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1.   Introduction 

Innovation is widely recognized as a fundamental driver of socio-economic 
development because it supports employment generation, investment growth, and 
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overall economic competitiveness (OECD, 2022). At the firm level, innovation plays a 
critical role in ensuring organizational survival and long-term growth (Cefis et al., 2020; 
Nogueira et al., 2018; Visnjic et al., 2014; Jong, 2013). Conversely, firms that fail to innovate 
often face difficulties in maintaining competitiveness in both domestic and international 
markets and may ultimately struggle to survive (Ratten, 2015; Wilkinson & Thomas, 2014). 
The development of new products, services, and operational processes is therefore 
essential for entrepreneurial success and business sustainability (Neumeyer et al., 2021). 
Furthermore, organizations that simultaneously pursue product and process innovation 
are more likely to strengthen their market position and improve their prospects for long-
term survival (Colombelli et al., 2016; Kafetzopoulos et al., 2015). 

The integration of information technology (IT) and research and development (R&D) 
activities has been shown to generate superior productivity growth and enhance firm 
performance (Khanna & Sharma, 2021). IT resources contribute to knowledge creation and 
diffusion through multiple channels, producing productivity gains and supporting 
organizational competitiveness (Kılıçaslan et al., 2017; Marsh et al., 2017). However, many 
firms lack sufficient technological knowledge to effectively develop innovative products 
and processes. As a result, organizations differ substantially in their adoption of 
technological solutions, reflecting variations in implementation intensity, innovation 
orientation, and organizational capabilities (Frank et al., 2019). In this context, 
digitalization has emerged as an important mechanism for facilitating innovation and 
technological development. 

Digitalization is closely associated with the concept of Industry 4.0, which generally 
refers to the transformation of industrial systems through automation, digital integration, 
and servitization (Yun et al., 2021). Industry 4.0 encompasses a broad range of 
technologies, including big data analytics (BDA), artificial intelligence (AI), autonomous 
robots, simulation, horizontal and vertical system integration, industrial internet of 
things, cybersecurity, cloud computing, additive manufacturing, and augmented reality 
(R€ußmann et al., 2015). The adoption of these technologies typically requires significant 
investments in both physical and human capital (Davies, 2015). Consequently, firms 
experiencing financial constraints are often less likely to adopt Industry 4.0 technologies 
(Petruzzelli et al., 2021). Nevertheless, organizations seeking innovation benefits may 
pursue less costly and less risky alternatives by improving innovation management 
practices and leveraging external knowledge sources (Rammer et al., 2009). 

Advancements in digital technologies have created new opportunities for firms to 
collect, process, and analyze large volumes of data. These capabilities can improve 
organizational performance, although they often require changes in managerial decision-
making processes and greater collaboration across organizational functions (Frisk & 
Bannister, 2017). Digital technologies also enable manufacturers to produce customized 
products at competitive costs, thereby enhancing operational flexibility and 
competitiveness (Lorenz et al., 2020). The increasing emphasis on digital transformation 
reflects the belief that emerging technologies can become important sources of innovation 
and sustainable competitive advantage (Solberg et al., 2020). In addition, digital trust 
generated through Industry 4.0 technologies can facilitate open innovation activities by 
encouraging collaboration and knowledge exchange among organizations (Mubarak & 
Petraite, 2020). 

Open innovation (OI), defined as the deliberate use of external knowledge inflows to 
accelerate internal innovation processes (Chesbrough, 2003), has been extensively 
examined in innovation research. Likewise, digitalization, particularly through 
technologies such as AI and BDA, has emerged as a transformative force that enables firms 
to process information more effectively, optimize operations, and create innovative 
products and services (Brynjolfsson & McAfee, 2017). Although previous studies have 
documented the positive effects of OI and digitalization separately, their combined 
influence on technological innovation remains insufficiently explored, particularly in the 
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context of German firms. Therefore, this study investigates whether digitalization 
strengthens the established relationship between inbound open innovation practices—
specifically search breadth—and technological innovation outcomes. 

Prior research has largely treated digitalization and open innovation as independent 
phenomena, overlooking their potential complementary effects (West & Bogers, 2014). For 
example, Laursen and Salter (2006) demonstrated that search breadth positively 
influences innovation performance; however, their framework does not account for how 
digital technologies such as AI and BDA may reinforce this relationship within Industry 
4.0 environments (Lorenz et al., 2020). Similarly, studies examining digitalization have 
focused primarily on the standalone effects of AI and BDA (Rammer et al., 2022), while 
paying limited attention to their interaction with external knowledge sourcing strategies. 

This study addresses this gap by examining the joint influence of digitalization and 
inbound open innovation on technological innovation, particularly product and process 
innovation. Two forms of digitalization—artificial intelligence and big data analytics—are 
analyzed alongside search breadth, which captures the diversity of external partners 
involved in firms’ innovation activities. Search breadth was originally conceptualized by 
Laursen and Salter (2006) and has since become one of the most widely applied measures 
of inbound open innovation (Petruzzelli et al., 2021). Although open innovation is 
frequently incorporated into Industry 4.0 readiness frameworks (Prause, 2015; 
Schumacher et al., 2016), limited empirical evidence exists regarding its synergistic effects 
with digitalization on innovation outcomes (Petruzzelli et al., 2021; Lorenz et al., 2020). 

The theoretical rationale for investigating this relationship lies in the complementary 
nature of digitalization and open innovation. Search breadth enables firms to access 
diverse external knowledge sources; however, the increasing complexity and volume of 
information may create cognitive and organizational challenges (Laursen & Salter, 2006). 
Digital technologies such as AI and BDA can alleviate these constraints by facilitating 
knowledge identification, opportunity recognition, and large-scale data analysis, thereby 
enhancing firms’ absorptive capacity (Ghasemaghaei & Calic, 2020). Consequently, 
digitalization may amplify the benefits of open innovation, generating innovation 
outcomes that exceed the individual contributions of each approach. 

Given Germany’s highly industrialized and export-oriented economy, as well as its 
strong commitment to digital transformation and innovation policies (Rammer et al., 2022; 
OECD, 2022), it provides an appropriate setting for investigating the interaction between 
digitalization and open innovation. Therefore, this study seeks to answer three research 
questions: (1) Do digitalization and inbound open innovation contribute to firms’ product 
and process innovation activities? (2) Does digitalization strengthen the impact of 
inbound open innovation on innovation outcomes? and (3) Do these effects differ between 
manufacturing and service firms? Using data from the Mannheim Innovation Panel (MIP), 
particularly the 2019 survey wave covering innovation activities during the 2016–2018 
period, this study contributes to the literature by integrating the open innovation and 
digitalization perspectives while also examining sectoral differences between 
manufacturing and service firms. The findings are expected to enrich understanding of 
how firms can leverage digital capabilities and external knowledge sources to enhance 
technological innovation performance.  

2.   Literature Review 

Businesses of all sizes are required to continuously and systematically search for 
innovation opportunities. Product innovation is commonly associated with long-term 
research and development activities, whereas process innovation tends to be less 
formalized, requires less scientific infrastructure, and is generally more short-term 
oriented (Radicic & Alkaraan, 2022). Although the literature on technological innovation 
has largely emphasized product innovation, product and process innovations are often 
regarded as complementary forms of innovation (Reichstein & Salter, 2006; Ayllón & 
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Radicic, 2019). However, many studies still examine these innovation types separately and 
pay limited attention to how external knowledge and digital technologies may support 
both product and process innovation simultaneously (Hullova et al., 2016). 

Developing external linkages requires network competence, including the ability to 
identify innovation impulses from customers, leverage suppliers as innovation sources, 
and absorb knowledge from other organizations, competitors, and public research 
institutions (Rammer et al., 2009). Industry 4.0 technologies, such as artificial intelligence, 
big data, blockchain, cyber-physical systems, and the Internet of Things, have accelerated 
technological transformation and business internationalization (Sung, 2018). Through 
advanced cyber-physical systems and digital infrastructures, these technologies can 
improve productivity and innovation performance (Mubarak & Petraite, 2020). However, 
digital transformation requires motivated and digitally skilled employees, substantial 
investment in equipment, and knowledge spillovers from open innovation sources. 

Firms cannot accelerate innovation solely by relying on internal resources. Therefore, 
many organizations increasingly adopt open innovation strategies by collaborating with 
external stakeholders (Mubarak & Petraite, 2020). Open innovation has become part of 
firms’ innovation practice portfolios and represents a viable alternative to closed 
innovation models (Ooms & Piepenbrink, 2020). It refers to firms’ ability to use both 
internal and external ideas, as well as internal and external paths to market, to advance 
technological development (Chesbrough, 2003; Ghasemaghaei & Calic, 2019). 
Nevertheless, open innovation also presents challenges, including higher coordination 
and transaction costs, increased collaboration complexity, and risks of knowledge leakage 
to competitors (Greco et al., 2019; West & Bogers, 2014). Excessive dependence on external 
sources may also weaken internal innovation capabilities or lead to over-search, where 
the costs of processing diverse knowledge inputs exceed their benefits (Chaudhary et al., 
2022; Laursen & Salter, 2006). 

The need for both digital transformation and open innovation is driven by the 
complexity of digital technologies. Because firms cannot easily master all opportunities 
offered by digital technologies, they need access to external knowledge and collaborative 
innovation networks (World Economic Forum, 2018). Open innovation is not limited to 
product innovation but also applies to process innovation, as reflected in the concept of 
open process innovation (Von Krogh et al., 2018). Process innovations are essential for 
improving productivity, efficiency, and economic growth (Terjesen & Patel, 2017). 

Open innovation activities can be divided into inbound, outbound, and coupled 
knowledge transfer processes (Enkel et al., 2009). Inbound open innovation refers to 
purposive inflows of knowledge that support technology exploration and innovation 
activities through external knowledge sources (Mazzola et al., 2012). Outbound open 
innovation involves relationships with external partners to commercialize ideas and 
technological opportunities more rapidly. Coupled open innovation combines inbound 
and outbound processes to jointly develop and commercialize innovation (Mazzola et al., 
2012). Inbound and outbound practices are often considered informal forms of external 
knowledge use, while coupled open innovation refers to formal cooperative networking 
such as strategic alliances and joint ventures (Gassmann & Enkel, 2004; Radicic, 2021; 
Radicic & Alkaraan, 2022). 

External knowledge may improve innovation performance when firms are able to 
process and combine it with internal expertise (Weissenberger-Eibl & Hampel, 2021). 
Search breadth refers to the number and diversity of external knowledge sources used by 
firms in their innovation processes (Laursen & Salter, 2006). It enables firms to obtain ideas 
from various knowledge sources, and both SMEs and large firms may benefit from 
knowledge flows across organizational boundaries (Lorenz et al., 2020). Relationships 
with research centers, technology parks, and innovation agencies can help firms access 
knowledge, resources, and assets while encouraging the exchange of best practices and 
overcoming managerial resistance toward new technologies (Zangiacomi et al., 2020). 
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Innovation and knowledge are widely recognized as key foundations of 
competitiveness and economic growth (Piñeiro-Chousa et al., 2020). Process innovation 
refers to the implementation of new or significantly improved production or delivery 
methods, including changes in techniques, equipment, or software (OECD, 2005). More 
recently, OECD/Eurostat (2018) defined process innovation as a new or improved 
business process that differs significantly from a firm’s previous processes and has been 
implemented by the firm. Product innovation refers to the introduction of new or 
improved goods or services that differ significantly from previous offerings. Despite these 
definitions, prior studies often fail to distinguish clearly between product and process 
innovation when assessing the impact of open innovation, leading to mixed findings 
across innovation types (Hervas-Oliver et al., 2021). 

The effectiveness of open innovation depends on the transition from a closed 
innovation system to an open innovation paradigm, which can enhance innovation 
performance through stronger interaction with external ecosystem actors (Mubarak & 
Petraite, 2020). Open innovation enables firms to shorten cycles of ideation, prototyping, 
development, and commercialization while increasing both exploration and exploitation 
opportunities (Salampasis & Mention, 2019). Absorptive capacity also plays an important 
role in implementing inbound open innovation because firms must recognize, assimilate, 
and apply external knowledge effectively (Cohen & Levinthal, 1990). 

This study examines the influence of inbound open innovation, operationalized as 
search breadth, on product and process innovation. Although search depth is also an 
important concept in open innovation research, it is not investigated due to data 
limitations. Search breadth is measured using eight external information sources from the 
Mannheim Innovation Panel, including customers, suppliers, competitors, consultants, 
universities, research institutes, conferences, and trade fairs or exhibitions. These sources 
reflect purposive knowledge inflows from diverse external actors (Chesbrough, 2003), 
distinguishing open innovation from closed innovation, where external knowledge is 
used less systematically (West & Bogers, 2014). Prior studies have also categorized 
external linkages based on their openness, including sourcing, market path, and shared 
activities (Öberg & Alexander, 2019), while other research has measured search breadth 
and depth using multiple external knowledge sources such as professional conferences, 
fairs, and exhibitions (Ferraris et al., 2020). 

Previous empirical findings on search breadth remain mixed. Zhao (2021) found that 
the breadth of platform openness does not moderate the relationship between open 
innovation and innovation performance, whereas depth has a positive moderating effect. 
Chou et al. (2016) showed that coupled open innovation improves incremental 
performance outcomes but not radical outcomes, particularly when supported by 
absorptive capacity. Terjesen and Patel (2017) found that search breadth negatively affects 
process innovation, while search depth positively affects process innovation. Based on 
this evidence, this study proposes that the breadth of inbound open innovation positively 
influences the likelihood of product and process innovation. 

This study also distinguishes between manufacturing and service firms. Innovation 
research has developed three perspectives regarding sectoral differences: the assimilation 
approach, the demarcation approach, and the synthesis approach (Radicic, 2021). The 
assimilation approach assumes that innovation activities are broadly similar across 
manufacturing and service sectors (Radicic, 2021; Wong & He, 2005). The demarcation 
approach emphasizes the distinct characteristics of service innovation and argues that 
service-specific concepts and models are needed (Cainelli et al., 2020; Wong & He, 2005). 
The synthesis approach suggests that manufacturing and service innovations share some 
characteristics while also exhibiting important differences. This study follows the 
synthesis perspective by examining the full sample as well as separate manufacturing and 
service subsamples. 
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The resource-based view highlights the importance of internal resources for 
innovation across sectors. However, recent research also emphasizes that open innovation 
and knowledge exchange with external environments are highly relevant in both 
manufacturing and service industries (Cainelli et al., 2020; Mina et al., 2014; Radicic, 2021). 
Service firms, in particular, are more likely to engage in informal knowledge exchange 
with external sources rather than formal contractual cooperation (Mina et al., 2014). Prior 
empirical studies also show sectoral differences. Laursen and Salter (2006) found a 
curvilinear relationship between search breadth and product innovation in UK 
manufacturing firms, whereas Terjesen and Patel (2017) reported a negative effect of 
search breadth on process innovation. Cainelli et al. (2020) found that external knowledge 
search breadth is more important for knowledge-intensive business services than for high-
tech manufacturing firms. Leiponen (2012) showed that both manufacturing and service 
firms benefit from diverse information flows from multiple knowledge sources. 
Therefore, this study expects inbound open innovation breadth to increase the likelihood 
of product and process innovation in both manufacturing and service sectors. 

The impact of digitalization on innovation can be explained through organizational 
learning theory, which builds on the resource-based view by arguing that unique, 
valuable, inimitable, and non-substitutable resources support competitive advantage 
(Barney, 1991; Huber, 1991). In innovation activities, organizational learning theory 
emphasizes that searching for and adopting new information are essential foundations 
for innovation (Johnson et al., 2017; Ghasemaghaei & Calic, 2020). Firms collect data from 
various sources, process and interpret them, and use them to develop or improve products 
and processes. This integration of data and information into organizational operations 
represents a form of organizational learning (Ghasemaghaei & Calic, 2020). 

Big data analytics, as one of the pillars of Industry 4.0, can enhance organizational 
learning by allowing firms to analyze large volumes of data quickly and efficiently. It can 
expand firms’ knowledge base and innovation capabilities (Ghasemaghaei & Calic, 2020). 
Artificial intelligence can also facilitate information exploration, organizational learning, 
absorptive capacity, and knowledge base expansion (Liu et al., 2020). AI supports 
innovation by accelerating knowledge creation, generating knowledge and technology 
spillovers, improving learning and absorption capacities, and encouraging investment in 
R&D and talent (Liu et al., 2020). AI can also facilitate open innovation by improving 
inbound and outbound knowledge flows and helping managers combine existing 
knowledge to support innovation, organizational performance, and financial 
performance (Liu et al., 2020). 

Identification technologies, such as barcodes, sensors, radio-frequency identification, 
and near-field communication, enable contactless tracking of production processes and 
products (Xu et al., 2018). These data form part of big data, which can be analyzed using 
statistical methods or machine learning algorithms (Brinch, 2018; Kache & Seuring, 2017; 
Matthias et al., 2017). Big data technologies can capture, transmit, store, and analyze 
structured and unstructured data to support managerial decision-making (Vidgen, 2020). 
Disruptive technologies such as the Internet of Things, mobile technologies, big data, and 
AI continue to reshape operational environments and transform business models (Chege 
et al., 2020; Langley et al., 2021). 

BDA can improve open innovation processes by helping firms assess supplier 
reputation, partner reliability, and stakeholder trustworthiness based on past 
performance, business portfolios, and collaboration histories (Mubarak & Petraite, 2020). 
It can also support the selection of appropriate suppliers, partners, co-creators, and 
collaborators while streamlining processes and reducing bottlenecks (Davenport, 2014; 
Mubarak & Petraite, 2020). However, BDA infrastructure requires substantial investment 
(Wang & Hajli, 2017). Strong data resources and managerial skills are crucial for achieving 
radical process innovation capabilities (Mikalef & Krogstie, 2020). Prior research also 
indicates that BDA enables incremental and radical process innovation and supports 
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radical product innovation through data analytics when decentralization and local 
autonomy are present (Mikalef & Krogstie, 2020; Rammer et al., 2022; Slater et al., 2014). 
Accordingly, this study proposes that firms using AI and BDA are more likely to engage 
in product and process innovation. 

AI and BDA may influence both manufacturing and service sectors. Although much 
AI research has focused on manufacturing, AI is increasingly important in service 
operations digitalization (Mariani & Borghi, 2023). Concepts such as smart manufacturing 
and smart services have emerged to describe the use of data-based technologies in 
production and service contexts (Phuyal et al., 2020; Tao et al., 2018; Wuenderlich et al., 
2015). In manufacturing, AI supports data-based business models that collect and analyze 
consumer behavior and product-use data, which can inform decision-making and 
innovation activities (Rammer et al., 2022). Empirical evidence on AI and innovation 
remains limited, particularly in service industries, although existing studies examine 
manufacturing or combined manufacturing and service samples (Cockburn et al., 2019; 
Liu et al., 2020; Rammer et al., 2022). BDA also assists firms in analyzing internal and 
external data, automating service processes, understanding current and future customer 
needs, and identifying new market opportunities (Capurro et al., 2022; Lehrer et al., 2018; 
Mariani et al., 2023). These mechanisms can support new products, processes, and services 
in both sectors (Duan et al., 2020). Therefore, this study expects AI and BDA to positively 
influence product and process innovation in manufacturing and service sectors. 

The relationship between Industry 4.0 and open innovation is increasingly 
important, yet remains insufficiently explored (Mubarak & Petraite, 2020). Lorenz et al. 
(2020) found no significant correlation between external search breadth and adoption of 
digital technologies, suggesting that firms may benefit more from strong ties with fewer 
external knowledge partners than from many weak relationships. They further argued 
that search depth is more important than search breadth for digitization in manufacturing 
firms. In contrast, Petruzzelli et al. (2021) found that open innovation breadth and depth 
may both be positively associated with Industry 4.0 technology adoption. The 
technological intensity of industries may also moderate the relationship between open 
innovation depth and Industry 4.0 implementation (Dahiya et al., 2021; Urbinati et al., 
2019). 

Digital trust is another mechanism linking Industry 4.0 and open innovation. It refers 
to the integration of Industry 4.0 technologies, such as BDA, Internet of Things, 
blockchain, and cyber-physical systems, with traditional dimensions of trust (Mubarak & 
Petraite, 2020). Digital trust can strengthen collaboration among firms within innovation 
networks and accelerate open innovation processes (Mubarak & Petraite, 2020). 
Furthermore, manufacturing flexibility combined with process or organizational 
innovation may increase firms’ engagement in product innovation (Torres & Augusto, 
2019). In the digitalization context, open innovation is expected to become an increasingly 
important research theme (Enkel et al., 2020). Although some studies link open innovation 
and BDA through specific analytical techniques for generating innovation ideas (Ciampi 
et al., 2021; Urbinati et al., 2019; Wen et al., 2020), fewer studies examine the relationship 
between BDA and open innovation acquisition processes from a broader strategic 
perspective (Arias-Pérez et al., 2022). Therefore, this study expects AI and BDA to 
strengthen the impact of inbound open innovation breadth on product and process 
innovation, both in the full sample and in manufacturing and service sectors. 

3.   Research Methods 

This study uses data from the Mannheim Innovation Panel (MIP), collected by the 
Centre for European Economic Research in collaboration with the Fraunhofer Institute for 
Systems and Innovation Research and the Institute for Applied Social Sciences on behalf 
of the German Federal Ministry of Education and Research. The MIP is an annual 
innovation survey based on a panel sample of German firms and represents Germany’s 
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contribution to the European Commission’s Community Innovation Survey. The analysis 
focuses on the 2019 survey wave because it contains information on firms’ digitalization 
activities and covers the innovation period from 2016 to 2018 (Rammer et al., 2022). The 
final sample for econometric analysis consists of 1,374 firms, including 706 manufacturing 
firms and 668 service firms. 

The dependent variables are product innovation and process innovation. Product 
innovation is coded as 1 if a firm introduced new or improved products or services during 
2016–2018 that differed significantly from previous offerings, and 0 otherwise (Hervas-
Oliver et al., 2021; Niebel et al., 2019; Radicic & Petković, 2023). Process innovation is 
coded as 1 if a firm introduced new or improved processes during 2016–2018, including 
production methods, service delivery methods, logistics, distribution, information 
processing, communication, accounting, or administrative operations, and 0 otherwise 
(Hervas-Oliver et al., 2021; Radicic & Petković, 2023). 

Inbound open innovation is measured using the variable Breadth, which captures the 
number of external knowledge sources used by a firm (Laursen & Salter, 2006; Radicic, 
2021). The variable ranges from 0 if a firm uses no external knowledge source to 8 if it uses 
all eight sources. These sources include conferences, trade fairs or exhibitions; scientific or 
technical journals and trade publications; patent files; standardization documents or 
committees; social web-based networks or crowdsourcing; open-source software and 
open business platforms; reverse engineering; and recruitment of employees bringing 
relevant know-how from other enterprises. 

Digitalization is measured through AI and BDA. AI is coded as 1 if a firm uses 
artificial intelligence methods and 0 otherwise (Liu et al., 2020; Rammer et al., 2022). BDA 
is coded as 1 if a firm conducted systematic big data analysis related to software and 
databases during 2016–2018, and 0 otherwise (Niebel et al., 2019; Radicic & Petković, 
2023). Control variables include Continuous R&D, which is coded as 1 for firms that 
continuously engage in R&D activities and 0 otherwise (Douglas & Radicic, 2022; Mairesse 
& Mohnen, 2004; Radicic, 2021); Firm size, measured as the natural logarithm of the 
number of employees in 2017 (Petruzzelli et al., 2021; Rammer et al., 2022); Export 
intensity, measured as the share of total revenue from foreign markets in 2017 (Busom & 
Fernández-Ribas, 2008; Radicic, 2020; Radicic et al., 2019); University degree, measured as 
a categorical indicator of the share of employees holding a university degree and used as 
a proxy for human capital (Leiponen, 2005; Rammer et al., 2022); and sector dummy 
variables for 20 sectors. 

Table 1. Descriptive Statistics 

Variable 

Full 

Sample 

Mean 

Full 

Sample 

SD 

Manufacturing 

Mean 

Manufacturing 

SD 

Services 

Mean 

Services 

SD 

Product innovation 0.429 0.495 0.455 0.498 0.403 0.491 

Process innovation 0.451 0.496 0.465 0.499 0.437 0.496 

AI 0.063 0.242 0.052 0.223 0.073 0.261 

BDA 0.180 0.384 0.152 0.359 0.210 0.407 

Search breadth 2.996 1.883 2.530 1.945 3.254 1.807 

Continuous R&D 0.205 0.404 0.265 0.442 0.142 0.350 

Exports 0.134 0.344 0.208 0.277 0.055 0.170 

University degree 1.271 1.169 1.113 0.911 1.644 1.339 

Firm size 79.203 154.809 91.227 164.191 66.495 143.260 

Textiles, clothing and leather 

products 
0.033 0.178 0.064 0.244 – – 

Wood, paper and printing 0.035 0.184 0.068 0.252 – – 
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Variable 

Full 

Sample 

Mean 

Full 

Sample 

SD 

Manufacturing 

Mean 

Manufacturing 

SD 

Services 

Mean 

Services 

SD 

Refined petroleum, coke 

manufacture, chemical industry 
0.029 0.168 0.057 0.231 – – 

Manufacture of rubber and 

plastic products 
0.034 0.182 0.067 0.249 – – 

Glass, ceramics, other non-

metallic mineral products 
0.029 0.168 0.057 0.231 – – 

Manufacture of basic metals and 

fabricated metal products; steel, 

metal structures 

0.087 0.282 0.170 0.376 – – 

Manufacturing of office 

machinery and computers, 

electrical machinery and 

apparatus, radio, television and 

communication equipment 

0.071 0.256 0.137 0.345 – – 

Manufacturing of machinery, 

weapons and ammunition, 

domestic appliances 

0.039 0.193 0.075 0.264 – – 

Automotive industry 0.021 0.144 0.041 0.199 – – 

Manufacturing of furniture, 

jewellery, musical instruments, 

sports equipment, games and 

toys 

0.078 0.268 0.151 0.359 – – 

Wholesale 0.043 0.203 – – 0.088 0.284 

Transport equipment and postal 

services 
0.103 0.305 – – 0.213 0.409 

Media services 0.047 0.211 – – 0.096 0.295 

IT and telecommunications 0.099 0.293 – – 0.079 0.270 

Banking and insurance 0.044 0.204 – – 0.090 0.286 

Technical and R&D services 0.071 0.257 – – 0.147 0.354 

Consulting and advertisement 0.069 0.254 – – 0.142 0.350 

Firm-related services 0.070 0.256 – – 0.145 0.353 
 
Table 1 presents variable descriptions and summary statistics. Overall, 42.9% of firms 

introduced product innovation and 45.1% introduced process innovation. Manufacturing 
firms were slightly more innovative than service firms, with product innovation rates of 
45.5% and 40.3%, respectively, and process innovation rates of 46.5% and 43.7%. 
Regarding digitalization, 6.3% of firms used AI, with adoption slightly higher among 
service firms than manufacturing firms. Approximately 18% of firms used BDA, again 
with a higher share among service firms. On average, firms used two external knowledge 
sources. Around 20.5% of firms continuously engaged in R&D, with a higher share among 
manufacturing firms than service firms. Average export intensity was 13.4%, with 
manufacturing firms exporting more than service firms. The average share of employees 
with a university degree was below 20%, and the modal firm had 79 employees, indicating 
a medium-sized firm. 

The empirical analysis is based on the knowledge production function introduced by 
Griliches (1979), which models firms’ innovation output as a function of knowledge-
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related inputs such as R&D activities, open innovation strategies, human capital, and 
digital technologies (Niebel et al., 2019; Radicic, 2021; Sarbu, 2021). This framework allows 
the analysis of whether knowledge sources beyond formal R&D contribute to innovation 
outcomes (Sarbu, 2021). Since the dependent variables are binary indicators of product 
and process innovation, logit models are estimated (Gao et al., 2022; Rammer et al., 2022). 
Separate estimations are also conducted for manufacturing and service firms to examine 
sectoral heterogeneity and assess whether the results support the assimilation, 
demarcation, or synthesis perspective of innovation. 

4.  Results 

Because the data used in this study are self-reported, common method variance may 
arise from systematic measurement error (Podsakoff & Organ, 1986). To assess the internal 
validity of the dataset, Harmon’s one-factor test was conducted (Podsakoff & Organ, 1986; 
Podsakoff et al., 2003). This test involved an exploratory factor analysis of all independent 
variables using unrotated principal component factor analysis. Common method bias is 
considered unlikely when the first unrotated factor accounts for less than 50% of the total 
variance among the explanatory variables. In this study, the first factor explained only 
16.68% of the total variance, indicating that common method bias does not represent a 
serious concern in the empirical model (Tehseen et al., 2017). 

Table 2. Correlation Matrix 

Variables (1) (2) (3) (4) (5) (6) (7) 

(1) AI 1.000       

(2) BDA 0.294 1.000      

(3) Search breadth 0.225 0.373 1.000     

(4) Continuous R&D 0.181 0.283 0.428 1.000    

(5) Exports 0.163 0.171 0.328 0.371 1.000   

(6) University degree 0.152 0.194 0.269 0.275 0.110 1.000  

(7) Firm size 0.135 0.355 0.400 0.350 0.342 −0.021 1.000 
 
Table 2 presents the Pearson correlation matrix among the independent variables. 

Overall, the correlation coefficients are low to moderate, suggesting that multicollinearity 
is unlikely to affect the estimation results. 

Table 3. Logit Models without Interaction Terms – Testing H1, H2, H3 and H4 

Variables 

Full Sample 

Product 

Innovation 

Full Sample 

Process 

Innovation 

Manufacturing 

Product 

Innovation 

Manufacturing 

Process Innovation 

Services 

Product 

Innovation 

Services 

Process 

Innovation 

Variables of Interest 
      

AI 0.853*** (0.325) 0.480 (0.334) 0.771 (0.501) 0.058 (0.471) 0.943** (0.432) 0.708 (0.455) 

BDA 0.167 (0.192) 0.913*** (0.196) 0.071 (0.286) 1.250*** (0.330) 0.232 (0.257) 0.692*** (0.252) 

Search breadth 0.280*** (0.041) 0.366*** (0.042) 0.190*** (0.057) 0.326*** (0.061) 0.363*** (0.059) 0.407*** (0.058) 

Control Variables 
      

Continuous R&D 1.246*** (0.190) 0.677*** (0.193) 1.402*** (0.247) 0.617** (0.248) 1.102*** (0.305) 0.836** (0.327) 

Exports 0.434 (0.327) −0.112 (0.336) 0.573 (0.408) 0.078 (0.400) 0.381 (0.625) −0.289 (0.665) 

University degree 0.036 (0.066) −0.070 (0.067) 0.080 (0.111) −0.099 (0.112) −0.002 (0.084) −0.055 (0.083) 

Firm size −0.033 (0.050) 0.140*** (0.050) −0.041 (0.074) 0.118 (0.074) −0.036 (0.070) 0.161** (0.069) 

Constant 
−1.399*** 

(0.283) 

−2.005*** 

(0.288) 
−1.253*** (0.329) −2.079*** (0.348) −1.536*** (0.337) −2.175*** (0.342) 
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Sector dummies Included Included Included Included Included Included 

No. of observations 1,385 1,374 711 706 674 668 

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.10. 

Table 3 reports the results of the logit models used to test H1, H2, H3, and H4. With 
respect to H1 and H2, search breadth, which captures inbound open innovation practices, 
positively increases the likelihood of both product innovation and process innovation in 
the full sample, as well as in the manufacturing and service subsamples. The effect is 
statistically significant at the 1% level. Therefore, H1 and H2 are fully supported. 

Regarding H3, which examines the innovation effects of AI and BDA in the full 
sample, the results show that AI has a positive and highly significant effect on the 
probability of product innovation. Meanwhile, BDA has a positive and highly significant 
effect on the probability of process innovation. These findings indicate heterogeneous 
effects of AI and BDA depending on the type of innovation. Thus, H3 is partially 
supported. 

In the sectoral analysis related to H4, AI is found to increase the likelihood of product 
innovation in the service sector, while BDA increases the likelihood of process innovation 
in both manufacturing and service sectors. Accordingly, H4 is partially supported, as AI 
appears to be more strongly associated with product innovation, whereas BDA is more 
strongly linked to process innovation. 

The control variables also provide relevant insights. Continuous investment in R&D 
activities increases the likelihood of both product and process innovation across 
manufacturing and service sectors. In addition, larger firms are more likely to engage in 
process innovation, whereas firm size does not appear to significantly affect the 
probability of product innovation. 

Table 4. Logit Models with the Interaction between AI and Search Breadth – Testing H5 and H6 

Variables 

Full Sample 

Product 

Innovation 

Full Sample 

Process 

Innovation 

Manufacturing 

Product 

Innovation 

Manufacturing 

Process 

Innovation 

Services 

Product 

Innovation 

Services 

Process 

Innovation 

Variables of Interest       

AI 1.462** (0.621) 0.877 (0.660) 0.827 (0.982) −0.241 (1.069) 1.908** (0.840) 1.413* (0.815) 

Search breadth 
0.289*** 

(0.041) 
0.372*** (0.043) 0.191*** (0.058) 0.323*** (0.063) 

0.382*** 

(0.060) 

0.420*** 

(0.060) 

AI × Search breadth −0.185 (0.159) −0.124 (0.163) −0.015 (0.218) 0.082 (0.265) −0.317 (0.237) −0.242 (0.217) 

BDA 0.163 (0.192) 0.910*** (0.196) 0.070 (0.286) 1.255*** (0.332) 0.226 (0.257) 
0.687*** 

(0.253) 

Control Variables       

Continuous R&D 
1.261*** 

(0.191) 
0.684*** (0.194) 1.403*** (0.247) 0.614** (0.248) 

1.143*** 

(0.308) 

0.867*** 

(0.328) 

Exports 0.429 (0.327) −0.111 (0.336) 0.573 (0.408) 0.079 (0.400) 0.381 (0.629) −0.269 (0.661) 

University degree 0.037 (0.066) −0.069 (0.067) 0.080 (0.111) −0.099 (0.112) −0.002 (0.085) −0.056 (0.083) 

Firm size −0.034 (0.050) 0.139*** (0.050) −0.041 (0.074) 0.118 (0.074) −0.038 (0.070) 0.159** (0.069) 

Constant 
−1.423*** 

(0.283) 

−2.019*** 

(0.289) 
−1.254*** (0.329) −2.074*** (0.347) 

−1.578*** 

(0.338) 

−2.202*** 

(0.346) 

Sector dummies Included Included Included Included Included Included 

No. of observations 1,385 1,374 711 706 674 668 

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.10. 

Table 4 presents the logit models including the interaction term between AI and 
search breadth. These interaction terms are used to test H5 and H6 regarding the 
moderating effect of AI on the relationship between inbound open innovation and 
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technological innovation. The results show that the interaction terms are not statistically 
significant in the full sample or in the manufacturing and service subsamples. Therefore, 
the empirical evidence does not support H5 and H6 with respect to the moderating role 
of AI. The results for the control variables remain qualitatively consistent with those 
reported in Table 3. 

Table 5. Logit Regression Results 

Variables 

Full Sample 

Product 

Innovation 

Full Sample 

Process 

Innovation 

Manufacturing 

Product 

Innovation 

Manufacturing 

Process Innovation 

Services 

Product 

Innovation 

Services 

Process 

Innovation 

Variables of Interest 
      

BDA 0.265 (0.355) 1.753*** (0.354) 0.159 (0.552) 2.407*** (0.623) 0.367 (0.475) 1.453*** (0.446) 

Search breadth 0.285*** (0.045) 0.413*** (0.046) 0.194*** (0.062) 0.372*** (0.064) 0.373*** (0.066) 0.459*** (0.065) 

BDA × Search breadth −0.030 (0.093) −0.273*** (0.097) −0.024 (0.127) −0.337** (0.150) −0.045 (0.134) −0.264** (0.132) 

AI 0.850*** (0.324) 0.481 (0.327) 0.768 (0.498) 0.085 (0.449) 0.942** (0.431) 0.704 (0.451) 

Control Variables 
      

Continuous R&D 1.249*** (0.190) 0.695*** (0.192) 1.406*** (0.248) 0.659*** (0.251) 1.101*** (0.304) 0.833*** (0.320) 

Exports 0.435 (0.327) −0.099 (0.334) 0.575 (0.408) 0.106 (0.398) 0.381 (0.622) −0.284 (0.647) 

University degree 0.036 (0.066) −0.078 (0.067) 0.079 (0.111) −0.101 (0.114) −0.003 (0.084) −0.067 (0.083) 

Firm size −0.033 (0.050) 0.140*** (0.051) −0.042 (0.074) 0.111 (0.075) −0.035 (0.070) 0.164** (0.069) 

Constant −1.415*** (0.287) −2.144*** (0.298) −1.259*** (0.331) −2.153*** (0.352) −1.563*** (0.348) −2.321*** (0.358) 

Sector dummies Included Included Included Included Included Included 

No. of observations 1,385 1,374 711 706 674 668 

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.10. 

Table 5 reports the logit models including the interaction terms between BDA and 
search breadth. These models test H5 and H6 by examining whether BDA strengthens the 
effect of inbound open innovation on technological innovation. The results indicate that 
BDA does not enhance the effect of search breadth on product innovation, as the 
interaction term is not statistically significant in the full sample or in the sectoral 
subsamples. However, the interaction term between BDA and search breadth is negative 
and statistically significant in models where process innovation is the dependent variable. 
This pattern is observed in the full sample as well as in both manufacturing and service 
subsamples. These findings suggest that the interaction between BDA and inbound open 
innovation may reduce the likelihood of process innovation, a result that requires further 
discussion in the following section. 

5.   Discussion 

The findings of this study provide several important insights regarding the 
individual effects of open innovation (OI) and Industry 4.0 technologies, as well as their 
potential combined influence on technological innovation. First, the results indicate that 
search breadth consistently increases the probability of both product and process 
innovation. This positive relationship is observed not only in the full sample but also 
across manufacturing and service sectors, thereby supporting both H1 and H2. These 
findings suggest that firms that draw knowledge from a wider range of external sources 
are more likely to engage in technological innovation. The results are consistent with 
previous studies highlighting the innovation benefits of inbound OI (e.g., Ebersberger et 
al., 2021). Furthermore, the evidence across both manufacturing and service industries 
supports the synthesis perspective of innovation, which argues that innovation activities 
in different sectors share common underlying mechanisms despite sector-specific 
characteristics. 
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The second set of findings, related to H3 and H4, offers additional insights into the 
role of digitalization technologies in fostering innovation. The results reveal 
heterogeneous effects for artificial intelligence (AI) and big data analytics (BDA). AI is 
found to positively influence product innovation, particularly within service firms, but 
does not significantly affect process innovation. In contrast, BDA exhibits a strong and 
statistically significant positive impact on process innovation while showing no 
significant effect on product innovation. Similar patterns are observed in both 
manufacturing and service sectors. These findings partially align with Rammer et al. 
(2022), who reported positive effects of AI on both product and process innovation among 
German firms. However, the present study suggests that the innovation benefits of AI are 
more pronounced in service industries than in manufacturing sectors. This result is also 
consistent with Liu et al. (2020), who found no significant influence of AI on technological 
innovation in China’s high-technology industries, while observing marginal positive 
effects in low-technology sectors. One possible explanation is that firms may need to reach 
a certain threshold of AI implementation before meaningful innovation outcomes emerge 
(Liu et al., 2020). At lower levels of adoption, AI may not yet generate knowledge beyond 
what is already derived from R&D activities and external knowledge sourcing. 

The findings concerning BDA can also be interpreted through the lens of 
organizational learning and information-processing capabilities. Ghasemaghaei and Calic 
(2020) demonstrated that data variety and data velocity positively influence innovation 
performance, whereas data volume alone contributes little to innovation outcomes. 
Excessive information may exceed the cognitive processing capacity of managers and 
employees, thereby limiting the ability to transform data into actionable knowledge. This 
perspective may help explain the results of the present study, particularly the substitution 
effect identified between BDA and search breadth in relation to process innovation. While 
access to diverse external knowledge sources facilitates process innovation, intensive 
reliance on BDA may reduce the marginal value of broad external knowledge search. The 
large amount of information generated through BDA may create challenges for decision-
makers who face bounded rationality constraints when interpreting and utilizing complex 
datasets. Consequently, firms that employ BDA extensively may depend less on a broad 
range of external knowledge sources when pursuing process innovation. These findings 
contribute to the growing literature on external knowledge sourcing by suggesting that 
digital analytical capabilities can partially substitute for extensive inbound OI practices. 
From a managerial perspective, the results imply that firms pursuing digital 
transformation may achieve greater innovation benefits by strengthening digital 
capabilities rather than continuously expanding external knowledge networks. 
Conversely, firms with limited digitalization capabilities may derive greater value from 
broadening their external knowledge search activities. 

The study also examined the moderating role of Industry 4.0 technologies on the 
relationship between inbound OI and innovation outcomes, as proposed in H5 and H6. 
The empirical evidence indicates that AI does not significantly moderate the relationship 
between search breadth and either product or process innovation. This absence of 
moderation is observed across the full sample as well as within manufacturing and service 
sectors. Therefore, H5 and H6 are not supported with respect to the moderating effect of 
AI. These findings are not entirely unexpected given the relatively limited direct effect of 
AI observed in the previous analyses. A similar pattern emerges for BDA. Although BDA 
does not strengthen the effect of search breadth on product innovation, it appears to 
weaken the positive influence of search breadth on process innovation. Rather than 
generating complementary effects, the interaction between BDA and inbound OI suggests 
a substitution relationship in the context of process innovation. 

Overall, these findings indicate that firms may need to develop two distinct but 
complementary capabilities before digitalization and OI can generate synergistic 
innovation outcomes. The first capability is absorptive capacity, which enables firms to 
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identify, assimilate, and exploit external knowledge obtained through inbound OI 
activities. The positive effects of search breadth observed in this study demonstrate the 
importance of this capability for innovation performance. The second capability relates to 
the effective integration of digital technologies, particularly AI and BDA, into 
organizational processes and innovation activities. As Industry 4.0 technologies remain 
relatively new and central to ongoing digital and green transitions, firms may need to 
allocate additional financial, technological, and human resources to strengthen their 
digital capabilities. Organizations with limited digital maturity may struggle to process 
and utilize the large volume of information generated through digital technologies and 
multiple external knowledge sources. Likewise, managers may face difficulties in 
effectively interpreting and applying information derived from BDA, thereby limiting the 
potential synergies between digitalization and OI. 

The findings also have broader policy implications. Digitalization policies play a 
crucial role in supporting firms’ adoption of Industry 4.0 technologies and enabling them 
to realize benefits in terms of innovation performance, productivity, profitability, and 
competitive advantage. Particular attention should be directed toward AI adoption. The 
descriptive statistics reveal that firms are approximately three times more likely to use 
BDA than AI. This pattern suggests that AI implementation may require greater financial 
investment, technical expertise, and organizational readiness than BDA. Consequently, 
governments and policymakers should consider targeted support mechanisms, including 
tax incentives, subsidies, grants, and training programs, to assist firms that lag behind in 
AI adoption. Such initiatives could accelerate the diffusion of AI technologies and enhance 
firms’ innovation capabilities, thereby contributing to broader economic competitiveness 
and digital transformation objectives. 

6.   Conclusions 

This study examined the role of digitalization within the Industry 4.0 context in 
shaping firms’ product and process innovation activities, both independently and in 
combination with inbound open innovation (OI). In addition, the analysis compared 
manufacturing and service firms to determine whether these relationships differ across 
sectors. The findings reveal that search breadth consistently increases the likelihood of 
both product and process innovation. Firms that draw knowledge from a broader range 
of external sources are more likely to engage in technological innovation, regardless of 
whether they operate in manufacturing or service industries. In contrast, the effects of 
digitalization technologies are more heterogeneous. Artificial intelligence (AI) positively 
influences product innovation, particularly within service firms, whereas big data 
analytics (BDA) exhibits stronger effects on process innovation across both manufacturing 
and service sectors. However, the results do not support the expectation that AI and BDA 
strengthen the positive impact of inbound OI on technological innovation. In particular, 
BDA appears to weaken the influence of external knowledge search on process 
innovation, suggesting a potential substitution effect between digital analytical 
capabilities and extensive knowledge sourcing activities. 

The study contributes to the literature by integrating two important streams of 
research, namely Industry 4.0 and open innovation, within a unified framework. While 
previous studies have extensively examined the individual effects of digitalization and 
OI, limited attention has been devoted to understanding their joint influence on 
innovation outcomes. The findings provide empirical evidence regarding the innovation 
effects of AI and BDA and demonstrate that their role is more nuanced than commonly 
assumed. Furthermore, the results highlight similarities between manufacturing and 
service sectors, lending support to the synthesis perspective of innovation, although the 
impact of AI appears to be more sector-specific. From a policy perspective, the findings 
suggest that governments should continue supporting firms’ digital transformation 
efforts, particularly by accelerating AI adoption through financial incentives, subsidies, 
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grants, and capability-building programs. Given that AI adoption remains substantially 
lower than BDA adoption, reducing barriers related to costs, technical expertise, and 
organizational readiness may help firms realize greater innovation benefits. 

The findings also offer important managerial implications. Although inbound OI 
remains an effective mechanism for stimulating innovation, managers should not assume 
that digital technologies automatically enhance the benefits of external knowledge 
sourcing. Instead, organizations need to develop strong digital capabilities alongside 
absorptive capacity to effectively utilize both internal and external knowledge resources. 
Firms should therefore invest in employee skills, data management capabilities, and 
organizational learning mechanisms that enable the effective use of AI and BDA in 
innovation processes. Managers should also carefully evaluate the balance between 
digitalization initiatives and external knowledge acquisition strategies, as excessive 
reliance on data-driven technologies may reduce the marginal value of broad knowledge 
search activities. 

Several limitations should be acknowledged. First, the study relies on cross-sectional 
data, which limits the ability to examine long-term relationships between digitalization, 
OI, and innovation. Future research could employ longitudinal datasets to investigate 
how these relationships evolve over time. Second, the analysis focuses exclusively on 
technological innovation in the form of product and process innovation. Future studies 
may extend the investigation to non-technological innovations, including organizational, 
marketing, and business model innovations. Third, digitalization is a multidimensional 
concept, yet this study considers only AI and BDA. Future research could examine 
additional digital technologies, such as cloud computing, blockchain, and Internet of 
Things applications, as well as their interaction with different forms of OI, particularly 
coupled innovation practices. Finally, the rapid advancement of emerging technologies, 
including generative AI, highlights the need for more recent empirical evidence to better 
understand how new digital capabilities shape firms’ innovation performance. Despite 
these limitations, this study contributes to the growing body of knowledge by providing 
empirical evidence on the interplay between digitalization and open innovation and their 
implications for technological innovation in contemporary firms. 
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