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Abstract
This study investigates the role of absorptive capacity when small and medium-sized enterprises (SMEs) embark on a process of adopting digital innovations. The new data from six North Sea Basin regions fills in the gaps in empirical evidence and research. The study explores the differentiated impact of potential absorptive capacity (PAC) and realized absorptive capacity (RAC) on the adoption of digital innovations. In this study, individual SMEs received assistance in identifying and implementing a digital solution that aligns with their business objectives through tailored digital innovation adoption projects. Only 36 percent successfully completed these projects. Investigating data from 252 SMEs, our novel findings reveal conflicting impacts of PAC and RAC on the adoption of digital innovations. While RAC reduces the likelihood of successful project completion, PAC significantly increases it. This highlights a trade-off in SMEs between resources, skills, and attitudes necessary for exploiting existing knowledge (RAC) versus exploring new knowledge (PAC).
1. Introduction
	While small and medium-sized enterprises (SMEs) are the backbone of major economies across the globe (Perkins, 2019), they also face extra pressures compared to their larger counterparts. This is due in part to their limited physical, financial and human resources (Lee et al., 2011), as well as their limited ability to recognize, adopt, integrate, and exploit innovations in their business processes (Audretsch, Belitski and Brush, 2023; Ebben and Johnson, 2005). Cohen & Levinthal (1990) conceptualized this ability as an organization's absorptive capacity. The processes of digitalization, which address how digital technologies can be used to alter existing business processes (Li et al., 2016), may lead to the adoption of digital technologies. This is necessary for SMEs to improve their business processes (Verhoef et al., 2021) and enhance user experiences (Pagani & Pardo, 2017). For example, allowing customers to connect transforms pre-existing modes of firm-customer interactions (Ramaswamy & Ozcan, 2016). Furthermore, the adoption and integration of digital technologies into business processes necessitates the organizational capacity to adjust to ongoing transformations, implying that SMEs must develop "the ability to adapt existing skills continuously or acquire new skills to use the new capabilities afforded by change in digital technologies." (Ciarli et al., 2021)

These dynamic capabilities encompass a collection of behavioral attitudes and learning skills that enable SMEs to adapt to the ever-evolving business environment more effectively (Gao et al., 2013; Winter, 2003; Bruno et al., 2024). This paper makes a novel contribution to the existing body of knowledge on absorptive capacity by highlighting the critical significance of these dynamic capabilities in SMEs’ digitalization processes (Verhoef et al., 2021). We achieve this by studying the role of these elements in the digital technology adoption process, which transforms organizational learning and firm absorptive capacity (Belitski et al., 2021; Lanzolla et al., 2021).

In detail, this paper adopts Zahra & George’s (2002) conceptualization of absorptive capacity with two constructs: potential absorptive capacity (PAC) and realized absorptive capacity (RAC). PAC refers to the latent potential of an organization to absorb new knowledge and information. RAC, on the other hand, refers to the current utilization of new knowledge and information within an organization. We apply these categories to investigate the outcomes of individually tailored projects supporting the adoption of digital innovation in two hundred fifty-two SMEs across six regions in the North Sea Basin, in five countries: the Netherlands, Belgium, Germany, Sweden, and the United Kingdom. Our evidence shows that PAC has a positive and significant association with successful completion of the process of adopting new digital technologies. In contrast, RAC negatively associates with the adoption of these technologies, reducing the probability of successfully completing a tailored adoption project. We believe this is a specific feature of the adoption processes of digital technologies in the context of SMEs, illustrating how the ability and willingness to explore new relationships and knowledge, as captured by PAC, serve as key enablers for the adoption of digital solutions. On the contrary, the exploitation of already-acquired, existing capabilities, as captured by RAC, undermines the probability of success in adopting a digital innovation. Indeed, a high level of RAC could indicate a prior use of an SME's scarce resources (physical, human, and capital) to exploit already acquired innovation opportunities, which may limit the SMEs' ability to exploit and assimilate new digital technological opportunities. This tradeoff might reflect the presence of technostress, the flipside of ICT-related RAC, due to techno-overload, as identified among French small business owners in Thurik et al. (2023). Therefore, within an SME context, we focus on a clear trade-off between the available resources, skills and attitudes needed to focus on the exploitation of existing knowledge versus those required for the exploration of new knowledge. The literature on organizational ambidexterity also recognizes this trade-off, referring to an organization's ability to manage today's business demands (exploitation orientation) and adapt to environmental and contextual changes (exploration orientation). Numerous studies have documented the success of large companies in achieving ambidexterity, yet SMEs have lagged behind (Lubatkin et al., 2006). Our results on the trade-off between exploring and exploiting knowledge in small and medium-sized businesses (Buisson et al., 2021) also add to research on ambidexterity (Derbyshire, 2014) as they analyze these tradeoffs for SMEs facing digital adoptions.

This work develops new insights into how different dimensions of a firm’s absorptive capacity may impact its underlying incentives and technological capabilities (Von Tunzelmann, 2009). While Patton (2013) found that incubation processes facilitate the transition between PAC and RAC, we examine PAC and RAC, where a team of experts assisted SMEs' managers in identifying external digital tools and skills and provided them with support in the process of their digital adoption. Drawing on the literature on SMEs digitalisation and absorptive capacity, we develop a theoretical framework to explore how digital capabilities affect the successful completion of SMEs digital adoption processes. We construct a novel dataset for SMEs located in six North Sea Basin regions during 2020–2022. This data captures the results of self-assessment questionnaires about the digital skills, attitudes, and capabilities of SMEs. For each SME, this data is subsequently merged with the individual outcomes, achieved or failed, by these SMEs, after starting a tailored project for the adoption of digital innovation. Our findings are twofold: absorptive capacity has opposing effects on the success of adoption, depending on whether it is potential or realized.

Our study shows that the potential absorptive capacity of SMEs, specifically their willingness to experiment, learn, and engage with their environment, positively influences the success of digitalization. Second, we show how, on the contrary, realized absorptive capacity negatively impacts this success, hence improving our understanding of the role of dynamic capabilities in the digitalization process for SMEs.

The rest of the paper is organized as follows: the next section provides a review of the relevant literature, leading to the development of our key research hypotheses. We then discuss the methodology, considering the data, variables, and the econometric estimation strategy. This is followed by the interpretation and discussion of the results. The last section provides the conclusion.
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Innovations, or, more pertinently for SMEs, their adoption, rely on the absorption and combination of newly generated knowledge with existing knowledge (Cohen & Levinthal, 1990; Grant, 1996). Several studies (March & Simon, 1958; Mueller, 1962; Von Hippel, 1988; Wynarczyk et al., 2013) have proposed that innovation is more often a consequence of obtaining external knowledge than invention. Hence, the ability to effectively utilize external knowledge is crucial for developing innovative capabilities. Innovation theories stress how innovation is a process involving multiple actors and interactions throughout its different phases (Van de Ven et al., 2008).
Similar to innovation processes, the adoption of a new digital technology by an SME follows a process with various phases. By adapting and renaming the phases identified by Van de Ven et al. (2008), we can concentrate on the following steps involved in an SME's adoption of a digital innovation: 1) Initiation: An SME initiates the adoption of a digital innovation when they identify an opportunity or problem. This necessitates the identification of digital opportunities and the early mobilization of resources. 2) Development: This refers to the process of planning and learning, which involves trial and error, testing, and refinement to address the technical and practical challenges that arise when integrating the digital opportunity into the SME's processes or products. We can break down the final phase into two distinct and non-overlapping scenarios: 3a) Implementation: This involves incorporating the digital innovation into the SME's daily business operations. 3b) Termination: when the SME abandons the implementation process without adopting the digital innovation. During each of these phases, both internal and external factors influence the adoption process.
Our study focuses on data that emerged from a set of projects, whereby digital capabilities data are collected, and constructs are proposed to capture realized and potential absorptive capacity.  We then utilize these data to examine their impact during the third phase of the implementation, ascertaining the probability of the third phase's result: the successful implementation of the digital technology or the failure of its adoption.
Absorptive capacity (Cohen & Levinthal, 1990) shapes these different phases of a digital adoption process. This is because it captures the internal and external abilities SMEs employ to identify and translate external knowledge inflows into tangible benefits, as well as the means of achieving digitalization and innovation more broadly (Smith et al., 2005; Subramaniam & Youndt, 2005; Wu & Shanley, 2009). Firms that consistently invest resources in assimilating and exploiting new external knowledge are more likely to capitalize on changing environmental conditions by generating innovative products and meeting the needs of emerging markets (Jansen et al., 2005; Lichtenthaler, 2009; Aliasghar et al., 2023; Raymond et al., 2015). But because absorptive capacity is multidimensional, we need to look more closely at how its different parts might have effects that are at odds with each other. This is especially important when figuring out whether a process for adopting digital innovations succeeds or fails in the end. An answer to this still unresolved, question is the key contribution of this paper. Zahra and George (2002) identified four distinguishing stages of absorptive capacity: Acquisition: a firm's proficiency in discerning pertinent external information from the vast sea of available information; Assimilation: a firm's methods and procedures for scrutinizing, handling, comprehending, and interpreting the data obtained from external sources; Transformation: the capacity to modify and adjust external knowledge and blend it with the firm's current and internally produced knowledge; and, lastly, Exploitation: the ability to leverage this knowledge to gain a competitive edge. We regrouped these four dimensions into two main constructs: PAC, which includes acquisition and assimilation, and RAC, which includes transformation and exploitation (Zahra & George, 2002; Ghazinoory et al., 2021; Albort-Morant et al., 2018). By aligning the different elements of absorptive capacity within the different phases of the adoption process discussed above, we can see that phase 1 (initiation)  also corresponds to acquisition, the first dimension of absorptive capacity, where firms scan and recognize the potential value of external knowledge (Zahra & George, 2002). Similarly, phase 2 (development) involves the second dimension, assimilation, when SMEs absorb recognized external knowledge into the organization. These two dimensions, form Zahra and George's (2002) construct of PAC. Firms with a higher level of PAC have the advantage of better acquiring and absorbing comparable pools of external knowledge, allowing them to outperform competitors in terms of innovation adoption (Lane & Lubatkin, 1998). Müller et al. (2021) proposed a fundamental difference in how small and large businesses utilize absorptive capacity, arguing that large firms benefit from both PAC and RAC, while smaller firms only benefit from PAC, facing higher barriers in the adoption of digital innovations (Leahy & Neary, 2007). In summary, firms with a well-developed PAC are capable of absorbing or acquiring newly generated external knowledge, combining it with their existing knowledge, and using it in the innovation process (Madhavan & Grover, 1998). PAC facilitates the first two phases of digital innovation adoption, creating the potential for a successful outcome in the third phase: 3a) Implementation. Therefore, we propose:
Hypothesis 1: PAC has a positive impact on the adoption of digital innovations by SMEs.

The third component of absorptive capacity, transformation, is considered relevant for the implementation phase. Here, firms transform assimilated knowledge into new products or processes. Furthermore, effective knowledge transformation facilitates the internal diffusion of innovations in larger organizations. However, SMEs may adopt digital technologies differently, as internal diffusion becomes less relevant given their small size. Adding transformation could mean giving up resources needed for the first two dimensions, acquisition and assimilation. Finally, exploitation is considered relevant when organizations exploit the transformed knowledge to maintain and support innovation (Lane et al., 2006). However, this final phase is less relevant to small and medium-sized enterprises (SMEs) implementing digital technology, as it may result in trade-offs due to their limited resources and their limited capacity to identify, accept, integrate, and utilize innovations in their business processes (Audretsch, Belitski and Brush, 2023; Ebben and Johnson, 2005). Hence, RAC, which would be useful for the diffusion of innovations for larger organizations, might instead, be leading to the failure of an adoption process (phase 3b), for scarcely resourced SME. This can cause a trade-off, as discussed in the literature on ambidexterity (Lubatkin et al., 2006; O’Reilly et al., 2009; Voss & Voss, 2013). In line with this literature, we focus on the possible trade-off between knowledge exploration and exploitation, as firms need the capabilities to integrate these activities into research and technological development (Lucena & Roper, 2016). Innovation trajectories (Greiner, 1989) expose SMEs to this tension between exploration and exploitation (March, 1991), as they lack the ability to simultaneously explore new capabilities to prepare for the future and exploit existing competencies to achieve short- and medium-term stability (Tushman & O’Reilly, 1997; Gupta et al., 2006; Raisch & Birkinshaw, 2008). Similarly, Thurik et al. (2023), using data on French small businesses, talk about the possible dangers of techno-overload, which happens when digital technologies make people work faster and for longer periods of time, causing technostress. This makes it even more important to weigh the pros and cons of different types of absorptive capacity. In our context, SMEs focusing on their ability to exploit and apply new knowledge (RAC) might suffer from a lack of resources dedicated to acquiring and assimilating knowledge from external sources (PAC), due to technostress, and become less likely to adopt digital innovations produced elsewhere. In summary, given the challenges posed by their limited resources, SMEs are more likely to encounter difficulties in balancing exploration and exploitation. Therefore, an SME's focus on RAC may hinder their ability to acquire and assimilate knowledge from external sources, potentially leading to the following:
Hypothesis 2: RAC has a negative impact on the adoption of digital innovations by SMEs.
3. Conceptual Framework & Methodology
To assess Hypotheses 1 and 2, we developed a conceptual framework (CF) based on two sequential stages (see Figure 1).
Figure 1. Conceptual Framework
 [image: ]
Our conceptual framework employs a strategy that involves multiple stages of analysis. First, we estimate new constructs for the firm's PAC and RAC based on principal component analysis to identify their most relevant constituents. Then, we use these constructs for PAC and RAC in a two-stage estimation approach to predict their impact on the probability that an SME successfully completes a project leading to the adoption of a digital innovation. This last estimation part, based on a two-stage approach, is used to control for exogenous variables such as the scope of targeting markets, an SME's approach to data collection, processing, and visualization (including data security and quality), and to address potential endogeneity affecting the constructs for PAC and RAC. In the next section, we discuss the data, its collection, properties, and evaluation.
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Our data collection took place during the COVID-19 pandemic. Many SMEs had already begun to transition to digitized information systems (Siedler et al., 2019; Ballestar et al., 2020), but the public health regulations across our five countries accelerated this process. These restrictions forced many SMEs to shift from face-to-face to virtual interaction, utilizing connectivity, data interchange, and artificial intelligence, often requiring new digital abilities (Gavrila et al., 2021).
Our goal for data collection was to investigate the factors influencing the outcomes of individually tailored digital adoption projects for 252 SMEs distributed across six European regions around the North Sea Basin. The geographical and sectoral distribution is presented in Table 1.

Table 1 Geographical and Sector sample distribution
	Country
	Regions
	Number of SMEs
	Full-time equivalent employees (FTE) Average (Standard deviation) 
	Project Completion  Rate 

	Netherlands
	Groningen and Friesland
	65
	9.9 (16.8)
	0.26

	Belgium
	Antwerp
	24
	33.0 (50.1)
	0.33

	Germany
	North-West
	66
	14.5 (31.8)
	0.44

	United Kingdom
	East of England
	59
	6.2  (15.3)
	0.44

	Sweden
	Halland
	38
	20.3 (27.3)
	0.29

	Total
	252
	14.0 (28.1)
	0.36

	Sector

	Agriculture, forestry, and fishing 
	9
	41.8 ( 71.5)
	0.11

	Construction industry
	16
	10.4 (6.9)
	0.31

	Culture, sports, and recreation 
	53
	8.3 (21.7)
	0.36

	Education 
	10
	10.7 (13.5)
	0.30

	IT 
	10
	25.6 (34.3)
	0.50

	Health and welfare services 
	10
	6.8 (10.7)
	0.50

	Other services 
	91
	12.6 (24.0)
	0.30

	Real Estate
	1
	47 (.)
	0

	Transport and storage
	11
	29.8 (47.6)
	0.36

	Wholesale and retail
	41
	14.4 (27.4)
	0.54

	Total
	252
	14.0 (28.1)
	0.36



Data was collected within “Futures By Design," an EU-Interreg funded project. This project imposed strict guidelines for engaging with SMEs. As we provided each involved SME with technical assistance to adopt relevant digital innovations, thereby enhancing growth, innovation, and profitability, adherence to Article 107 of the Treaty on the Functioning of the European Union (TFEU) was crucial, as it prohibits state aid. State aid, defined as any advantage provided by national public authorities to undertakings on a selective basis, mandated that our support actions be openly advertised to all enterprises. Therefore, in order to comply with Article 107 of the TFEU and avoid direct selection of SMEs by the project team, we implemented a quota sampling strategy. This strategy dictated that SMEs selected for participation had to meet three criteria: being an SME, located in one of the North Sea regions specified above, and not being directly chosen but responding to an open invitation. Given these regulatory constraints, it's crucial to recognize that self-selection bias could potentially influence this process, drawing in SMEs with more time or specific incentives to participate. To deal with this specific bias, we chose the individual SME’s project completion as the key binary dependent variable. This allowed us to avoid participation bias, as both completing, and not-completing SMEs had self-selected themselves in response to our open calls to participate.
Each SME completed the Data Jumpstart Questionnaire (Future by Design, 2023) before planning the specific adoption projects. This questionnaire, which consists of 40 questions, assesses an SME's key variables for our absorptive capacity constructs (PAC and RAC), information on their digital infrastructure, and other key organizational variables. The results from these individual questionnaires were used in meetings with SMEs to define tailored and feasible data projects aimed at supporting each SME in adopting a digital innovation, relevant to addressing its business priorities and digital needs. 
3.2 The dependent variable: project completion
To capture the completion of these tailored projects, we constructed a dummy variable indicating whether a firm had brought its agreed-upon digital innovation project to completion. An SME’s project completion consists of the successful adoption of a digital innovation. Each project, regardless of the specific area of business, involved working with an SME to introduce new ways of improving the company's activities through the adoption and implementation of specific business solutions based on digital technologies. Moreover, post-survey data has shown that the completion of data projects led SMEs to introduce products and/or service updates or innovations, as well as to the SME’s growth and/or increase in productivity. Therefore, the outcome, in terms of the success or failure of the project completion, also provides an indicator for the success of digital adoption by an SME.
3.3 The key independent variables: PAC and RAC
We need to construct appropriate proxies for PAC and RAC based on contributions from a large body of literature (Jansen et al., 2005; Szulanski, 1996; Zahra & George, 2002). This validated research enabled us to identify the relevant questions on which to focus. We measured the intensity of PAC using four questions from the Data Jumpstart Questionnaires, which captured an SME's efforts in acquiring and assimilating new external knowledge about data and digital innovations. Instead, we measured RAC using five questions that evaluated firms' ability to transform and utilize external digital and technological knowledge in connection with the adoption of digital technologies. In Table 2, you can see how we mapped specific questions from our main source of data, the Data Jumpstart Questionnaire, to the main parts of PAC and RAC that were found in the literature. This is shown in the Items column.

Table 2. Mapping Data Jumpstart Questionnaires items with PAC and RAC
	Number
	Items
	Matched Jumpstart Questionnaire Questions

	Potential Absorptive Capacity (PAC)

	1
	New opportunities to serve our clients are understood rapidly.
	[bookmark: _Int_3WABjf2E]Q19.1 My colleagues often bring new ideas and developments with regard to data to the table.

	2
	We analyze and interpret changing market demands promptly.
	Q19.3 My organization strives for fast adoption of innovations in the field of data.

	3
	Employees record and store newly acquired knowledge for future reference.
	Q20.1 My organization is aware of the possibilities of working with data.

	4
	We quickly recognize the usefulness of new external knowledge to existing knowledge.
	Q20.4 My organization often takes part in events with data as one of the main topics.

	Realized Absorptive Capacity (RAC)

	1
	We incorporate external technological knowledge into our firm.
	Q20.2 My organization likes to work with external parties when it comes to data gathering and analysis.

	2
	We thoroughly grasp the opportunities new external knowledge offers our firm.
	Q20.6 When new data becomes available, I use this to review my opinion.

	3
	We periodically meet to discuss the consequences of market trends and new product development.
	Q19.2 My colleagues in general know their way around new data-related technologies.

	4
	Employees are clearly aware of how the firm's innovation activities should be performed.
	Q19.6 I am confident that the data within my organization is up to date.

	5
	We are constantly reviewing how to better exploit external knowledge.
	Q19.4 When it comes to data, my organization has the means and opportunities to implement new developments quickly.



3.3.1 Principal Component Analysis  
Our next step in the analysis of project completion drivers required the creation of two operational constructs with clear semantic interpretability. These two constructs were created with a principal component analysis (PCA) on the different items related to the dimensions of PAC and RAC reported in Table 2 (above). The PCA provides insights into the importance of the original variables in explaining the overall variability in the data (Rabe-Hesketh and Everitt, 2007). Loadings, or coefficients, measure each variable's contribution to each principal component. Table 3 presents the PCA results. Panels A and B present the factor loading (i.e., unique variance) of PAC and RAC, respectively. A linear combination of items in a factor accounts for a portion of the total variance of a correlation matrix, as indicated by the eigenvalues.
[bookmark: _Ref149145326]Table 3. Principal Component Analysis
Panel A: PCA results on PAC.
Factor analysis/correlation                        Number of obs.        250
Method: principal-component factors                      Retained factors            1
Rotation: (unrotated).                                                                 Number of params                       4

	

	Factor  
	Eigenvalue
	Difference
	Proportion
	Cumulative

	Factor1  
	2.356
	1.704
	0.589
	0.589

	Factor2  
	0.651
	0.037
	0.163
	0.751

	Factor3  
	0.615
	0.237
	0.157
	0.906

	Factor4  
	0.378
	
	0.095
	1.000

	LR test: independent vs. saturated:  chi2(6) = 279.12 Prob>chi2 = 0.0000

	Factor loadings (pattern matrix) and unique variances

	 Variable 
	 Factor 1
	 Uniqueness

	Q19.1 
	    0.806
	    0.351

	Q19.3 
	    0.832
	    0.310

	Q20.1 
	    0.713
	    0.491

	Q20.4 
	    0.711
	    0.494



Panel B: PCA results on RAC.
Factor analysis/correlation                                                                    Number of obs.                249
Method: principal-component factors                                                   Retained factors                   1
Rotation: (unrotated)                        	                                             Number of params                5

	 Factor  
	 Eigenvalue
	 Difference
	 Proportion
	 Cumulative

	Factor1  
	    2.405
	    1.477
	    0.481
	    0.481

	Factor2  
	    0.928
	    0.308
	    0.186
	    0.667

	Factor3  
	    0.620
	    0.041
	    0.124
	    0.791

	Factor4  
	    0.579
	    0.113
	    0.116
	    0.907

	Factor5  
	    0.467
	.
	    0.093
	    1.000

	LR test: independent vs. saturated:  chi2(10) = 241.97 Prob>chi2 = 0.0000

	Factor loadings (pattern matrix) and unique variances

	 Variable 
	 Factor1
	 Uniqueness

	Q20.2
	    0.627
	    0.607

	Q20.6 
	    0.697
	    0.514

	Q19.2 
	    0.750
	    0.437

	Q19.6 
	    0.587
	    0.656

	Q19.4 
	    0.787
	    0.381



Before we used PCA to get combined measures for PAC and RAC from the original variables, we checked to see if the items mapped with PAC (RAC) were sufficiently correlated to run factor analysis. The results of Bartlett’s test of sphericity (p = 0.000) indicate there are adequate intercorrelations between these items. The Kaiser Mayor Oakland test (KMO) provides an overall measure of the shared variance between pairs of variables, which further verifies the sampling adequacy. The value of KMO 0.747 (0.757) is above 0.5, indicating that these items for PAC (RAC) have adequate shared variance but do not hinder the analysis due to multicollinearity. The next stages of the estimation strategy utilized these constructs for PAC and RAC as key explanatory variables to analyze the success or failure of project completions.
[bookmark: _Toc121936248]3.3.2 Additional control variables
The target market of a firm affects the potential for acquiring knowledge via networks, which is often a primary avenue for SMEs to enhance competitiveness (Gibb et al., 2017) and achieve a competitive advantage (Tarifa-Fernandez et al., 2019). This process, however, requires strong inter-organizational networks (Achcaoucaou et al., 2014) to absorb such innovation-relevant knowledge. Therefore, internationalization becomes relevant in evaluating whether SMEs can benefit from the process of accessing external knowledge (Yu, 2013; Brink, 2017). For these learning processes from interorganizational activities to take place and affect innovation performance, there must be knowledge spillovers and the necessary absorptive capacity to capture them (Aldieri et al., 2022; Filippetti et al., 2017; Giovannetti and Piga, 2023).
Previous innovations. A large body of innovation literature has focused on innovation data regularly collected within the Community Innovation Surveys (CIS) (Eurostat, 2023). Iammarino et al. (2012) and Zoia et al. (2018) identified the affirmative responses to the questions about introducing product and process innovations as indicators of businesses' technological capabilities. Similarly, these authors viewed negative responses to these same questions, matched with investment in innovative activities, as indicating firms having technological competencies but lacking the capacity to transform their competencies into innovations. In this paper, we consider these factors by including SMEs’ answers on previously introduced innovations as proxies for our firms’ technological capabilities (Von Tunzelman, 2009).
Data availability. Data availability also plays a critical role in facilitating the implementation of data innovation processes (Huber et al., 2020). However, a strong emphasis on available data may also introduce a trade-off with the time and attention required to focus on applying new knowledge to innovate and grow. We control for the awareness of digital tools. SMEs that are aware of the advantages of digital tools, such as reinforcement learning, frequently favor greater technological integration and adoption of new technologies (Garzoni et al., 2020).
Finally, we also control for the level of awareness of data security and compliance, since new strategies and methods of data collection to support, for example, new digital marketing strategies may pose significant questions about user privacy and, therefore, slow the adoption of digital innovations (Arya et al., 2019; Saura et al., 2021; Zuboff, 2015).
Table 4 summarizes the possible answers to each of the additional questions in the Data Jumpstart Questionnaire.

Table 4. Control Variables
	Control Variables 
	Components

	Target market  
	Local |Regional |National |EU Wide |Worldwide 

	Awareness about digital tools  
	Spreadsheets |SQL |Visualization | Application Program Interface (API) |Reinforcement Learning 

	Types of data availability 
	Product Data |Financial Data |Customer Data |Employee Data 

	Experience of innovation
	Producing goods |Logistics |Supporting |Organizing

	Time allocation across data processes  
	Gathering Data |Managing Data |Analyzing Data |Visualizing Data 

	Security and compliance 
	Overall Data Security Importance | Software Consistency | Regulatory Awareness |Regulation Compliance 

	Data infrastructure 
	Data Warehouse |Spreadsheets |Cloud | External |Visualization |Statistical

	Data quality  
	Synthetic Measure of SME Data Quality 

	Full time employees  
	Number of full-time employees in a firm at time of questionnaire completion date.

	Firm age  
	Number of years since a firm was founded up to the date of questionnaire completion.
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3.4 Identification and estimation strategy
We used the Instrumental Variable Probit Regression (IVPR) method to separately estimate how PAC and RAC affect the likelihood of an SME finishing their individual FBD data project. This helped us test Hypotheses 1 and 2. An IVPR is the appropriate modeling approach when there is a plausible reason to believe that one or more of the explanatory variables are endogenous, i.e., they are correlated not only with the dependent variable, as hypothesized, but also with other possible variables not included in the model that still affect the dependent variables (omitted variables being part of the error term). This is essential in our case when using our survey data to assess the impact of different factors on the probability of completing a project in situations that are far from ideal, controlled experimental ones. Therefore, we developed IVPR in two distinct estimation steps, as illustrated by Equations (1) and (2) below:



Where i, (1,…,N) denotes an observed SME and N is the number of SMEs in our sample. Concerning the dependent variable capturing project completion, we do not observe the continuous latent variables leading to project completion, ; instead, we only observe a binary variable,  describing whether a project was completed. Hence, we estimate these binary variables, , through the Probit approach:

Our focus is on estimating the effects of , a 1 vector of potentially endogenous variables; in our case, PAC, and RAC, considering the effects of  , a 1 vector of exogenous variables capturing the exogenous controls for SMEs discussed above. 
Finally, in Equation (1),  and  are vectors of structural parameters that capture the effects of the endogenous and the exogenous variables, respectively. In Equation (2), estimating the endogenous variables  and  are matrices of reduced-form parameters for the other exogenous variables,  and for the instruments, . a 1 vector of additional instruments capturing the firm’s regions[footnoteRef:2]. The IVPR is a recursive model;  appears in the equation for , but  does not appear in the equation for , hence the estimated values for  are not correlated with the error term  addressing the original endogeneity problems[footnoteRef:3]. [2: The equation for  is written in a reduced form. The assumption is that the two error terms for the Equations (1) and (2) are multivariate normally distributed, with mean zero, and Variance Covariance matrix  : (,  where the variance of the first term  is normalised to one to identify the model.]  [3:  The order condition for identification of the structural parameters,  and , requires that the number,  of instruments, , be higher than the number,  of endogenous variables,  (). The Variance and Covariance Matrix of the joint errors distribution, , is not expected to be block diagonal (between  and , otherwise,  would not be endogenous as there would be no correlation between the endogenous variables and the error terms of the original first stage equations, i.e. there would be no omitted viable bias and no need to use IVPR.] 

We use a Probit regression for the binary variable: SME’s data project’s completion, with the exogenous variables, detailed in Table 4. At this stage, we also consider the endogenous variables, capturing our constructs for PAC and RAC. These are separately recursively estimated using additional instruments based on regional dummies to reduce/eliminate potential endogeneity.

3.5 Estimation Results 
Table 5 presents the empirical results obtained through our IVPR models. This table consists of two columns presenting two separate estimations, the first on the impact of PAC and the second on the impact of RAC on the probability of project completion.
[bookmark: _Ref149145188]Table 5.  The impact of PAC/RAC on project completion
	Dependent variable: Project Completion

	
	   PAC
	RAC

	 Potential Absorptive Capacity
	1.516***
	

	  
	(.198)
	

	 Realized Absorptive Capacity
	
	-1.562***

	  
	
	(.224)

	Q7 - Geographic - Local
	.35**
	-.186

	  
	(.173)
	(.175)

	 Q7 - Geographic - Regional
	-.263
	-.032

	  
	(.176)
	(.184)

	 Q7 - Geographic - National
	-.438***
	.098

	
	(.164)
	(.188)

	 Q7 - Geographic - EU-wide
	.332
	.056

	
	(.26)
	(.288)

	 Q7 - Geographic - Worldwide
	-.135
	.093

	
	(.236)
	(.234)

	 Q15.1 - Tools - Spreadsheets
	-.025
	.143

	
	(.096)
	(.089)

	 Q15.2 - Tools – SQL
	-.008
	-.017

	
	(.093)
	(.093)

	 Q15.3 - Tools - Visualization
	-.105
	-.083

	
	(.099)
	(.099)

	 Q15.4 - Tools – API
	-.076
	.15*

	
	(.091)
	(.088)

	 Q15.5 - Tools – Reinf. Learning
	.054
	.237***

	
	(.099)
	(.091)

	 Q16.1 - Analysis – Product data
	-.084
	.052

	
	(.079)
	(.086)

	 Q16.2 - Analysis - Financial data
	.118
	.134

	  
	(.084)
	(.085)

	 Q16.3 – Customer data
	-.026
	-.122

	
	(.089)
	(.089)

	 Q16.4 – Employee data
	-.288***
	.208**

	
	(.079)
	(.098)

	 Q18.1 - Time - Gathering data
	-.252***
	.152

	
	(.097)
	(.105)

	 Q18.2 - Time - Managing data
	0
	.123

	
	(.091)
	(.088)

	 Q18.3 - Time - Analyzing data
	.05
	.07

	
	(.102)
	(.102)

	 Q18.4 - Time - Visualizing data
	-.046
	.114

	
	(.093)
	(.091)

	 Q21.1 - Security - Importance
	-.112
	.221**

	
	(.11)
	(.106)

	 Q21.2 - Security - Software
	-.259***
	.135

	  
	(.084)
	(.103)

	 Q21.3 - Security - Law
	.232*
	-.203

	
	(.123)
	(.133)

	 Q21.4 - Security - Obey
	-.064
	.142

	  
	(.127)
	(.128)

	 Q14.1 - Improved - Producing goods
	.28
	-.041

	
	(.184)
	(.203)

	 Q14.2 - Improved - Logistics
	-.199
	-.103

	
	(.192)
	(.2)

	 Q14.3 - Improved - Supporting
	-.253
	.12

	
	(.165)
	(.166)

	 Q14.4 - Improved - Organizing
	.484***
	.102

	
	(.17)
	(.183)

	 Q17.1 -Infrastructure Data warehouse
	-.061
	-.012

	
	(.072)
	(.07)

	 Q17.2 - Infrastructure - Spreadsheets
	.006
	-.047

	
	(.097)
	(.097)

	 Q17.3 - Infrastructure - Cloud
	.008
	.001

	
	(.07)
	(.07)

	 Q17.4 - Infrastructure - External
	-.028
	.071

	
	(.087)
	(.088)

	 Q17.5 - Infrastructure - Databases
	-.077
	.001

	
	(.084)
	(.085)

	 Q17.6 - Infrastructure - Statistical
	-.022
	.081

	
	(.104)
	(.103)

	 Q17.7 - Infrastructure - Visualization
	0
	-.048

	
	(.104)
	(.103)

	 Q17.8 - Infrastructure - Programming
	-.243***
	.119

	
	(.093)
	(.114)

	Q9 FTE
	.004
	-.002

	
	(.003)
	(.003)

	Q8 Firm age
	0
	-.006

	  
	(.005)
	(.005)

	 Sectors
	
	

	  
	
	

	Agriculture, forestry and fishing
	(base)
	(base)

	
	
	

	Construction industry
	.121
	1.103*

	
	(.596)
	(.564)

	Culture, sports and recreation
	.417
	.979*

	
	(.542)
	(.526)

	Education
	-.161
	.918

	
	(.663)
	(.627)

	Health and welfare services
	.271
	1.356**

	
	(.63)
	(.592)

	IT
	.721
	1.685**

	
	(.723)
	(.694)

	Other services
	.371
	.736

	
	(.496)
	(.489)

	 Transport and storage
	.463
	1.078*

	  
	(.595)
	(.596)

	Wholesale and retail
	.835
	1.27**

	  
	(.588)
	(.584)

	 constant
	3.081***
	-5.874***

	 Observations
	243
	242

	Robust standard errors are in parentheses. ***p<0.001; **p<0.05; *p<0.10
Note: This table displays the impact of PAC/RAC on project completion (digital innovation adoption). The underlying regressions are estimated as an IVPR model, following a recursive analysis – using Probit regression for the dependent variable Project’s completion. 


The post estimation statistics provide an indication as to the suitability of the chosen instrumental variables approach. We address the hypothesized endogeneity of PAC/RAC, through the Wald test of exogeneity and reject the null hypothesis of ‘no endogeneity’, providing support for the use of an instrumental variable approach in Model 1.(chi2 (1) = 6.73; Prob > chi2 = 0.009) and Model (2) (chi2(1) = 5.15; Prob > chi2 = 0.023).
4. Discussion of the Results
[bookmark: _Toc149046828][bookmark: _Toc149148744][bookmark: _Toc149150433]4.1  Absorptive capacity (PAC and RAC) and project completion
The empirical evidence analyzed through the two separate IVPR models on PAC and RAC shows that an organization’s PAC exhibits a significant and positive influence (𝛽 = 1.516***) on the probability of project completion; in contrast, its RAC demonstrates a significant yet negative impact (𝛽 = -1.562***) on the same likelihood.
Consistently with Leal-Rodríguez et al. (2014), these findings indicate a firm’s PAC facilitates the completion of a data project. Contrary to previous literature, Model 2's results show that a company's RAC exerts opposite effects, leading to a decreased likelihood of project completion.
This dichotomy indicates that when an organization is more focused on its set of technological competencies (Iammarino et al., 2012), by transforming and exploiting knowledge that has already been acquired, RAC, becomes less likely to bring to conclusion a digital innovation adoption project. When, on the contrary, an SME focuses on its abilities to acquire and assimilate external technological knowledge, PAC, it becomes more likely to complete the data projects.
Contrary to previous literature indicating that RAC is a key driver for innovation-related revenues (Khan et al., 2019) and product and process innovation (Albort-Morant et al., 2018), our results indicate that RAC may hinder digital adoption among SMEs. This might be attributed to the fact that SMEs have limited digital skills and resources, possibly suffering from technostress (Thurik et al., 2023). March (1991) suggested that the concepts of exploitation and exploration place opposite demands on a firm's resources (Cao et al., 2009), resembling a zero-sum game. As a result of this trade-off, prioritizing the exploitation of existing knowledge (RAC) becomes detrimental in comparison to allocating resources towards the exploration of new skills, knowledge, and relationships (PAC).
[bookmark: _Toc149046829][bookmark: _Toc149148745][bookmark: _Toc149150434]4.2 Control Variables and Project Completion
Most of the SMEs in our sample traded within their local markets, with only a few operating at an EU-wide or worldwide level. This led us to infer that SMEs, at least in our sample, heavily rely on knowledge sources targeting local, regional, and national markets. Our empirical evidence indicates a significant association between target markets and project completion in the IVPR Model (1) (Table 5), where we control for PAC. Interestingly, our study findings reveal that engaging in national trade (Q7: Geographic-National) inhibits knowledge transmission and digital innovation adoption. On the other hand, participating in local trade (Q7: Geographic/Local) promotes the transmission of knowledge and the adoption of digital innovations. An organization's relevant knowledge for innovation is often tacit and embedded, which means that it cannot be codified and, hence, is obtained through contractual market exchanges (Nelson & Winter, 1982, Jensen & Szulanski, 2007).
[bookmark: _Toc121936255]Our analysis considered four dimensions of digitalization. Table 5 reports a positive and significant effect of the awareness of digital tools and techniques of reinforcement learning (Q15.5) when conditioning for the RAC.
Table 5 confirms that only the introduction of previous innovations, such as new business practices for organizing procedures (Q14.4), i.e., the first-time use of supply chain management, business re-engineering, knowledge management, lean production, quality management, etc., using data-informed decision-making, helps with the completion of data projects with a positive and significant effect (𝛽 = 0.484***) when conditioning for PAC. These results indicate that the relevance of our intervention was more successful for firms likely to have technological competencies rather than capabilities, highlighting a difference between SME’s and wider organizations (Pellegrino & Piva, 2020, Barbero et al., 2011), Moncada-Paternò-Castello (2022) and Iammarino et al. (2012) highlighted the importance of controlling for sectorial distribution on innovation activities. Our results showed no significant effects dependent on the sectors when controlling for PAC, whereas the sectors variations were significant when controlling for RAC.[footnoteRef:4].  [4:  Construction (= 1.103*); Culture, sports and recreation (= 0.979*);  Health and welfare services (= 1.356**); IT (= 1.685**); Transport and storage (= 1.078*) and  Wholesale and retail (= 1.27**)] 

5. [bookmark: _Toc149046839][bookmark: _Toc149148755][bookmark: _Toc149150444]Conclusions and Policy Recommendations 
We looked at how a lack of digital skills and attitudes affects small businesses' ability to adopt new technologies. Specifically, we looked at how both potential and actual absorptive capacity affect the success of a customized process for adopting new technologies. Higher levels of PAC significantly enhance the success of SME projects in adopting digital innovations, as empirical evidence demonstrates. Our findings add to the previous evidence (Aliasghar et al., 2023; Brunswicker & Vanhaverbeke, 2015) supporting the positive and significant role of absorptive capacity, specifically external knowledge exploration and assimilation, on innovation by emphasizing the role of dynamic capabilities in the process of digital innovation adoption. These results underscore the pivotal role of SMEs' internal capabilities in acquiring and assimilating external data-based knowledge. Therefore, it is crucial to focus internal resources, financial decisions, and regional support policies on enhancing SMEs' capabilities in acquiring and integrating external knowledge.
Our empirical results also showed that, contrary to PAC, heightened levels of RAC impede the successful adoption of digital innovations by SMEs. Consequently, regional support policies should prioritize assistance to SMEs lacking competency in transforming and exploiting data-based knowledge, as those proficient in these areas might derive lesser benefits from such support. The analysis of various covariates related to digitization dimensions underscores the need for tailored digital sector policies. A meticulous understanding of SMEs' characteristics, including target markets, awareness and utilization of digital tools, data availability, security and compliance awareness, data infrastructure, and prior innovation adoption experiences, should guide the design of these policies.
These insights align with existing evidence emphasizing the role of internal capabilities and technological orientation in mediating innovation success (Haug et al., 2023; Brunswicker & Vanhaverbeke, 2015). However, acknowledging the limitations of the cross-sectional data used in this study, it is essential for future research to delve deeper into SMEs' digitalization and absorptive capacity (Aliasghar et al., 2023; Brunswicker & Vanhaverbeke, 2015; Raymond et al., 2015).
In conclusion, this study underscores the pivotal role of PAC in driving the successful completion of processes for adopting digital innovations among SMEs. PAC, as a dynamic capability facilitating the acquisition and assimilation of external knowledge, positively influences innovation efforts. Intriguingly, the findings reveal a contrasting effect associated with RAC. A higher emphasis on RAC, involving the transformation and exploitation of existing knowledge, seems to diminish the likelihood of successfully adopting digital innovations. This suggests the challenge for SMEs in pursuing an ambidextrous strategy encompassing both exploration and exploitation in digital adoption.
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