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Abstract 

Artificial intelligence has emerged as a key technology that individuals and businesses utilize 

to grow and innovate with the paucity of understanding what drives its adoption. This study examines 

how investments in internal R&D and Information and Communication Technologies (ICT), 

combined with open innovation through knowledge spillovers, R&D acquisitions, and collaborations 

with external partners, can encourage firms to embrace AI. Drawing from the Technology – 

Organizational and Environmental (TOE) context framework and integrating it with the recombinant 

knowledge perspective, we assess the interplay between a firm's organizational and technological 

contexts, as well as the impact of knowledge spillovers and collaborations. This assessment is based 

on micro-level data from UK firms spanning 2004-2020. Our findings highlight the distinct influence 

of investments in knowledge and capabilities, in conjunction with collaborative engagements on a 

firm's propensity to adopt AI. 

Keywords: R&D; ICT; AI; knowledge collaboration, knowledge spillovers; innovation 

 

JEL Classification: D24; O31; O33; H40 

 

1. Introduction 

  
The predicted rapid adoption of AI (World Economic Forum, 2018) made this technology a 

necessary strategy for business and development, prioritizing investment in AI research (Babina 

et al., 2020; Samoili et al., 2020; Van Roy, 2020). AI, as well as new emerging technologies such 

as blockchain and cloud computing, is an adaptive technology with broad applicability. This 
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characteristic of wide applicability makes different appropriability hypotheses compared to other 

discrete technologies with narrower applications. In the case of AI, the innovator's share of the 

benefits may be higher because innovators can enjoy the economies of scope resulting from the 

technology's broad applicability. Theoretically, the ability of AI technologies to enhance cross-

location coordination procedures might result in further differentiation of global value chains as 

well as a rise in the production’s flexibility and efficiency in addition to the economies of scale 

and scope (Dachs et al., 2019; Kinkel et al., 2022). According to Kinkel et al. (2020), the 

percentage of organizations that have already adopted AI ranges from 16 to 23 percent, based on 

309 German worldwide (Ransbotham et al., 2017) . Our data demonstrate that around 14% of the 

firms in the United Kingdom have made an attempt or have already adopted AI (ONS, 2020).  

How companies can increase their AI adoption is still widely understudied (Kinkel et al., 2022). The 

actual tendency is to consider only the technical capabilities and competencies required to adopt AI 

technology  (Chui & Malhotra, 2018; Daugherty & Wilson, 2018; Haefner et al., 2021; Razzaque, 

2021) and almost ignores that adoption rates and uses by firms also depend on external and internal 

context (Grover et al., 2022; Rammer et al., 2022)Few explanations of how and why firms adopt AI 

- and what knowledge inputs are required for such technology adoption - have been offered by 

research to date.  

 As far as we know, few studies investigate the influence of the organizational, 

technological and external contexts and the role of knowledge recombination in increasing AI 

adoption rates. In fact, the availability of various digital skills, R&D and ICT intensity, the 

strategic direction of spillovers, collaboration with external partners or acquiring external 

knowledge may influence the adoption of new technologies, such as AI. Because of this 

research gap, there are still no empirical results on whether the technological, organisational 

and external contexts (Kinkel et al., 2022) in terms of recombining of existing internal and 

external knowledge (Antonelli & Colombelli, 2017) can facilitate AI adoption.  

This study aims at filling this gap and answers the following research question: what 

technological, organizational and external knowledge contexts are more likely to increase AI 

adoption in innovative firms? We based our research model combining for the first time the 

Technology- Organization-Environment with the recombinant knowledge approach (Antonelli 

and Colombelli, 2017) to analyze company-level adoption of AI technology as the outcome.  

In this work we analyze how changes in technological, organizational and external 

contexts affect the adoption of new technology. The TOE framework we have chosen has 

proven to be an applicable concept for explaining cross-industry new technology adoption 

(Bhattacharya & Wamba, 2018; Tornatzky et al., 1990), such as AI (Kinkel et al., 2022). In our 
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work, internal (i.e. organizational and technological) and external environmental contexts provide a 

higher descriptive contribution to the adoption of AI technologies. 

Second, we apply the TOE framework to examine the relationships between three contexts of 

knowledge sourcing (Technological – Organizational – Environmental) and their influence on the 

adoption of AI. The aim is to understand which factors in the TOE framework favour the adoption of 

AI only at the level of internal firm investment in knowledge and which external knowledge sources 

(Chesbrough & Brunswicker, 2013; Schroll & Mild, 2011) become a channel for AI adoption.  

The rest of the paper is structured as follows. Section 2 reviews the micro-foundations on the TOE 

and recombinant knowledge approach. This is followed by section 3 with the model and data and 

section 4 with interviews. Estimation results are presented in section 5. Section 6 discusses and 

concludes. 

 

2. Theoretical framework 

2.1. Recombinant knowledge approach and TOE framework for AI adoption  

The TOE framework was developed in 1990 (Tornatzky & Fleischer, 1990) with the aim of 

outlining the three dimensions of a company's context—technological, organizational, and 

environmental contexts—that affect the process of adopting a technological innovation (Kinkel et al., 

2022). The technological context refers to the technological characteristics available in the 

organization for technology adoption. It includes both the structural aspects and the specialized 

human resources (Oliveira et al., 2014). The organizational context refers to the resources available 

internally within the company that can be used to facilitate the adoption of an innovation (Lippert & 

Govindarajulu, 2006). The environmental context encompasses a larger area within which the firm 

interacts and conducts its business; it is influenced by the company's competitors, access to resources 

offered by others, and interactions with government (Tornatzky & Fleischer, 1990). 

Due to limited resources available in the firms, the recombinant knowledge approach (RKA) should 

be applied to explain new technology adoption (Ciarli et al., 2021; Xiao & Boschma, 2022). By 

adapting the recombinant knowledge approach (Antonelli & Colombelli, 2015, 2017) to the TOE 

framework, we can examine the role of internal and external characteristics of knowledge 

independently and the mechanism that allows for the recombination of knowledge internally 

(technological and organizational context) and externally (environmental context).   In this 

perspective, the technological context of knowledge represents the firm’s technological resources, 

such as advanced equipment, ICT, software and hardware expenditure (Aboelmaged, 2014; Hall et 

al., 2013). The organizational context of knowledge represents investments in internal sources of 

knowledge (e.g., R&D) (Berchicci, 2013; Kinkel et al., 2022). Environmental context represents 



4 

 

various sources of external knowledge such as active knowledge collaboration with suppliers, 

customers, competitors, consultants, universities and government (Audretsch et al., 2021; Cappelli et 

al., 2014), knowledge spillovers (Cassiman & Veugelers, 2002; Iammarino & McCann, 2006; Jaffe 

& Lerner, 2001) and buying R&D (Cassiman & Valentini, 2016; Ebersberger et al., 2021). While it 

may not be obvious technological and organizational knowledge contexts are often connected and 

aligned  (Antonelli & Colombelli, 2017; Audretsch & Belitski, 2023). In fact, new knowledge is a 

result of a portfolio of various existing knowledge within a firm (Antonelli, 1999): such as training, 

internal R&D, search for technology and outside the firms, such as knowledge spillovers, knowledge 

collaborations and other (Audretsch & Belitski, 2023; Chesbrough, 2003, 2006; West & Bogers, 

2017).  

In particular, the TOE framework assumes that new technologies are adopted by changes in 

organizational, technological, and external context with the theory not explicitly acknowledging the 

interactions within the context.  At the same time, the adoption of new technologies stems from active 

external knowledge collaborations with suppliers, customers, universities, and competitors (Kobarg 

et al., 2019), in addition to sourcing knowledge via spillovers or buying R&D from other firms and 

industries. Following these arguments, reading the TOE framework through the lens of the 

recombinant knowledge approach seems the most appropriate in the study of AI adoption in business 

contexts. 

2.2. AI adoption and internal knowledge contexts: Technological and 

Organizational 

Investment in R&D and ICT is a significant source of relative competitive advantage for firms  

(Antonelli & Colombelli, 2017; Cohen & Levinthal, 1989; Hall et al., 2013; Hall & Mairesse, 2009; 

Khalil & Belitski, 2020). Firm’s R&D and ICT spending on revenue is reasonably considered one of 

the main drivers of new technology adoption (Kinkel et al., 2022). R&D and ICT investment enrich 

organizational and technological contexts of a firm by creating new knowledge internally as well as 

significantly increasing firm’s ability to effectively capture, transform, integrate external knowledge 

(Jantunen, 2005; Straub & Watson, 2001) within technological and organizational context and in 

doing so to improve firm’s competitive market position. 

Firms with greater intensity of R&D and ICT are more likely to adopt new technologies (Agostini & 

Nosella, 2019; Hall et al., 2013), such as AI, (Kinkel et al., 2022).  

Both R&D and ICT investments aim to develop specific capabilities and skills to enable the adoption 

of AI technology. Companies with a high R&D intensity are likely to have the ability and willingness 

to develop a strong organizational context, act more innovatively, and adopt new technologies 

(Bolton, 1993), such as AI (Kinkel et al., 2022). Investment in ICT, software and hardware 
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development tools are crucial for the adoption of AI, (Bughin et al., 2018). Johannessen (2020) found 

that technological context is important in the digital age and that new technologies adoption requires 

aligned business and digital competencies (e.g., collaboration, change, science, engineering, social, 

leadership, values). Our motivation is to examine investments in R&D and ICT for AI adoption. Both 

investments facilitate technological and organizational competences, generating new knowledge 

(Hall et al., 2013) and recognizing external knowledge (Cohen & Levinthal, 1989) such as new 

technologies. We hypothesize:   

H1: Investment in internal R&D increases the propensity to adopt AI. 

H2: Investment in internal ICT increases the propensity to adopt AI.  

There is a lack of research on how the investment in R&D will affect AI adoption across different 

industries and how the knowledge embedded in the organization can be effectively aligned with the 

technological context. A firm which simultaneously increases investments in R&D and ICT 

(Cassiman & Valentini, 2016)  may expect synergetic affects from both types of internal knowledge 

(R&D and ICT). Black and Lynch (2001) focus on the interaction between ICT, human capital, and 

organizational innovation, while Hall et al. (2013) focus on the interaction between investment in 

ICT and R&D for firm performance. These studies have two important omissions; first, they assume 

a direct relationship between knowledge investment and firm performance, potentially bypassing an 

important step in knowledge acquisition that enables to development and adopt new technologies to 

achieve higher performance. Second, it is the intensity of knowledge investment that matters (Kinkel 

et al. 2022), rather than how much you invest in R&D and ICT.  

The TOE framework is relevant in addressing the RKA effects within internal and external knowledge 

contexts, including investment in R&D and ICT. It enables us to account for the diversity of 

organizational and technological contexts which may enhance firms to adopt AI. The investment in 

ICT, in addition to general investment in knowledge, increases digital competencies that allow to 

adopt AI . Technological and organizational contexts altogether support the successful realization of 

strategic decisions, leading to higher competencies and cognition regarding what technology to adopt 

and how. We hypothesize: 

H3: There is a positive interaction effect between investment in internal R&D and ICT and 

the propensity to adopt AI.  

 

2.3. AI adoption and external knowledge context: environmental 

Buying R&D  
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Investing in external R&D makes easier and faster to access the resources needed to adopt 

new technologies and thus innovate. Being open to external knowledge allows companies to 

increase innovation productivity and reducing costs (Cassiman & Valentini, 2016; Chesbrough, 

2003; Faems et al., 2010). The environmental context represents varies sources of external 

knowledge, the access to this context enable to overcome the problems related to the increasing 

costs of internal R&D (Chesbrough, 2003).  Firms that become more permeable to the external 

environment and thus rely on externally developed knowledge and new technologies can 

generate new revenues and decrease the cost and time of internal R&D and new technology 

adoption. Buying external knowledge gain firms to access to valuable knowledge more quickly 

(Chesbrough, 2003; Laursen & Salter, 2006).  

Studies  Firms that are open to external knowledge can identify a large number of 

knowledge transfer opportunities (Cassiman & Valentini, 2016; Rothaermel & Deeds, 2006) 

and transform them into new ideas and products. Adoption of new technology, such as AI, 

requires time for learning the new technologies and also how to adapt and utilize it, while 

buying R&D speeds up the learning process. As a consequence, acquiring external knowledge 

in a form of R&D creates ready-made solutions for firms, facilitating prompt technology 

adoption and decreases the costs of engaging in AI technology adoption. We hypothesize: 

H4: External R&D investment increases the propensity to adopt AI. 

Knowledge collaboration  

Active knowledge collaboration with external partners and knowledge spillovers brings 

new knowledge to a firm that can further contribute to existing internal knowledge and become 

important knowledge inputs. The probability of innovation increases with recombination of 

investment in internal knowledge (e.g., R&D, training, ICT) (Audretsch & Belitski, 2020; 

Griliches, 1979; Hall et al., 2013) as well as external knowledge such as knowledge 

collaboration and spillovers (Antonelli & Colombelli, 2015; Faems et al., 2010).  

Knowledge collaboration provides access to inter-organisational knowledge, expertise 

and skills (Faems et al., 2005) which can be used to recognize the type of new technology and 

appreciate its usefulness and value. Collaboration reduces innovation costs among partners per 

unit of production (Veugelers, 1997), and mutually benefits from the technological knowledge 

of partners (Feldman & Audretsch, 1999). Knowledge collaboration with external partners 

increases each firm’s and joint competitiveness in a market by integrating, modifying and 

creating new combinations of resources (Cohen & Levinthal, 1989; Motti & Sachwald, 2003; 

Mowery et al., 1998) that could create a springboard for developing technology in-house or 

adopting external technologies such as the most advanced digital technologies - AI. Knowledge 
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collaboration is also a channel for the adoption of new technologies as it allows advancement of 

innovation and reduction of innovation costs. We hypothesize: 

H5: Knowledge collaboration increases the propensity to adopt AI. 

Knowledge spillovers  

In addition to knowledge collaboration, where financial compensation is sought, knowledge 

spillovers can become useful input to understand and adopt technologies (Agarwal et al., 2010; Link 

& Scott, 2019).  

Knowledge sourcing via knowledge spillovers (KS) (Feldman & Audretsch, 1999) may 

facilitate firm’s competitive advantage by sharing existing knowledge and technologies as well as 

increasing the productivity, innovation by new product development internally or co-creation of new 

products (Audretsch & Belitski, 2020). KS over via different open channels such as through 

conference attendance, membership in technology conferences, patent filings and publications 

(Audretsch & Keilbach, 2008; Cassia et al., 2009). Internal knowledge generated as a result of KS 

further contributes to the firm’s ability to recombine and create new knowledge (Weitzman, 1996).   

KS (Audretsch & Feldman, 1996) can facilitate the adoption of new technologies, such as AI, 

as they carry tacit information on new approaches of working, that is further absorbed by a firm. KS 

carry information which is then used by a firm to make sense out of available sources of innovation, 

including new technologies such as AI. For example, high-tech companies, that were previously 

leaders in the adoption of digital technologies, are now leaders in the adoption and use of AI (Bughin 

& Hazan, 2017). We hypothesize:  

H6: KS increase the propensity to adopt AI. 

Recombination of new knowledge further becomes possible when spillovers are embedded in 

knowledge collaboration with external partners (Bogers et al., 2017). Easy access to KSs enables new 

knowledge generated by active collaboration between firms and external partners (Antonelli & 

Colombelli, 2015; Van Beers & Zand, 2014). Moreover, firms have an incentive to invest in such 

collaboration to facilitate the adoption of new technologies, for several reasons. First, knowledge 

collaboration enables recognition of tacit knowledge from different external partners and assimilating 

it via spillovers (Audretsch & Feldman, 1996; Cassiman & Veugelers, 2002). Second, knowledge 

collaboration eases learning within an organization and adapt KS to the firm's routines. Third, 

knowledge collaboration helps firms increase their economic value of KS by integrating and 

modifying external knowledge, including collaborating with external partners (Bogers et al., 2017; 

Kobarg et al., 2019; Motti & Sachwald, 2003).  
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For example, a firm can combine KS with other external knowledge sources such as 

purchasing external R&D or collaborating with external partners to adopt new technology. 

Finally, increased collaboration on knowledge with external partners when KS are high allows 

for greater exploitation of the outgoing firm's technology (Veugelers & Schneider, 2018), as 

well as unpacking a complexity of knowledge by increasing the speed of knowledge 

recognition, adoption and commercialization. Antonelli (1999) described innovation as a 

recombinant knowledge process in which existing technological knowledge is an input for the 

generation of new knowledge and can be further accumulated (Griliches, 1979), and exploited 

for the adoption of new technologies. We hypothesize:  

H7a: There is a positive interaction effect between investment in external R&D and 

KS on a propensity to adopt AI.  

H7b: There is a positive interaction effect between knowledge collaboration with 

external partners and KS on a propensity to adopt AI.  

The conceptual model is illustrated in Figure 1. 

FIGURE 1  

 

 

3. Data and method 

3.1. Sample description  

To test our research hypothesis we used three datasets  from the Office of national 

statistics in the UK as well as we did selected interviews to better understand the context of AI 

adoption. Three database include the Business Structure Database (BSD) (Office for National 

Statistics, 2021a), the UK Innovation Survey (UKIS) (Office for National Statistics, 2022), and 

the E-commerce micro data (Office for National Statistics, 2021b) during 2004-2020. We 

started by identifying the companies that adopted AI in the in a form of using AI and robotics 

for services and operations. First, we collected data on companies that use AI from the E-

commerce survey. Second, we matched E-commerce data on AI adoption to BSD and CIS 

micro data by firm identifier and year.  

The Given that BSD and E-commerce produce annual data and UKIS is a biannual we 

matched E-commerce and BSD variable for the years 2005, 2007, 2009, 2011, 2013, 2015, 

2017 and 2019 to a correspondent CIS survey wave. The BSD and E-commerce data includes 
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information on what technology is used and for what purpose, the firm legal status, ownership, export, 

turnover, employment, industry and postcode. Our final sample has 13516 firms with 23041 

observations over 2004-2020, with 8171 firms observed only once during 2004-2020, 2855 firms 

observed two times, 1598 firms observed three times, 435 firms observed four times, 243 firms 

observed five times, 119 firms observed six times, 66 firms observed seven times and 29 firms 

observed eight times (all UKIS waves). Tables A.1, A.2 and A.3 show the firms distribution across 

UK regions, sectors and firms’ size. 

After cleaning data for the missing values of the variables of interest, and non-active and dormant 

firms, we were left with a total of 24286 observation (out of 1165584). We replaced non-missing 

values with zeros for knowledge collaboration partners. This extended the original samples of 24286 

observations and the extended sample (non-zero) for 52920 observations, used in the robustness 

check (see Table A.7. in Appendix). 

The geographical and industrial structures of firms do not change neither the distribution of firms 

across different sizes between two samples. 

3.2. Methodology 

The main shortcoming in the previous models that aimed to analyze the role of knowledge 

investment in firm performance and technology adoption (Griliches, 1979) has overlooked the role 

of internal and external knowledge as a boundary condition for technology adoption (Li et al., 2016). 

Thus, the prior approach has been limited in assigning external knowledge sources as a key conduit 

in technology adoption (Antonelli & Colombelli, 2017).  

In this study we are interested in estimating a model for AI adoption using a multivariate logistic 

regression analysis (Wooldridge, 2009). Our econometric model is as follows: 

𝑃𝑟𝑜𝑏(𝑦𝑖𝑡 = 1) = 𝛽0 + 𝛽𝑖𝑥𝑖𝑡−1 + 𝜆𝑖𝑧𝑖𝑡−1 +  𝜔𝑟 + 𝜌𝑗 + 𝑎𝑡 + 𝑢𝑖𝑡  (1) 

 

Equation (1) is the logistic cumulative distribution function. 𝑥𝑖𝑡 is a vector of explanatory 

variables such as investment in R&D and other technology in-house, buying external R&D (Hall et 

al. 2013), engaging in collaboration with external knowledge partners (Audretsch et al., 2021; 

Audretsch & Belitski, 2020) and  accessing KS (Cassiman & Veugleres, 2002) in t-1 for firm i, while 

𝑧𝑖𝑡 is a vector of other firm’s characteristics such as age, employment, ownership and other at time t-

1 for firm i, 𝑢𝑖𝑡 is an error term for firm i at time t (Wooldridge, 2009: 517). Vectors   𝜔𝑟 , 𝜌𝑗 , 𝑎𝑡 are 

region, industry and time fixed effects. There has been no multicollinearity found in all variables. 

Table 1 illustrates the list of variables used in equation (1).  

 

3.3. Variables  
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Dependent variables 

For our empirical model, we used a single dependent variable, AI. It is s a binary variable equal to 

one when the firm adopts AI. We used three different inclusion criteria. First, the firm is known to 

adopt AI if it belongs to one of the industries (SIC2007) that adopt AI. The information on firm 

adopting AI was imported from the external source – Beauhurst data(Beauhurst, 2021) that collects 

information on companies of different size and stage in the United Kingdom and their five digits SIC 

2007 industry location, that allowed us to identify firms located within the same five-digit sectors in 

UKIS. Second, it has invested in advanced equipment, and ICT, soft and hardware. Third, the 

proportion of employees who hold a university and higher in math, engineering or technology degree 

is greater than zero.  

 Explanatory and control variables  

Our main explanatory variables are an investment in R&D and ICT (internal knowledge), KS and 

knowledge collaboration (external knowledge). Investment in R&D and ICT were used in prior 

research (Griffith et al. 2006; Hall et al. 2012, 2013) and are associated with firms’ absorptive 

capacity (Cohen & Levinthal, 1990). We use the R&D and ICT expenditure to sales ratio known as 

R&D and ICT intensity. We take a natural logarithm of one plus R&D and ICT intensity to account 

for the non-linear effects of absorptive capacity (Denicolai et al., 2016) on innovation and 

productivity. 

Incoming KS are calculated drawing on Audretsch and Keilbach (2008) and Cassiman and Veugelers 

( 2006) as of the importance of innovation activities knowledge from various external sources such 

as conferences, trade fairs; professional and industry associations; technical, industry or service 

standards; scientific journals, trade/technical publication. The variables have been summed up and 

rescaled between zero and one.  

Prior studies have used various forms of KS including patent citations that mirror (unobservable) 

knowledge flows (Almeida, 1996; Jaffe, et al. 1993) and, thus, are frequently used as a proxy for KS. 

To capture the effect of high-tech spillovers in the past authors constructed a KS that represents the 

count of patent citations (Belenzon & Schankerman, 2013).  

Knowledge collaboration is an important channel of knowledge transfer: therefore, we included 

further collaboration variables across six main types of collaboration partners (Cassiman & 

Veugelers, 2002; Faems et al., 2005) including government, universities, consultants, customers, 

suppliers, and the enterprise groups.  

Factors that may directly affect the adoption of AI constitute our control variables. First, we used 

“employment” as the number of employees (small, medium, and large) taken in logarithms as well 

as firm age (Roper et al., 2017). We control for the firm’s absorptive capacity by controlling for a 
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share of employees with a BSc degree in science, i.e., “scientists” (Cohen & Levinthal, 1989). We 

controlled for the appropriability of innovation (Arora et al., 2016), measured as the average of 

appropriability strategies used by firms (patents) and “foreign” as firm foreign ownership (Love et 

al., 2014). We add the firm’s “Reporting units” (i.e. count of the number of units reported) and for 

“product innovation”. 

Finally, we include industry and region fixed effects. We refer the reader to Table A.4 for a 

description of the variables and Table A.5 for summary statistics, whereas Table A.6 contains the 

correlations between examined study variables.  

 

4. Interview Data and methods 

As a follow up of our empirical estimation we deployed additional research method to shed more 

light on the context and reasoning for AI adoption. Using the Beauhurst data on firms that adopt AI 

(as we were unable to identify a firm from using the ONS micro-data), we selected four key 

companies who reported AI adoption in the leading industries where AI is a common-p;lace , but 

also where AI is an emerging technology.  We approached founders and managers directors  and 

carried out five semi-structured interviews with firms of different sizes, industries and operating in 

different markets from February 2022 to June 2022 (see Table B.1). This enabled a topic-based 

approach to the theme and based on these topics, asked open, directed and even confrontational 

questions within the scope of the interview (Flick, 2019). The script contained two sections. The 

first presented the research project with a brief explanation of the research topic and clarification of 

the interview structure before requesting information from the interviewee to characterize the 

sample and description of the company’s business and AI use. The second section raised topics 

referring to internal knowledge, knowledge spillovers and knowledge collaboration, and to what 

extent this process represented a reality inside the organization, for example how KS function 

within its framework, what were the main form of collaborations, how the organization defined the 

relevance of different knowledge and how this may affect the AI use and adoption. To undertake 

the interviews, the first contact invited respondents to participate while informing them of the 

anonymous nature of the research in terms of names and organizations. The choice of interviewees 
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took place through means of nomination by specialists in the area who provided suggestions on 

whom to invite. We held the interviews by Teams, in keeping with the same position of other 

qualitative research studies (Sarkar, 2017; Shankar & Clausen, 2020). We recorded all of the 

interviews for their subsequent transcription and with the average interview time recorded as 35 

minutes. With the data collected, we applied content analysis to identify what constitutes KS. This 

method is derived from how the phenomenon under study belongs to an organizational context, 

enabling the codification and categorization of behaviors, acts, activities, strategies, relationships 

and interactions, conditions and limitations, among other aspects. We manually completed the 

coding and categorization of the data obtained from the interviews. The interview transcript extracts 

and the major results and conclusions are reported in Appendix B. 

 

5. Results  

5.1. Hypotheses testing 

We estimated equation (1) using the sample of matched BSD-UKIS with AI adoption as a binary 

dependent variable (Table 1).  

TABLE 1  

Our H1 is supported by the positive effect of internal R&D intensity on AI adoption (1.008, p<0.10). 

Consistent with the R&D- AI adoption results, the effect of ICT intensity on the propensity to adopt 

AI is positive and significant (1.055, p<0.01), supporting H2. The role of internal R&D and ICT 

investments in adopting AI advances what we know about absorptive capacity and a firm’s 

competencies for firm performance (Leiponen & Helfat, 2010). Consistent with prior research on 

innovation, investment in internal knowledge has had an essential effect beyond firm performance on 

a firm’s ability to recognize, adopt and implement AI. In testing the complementarities between R&D 

and ICT, the interaction coefficient of internal R&D and ICT is insignificant, hence not supporting 

H3. This finding is unexpected and intriguing, which means that investment in R&D and ICT could 

be used interchangeably for the adoption of AI.  

In search of sources of knowledge, firms buy external R&D, ally with external partners in R&D 

collaborations or access KS. Model 4 in Table 4 demonstrates that an increase in investment in 

external R&D intensity is positively associated with the propensity to adopt AI (1.091, p<0.01), 

supporting H4. Considering different forms of knowledge collaboration, Models 4-6 report that 
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collaboration with suppliers (1.216, p<0.01), customers (1.541, p<0.01), competitors (1.381, p<0.01) 

and universities (1.226, p<0.01) is associated with an increased in AI adoption propensity, supporting 

H5. The role of KS has been discussed as the availability of “free” knowledge; however, it may still 

require a cost of engagement with external knowledge (Audretsch & Belitski, 2023; Saura et al., 

2023). However, not all firms are ready to endure spillovers. We found that an increase in the 

availability of KS increases the propensity to adopt AI, however the coefficient is significant under 6 

percent (H6 is supported). The interaction between KS and various forms of external knowledge 

sourcing via knowledge collaboration are not statistically significant. For example a simultaneous 

increase in KS and external R&D does not change the likelihood of AI adoption, not supporting H7a. 

External knowledge collaboration bears a cost and in the environment with available KS from 

competitors (Cappelli et al., 2014) as well as suppliers and customers (Laurtsen and Salter, 2006) 

firm managers may want to choose between investing in knowledge collaboration or relying on 

spillovers. Given that spillovers is a form of an externality availability of knowledge and its transfer 

via spillovers is likely to be preferred form of external knowledge nd technology sourcing. To prove 

the argument our interaction analysis of knowledge spillover and collaboration with suppliers are 

negative which demonstrates that an increase in spillovers and subsequent collaboration with 

suppliers reduces the propensity of AI adoption by 3.9% (0.961, p<0.01). There is a similar case with 

customers when an increase in spillovers and collaboration reduces the propensity of AI adoption 

with costumers by 4.8 % (0.952, p<0.01) not supporting H7b (Models 5 and 6, Table 4). We 

demonstrate that there could be a general perception that KS is an alternative pathway of knowledge 

transfer, and it is a substitute to collaboration with suppliers and customers. This means that the 

company who will wish to increase the likelihood of adoption of AI will choose between engagement 

with customers and suppliers versus accessing spillovers, as spillovers have a cost (Mansfield et al., 

1981; Audretsch & Belitski, 2020).  

 

 5.2 Robustness check  

  

Based on the outcomes of estimation (1) and Models 6, we plotted the moderating effects of 

KS on AI adoption  (Figure 2), predicting also the level of the interaction between KS and external 

R&D (Figure 3),  and collaborations with partners – supplier collaboration (Figure 4), competitors 

collaboration (Figure 5), customers collaboration (Figure 6), consultant collaboration (Figure 7), 

universities collaboration (Figure 8)  and government collaboration (Figure 9). Predictive margins 
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diagrammatically illustrate the relationship between knowledge spillovers, collaboration and 

the propensity to adopt AI in a company. One of the most interesting findings here is that an 

increase in KS (Figure 2) as well as collaboration with different external partners (Figure 4 - 9) 

may either complementary, no effect or a substitution effect on AI adoption. The choice 

depends on the type of external partner and the type of knowledge embedded in the partner.  

FIGURE 2 

FIGURE 3  

 

For example, Figure 2 demonstrates that an increase in KS increases the probability of AI 

adoption by a firm (from 0.095 to 0.12), supporting H6. Figure 3 demonstrates that an increase 

in KS does not facilitate the effect of external R&D on the propensity to adopt AI. The more 

external R&D collaboration the better, but KS does not moderate it, not supporting H7a.  

FIGURE 4  

FIGURE 5  

 

Figures 4 shows that an increase in KS (from 0 to 12) does not change the expected level 

of AI adoption even is KS increases not supporting H7b.  

Figure 5 demonstrates that an increase in KS and collaboration with competitors increases 

the probability of AI adoption by firms, supporting H7b. The increase of AI adoption is higher 

for firms that consider collaboration with competitors relatively important or very important 

(from 0.11 to 0.14). This finding suggest that it is a combination of KS and high level of 

collaboration with competitors is mutually reinforcing and complementary for adopting AI. 

FIGURE 6  

FIGURE 7  

 

Figure 6 shows that an increase in KS (from 0 to 12) increases the propensity of AI 

adoption, especially for firms with low or no level of collaboration and vice versa, 

demonstrating that collaboration with customers and spillovers are substitutes. For firms with 
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low KS (from 0 to 6.5) collaboration with customer increase the probability to adopt AI (from 0.06 

to 0.11); while for those firms with high knowledge spillover (from 7 to 12) and with high 

collaboration with customer reduces the AI adoption propensity, not supporting H7b. 

Figure 7 demonstrates the vital role of collaboration with consultants on absence of knowledge 

spillover does not increase to probability of AI adoption (from 0.085 to 0.12 with H7b not supported.  

FIGURE 8  

FIGURE 9  

Figure 8 and Figure 9 show the moderating effect of knowledge spillover and university and 

government collaboration, respectively, on the propensity to adopt AI. In both figures, the propensity 

to adopt AI increases when KS increases, while collaboration with government and university does 

not enhance it further, not supporting H7b.  

6. Discussion and Conclusion 

This study uses the recombinant knowledge approach to TOE framework where the role of 

organizational, technological and external contexts is used to explain firm’s propensity in AI 

technology adoption. Our empirical evidence is based on using both industry and time perspectives 

in a large-unbalanced panel data sample of the UK firms. 

6.1 Theoretical implications 

Building on the pervasive critique of research that discusses a binary choice between investing in 

knowledge internally (Cohen & Levinthal, 1989, 1990; Miotti & Sachwald, 2003) or externally (i.e., 

open innovation) (Bogers et al., 2017, 2019), our study also demonstrates the vital role of 

technological context for adoption of new technology.  

In this study, we argue that innovation inputs originate from firm’s investment in knowledge and 

from sourcing knowledge via collaboration and spillovers from third parties (van Beer & Zand, 2014; 

Antonelli & Colombelli, 2017; Audretsch et al., 2021). To this extent we consider that internal and 

external knowledge sources are complementary for new technology adoption.  

Our findings add to prior research on TOE and on the limits to apply external context to firm’s 

competences and expands the recombinant knowledge approach (Antonelli, 1999) by overcoming an 

assumption that innovation is mainly R&D driven (Cohen & Levinthal, 1990).  

Following the prior research on knowledge collaboration between sectors (Audretsch & Belitski, 

2020) and between firm’s own investment in ICT and R&D, we draw on earlier knowledge 

management studies and show that it is either investment in technological (ICT) or organizational 
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context (R&D) that increases the likelihood of AI adoption. Knowledge collaboration with external 

partners, in particular suppliers and customers also increase the likelihood of AI adoption, unlike 

accessing KS or buying external R&D. In our opinion, these are important and unexpected findings 

as prior research has focused substantially on knowledge recombination between internal sources – 

R&D - and external sources – open innovation and knowledge collaboration (Bogers et al., 2017; 

Roper et al., 2017; Kobarg et al., 2019).  

This study also expands prior research of Kinkel et al. (2022) who used the TOE framework to explain 

the AI adoption in manufacturing. Unlike their argument, our research using the UK data has 

demonstrated that both technological and organizational context matter and both could become a 

conduits of AI adoption. While prior research has paid an overwhelming attention to the role of 

investment in digital tools and learning e-skills to use the most advanced technologies (Li et al., 2016), 

our study has demonstrated investment in human capital (R&D) and digital technology investment 

remain important conduit of AI adoption (Ferraris et al., 2019; Kinkel et al., 2022).Technological and 

organizational context were proved as key pillars of AI adoption in contrast to prior research on TOE 

framework (Duan et al., 2019) putting various TOE elements into a competitive test.  

The findings of this study have demonstrated that a firm manager when deciding to adopt new external 

technology should decide between what internal source of knowledge – R&D or ICT and what 

external source of knowledge – spillover or collaboration, which can be use both together and one at 

a time. Using various knowledge sources within external and internal context is not recommended as 

it increases the costs of knowledge sources e.g., transaction, coordination and management costs 

(Audretsch & Belitski, 2023; Bustinza, Gomes, et al., 2019; Demircioglu et al., 2019) and reduces 

resources available within organizational context for innovation and new technology adoption.  

The limits to open innovation originate from the fact that a firm needs to be selective in choosing 

which external partner to collaborate with and weather access knowledge spillovers if it has already 

built collaborative relationships with external partners. We also find that knowledge spillovers do not 

complement to buying R&D in increasing the likelihood of AI adoption. It appears that more in depth 

collaboration with external knowledge sources is needed (Kobarg et al., 2019) beyond spillovers in 

order to utilise outside technology through buying R&D.  

Expanding upon the benefits and costs of external context for technology adoption (Alaassar et al., 

2021; Enkel et al., 2009), firms may be most affected by selective strategies of external context and 

the type of collaborator (Audretsch et al., 2021). As long as the knowledge collaboration with 

suppliers, customers and consultants increases (van Beer & Zand, 2014; Kobarg et al. 2019), 

accessing knowledge spillovers may no longer be critical for innovation and hence does not add to 

the propensity of AI adoption.  
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6.2 Implications for managers 

Innovation literature has demonstrated that firms are insufficiently engaged with the organizational 

and technological context in the process of AI adoption (Link et al., 2020). The major issue remains 

investment in-house, in external collaboration and via buying external R&D. Limited resources could 

be invested inefficiently, and t relying on spillovers may still work as external knowledge sourcing 

strategy as collaboration with suppliers. Managers need to examine what sources of knowledge and 

within what context could be applied to get a greater innovation outcome, and the selectivity of 

knowledge investment is a key.  That said, investment in technical skills and tools for technology 

adoption via ICT and software investment is required for digital transformation in organization and 

is part of the e-leadership strategy of many small and mediums firms (Li et al., 2016). In addition, 

managers need to invest in technical understanding of IT processes and software before moving to 

new technologies adoption. For managers willing to reduce cost of external collaboration access to 

knowledge spillovers is an efficient strategy to increase technological readiness, however this is 

unlikely to facilitate AI adoption if R&D are acquired rather than created in-house. This finding 

contributes to what know from Zahra and George (2002) and Roper et al. (2017) on the role of 

absorptive capacity for understanding knowledge spillovers. Creating internal context by investment 

in absorptive capacity is an efficient strategy to recognise and use knowledge spillovers and 

knowledge collaboration.  

This study unlocks the complex relationship within internal and external context enabling managers 

to decide on the source of innovation inputs. Since the acquisition of technological context may take 

some time, it may seem advisable to develop external context, and in doing so the selectiveness of 

knowledge partnership types, forms of knowledge spillovers and the sources of buying R&D is 

important. Our study guides proactive managers looking for technology adoptions and adaptations 

instead to consider make – buy – ally strategies altogether rather than focusing on investing in R&D 

and ICT as a starting point.  

6.3 Limitations and future research 

The first limitation is data related. It was collected using a survey with substantial missing values for 

various types of external context of knowledge spillovers and collaboration. A more balanced long-

term longitudinal study with firm representation across industries, type of innovation, regions, firm 

size, and age could improve the precise estimation. Future research will focus on understanding the 

different combinations of knowledge and using the industry or regional perspective of TOE 

framework.  
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Another limitation is the period of the innovation survey. The global financial crises likely impacted 

the availability and efficiency of internal and external resources and in particular, the willingness to 

collaborate and the availability for knowledge spillovers. We call for future research to examine 

simultaneous estimation where several dependent parameters that can characterize the adoption of AI 

could be used (Crupi et al., 2021). 

Our empirical test has demonstrated that the use of the recombinant knowledge approach may provide 

further insights into unpacking firm innovation strategy for “make”, “buy” or “ally” on innovation 

(Bustinza, Lafuente, et al., 2019; Mudambi & Tallman, 2010).  
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Table 1: Logistic estimation of propensity to adopt AI - original sample.  
 

Specification (1) (2) (3) (4) (5) (6) 

Age 1.048 

(.046) 

1.080 

(.048) 

1.080 

(.048) 

1.059 

(.048) 

1.058 

(.048) 

1.081 

(.049) 

Employment  1.026 

(0.02) 

1.040 

(0.02) 

1.040 

(0.02) 

0.996 

(0.02) 

0.995 

(0.02) 

1.006 

(0.021) 

Scientists  1.039*** 

(0.001) 

1.038*** 

(0.001) 

1.038*** 

(0.001) 

1.038*** 

(0.001) 

1.038*** 

(0.001) 

1.038*** 

(0.001) 

Appropriability  2.466*** 

(.24) 

2.345*** 

(.23) 

2.345*** 

(.23) 

1.520*** 

(.16) 

1.543*** 

(.16) 

1.539*** 

(.16) 

Foreign 0.981 

(.063) 

0.992 

(.064) 

0.992 

(.064) 

1.077 

(.07) 

1.070 

(.07) 

1.069 

(.071) 

Reporting units  0.966* 

(.014) 

0.963** 

(.014) 

0.963** 

(.014) 

0.961** 

(.014) 

0.961** 

(.014) 

0.959** 

(.014) 

Product innovation 2.437*** 

(.15) 

2.305*** 

(.14) 

2.305*** 

(.14) 

1.879*** 

(.12) 

1.890*** 

(.12) 

1.852*** 

(.12) 

Internal R&D intensity (H1)  1.008*** 

(.003) 

1.008*** 

(.004) 

  1.045*** 

(.005) 

ICT intensity (H2)  1.055*** 

(.005) 

1.055*** 

(.005) 

  1.045*** 

(.005) 
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Internal R&D intensity x ICT intensity 

(H3) 

 
 

1.000 

(.000) 

  
1.000 

(.000) 

External R&D intensity (H4)  
  

1.091*** 

(.024) 

1.054 

(.053) 

1.016 

(.053) 

Suppliers (H5)    1.314*** 

(.045) 

1.541*** 

(.096) 

1.483*** 

(.093)  
Customers (H5)    1.314*** 

(.045) 

1.541*** 

(.096) 

1.483*** 

(.093) 

Competitors (H5)    1.185*** 

(.045) 

1.381*** 

(.093) 

1.389*** 

(.094) 

Consultants (H5)    1.028 

(.04) 

0.933 

(.068) 

0.939 

(.69) 

Universities (H5)    1.110*** 

(0.41) 

1.226*** 

(0.097) 

1.223* 

(0.097) 

Government (H5)    1.069 

(.049) 

1.092 

(.12) 

1.083 

(.12) 

Spillover (H6)    0.992 

(.045) 

1.010 

(.11) 

1.022 

(.12) 

Spillover x External R&D intensity (H7a)     1.006 

(.007) 

1.005 

(.008) 

Spillover x Suppliers (H4b)     0.960*** 

(.011) 

0.961*** 

(.011) 

Spillover x Customers (H4b)     0.952 

(.012) 

0.952 

(.012) 

Spillover x Competitors (H4b)     1.020 

(.013) 

1.020 

(.013) 

Spillover x Consultants (H4b)     0.983 

(.012) 

0.983 

(.012) 

Spillover x Universities (H4b)     0.999 

(.016) 

0.999 

(.016) 

Spillover x Government (H4b)     1.000 

(.016) 

0.999 

(.016) 

Sample weighting No No No No No No 

Industry fixed effects Yes Yes Yes Yes Yes Yes 

Region fixed effects Yes Yes Yes Yes Yes Yes 

N 24286 24286 24286 24286 24286 24286 

Chi2 5934.595 6086.35 6086.35 6245.09 6305.692 6401.105 

  
 

Note: reference category for legal status is Company (limited liability company), industry (mining), city-region 

(Newcastle). Industry, year and city region controls are suppressed to save space. Robust standard errors are in 

parenthesis. Robustness check for standard errors included their clustering by 2-digit SIC.  

Significance level: * p<0.10; ** p<0.05, *** p<0.01.  

Source : Office of National Statistics (2021a, 2021b, 2022) 
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Figure 1: Conceptual model  

 

 
 

 

 
Source : Authors 
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Figure 2: Predictive margins for the effect of KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 

 

  
Figure 3: Predictive margins for the moderating effect  between investment in external R&D 

and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 
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Figure 4: Predictive margins for the moderating effect  between collaboration with suppliers 

and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 

 

 

 
Figure 5: Predictive margins for the moderating effect  between collaboration with 

competitors and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 
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Figure 6: Predictive margins for the moderating effect  between collaboration with 

customers and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 

 

 

 
Figure 7: Predictive margins for the moderating effect  between collaboration with 

consultants and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 
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Figure 8: Predictive margins for the moderating effect between collaboration with 

universities and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 

 

 

 
Figure 9: Predictive margins for the moderating effect between collaboration with 

government and KS on a propensity to adopt AI 
Source : Office of National Statistics (2021a, 2021b, 2022) 

 


