms are members of formal business organi-
zations or network members. The survey shows that,
on average, micro-businesses in the UK collaborated
at least with one external party to innovate, and 47 per
cent of micro-businesses have an engagement with a
business network.

We also include micro-businesses characteris-
tics as control variables. We include standard con-
trol variables such as firms’ age based on operat-
ing years as well as industry dummies. On average,
micro-businesses in the UK 3—4 years of experience
operating in the businesses. The adopters of advanced
digital technology predominantly come from sec-
tor G (retail, wholesale), followed by sector M (pro-
fessional, scientific) and sector JKL (information,
finance, real estate). Considering the importance of
human resources elements in technology adoption
and innovation activity (e.g., Battisti & Stoneman,
2010), we incorporate employee characteristics meas-
ured by the number of employees with a degree or
above. Next, following the work of Bourke and Roper
(2016), we controlled for business ambition based on
questions of the importance “to build national and/or
international business” and “to keep business simi-
lar to how it operates now”. Based on the data, we
find that only 22 per cent of micro-businesses in the
UK agree that ‘building a national or international
building’ was important. Appendix Table 2 in the
Appendix shows the list of variable definitions, while
Appendix Table 3 provides descriptive statistics of
each variable.

4.4 Modelling strategy

This study analyses the effect of advanced digital
technology adoption on firms’ innovation capabil-
ity, measured by whether firms introduce product
innovation and radical innovation and whether firms
perform R&D activity. The innovation capability
variables used as our dependent variables are binary,
and therefore estimation models such as logit or pro-
bit would be appropriate (Greene, 2000). In this
study, we follow Lopez-Mielgo et al. (2009) using a
probit model to analyze innovation capabilities as the
likelihood of firms’ performing innovation. We define
innovation capability (Innov,) as: 1) firms’ propensity
to introduce any product innovation (Innov:Prod); 2)
firms’ likelihood to introduce any radical innovation
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(Innov:New); and 3) firms’ probability to perform
any internal research and development (R&D) activ-
ity (Innov:RnD) within the last three years. We model
each aspect of innovation capability (Innov;) using the
same univariate probit model to test our first and sec-
ond hypotheses as follows:

Innov; = p, + p,Adopt : Al; + p,Adopt : ML, + p;Cont; + €

)]
Where Adopt:All; and Adopt:ML,; are vectors of inde-
pendent variables that reflect the adoption Artificial
Intelligence and Machine Learning. Next, Cont, is a
vector of control variables consisting of complemen-
tary resources and capabilities and micro-businesses’
key characteristics. In addition, Innov; measures
firms’ propensity to innovate, i.e., whether innovation
occurs or not, such that:

Innov. — 1 ifInnovi* > 0 5
171 0 iflnnovi* <0 @

The third hypothesis explores two adoption strate-
gies: first movers who adopt either Artificial Intelli-
gence or Machine Learning before 2012, and second
movers who adopt either technology between 2012
and 2015. We include an additional model to estimate
the effects of these adoption strategies on innova-
tion capability by partitioning the adoption variables
using the baseline univariate probit model as seen in
Eq. 3. The model, thus, allows us to test the hypoth-
esis using the total sample with greater precision
compared to a group test analysis where groups are
defined by adoption strategy.

Innov; = By + pAdopt . Al — FirstMovers;
+ BrAdopt . Al — SecondMovers; + p3Adopt : ML — FirstMovers;
+ pyAdopt : ML — SecondMovers; + psCont; + €
3)
For a better approximation of the probability
change produced by explanatory variables, we also

calculate the marginal effects and, this allows us to
compare degrees of change between variables.

5 Empirical results
This study includes two models based on the adoption
strategy, as seen in Appendix Table 5. The first model

analyses the impact of technology adoption on inno-
vation, while the second model explores the impact
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of adoption strategy on innovation with illustrative
split by adoption strategies. Appendix Table 4 report
the correlation coefficients, which suggest low corre-
lations (less than 0.01) between technology adoption
and innovation capabilities. The low correlations sug-
gest that there are no serious issues of multicollinear-
ity. In addition, we use different time periods to ana-
lyse the effect of technology adoption on innovation
capability. We use data on the adoption of technology
before 2012 as the first movers group and data of the
adoption of technology between 2012 and 2015 as the
second movers group, while we use data on innova-
tion activity between 2015 and 2018. The structure
of the data enables us to avoid the potential issues of
reverse causality between technology adoption and
innovation. Appendix Table 5 summarizes the pro-
bit estimation results with marginal values calculated
at variable means. Appendix Table 5 also reports
the VIF to check the multicollinearity and Harman’s
single factor test across three groups of adopters to
check the variance. The maximum variance inflation
factor (VIF) associated with each independent vari-
able for each group of adopters is 1.04, 1.08, 1.06,
and 1.11, respectively, which is below the 10-cut-off
recommended (Neter et al., 1989) and indicates lit-
tle influence of multicollinearity. Next, Harman’s
single factor test yields between 9.5% and 11.62%
across different models explaining the variance in the
data. This low result suggests that the measures are
unlikely to result from common method bias (Podsa-
koff et al., 2003).

Based on Appendix Table 5, we find that adopt-
ing Artificial Intelligence positively affects firms’
capability to introduce innovation outcomes, while
adopting Machine Learning negatively affects firms’
propensity to introduce innovations. For all micro-
businesses, the adoption of Artificial Intelligence is
associated with 7.4% higher propensity to introduce
product innovation and 5.7% higher propensity to
introduce new-to-the market innovation. Meanwhile,
Machine Learning adoption is linked with 4.5% lower
probability to introduce product innovation (see
Appendix Table 5). In addition, we do not find any
significant association between the adoption of Arti-
ficial Intelligence and Machine Learning and research
and development (R&D) activity, suggesting no sig-
nificant association between adopting these technolo-
gies and firms’ innovation process. Therefore, we pro-
vide support only for Hla.
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We also explore the effect of adoption based on
group sizes of micro-businesses: very small micro-
businesses with 1-4 employees and larger micro-busi-
nesses with 5-9 employees. The survey shows that
very small micro-businesses have higher adoption
rates than larger micro-businesses (very small micro-
businesses 4 per cent and larger micro-businesses 3
per cent). Both size groups have a similar proportion
of first movers and second movers, i.e., around 2 per
cent for very small micro-businesses and 1 per cent
for larger micro-businesses. Interestingly, we find
that advanced digital technology affects very small
micro-businesses and larger micro-businesses differ-
ently. For very small micro-business, the adoption
of Artificial Intelligence and Machine Learning does
not affect the capability to introduce product innova-
tion and perform internal research and development
(R&D). Meanwhile, for larger micro-businesses, the
adoption of Artificial Intelligence increases the firms’
propensity to introduce innovation outcomes, and the
adoption of Machine Learning increases the firms’
propensity to conduct R&D activity. These results
support only Hla and H2b, suggesting that the adop-
tion of advanced digital technology positively affects
the micro-businesses innovation outcome and the
innovation process only for larger micro-businesses
with 5-9 employees.

Next, we test our third hypothesis that a second
mover strategy leads to higher micro-businesses’
innovation capability compared to a first mover
strategy. We include F-tests to evaluate the equal-
ity of the coefficients on the partitioned adoption
strategy variables, as reported in Appendix Table 6.
The F-tests suggest a significant difference between
first mover strategy and second mover strategy for
both adoption of Artificial Intelligence and Machine
Learning, highlighting the different impacts of tech-
nology adoption strategy on innovation capability.
Based on the probit estimation results (see Appen-
dix Table 5), we find the different effects of tech-
nology adoption strategies on innovation capability.
First, Artificial Intelligence adoption is associated
with innovation outcomes for second movers. The
adoption of Artificial Intelligence by second movers
is associated with a 17% higher propensity to intro-
duce product innovation and a 9% higher propensity
to introduce radical innovation, as seen in Appen-
dix Table 5. Second, we find that Machine Learn-
ing adoption by first movers positively affects their

innovation capability to perform internal R&D activ-
ity, while Machine Learning adoption by second
movers negatively affects firms’ propensity to intro-
duce product innovation. For instance, the adoption
of Machine Learning by first movers is associated
with 3% higher propensity to perform R&D activity,
while the adoption of Machine Learning by the sec-
ond movers is associated with 7% lower propensity
to introduce product innovation (Appendix Table 5).
Our findings suggest that our third hypothesis (H3)
is supported for Artificial Intelligence adoption but
not for Machine Learning.

We identify the effect of complementary organiza-
tion resources and capabilities to develop innovation
capability as the control variables. First, the litera-
ture suggests that technology assets and capabilities
affect firms’ ability to perform innovation activities
(e.g., Wang et al., 2008; Zhou and Wu, 2010). Here,
technology assets measured by total adoption of digi-
tal technology, positively links with firms’ innovation
capability to introduce innovation outcome and to
perform R&D activity for both first movers and sec-
ond movers (Appendix Table 5). Next, Romijn and
Albaladejo (2002) also highlight the role of technol-
ogy skills on firms’ ability to introduce innovation. In
our sample, technology skills show a consistent and
strong association with firms’ innovation outcomes
and R&D activity across all three different groups of
adopters, as seen in Appendix Table 5. Second, the lit-
erature highlights the importance of human resources
and capabilities in innovation activities (e.g., Kianto
et al., 2017). We find that human resource practices
and organizational innovation practices are positively
associated with R&D activity, while organizational
innovation practices are negatively associated with
firms’ propensity to introduce product innovation
(Appendix Table 5). Thirdly, consistent with the lit-
erature (e.g., Cassiman & Veugelers, 2002), we find
that micro-businesses partnerships with external par-
ties have a consistent positive association with inno-
vation capability on introducing innovation outcomes
and performing R&D activity for all micro-busi-
nesses, for both first movers and second movers, as
seen in Appendix Table 5. However, the involvement
of business networks shows no association with inno-
vation capability across different types of adopters.
Overall, the result suggests that various complemen-
tary organization resources and capabilities influence
micro-businesses’ innovation capability.
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The key characteristics of micro-businesses as the
control variables provide mixed results. Firm age is
negatively associated only with the propensity to
introduce product innovation, while employees’ grad-
uate status is positively associated with innovation
capability to perform R&D activity. Business ambi-
tion was also strongly linked with a higher propensity
to introduce innovation outcomes and perform inter-
nal R&D activities across different types of adopters.
This result indicates that micro-businesses character-
istics link to innovation capability.

5.1 Robustness tests

As a robustness test, we conduct group tests based
on the timing of advanced digital technology adop-
tion strategy, reported in Appendix Table 7. The first
analysis focuses on first movers: micro-businesses
which adopted either Artificial Intelligence or Machine
Learning before 2012. Meanwhile, the second analy-
sis focuses on second movers: micro-businesses which
adopted either Artificial Intelligence or Machine Learn-
ing between 2012 and 2015. For the first and the sec-
ond groups, we include the non-adopters of Artificial
Intelligence and Machine Learning in the analysis as
the baseline for comparison. Estimation results are very
similar to our main analysis, providing only partial sup-
port for Hypothesis 3. Second movers strategy of adopt-
ing Artificial Intelligence is consistently associated with
a higher probability of innovation outcomes.

6 Discussion and conclusion
6.1 Discussion

The paper examines the impact of the adoption of
advanced digital technologies, such as Artificial Intel-
ligence and Machine Learning, on innovation capa-
bility. Using a dataset from the Micro-Businesses
Britain Survey, we identify two groups of UK adop-
ters based on the timing of technology adoption. The
first group is ‘first movers’ that adopt new technol-
ogy at the earliest time. The second group is ‘second
movers’ that delay the adoption of new technology. In
general, four key findings emerge.

We find evidence that the adoption of advanced
digital technologies, such as Artificial Intelligence
and Machine Learning, enhances micro-businesses’
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innovation capability. Our findings reaffirm the ben-
efits of advanced digital technology on innovation.
For instance, our study confirms the role of Machine
Learning to enhance service innovation and the design
process as highlighted by Antons and Breidbach
(2018) and the role of Artificial Intelligence to enable
new methods of invention as proposed by Cockburn
et al. (2019). Our findings, thus, reaffirm the finding
of Battisti and Stoneman (2010) that the adoption of
technologies can be regarded as a technological inno-
vation that leads to positive innovation complementa-
rity. Our results suggest the role of Artificial Intelli-
gence and Machine Learning as strategic resources to
leverage firms’ innovation capability, highlighting the
role of technology adoption as a capability-building
mechanism, as suggested by the resource-based view.

The results also suggest that each advanced digital
technology corresponds to a different innovation capa-
bility. Machine Learning adoption increases firms’
propensity to perform internal R&D activity, while
Artificial Intelligence adoption increases firms’ pro-
pensity to introduce both product innovation and radi-
cal innovation (see Appendix Table 5). This finding is
also relevant to the key features of each advanced digi-
tal technology. For instance, Machine Learning serves
as a decision aiding technology based on big data, par-
ticularly in the idea generation and idea development
phases (Frank et al., 2019; Haefner et al., 2020). This
suggests that Machine Learning fosters firms’ capa-
bility to perform internal R&D based on data, high-
lighting the role of Machine Learning as the driver of
data-driven innovation (e.g., Trabucchi et al., 2017,
Trabucchi & Buganza, 2019). For instance, Machine
Learning helps firms to decide which products to
develop and at which market to aim.

While previous literature has suggested that
advanced digital technology enables all firms (e.g.,
Trabucchi & Buganza, 2019), our results highlight the
positive impacts of advanced digital technology adop-
tion on innovation capability only for larger micro-
businesses with 5-9 employees. This result poten-
tially links to the characteristics of advanced digital
technologies. The application of Machine Learning
and Artificial Intelligence depend more on employ-
ees’ technical know-how, and these reasons hamper
the adoption of Machine Learning and Artificial Intel-
ligence in the smallest firms (e.g., Bauer et al., 2020
and Iftikhar & Nordbjerg, 2021). Whilst overall, our
findings highlight the benefit of adopting advanced
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digital technology on micro-businesses innovation
process and innovation outcomes, significant differ-
ences emerge for different sizes of micro-businesses
making outcomes specific to size.

We find strong evidence of both first mover advan-
tages and second mover advantages of adopting
advanced digital technologies on micro-businesses’
innovation capability. The results also suggest that each
advanced digital technology has a different optimal
adoption strategy linked to the characteristics of each
advanced digital technology. The adoption of Artificial
Intelligence by both first and second movers increases
the propensity of micro-businesses to innovate. This
finding shows that Artificial Intelligence improves the
innovation capability of micro-business regardless of the
type of adoption strategy. On the contrary, the adoption
of Machine Learning by first movers leads to a more
significant and positive impact on innovation capability
than the adoption by second movers. This finding sug-
gests that a first mover strategy, becoming an early adop-
ter of Machine Learning, works better for micro-busi-
nesses. In our case, first movers may benefit from the
superior capability to utilize Machine Learning in their
internal research and development activity. This finding
reaffirms the first mover advantages of micro-businesses
to gain internal capability advantages, as suggested by
Suarez and Lanzolla (2007). Interestingly, these find-
ings, therefore, highlight the benefit of first mover and
second mover strategy for each advanced digital tech-
nology. This finding also shows that first mover and
second mover advantages are not only relevant to firms’
economic profitability (e.g., Hoppe, 2000; Yoon, 2009)
but also to firms’ innovation capability. To sum up, our
findings highlight the role of technology characteristics
as one determinant of technology adoption strategy.

We also find evidence that various complementary
organization resources and capabilities affect micro-busi-
nesses’ innovation capability. Linking to the resource-
based view, our findings highlight the importance of
complementary organization resources and capability to
leverage innovation. First, our results suggest that tech-
nology assets and technology skills positively influence
micro-businesses’ propensity to innovate both for first
movers and second movers. Our results confirm the
importance of technology assets and skills as firm-level
enablers to capture the potential benefits of first movers
(Suarez & Lanzolla, 2007). Next, we find that human
resource practices and organizational innovation are
positively associated with micro-businesses’ propensity

to perform internal R&D activity. Meanwhile, organiza-
tional practices negatively influence micro-businesses’
propensity to innovate, which may be consistent with
micro-businesses’ organizational limitations due to lim-
ited employees (Liberman-Yaconi et al., 2010) and the
balancing focus between innovation activity and organi-
zational activity (Battisti et al., 2015). Our findings also
highlight external knowledge search activity as another
resource-picking and capability-building mechanism to
enable innovation (Cassiman & Veugelers, 2002). To
sum up, our findings suggest the importance of align-
ment between firms’ internal and external forces both in
the context of innovation activity and technology adop-
tion. Our results highlight that the success of technology
adoption strategy and innovation strategy are contingent
on firms’ overall strategy and context.

6.2 Implications

The main theoretical contribution of this paper is to
shed light on whether the adoption of advanced digital
technologies by micro-businesses leads to higher inno-
vation capability. First, our study suggests the strong
and positive impact of advanced digital technology
adoption on micro-businesses’ innovation outcomes
and innovation process. From the perspective of inno-
vation management, this paper contributes by adding
empirical evidence on technological factors that drive
the innovation process. Secondly, our results highlight
both first mover advantages and second mover advan-
tages of adopting Artificial Intelligence and Machine
Learning to develop innovation capability. These find-
ings highlight the role of technology characteristics as
one determinant for the technology adoption decision.
Third, our findings reaffirm the role of advanced digital
technology as one innovation complementarity. Fourth,
our results suggest that the success of technology adop-
tion strategy and innovation process are contingent on
firms’ overall strategy and contextual factors. There-
fore, our study emphasizes the importance of a strategic
approach to both digital adoption and innovation.

Our results suggest three practical implications for
technology adoption and innovation processes in micro-
businesses. First, our findings highlight the adoption
benefits of advanced digital technologies in enhancing
micro-businesses’ innovation capability and poten-
tially increasing their competitiveness and profitability.
Micro-businesses, particularly larger micro-business
with 5-9 employees, could be encouraged to adopt
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advanced digital technology to compensate for their
resources and capability in the innovation process.
Second, our findings highlight both first mover advan-
tages and second mover advantages for the adoption of
advanced digital technologies. The practical implica-
tion is that if micro-businesses intend to adopt specific
technology, firms need to consider the characteristics
of each technology, including the complementary tech-
nology. Our suggestion is that technology needs to be
adopted within an overall strategic framework for the
micro-business. Third, our findings also provide evi-
dence of the role of complementary resources in shap-
ing both technology adoption and innovation in micro-
businesses. The implication is that micro-businesses
need to fit the technology adoption strategy and innova-
tion strategy with their overall strategy to enhance com-
petitiveness and increase profitability.

The results have implications for two areas in public
policy. First, this study provides an evidence base for
policy to develop digital transformation programs on
micro-businesses. As highlighted in our research, the
adoption of advanced digital technologies positively
impacts micro-businesses’ innovation outcomes and
innovation processes. The first policy implication is
that micro-businesses should be included as a priority
in national digital transformation programs. To date,
national digital policies are commonly targeted toward
SMEs and often exclude micro-businesses. For exam-
ple, the UK’s Made Smarter pilot program focuses on
supporting digital diffusion in manufacturing SMEs.
Our study suggests that the government should also
target micro-businesses for policies aiming to increase
digital skills, technology awareness, and digital adop-
tion. Various forms of support can be used to fos-
ter digital transformation in micro-businesses, such
as direct financial support through grants for firms’
uptake of advanced digital technology, indirect finan-
cial support through tax relief for technology invest-
ment, or non-financial support through counselling or
mentorship services to guide digital transformation.
Secondly, this study provides an evidence base for
national innovation policy, notably to support micro-
businesses’ innovation. Our study suggests that digital
technology serves as one enabler of the innovation pro-
cess. The second policy implication is that government
should align innovation policy with digital policy.
This implication links to the current trends of digital
economy policy priorities to foster innovation in digital
technologies, or so-called digital innovation (OECD,
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2020). As suggested by OECD (2019), the govern-
ment should respond to the emerging digital innovation
trend by developing data access policies, digital tech-
nology adoption promotion policies, and digital tech-
nology sectoral application policies.

6.3 Limitation

Nevertheless, this study has some limitations. First,
while the UK Micro-business Britain survey 2018
had questions relating to the timing of technology
adoption, it was a cross-sectional survey. The survey
only provides data on the timing adoption in the last
three years (between 2015 and 2018), three-six years
ago (between 2012 and 2015), and earlier (before
2012). Therefore, the survey has some limitations
for the timings cut-off that potentially impacts the
study’s result, particularly in comparing the adop-
tion strategy between first movers and second mov-
ers (H3). While 2012 coincidently links to the timing
of the emergence of Industry 4.0, using 2012 as the
cut-off was based on the practical reason to reduce
the risk of reverse causality, i.e., timing of adoption
must precede micro-business’ innovation activities.
We are aware of the potential impacts on our result if
the timing cut-off is different, as we will have differ-
ent sample groups of first movers and second movers.
Second, innovation variables in the survey are binary
yes/no question, i.e., whether firms introduce product
innovation, whether firms introduce new-to-the-mar-
ket innovation, and whether firms perform internal
R&D activity. Therefore, our findings are measured
by firms’ propensity to innovate rather than innova-
tion intensity, e.g., the number of product innovations
introduced by firms. Future studies may be interested
in exploring the impact of advanced digital technol-
ogy adoption on innovation intensity. Third, our anal-
ysis is focused only on the UK, which limits the gen-
eralizability of the findings. It would be interesting to
extend our empirical results to other countries to seek
the impact of advanced digital technology adoption in
micro-businesses. Fourthly, our study only covers two
types of advanced digital technology, i.e., Artificial
Intelligence and Machine Learning. Meanwhile, other
advanced digital technologies exist, such as Big Data
Analytics, the Internet of Things, and Robotic tech-
nology. Future studies of different types of advanced
digital technology and their impact on innovation
could make a valuable contribution.
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Appendix

Table 1 The Adoption of Advanced Digital Technology in the UK before 2012

All Micro-Businesses First Movers (Early Adopters) Second Movers

(Later Adopter)
Artificial Intelligence 2.07% 1.42% 0.68%
Machine Learning 6.68% 4.28% 2.68%

Table 2 Variable Definition

Variable Name

Variable Definition

Innov;

Innov:Prod
Innov:New
Innov:RnD

Adopt;

Adopt: Al

Adopt:Al- First Movers
Adopt:Al-Second Movers
Adopt:ML

Adopt:ML-First Movers
Adopt:ML- Second Movers

Cont;

Tech:Assets

Tech: Skills

Org: HR practices

Org: Organizational Innovation
Ext:Partners

Ext:Network

Age

Employees characteristics
National/International Ambition
Keep Business State

Sector (Dummy)

Size (Dummy)

Innovation capability that is measured by the probability of firms to introduce innovation out-
come and to perform innovation activity during 2015-2018

A binary variable taking value 1 where the business introduced any new or significantly improved
products or services during 2015-2018

A binary variable taking value 1 where the business introduced any new or significantly improved
products or services that is new to the market during 2015-2018

A binary variable taking value 1 where the business undertakes R&D within your firm during
2015-2018

The adoption of advanced digital technology, such as Artificial Intelligence and Machine
Learning technology

A binary variable taking value 1 where the business adopts Artificial Intelligence

A binary variable taking value 1 where the business adopted Artificial Intelligence before 2012

A binary variable taking value 1 where the business adopted Artificial Intelligence during
2012-2015

A binary variable taking value 1 where the business adopts Machine Learning technology

A binary variable taking value 1 where the business adopted Machine Learning technology before
2012

A binary variable taking value 1 where the business adopted Machine Learning technology during
2012-2015

A set of control variables included in the model

The number of total digital technologies adopted by each firm, such as CRM system, e-commerce,
web-based accounting, CAD (apart from the advanced digital technology), and Cloud Comput-
ing. The variable ranges from O to 5

A binary variable taking value 1 where the business has specific training related specifically to
develop new products/services

A binary variable taking value 1 where the business has any human resources practices

A binary variable taking value 1 where the business introduces any organizational innovation

Total number of partner types with which the firm is collaborating for innovation

A binary variable taking value 1 where the business is a member of business network

When the business built (interval: up to 3 years ago, 3—5 years ago, 5-10 years ago, 10-20 years
ago, more than 20 years ago)

Number of employees with degree or equivalent qualification

Binary variable taking value 1 where the firm said the objective to build national/international
business was either important or very important

Binary variable taking value 1 where the firm said the objective to keep business similar to how it
operates was either important or very important

Dummy variable of industry sector. 1 = ABDE primary, 2 =C-manufacturing, 3 = F-construction,
4 =G-retail, wholesale, 5=HI- transport, accommodation, food, 6 =JKL- information, finance,
real estate, 7=M-professional scientific, 8 =N-administrative service, 9 =PQRS-other services

Dummy variable of size, 1 =very small micro, 2 =larger micro-business
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Table 3 Descriptive
Statistics of Variables

See Table 2 for Variable
Definitions. N=5,968
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Variable Name Mean Standard
Deviations

Innovation Capabilities Variables
Innov:Prod (Product Innovation) 0.328 0.469
Innov:New (Radicalness of Innovation) 0.112 0.316
Innov:RnD (Research and Development Activity) 0.117 0.321

Adoption Variables
Adopt:Al (Artificial Intelligence) 0.019 0.137
Adopt:Al- First Movers 0.013 0.116
Adopt: Al-Second Movers 0.005 0.075
Adopt: ML (Machine Learning) 0.062 0.241
Adopt:ML — First Movers 0.038 0.192
Adopt: ML — Second Movers 0.023 0.152
Tech:Assets 1.021 1.174
Tech: Skills 0.145 0.352
Org: HR practices 1.336 0.472
Org: Organizational Innovation 0.231 0.421
Ext: Partners 0.42 1.087
Ext:Network 1.525 0.499
Age 4.119 0.978
Employees characteristics 1.054 1.541
National/International Ambition 0.22 0.414
Keep Business State Ambition 0.73 0.443
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Table 5 Probit Estimation based on Adoption Strategy

All Adoption Strategies

Split by Adoption Strategy

VIF Innov: Prod  Innov: New Innov: R&D VIF Innov: Prod Innov: New  Innov: R&D
Adoption
Adopt: Al 1.06 0.074* 0.057%** 0.033
(0.039) (0.023) (0.021)
Adopt: Al-First Movers 1.04 0.032 0.043 0.026
(0.046) (0.028) (0.026)
Adopt Al-Second Movers 1.08 0.17%* 0.09%* 0.052
(0.071) (0.04) (0.037)
Adopt: ML 1.10 -0.045%* -0.021 0.016
(0.023) (0.015) (0.013)
Adopt: ML- First Movers 1.06 -0.033 -0.022 0.031*
(0.029) (0.019) (0.016)
Adopt ML- Second Movers 1.11 -0.07* -0.023 -0.01
(0.037) (0.024) (0.021)
Control
Tech:Assets 1.20 0.01%** 0.014%* 0.013%#* 1.20 0.013%%* 0.013%#%* 0.013%%*
(0.004) (0.003) (0.003) (0.004) (0.003) (0.003)
Tech: Skills 1.25 0.35%** 0.107%#* 0.096%** 1.25 0.351%%* 0.108##* 0.096%#*
(0.015) (0.009) (0.008) (0.015) (0.009) (0.008)
Org: HR practices 1.15 -0.009 0.006 0.016* 1.15 -0.009 0.006 0.016*
(0.012) (0.009) (0.008) (0.012) (0.009) (0.008)
Org: organizational innovation 1.23 -0.03%** -0.005 0.08##* 1.24 -0.036%**  -0.005 0.08%**
(0.014) (0.009) (0.007) (0.014) (0.009) (0.007)
Ext: Partners 1.28 0.09%** 0.03##* 0.028##* 1.28 0.093 %% 0.03##* 0.028%**
(0.005) (0.003) (0.002) (0.005) (0.003) (0.002)
Ext:Network 1.04 -0.011 0.003 -0.011 1.05 -0.012 0.004 -0.012
(0.011) (0.007) (0.007) (0.011) (0.007) (0.007)
Age 1.09 -0.01%* -0.004 -0.003 1.10 -0.018%** -0.004 -0.004
(0.005) (0.004) (0.003) (0.005) (0.004) (0.003)
Employee Characteristics 1.32 0.005 0.003 0.012%#% 1.33 0.004 0.003 0.0127%%*
(0.004) (0.002) (0.002) (0.004) (0.002) (0.002)
National/International Ambition 1.11 0.08%** 0.059%#* 0.046%#* 1.12 0.084 %% 0.058##* 0.046%**
(0.013) (0.008) (0.007) (0.013) (0.008) (0.007)
Keep Business State 1.07 -0.05%#%* -0.03%*%* -0.03%*#* 1.07 -0.05%** -0.03%** -0.03%**
(0.012) (0.008) (0.007) (0.012) (0.008) (0.007)
Sector Dummy Yes Yes Yes Yes Yes Yes
Size Dummy Yes Yes Yes Yes Yes Yes
Constant -0.405 -1.57 -1.65 -0.585 -1.57 -1.63
N 5,549 5478 5,585 5,549 5478 5,585
Chi-squared 1476.28 652.51 1123.28 1446.6 653.47 1125.84
P - value 0.00 0.00 0.00 0.00 0.00 0.00
R-squared 0.205 0.17 0.27 0.206 0.17 0.27
Log Likelihood -2782.08 -1589.49 -1465.21 -2780.58 -1589.01 -1463.93
Harman’s one factor test 10.93% 10.87% 11.62% 10.27% 9.5% 10.3%

1) Panel Probit model. 2) Reported coefficients are marginal values calculated at variable means, 3) All micro-business sample con-
sists of the adopters before 2015 and the non-adopters, 4) Models includes sector and size dummies 5) Standard errors are in paren-

theses, 6) *p<0.1, ¥* p<0.05, *** p <0.01
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Table 6 Marginal effects
comparison for first movers
and second movers

Coefficients and F-tests
based on models similar
to those in Table 5 for
each innovation capability.
*p<0.1, #*p<0.05,

**%p <0.01
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First Movers Second Movers F-Test Probability (p)
Innov:Prod
Adopt:Al 0.032 0.17%* 3.48%* 0.031
Adopt:ML -0.033 -0.07* 2.50% 0.082
Innov: New
Adopt:Al 0.043 0.09% 4.98%%* 0.006
Adopt:ML -0.022 -0.023 1.39 0.249
Innov: R&D
Adopt:Al 0.026 0.051 3.70%* 0.024
Adopt:ML 0.031%* -0.01 2.74% 0.064
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Table 7 Regression Result based on Sample Split (Robustness Test)

First mover (Early Adopters) Sample Second movers (Later Adopters) Sample
VIF Innov: Prod Innov: New Innov:R&D  VIF Innov: Prod Innov:New Innov:R&D
Adopt
Adopt: AL 1.05 0.041 0.048* 0.03 1.09 0.16%* 0.09% 0.043
(0.047) (0.028) (0.26) (0.073) (0.041) (0.038)
Adopt: ML 1.08 -0.025 -0.018 0.03* 1.11 -0.068* -0.021 -0.006
(0.029) (0.019) (0.16) (0.038) (0.024) (0.021)
Control
Tech:Assets 1.16 0.002 0.008%* 0.01%#%* 1.16 0.013%*%* 0.014%%* 0.014%**
(0.005) (0.003) (0.003) (0.005) (0.003) (0.003)
Tech: Skills 1.25 0.352%%% 0.108%* 0.097#%* 1.24 0.345%%% 0.105%%* 0.091 #**
(0.015) (0.009) (0.008) (0.016) (0.01) (0.008)
Org: HR practices 1.15 -0.012 0.005 0.015* 1.15 -0.007 0.006 0.012*
(0.012) (0.009) (0.008) (0.012) (0.009) (0.008)
Org: organizational innovation 1.24 -0.031%* -0.0007 0.078%* 1.23 -0.035%* -0.003 0.078%*
(0.014) (0.009) (0.007) (0.014) (0.009) (0.007)
Ext: Partners 1.27 0.093#** 0.03%#%#* 0.028#3* 1.28 0.093 %3 0.027%%* 0.027%%*
(0.005) (0.003) (0.002) (0.005) (0.003) (0.002)
Ext:Network 1.04 -0.01 0.001 -0.01 1.04 -0.016 -0.003 -0.011
(0.011) (0.008) (0.007) (0.011) (0.008) (0.007)
Age 1.1 -0.022%#%  -0.008%** -0.007* 1.09 -0.018%* -0.004* -0.002
(0.005) (0.004) (0.003) (0.005) (0.004) (0.003)
Employee Characteristics 1.32 0.005 0.004 0.012%%* 1.33 0.003 0.003* 0.011%%**
(0.004) (0.002) (0.002) (0.004) (0.002) (0.002)
National/International Ambition 1.11 0.088#** 0.058%* 0.046%** 1.12 0.088%* 0.06%#* 0.045%%*
(0.013) (0.008) (0.008) (0.013) (0.008) (0.008)
Keep Business State 1.06 -0.05%%#%* -0.038%##* -0.034#5%% 1.07 -0.05%#* -0.037#%* -0.037#5%%*
(0.012) (0.008) (0.007) (0.012) (0.008) (0.007)
Sector Yes Yes Yes Yes Yes Yes
Size Yes Yes Yes Yes Yes Yes
Constant -0.548 -1.48 -1.52 -0.557 -1.53 -1.6
N 5,402 5,332 5,438 5,275 5,209 5,308
Chi-squared 1397.07 609.33 1056.21 1341.6 610.85 1005.42
P - value 0 0 0 0 0 0
R-squared 0.205 0.16 0.27 0.201 0.16 0.26
Log Likelihood -2703.72 -1539.77 -1431.69 -2648.6 -1495.4 -1361.79
Harman’s one factor test 10.87% 10.12% 10.93% 11.37% 10.75% 11.43%

1) Panel Probit model. 2) Reported coefficients are marginal values calculated at variable means, 3) Reference groups of adopters
refer to firms that adopted either Artificial Intelligence and Machine Learning, 4) First mover sample consists of the adopters before
2012 and the non-adopters, 5) Second mover sample consists of the adopters during 2012-2015 and the non-adopters, 6) Standard
errors are in parentheses, 7) *p <0.1, ** p <0.05, *** p <0.01
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