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Abstract: Although previous studies have predominantly dealt with innovation ambidexterity, they
have only focused on a single innovation activity and overlooked the interaction of innovation activi-
ties. Drawing on organizational ambidexterity theory, this study established four types of innovation
configurations: dual exploration (technology exploration and business model exploration), business
model leveraging (technology exploration and business model exploitation), technology leverag-
ing (technology exploitation and business model exploration), and dual exploitation (technology
exploitation and business model exploitation). Using the panel data of 613 listed manufacturing firms
in China, this study examined whether and how configurations of ambidextrous innovation affect
firm performance in the context of digital transformation. Empirical results provide evidence that
a dual exploration and technology leveraging strategy has a positive impact on firm performance,
while a dual exploitation and business model leveraging strategy has the opposite effect and is
subject to the moderating influence of the level of digitalization. Under high levels of digitalization,
the positive effect of the dual exploration strategy on firm performance becomes more significant,
while the effects of others are weakened. This study contributes to the organizational ambidexterity
literature by providing a finer-grained understanding of the effect of ambidextrous innovation from a
configurational perspective. This study also contributes to the digitalization transformation literature
by revealing the moderating role of digitalization.

Keywords: technological innovation; business model innovation; ambidexterity; configurations; firm
performance; digitalization

1. Introduction

Successful innovation plays a pivotal role in enabling firms to attain superior perfor-
mance within a fiercely competitive market landscape [1,2]. Among the myriad forms of
innovation, technological innovation has garnered heightened attention [3]. However, the
process of innovation-driven industrial transformation and upgrading is a comprehensive
engineering endeavor. The developmental trajectory of the manufacturing firms necessi-
tates the synergistic integration of multiple innovation methodologies. Singularly empha-
sizing one form of innovation inevitably leads to a lack of driving force [4,5]. Addressing
the “black box” of innovation development to elucidate the effectiveness of utilizing inno-
vation for performance enhancement is a pressing concern. Technological innovation must
be intricately linked to business models to propel firm success [6]. Serving as a crucial tool
for enhancing business performance, technological innovation facilitates the sustainable
and robust growth of firms by refining existing processes and products or creating novel,
more advantageous ones. Business model innovation (leveraging mechanisms such as
value network expansion and business model adjustments) serves as a pivotal conduit for
commercializing the outcomes of technological innovation, yielding economic benefits [7,8].
Nevertheless, navigating the critical dilemma of aligning these two forms of innovation is
particularly challenging, and is contingent upon the diverse allocation of resources [9].
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The integration of innovative approaches remains an ongoing process of dynamic
refinement, intricately linked to the concurrent processes of exploration and exploitation.
Scholars contend that “ambidexterity” literature offers a valuable theoretical foundation
when addressing the diverse modes of innovation within a company [10]. In mature tech-
nologies and stable markets, emphasis on efficiency, control, and incremental improvement
is crucial. Innovation must leverage existing resources. However, an exclusive focus on
this developmental path may result in capability traps and hinder organizational change.
Conversely, in the realm of new technologies and volatile markets, flexibility, initiative,
and experimentation become imperative, necessitating the exploration of novel ideas for
innovation [11]. Yet, an excessive emphasis on exploration can lead to endless search cycles,
unfruitful change, and a heightened risk of failure [12]. In the long run, firms must possess
the dual capabilities of exploration and exploitation to effectively respond to environmental
changes. Consequently, striking a balance between exploration and utilization presents a
significant challenge for firms. Notably, in the domains of technological innovation and
business model innovation, attention should be given to the trade-off between exploration
and exploitation. However, existing literature predominantly focuses on technological
innovation, and often neglects business model innovation or the interplay between these
two complementary innovation activities. This oversight overlooks the potential benefits
of cross-domain ambidexterity [13,14]. Similarly, prior research on the trade-offs between
exploitation and exploration, as these two complementary yet contradictory activities, has
been inconsistent due to variations in organizational requirements, structures, practices,
and management behaviors [15–18].

The impact of digitalization extends significantly across both upstream and down-
stream aspects of businesses, networks, and ecosystems [19,20]. The dynamic functionality
of information technology (IT) can enhance firms’ competitiveness by facilitating a rapid
understanding of market needs and fostering increased flexibility and agility [21]. However,
the existence of the “IT paradox” implies that only a portion of firms can truly benefit
from digitalization, highlighting a potential divide in its impact [22]. The development of
digitalization places heightened demands on the technological and business model aspects
of firms [23]. On the one hand, transitioning towards digitalization, smart products, the
internet of things, and the industrial internet has reshaped the capability requirements for
manufacturing firms [24]. On the other hand, beyond altering capability requirements,
digitalization may also profoundly impact inter-firm transactions, power dynamics be-
tween companies, and strategic identities. For instance, manufacturing companies may
increasingly resemble software companies [25]. This presents an additional dilemma for
companies navigating the challenges of the new business environment.

Henceforth, to address the dilemma, this study employs the configuration theory,
which posits that firm performance hinges on the amalgamation of innovations [26]. It
extends the organizational ambidexterity theory by delineating the dimensions of technolog-
ical innovation and business model innovation [27,28] and formulates four distinct configu-
ration models. These models are systematically elucidated, outlining their respective merits
and drawbacks concerning their capacity to achieve ambidexterity across domains [29].
The study delves into these models extensively within varied digital transformation con-
texts. Through this innovative approach, the paper elucidates how manufacturing firms
can strategically align technological innovation and business model innovation amidst
the backdrop of digital transformation. It introduces a fresh perspective on enhancing
firm performance through the lens of organizational ambidexterity, contributing valuable
insights to the intersection of technological and business model innovations in the evolving
digital landscape.

This study offers several noteworthy contributions. Firstly, it contributes to the sys-
tematic organization of ambivalence research by examining the role of research exploration–
exploitation across diverse fields. Diverging from previous singular-field studies on am-
bivalence [30–32], this paper investigates the impact of exploration and exploitation within
technology- and business-model-related innovation domains. It introduces a novel ap-
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proach to address the ongoing debate on organizational ambidexterity [15], aligning with
Lavie et al.’s (2011) perspective that companies can effectively coordinate exploration and
exploitation across distinct organizational domains [15]. Secondly, in contrast to prior stud-
ies predominantly centered on technology-related innovation [13,14], this study elucidates
the strategic allocation of innovation related to both technology and business models. It
systematically explains how to mitigate tensions between these two types of innovation
and comprehensively outlines the internal logic of the influence exerted by various forms
of configuration models formed through technology and business model innovation on
firm performance. This comprehensive analysis provides a solid theoretical foundation
for understanding how innovation configuration contributes to the enhancement of firm
performance. Thirdly, this paper delves into the impact of organizational ambidexterity
within the context of China’s digital transformation, a unique contribution considering most
studies on digitalization and ambidexterity are situated in Western contexts with stable
institutional environments and ample market resources [16,33]. Given China’s emerging
markets characterized by a volatile institutional environment and limited access to market
resources, the complexity of organizational ambidexterity may pose some particular chal-
lenges [34–37]. This paper offers a novel research perspective by applying cross-domain
ambidexterity in the context of China’s digital transformation, thereby enriching the un-
derstanding of organizational dynamics in this setting. Secondly, as the world’s largest
emerging market, China has greater development opportunities and has always attracted
a continuous stream of enterprises to enter the Chinese market. The research conducted
in this study has important implications for Chinese business operators and managers
planning to enter the Chinese market.

2. Theoretical Background and Hypotheses
2.1. Organizational Ambidexterity and Configuration Strategies

The enhancement of firm performance hinges on the adept configuration of innovation
elements [38]. This involves the judicious selection and optimization of various components,
encompassing activities, policies, structural elements, and resources. The amalgamation
of these elements in different forms can yield varying effects on the company’s resource
utilization [26,39,40]. Consequently, this study extends the innovation configuration theory
to scrutinize how the effective configuration of technology- and business-model-based
innovation can be orchestrated to attain superior performance.

Ambidexterity is acknowledged as a dynamic capability inherent in firms, where the at-
tainment of optimal performance relies on striking a dynamic balance between exploration
and exploitation [41,42]. In the realm of innovation operations, a well-structured configura-
tion has the potential to enhance the efficiency of current operations while concurrently
bolstering the organization’s adaptability and flexibility to environmental changes [43]. In
the sphere of innovation decision-making, maintaining a balance between ambidextrous
decision-making modes empowers large and complex organizations to sustain flexibility
and achieve success in both short- and long-term perspectives [44]. This equilibrium pro-
motes the realization of firm financial goals and sustainability objectives, establishing a
positive correlation between organizational performance and ambidexterity [45,46]. Draw-
ing from the resource-based view, it is posited that in the absence of a well-orchestrated
configuration, a pure innovation strategy emphasizing either operational excellence or
product leadership may outperform a mixed strategy, highlighting the significance of
strategic alignment [47]. Guided by ambidexterity theory and innovation configuration
theory, this article constructs four innovation configuration strategies (Table 1), explores the
impact of different configuration strategies on firm performance, and conducts an in-depth
analysis in the context of digital transformation.
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Table 1. Configuration strategies.

Strategy Configuration Connotation

Technology
leveraging

Exploitative technological innovation
× Exploratory business model innovation

Through the use and improvement of
existing technical capabilities, explore
new ways of value creation, including

markets, channels, etc.

Business model leveraging Exploratory technological innovation
× Exploitative business model innovation

Develop new technical capabilities for the
improvement of existing strategic models,

operating models, and profit models.

Dual exploration Exploratory technological innovation
× Exploratory business model innovation

Focus on the development of new
technical capabilities and new strategies,
markets, channels, etc., in the technology

and business model are big changes.

Dual exploitation Exploitative technological innovation
× Exploitative business model innovation

Focus on the application of existing
technical capabilities and business

models and adopt robust strategies in
both technology and business models.

2.2. Configuration Strategies and Firm Performance
2.2.1. Dual Exploration and Business Model Leveraging Strategy

Exploratory technological innovation places a distinct emphasis on the creativity and
novelty inherent in new products. Grounded in the theory of innovation configuration,
the research and development efforts directed towards any new products and processes
necessitate a harmonious alignment with an appropriate business model for value realiza-
tion. Otherwise, the outcomes of technological innovation may not yield any substantial
value for the firm [48]. Numerous instances of unsuccessful innovation underscore that
the root cause of failure often lies not in the shortcomings of technological innovation per
se, but rather in entrepreneurs failing to discern a business logic capable of identifying the
potential value embedded in the innovation [49,50].

Previous empirical studies have revealed that engaging in simultaneous exploration
across multiple domains empowers firms to sidestep the rigidity entrenched in prevailing
practices within the innovation process. This, in turn, fortifies differentiation and yields
superior innovation performance [51]. Beginning with technological innovation as a focal
point, it becomes apparent that exploratory technological innovation significantly fosters
activities related to business model design [52]. In instances where firms embark on the
creation of novel products through radical technological shifts, the pursuit of additional
market opportunities necessitates a concurrent exploration of business models centered
around these innovations. This strategic approach transforms technical products into
tangible market value, thereby enhancing Schumpeter’s rent [50,53]. To elaborate, ex-
ploratory innovation predominantly accomplishes product differentiation and uniqueness,
elevating market demand and instilling a willingness among consumers to pay a higher
premium. Nevertheless, following a triumphant product innovation, the market often
witnesses a proliferation of imitators grappling with the challenges posed by truncated
product life cycles and elevated costs. In response, constructing an unparalleled business
model, intricately aligned with market demands and feedback within the business model
subsystem, becomes imperative. This initiative extends the competitive advantage of firms
by introducing a temporal lag for imitators and provides enduring protection for the firm
in the long run [54,55].

Commencing with business model innovation, the synergy between business model ex-
ploration and technology exploration proves to be mutually reinforcing. Firms strategically
determine the primary trajectory of business model evolution, propelling the develop-
ment of products and the introduction of novel functionalities through fundamentally
distinct technological foundations [46,56]. Employing business model innovation serves as
a means of securing competitive advantages in the market, while the pursuit of exploratory
technology innovation strategies works to establish absolute core competitiveness. This
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strategic alignment, driven by the continuous integration of technology and market dy-
namics, engenders the creation of new business models, catalyzing a cyclical evolution of
technological innovation. Ultimately, this dynamic process contributes to the long-term
performance of the firm [57]. Illustratively, the mutual propulsion of business model in-
novation and breakthrough technology innovation has the dual effect of reducing firm
costs and enhancing innovation efficiency [58]. Conversely, an exploitative business model
may result in the squandering and failure of firm technological innovation to some extent.
This occurs because the business model required for the commercialization of emerging
and disruptive technologies often conflicts with the firm’s existing business model. Faced
with unpredictable outcomes, firms may opt to relinquish the development of new tech-
nologies. In contrast, exploratory technological innovation emphasizes the exploration
of new technologies, yielding pioneering products with extended cycles and substantial
changes. This misalignment poses a challenge to the efficiency-focused logic of business
model innovation and may lead to conflicts [59]. Consequently, achieving synergy between
exploitative business model innovation and exploratory technology innovation proves
challenging and often exerts a negative impact on the performance of manufacturing firms.
Building upon this understanding, the paper advances the following hypotheses:

H1. The adoption of a dual exploration strategy exerts a positive influence on firm performance.

H2. The business model leveraging strategy has a negative impact on firm performance.

2.2.2. Dual Exploitation and Technology Leveraging Strategy

From a sustainability perspective, progressive technological innovation involves a
systematic integration characterized by gradual and subtle improvements, building on the
existing product market experience of the firm with minimal deviation [6]. In terms of
resource capability, the concept of domain separation suggests that tension in resources may
be alleviated by conducting exploration in one domain while simultaneously exploiting
another domain [16,29]. On the one hand, exploratory business model innovation accentu-
ates resource concentration to establish new collaborative networks with stakeholders or
explore novel market segments by expanding connections with various network members.
Considering resource constraints, exploitative technological innovation (which demands
relatively lower investments) is chosen to complement this strategy [60]. On the other hand,
given the scarcity of technical resources, manufacturing firms must integrate resources
into the operational process and explore innovative solutions based on existing knowledge
and resources. The introduction of a new business model contributes to enhancing the
knowledge absorption capacity of firms, facilitating the discovery of new knowledge and
its commercialization [61].

From a value acquisition standpoint, the introduction or creation of new business
models revitalizes and actively utilizes existing technical resources, paving the way for the
discovery of novel value propositions for current products. This approach provides oppor-
tunities for firms to realign products and technical resources with fresh value propositions,
leading to enhanced benefits [62,63]. However, the design of an efficient business model can
intensify the negative impact of exploitative innovations on firm performance growth, and
concurrently, weaken the positive impact of exploratory innovations on firm performance
growth. When exploitation takes precedence as the primary activity, short-term success may
elevate the risk of stagnation, leaving firms ill-prepared for environmental changes. Firms
may inadvertently fall into a “success trap” where their core competence transforms into
core rigidity [64]. Consequently, the more emphasis firms place on coupling progressive
innovation with exploitative business model innovation, the more likely they are to adhere
to stable and standardized existing systems, solidifying their developmental and business
behaviors. This rigidification makes it challenging for them to adapt to the complex and
dynamic business environment. Hence, this paper proposes the following hypotheses:
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H3. Technology leveraging strategy has a positive impact on firm performance.

H4. Dual exploitation strategy hurts firm performance.

2.3. The Moderating Role of Digitalization

As industries embrace the fourth industrial revolution (Industry 4.0) through digital
transformation, an entirely new era is being witnessed. The manufacturing industry is
evolving into a more intelligent landscape, characterized by extensive data exchange and
predictive analytics technologies driven by the internet of things (IoT) [65]. In the realm of
technological innovation, digital manufacturing plays a pivotal role in minimizing scrap
rates and equipment losses by monitoring operational data, ultimately enhancing the suc-
cess rate of technological advancements [66,67]. Concerning business model innovation,
digital technologies act as transformative agents, converting available data into valuable
insights and actionable instructions. This is achieved through the optimization and stor-
age of knowledge in the cloud, supporting the continuous development of sustainability
functions, spanning from product design to predictive maintenance and product track-
ing [68–70]. A Price Waterhouse Coopers (PWC) report underscores the potential impact
of digitalization, noting that at high levels of digitalization, manufacturing efficiency is
anticipated to increase by 15–20%, with a concurrent generation of over 20% in revenue
over the next five years [71].

In accordance with the innovation configuration theory, the advantages of digital
transformation hinge on the harmonious collaboration between business model innovation
and technological innovation. Digitalization has engendered an escalated demand for
novel technologies, skills, and processes, therefore revolutionizing the creation of value
in the industrial value chain. This transformation is realized through the adoption of IoT
technologies, intensive data exchange, and predictive analytics capabilities [72,73] The
actualization of digital value creation is anticipated to extend beyond firm boundaries and
traverse networks, manifesting in the guise of collaborative value creation [74,75]. The
utilization of digital technology holds immense potential for technological innovation, miti-
gating the risks associated with such innovation and rendering technological exploration
both inevitable and feasible. Simultaneously, these functionalities amplify opportunities
for firms to deliver and capture value while adapting to a volatile environment, mitigating
conflicts between new technology and the existing business model. In doing so, it opens
new avenues for value creation [76].

From the standpoint of value creation, two primary methods—incremental and
radical—directly influence the economic performance of firms. In the case of radical
value creation, numerous firms, in a bid to capitalize on the advantages ushered in by
digitalization, are meticulously constructing entirely novel business models revolving
around digital technologies such as artificial intelligence, digital platforms, and big data
analytics. This is facilitated by a more visionary and creative mindset, with technological
innovation serving as the primary driver of value [77,78]. Leveraging real-time changes in
digital operational data, firms (through exploratory technological innovation) introduce
more flexible or customized products and services. Additionally, this approach grants cus-
tomers the autonomy to choose, fostering enhanced value creation [79,80]. Consequently, at
elevated levels of digitalization, both new technology and business model innovation wield
the potential to fundamentally alter the profit-making paradigm of firms. The positive
impact of aligning exploitative technology with a new business model on firm performance
becomes challenging to demonstrate. Firms adopting a strategy based solely on exploitation
may encounter the risk of regression in the face of this changing landscape.

In the realm of incremental value creation, it becomes evident that matching new
technologies with new business models is equally crucial. Firstly, the impetus from digital
technology and business model innovation is to propel continuous technological innovation,
ensuring firms stay abreast of competitors and furnish enduring value to customers [81,82].
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While leveraging digital solutions to consistently gauge customer needs and accelerate
business model revenue generation, firms must concurrently undertake technological
exploration in response to changing demands. A systematic alignment is imperative,
as merely introducing new products or services in a non-systematic manner might not
guarantee market success. Without continuous product and service innovation, firms
risk missing out on new market shares. Thus, evaluating market needs in the context of
ongoing technological innovation is critical [83], underscoring the importance of precisely
defining and quantifying value creation. This aids in communicating the benefits of a
specific business model, preventing the provision of features that are no longer sought
after by the target customer and curbing unnecessary utilization waste [84,85]. Secondly,
digitalization is intricately linked with business model innovation in the long run. Business
models enabled by digital technologies have the potential to redefine how the value
of new products and processes is created, delivered, and captured among providers,
customers, and other participants in the value chain. This dynamic facilitates dual-domain
exploratory innovation, engendering long-term performance value. In the short term,
adhering to the resource-based view, explorative innovation in a single domain takes on a
transitional form at lower levels of digitalization, with a constrained impact on performance
improvement [86]. Therefore, this paper posits the following hypotheses:

H5. At an advanced level of digitalization, the dual exploration strategy exhibits a more pronounced
positive impact on firm performance.

H6. At an advanced level of digitalization, the detrimental effect of the business model leveraging
strategy on firm performance is mitigated.

H7. At an advanced level of digitalization, the positive impact of the technology leveraging strategy
firm performance is mitigated.

H8. At an advanced level of digitalization, the dual exploitation innovation strategy exerts a more
notable negative impact on firm performance.

Draw a conceptual model diagram for this study, as shown in Figure 1.
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Figure 1. Conceptual model.

3. Research Method
3.1. Research Setting and Data Collection

This study focuses on manufacturing firms listed on the Shanghai and Shenzhen A-
share stock exchanges in China, covering the period 2018–2020. The independent variables
(four innovation methods) were selected from the 2018–2019 annual report data, and
the dependent variable (firm performance) and other variables were selected from the
2019–2020 annual report data. This study follows the following three principles to screen
and process data:
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1⃝ Excluding ST, *ST, and other specified firms.
2⃝ Using technological innovation variables as the standard to delete firms with missing

data and abnormal numerical values. These firms have not disclosed research and
development investment capitalization, expense amount, research and development
expenses, or digital information that cannot be crawled.

3⃝ Deleting firms with industry codes D, F, H, J, K, and L (sustainable operation even if
not engaged in innovation activities).

After screening, 613 sample observations were obtained.
The data used to test the proposed hypotheses were obtained from the China Stock

Market and Accounting Research (CSMAR) database and JUCHAO information network.
Specifically, this study obtained technological innovation and control variables data from
CSMAR database. Based on the annual report disclosure information of firms on the
JUCHAO information network, the data on business model innovation was organized, and
other data information was verified to ensure the accuracy of the data collected.

The data analysis was mainly completed using Stata15.0 software, and ChatGPT 3.5
was employed to polish sentence structure and improve readability.

3.2. Measures
3.2.1. Firm Performance

Following previous research [66,87], firm performance is measured by return on total
assets (ROA).

3.2.2. Technological Innovation

Technological innovation in this context is defined based on the guidelines outlined
in Accounting Standard for Business Firms No. 6—Intangible Assets (2006) in China. The
investment in internal research and development projects is categorized into two stages: re-
search stage investment and development stage investment. The research stage investment
is considered more exploratory, involving higher risks and greater uncertainty of outcomes
compared to the development stage investment. Following the approach established by
Bi et al. (2017) [88], the research expenditure of research and development activities, treated
as expensed expenditure, is utilized to measure exploratory technological innovation (RTI).
Additionally, the capitalized expenditure of firms is employed as utilization expenditure to
measure exploitative technological innovation (TTI). The data used for these measurements
are extracted from the information on research and development activities expensed, as
disclosed in the Board’s report. To account for innovation lag, data from the previous
period are utilized.

3.2.3. Business Model Innovation

Business model innovation is assessed using the content analysis method inspired
by the work of Albertini (2014) and Xie et al. (2019) [1,89]. This involves quantitatively
assigning scores to the information about changes in firm strategy, operation, profitability,
and other relevant aspects disclosed in the business status section of a firm’s annual report.
The variables of exploratory business model innovation (RBMI) and exploitative business
model innovation (TBMI) are then scored on a scale of 0 to 2. The scoring criteria are as
follows: 0 for no related description, 1 for a simple description lacking implementation
details (e.g., a detailed plan, implementation process, or quantitative terms indicating
actual innovation), and 2 for a detailed description. To account for innovation lag, data
from the preceding period are utilized. The evaluation criteria are shown in Tables 2 and 3.
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Table 2. Example of evaluation criteria for exploratory business model innovation.

Score Example of Evaluation Criteria

0 No description

1
While maintaining steady growth in the fire and rescue vehicle business, we will focus on developing
the market for elevated vehicles and actively deploying a new strategic model with dual dimensions
of product lines and regional coverage.

2

According to strategic planning, the company has successively established new business sectors such
as the PPP business unit, rail transit operation company, design company, leasing company,
education company, etc. The total investment for the year exceeded 30 million yuan, bringing new
profit growth points to the company. The new business model of rail transit operation and
maintenance services has achieved significant breakthroughs.

Note: The data is sourced from the disclosed information in the annual report of the firm.

Table 3. Example of evaluation criteria for exploitative business model innovation.

Score Example of Evaluation Criteria

0 No description

1 The company strives to resolve the problems in the group’s industrial structure through adjustments
to its operational model and changes in resource allocation methods.

2

The company is actively promoting the transformation of its strategic model, seizing the golden
window period of strategic upgrading and leading development in the operation and maintenance
business. It focuses on three major directions: intelligent robots, data and network technology, and
intelligent operation and maintenance systems. Through measures such as strengthening marketing
system construction and market investment, improving operational capabilities, etc., the company
actively promotes the landing of intelligent equipment and whole line operation and maintenance
business and builds the first brand of China’s rail transit operation and maintenance.

Note: The data is sourced from the disclosed information in the annual report of the firm.

3.2.4. Digitalization

Digitalization (DI) is quantified using the text mining method, employing the fre-
quency of occurrence of specific digital keywords as metrics—the higher the frequency,
the more attention is paid to the meaning represented by the keyword [90]. The selection
of keywords is based on the work of Li et al. (2021) [91]. A Python algorithm involv-
ing automatic word segmentation and manual sorting is utilized to determine the total
frequency of each keyword in the firm’s annual report. The resulting data undergoes
a 1% processing to mitigate the impact of extreme values, following the approach out-
lined by Mallin et al. (2013) [92]. The processed data is then dichotomized into high and
low levels of digitalization. If the value exceeds the overall average, it is classified as
1; otherwise, if it is below the overall average, it is categorized as 0. For example, the
overall average is 4.05 and Midea’s digitalization frequency is 20, it will be assigned a
value of 1. The keywords included digital, big data, cloud, industrial Internet, artificial
intelligence, data analysis, analyze data, data acquisition, data collection, visualization,
information system, intelligence, knowledge graph, machine learning, internet of things,
MES, Industry 4.0, and BI.

3.2.5. Control Variables

Additionally, considering the multifaceted nature of firm behavior and performance,
seven control variables are identified based on a comprehensive review of the relevant
literature. These variables encompass firm size, firm age, asset–liability ratio, property right
nature, firm growth, and liquidity capital flows. The inclusion of these control variables
aims to account for influences on firm behavior, decisions, and performance. All variables
and their measurements are shown in Table 4.
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Table 4. Symbols and measurements of variables.

Variable Symbol Measurement

Firm size SIZE Ln (total assets at the beginning of the year)
Firm age AGE Ln (establishment year + 1)

Asset-liability ratio LEV Total liabilities/total assets at the beginning of the year
Property right PR Dummy variable, state-owned firms are 1, others are 0
Firm growth GR Tobin’s Q of firms

Liquidity capital flows LCF Cash ratio

Industry type IND Dummy variable, refer to the classification standard of the CSRC in 2012.
1 if the firm’s industry is high-tech, 0 otherwise

Firm performance ROA Net profit/average balance of total assets

Exploratory technological innovation RTI The amount of research and development investment expensed/total
assets at the beginning of the year

Exploitative technological innovation TTI The amount of research and development investment
capitalization/total assets at the beginning of the year

Exploratory business model innovation RBMI Text analysis assignment
Exploitative business model innovation TBMI Text analysis assignment

Digitalization DI Using Python crawler technology to group the frequency of digitized
keywords

Technology leveraging TL Interaction term, exploitative technological innovation × Exploratory
business model innovation

Business model
leveraging BL Interaction term, exploratory technological innovation × Exploitative

business model innovation

Dual exploration DR Interaction term, exploratory technological innovation × Exploratory
business model innovation

Dual exploitation DT Interaction term, exploitative technological innovation × Exploitative
business model innovation

3.3. Model Design

Based on theoretical analysis results and hypothesis logic, this study refers to existing
literature and constructs the following regression model. Firstly, we construct Model 1 to
verify the impact of seven control variables on firm performance. Secondly, four innovation
variables are added to Model 1 to construct Model 2, which can be used to verify the impact
of different innovation methods on firm performance.

ROAi,t = β0 + β1SIZEi,t + β2AGEi,t + β3LEVi,t + β4PRi,t + β5INDi,t + β6GRi,t + β7LCFi,t + εi,t (1)

ROAi,t = β0 + β1SIZEi,t + β2AGEi,t + β3LEVi,t + β4PRi,t + β5INDi,t + β6GRi,t + β7LCFi,t + εi,t
+ β8RTIi,t−1 + β9TTIi,t−1 + β10RBMIi,t−1 + β11TBMIi,t−1 + εi,t

(2)

Thirdly, when examining the impact of different innovation matching strategies on firm
performance, the interaction terms of four innovation methods can be constructed. Based on
Model 2, the interaction terms are added to construct Model 3 to test the hypotheses H1–H4.

ROAi,t = β0 + β1SIZEi,t + β2AGEi,t + β3LEVi,t + β4PRi,t + β5INDi,t + β6GRi,t + β7LCFi,t + εi,t
+ β8RTIi,t−1 + β9TTIi,t−1 + β10RBMIi,t−1 + β11TBMIi,t−1 + β12TLi,t−1 + β13BLi,t−1

+ β14DRi,t−1 + β15DTi,t−1 + εi,t

(3)

Finally, we use Model 4 and 5 to analyze the moderating effect of digitalization on
the impact of innovative configuration strategies on firm performance, and then verify
hypotheses H5–H8. Model 4 represents the effect of a high digitization level group, while
Model 5 represents the effect of low digitization level group.
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ROAi,t = β0 + β1SIZEi,t + β2AGEi,t + β3LEVi,t + β4PRi,t + β5INDi,t + β6GRi,t + β7LCFi,t + εi,t
+ β8RTIi,t−1 + β9TTIi,t−1 + β10RBMIi,t−1 + β11TBMIi,t−1 + β12TLi,t−1 + β13BLi,t−1

+ β14DRi,t−1 + β15DTi,t−1 + εi,t

(4)

ROAi,t = β0 + β1SIZEi,t + β2AGEi,t + β3LEVi,t + β4PRi,t + β5INDi,t + β6GRi,t + β7LCFi,t + εi,t
+ β8RTIi,t−1 + β9TTIi,t−1 + β10RBMIi,t−1 + β11TBMIi,t−1 + β12TLi,t−1 + β13BLi,t−1

+ β14DRi,t−1 + β15DTi,t−1 + εi,t

(5)

4. Analyses and Results
4.1. Statistical Description and Correlation Analysis

The article selects five statistical indicators, namely sample size, mean, standard
deviation, minimum, maximum, skewness, and sharpness, to conduct statistical analysis
on the samples. The specific statistical results are shown in Table 5. From the results, it
can be seen that there are no cases where the standard deviation is greater than the mean.
The stability of the sample data is good and there is not much change in the numerical
values compared to previous studies. The difference between the maximum and minimum
values of the four innovation variables is significant, indicating that there are significant
differences in the choices of different innovation methods among firms. Similarly, there are
significant differences in the firm performance (dependent variable). From the description
of the control variables, it can be seen that there is a significant difference between the
two indicators of firm size and growth, but the overall difference is small. Therefore, the
sample distribution is relatively uniform, indicating that the data collection is effective.
In addition, it can be seen from the statistical results that the skewness of all sample data
is between −2 and 2, and the kurtosis is between −3 and 3. The values of skewness
and kurtosis are within an acceptable range, which indicates that the data distribution
conforms to the characteristics of the Gaussian distribution. Therefore, it can be considered
that these data are in line with the Gaussian distribution and further data analysis and
processing can be carried out. Furthermore, the percentage of state-owned firms is 30.8%,
and the percentage of firms from high-tech industries is 65.3%. When we use text analysis
assignment to measure RBMI (TBMI), missing data accounts for 30.3% (26.0) of the sample,
simple description accounts for another 35.7% (49.1), and detailed description represents
the remaining 34.0% (24.9).

Table 5. Statistical description of relevant variables.

Variable N Mean SD Min Max Skewness Kurtosis

ROA 1226 0.0316 0.0824 −0.7436 0.3827 −0.760 1.171
LEV 1226 0.4325 0.1838 0.0336 1.3976 0.139 −0.201
SIZE 1226 22.4501 1.2421 19.2070 27.3861 0.652 0.615
AGE 1226 2.9743 0.2634 2.0794 3.7377 −0.262 −0.193
PR 1226 0.3100 0.4620 0.0000 1.0000 0.831 −1.311
GR 1226 1.9205 1.2686 0.8009 16.4046 1.228 2.395
LCF 1226 0.5503 0.9873 0.0029 18.1106 −0.017 1.091
IND 1226 0.6525 0.4764 0.0000 1.0000 −0.641 −1.591
RTI 1226 0.0206 0.0203 0.0000 0.1723 −1.412 2.465
TTI 1226 0.0085 0.0119 −0.0042 0.1033 −0.528 −0.185

RBMI 1226 0.9900 0.7140 0.0000 2.0000 −0.068 −1.439
TBMI 1226 1.0400 0.8010 0.0000 2.0000 0.017 −1.034

DI 1226 0.4700 0.4430 0.0000 1.0000 0.948 −0.904
DI (original) 1226 4.0500 4.4840 0.0000 50.0000 1.014 2.917

DI (high) 576 7.1300 6.9210 5.0000 50.0000 0.135 2.273
DI (low) 650 1.3200 1.3006 0.0000 4.0000 0.575 −0.948

This study employs the Pearson correlation coefficient to assess the correlation be-
tween variables. The findings are presented in Table 6. The correlation coefficients across
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variables are all below 0.65, indicating a lack of significant covariance issues between them.
Analyzing the correlation results, it is observed that the correlation coefficients between the
four types of innovations and firm performance are consistently positive and statistically
significant. This preliminary finding suggests that all four types of innovations may have
an impact on firm performance, affirming the viability of the study’s conceptual framework.

Table 6. Results of correlation analysis.

Variable ROA LEV SIZE AGE PR GR LCF TTI RTI TBMI RBMI DI

ROA 1.000
LEV −0.3653 *** 1.0000
SIZE −0.0270 + 0.5063 *** 1.0000
AGE 0.0480 + 0.0499 + 0.1339 *** 1.0000
PR 0.0200 0.2000 *** 0.3413 *** 0.2360 *** 1.0000
GR 0.1991 *** −0.3223 *** −0.3421 *** −0.0137 −0.1874 *** 1.0000
LCF 0.1135 *** −0.4397 *** −0.2213 *** 0.0441 −0.0182 0.2205 *** 1
TTI 0.1460 ** −0.0104 −0.0424 −0.0622 ** −0.0851 ** 0.1390 *** 0.0096 1.0000
RTI 0.0822 *** −0.0897 ** −0.1530 *** −0.0273 −0.0978 *** 0.2894 *** 0.0393 0.0941 *** 1.0000

TBMI 0.3574 *** −0.1463 *** 0.0247 −0.0731 ** −0.0114 0.0349 0.1122 *** −0.0202 −0.0516 + 1.0000
RBMI 0.2704 *** −0.1708 *** −0.0585 * −0.0524 + −0.0785 ** 0.1684 *** 0.0737 ** 0.1264 *** 0.1509 *** 0.1021 *** 1.0000

DI 0.2288 * 0.1373 *** 0.1479 *** −0.0336 −0.1114 *** −0.0540 + −0.0593 ** 0.0619 * 0.0054 0.0035 0.0068 1.0000

Notes: *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.1.

4.2. Hypotheses Testing

This article uses Stata15.0 software to conduct regression analysis on 613 collected
panel data. Before constructing the interaction term, variables have been standardized and
centralized to eliminate the influence of dimensional differences and multicollinearity as
much as possible. The regression model is also subjected to the Hausman test to determine
the choice of fixed or random effects model. In all the test results of this article, the p-value
is less than 0.1, meaning that a fixed effects model is chosen. The detailed regression
analysis results are presented in Table 7.

Table 7. Results for effects of configuration strategies on firm performance.

Variable Model 1 Model 2 Model 3 Model 4 (High) Model 5 (Low)

LEV −0.569 *** −0.574 *** −0.563 *** −0.816 *** −0.576 ***
(−11.93) (−12.43) (−12.32) (−6.20) (−9.95)

SIZE −0.009 0.002 −0.001 −0.034 0.021
(−0.73) (0.19) (−0.03) (−1.20) (1.33)

AGE −0.128 + −0.073 −0.053 0.224 −0.148
(−1.87) (−0.88) (−0.65) (1.18) (−1.47)

PR control control control control control
IND control control control control control
GR −0.003 −0.006 + −0.007 + −0.014 −0.06

(−0.86) (−1.66) (−1.85) (−1.57) (−1.42)
LCF −0.020 *** −0.020 *** −0.019 *** −0.030 −0.022 ***

(−3.40) (−3.48) (−3.36) (−1.17) (−3.57)
TTI 0.085 * 0.077 + 0.078 0.104 *

(2.23) (1.93) (0.82) (2.06)
RTI 0.106 ** 0.078 * 0.028 0.097 *

(2.79) (2.04) (0.32) (2.07)
TBMI 0.041 *** 0.042 *** 0.045 *** 0.037 ***

(6.16) (6.33) (3.44) (4.27)
RBMI 0.014 + 0.014 + 0.018 0.017

(1.79) (1.72) (0.99) (1.61)
DR 0.136 * 0.362 * 0.106

(2.22) (2.36) (1.43)
BL −0.109 * −0.046 −0.113 +

(−1.99) (−0.37) (−1.69)
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Table 7. Cont.

Variable Model 1 Model 2 Model 3 Model 4 (High) Model 5 (Low)

TL 0.164 * 0.180 0.210 *
(2.14) (1.20) (2.10)

DT −0.127 * −0.293 * −0.138 +

(−2.21) (−2.07) (−1.70)
N 613 613 613 288 325
R2 0.224 0.289 0.319 0.451 0.331

A-R2 0.221 0.284 0.311 0.424 0.331
F 35.19 *** 27.25 *** 18.69 *** 5.86 *** 12.57 ***

Hausman 92.61 *** 101.01 *** 100.34 *** 48.10 *** 76.34 ***

Notes: t statistics in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.1.

In addition, to further investigate whether there is a significant difference in the
impact of various configuration strategies on firm performance between the two groups of
samples, this paper uses a Fischer test based on Bootstrap to conduct inter-group coefficient
difference tests. Specifically, the regression coefficient differences between the two groups
of variables in the high digitalization level group and the low digitalization level group are
compared. The test results are shown in Table 8.

Table 8. Results of inter-group coefficient test.

Fisher’s Permutation b0–b1 N Empirical p-Value

DR −0.256 Bootstrap (1000) 0.014
BT −0.067 Bootstrap (1000) 0.027
TL 0.030 Bootstrap (1000) 0.064
DT 0.155 Bootstrap (1000) 0.215

In Model 2, it is evident that various innovation strategies exert a significant positive
impact on firms’ performance levels. Moving to Model 3, the DR is found to significantly
influence firm performance (β = 0.136, p < 0.05), exhibiting a positive promoting effect,
thereby supporting Hypothesis H1. Similarly, TL also exhibits a significant effect on
firm performance (β = 0.164, p < 0.05), showing a parallel positive promoting effect and
supporting Hypothesis H3. Conversely, BL demonstrates a significant negative effect on
firm performance (β = −0.109, p < 0.05), and the DT shows a significant negative effect as
well (β = −0.127, p < 0.05), confirming the support for Hypotheses H2 and H4.

The moderating impact of digitalization on the relationship between distinct innova-
tion allocation strategies and firm performance, along with the test outcomes of inter-group
coefficients, are detailed in Tables 4 and 5. Examining Model 4 and Model 5, it becomes
apparent that the regression outcomes for the DR and firm performance are significantly
positive at a high level of digitalization (β = 0.362, p < 0.05), whereas, at a low digitaliza-
tion level, these effects are not significant (β = 0.106, p > 0.1). Moreover, the empirical
p-value in the inter-group coefficient difference test is less than 0.1, signifying a notewor-
thy difference between the regression coefficients of the two groups. This suggests that
with increased digitalization, the impact of the DR on firm performance becomes more
pronounced. Meanwhile, at a high level of digitalization, the regression between TL and
firm performance is not significant (β = 0.180, p > 0.1), and the regression results of BL
and firm performance are also not significant (β = −0.046, p > 0.1). Conversely, at a low
digitalization level, both regression results are significant (β = 0.210, p < 0.05, β = −0.113,
p < 0.1). The test results of inter-group coefficients in Table 5 demonstrate that the p-values
are all less than 0.1, indicating significant differences between the regression results of
the two leveraging strategies and firm performance in the two groups. Therefore, it can
be concluded that at a high level of digitalization, the impact of leveraging strategies on
firm performance will be weakened. Consequently, hypotheses H6 and H7 are supported.
Moreover, under both high and low digitalization levels, the regression outcomes of the DT
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on firm performance are significantly negative (β = −0.293, p < 0.05; β = −0.138, p < 0.1).
Despite β = −0.138 > β = −0.293, the p-value of the inter-group coefficient is greater than
0.1, indicating no significant difference in the impact of DT on firm performance at different
digitalization levels. Hence, hypothesis H8 is not supported.

4.3. Robustness Tests

We employed the approach of substituting the dependent variable—net profit on
total assets (ROA)—with return on net assets (ROE) and isolating non-state-owned firm
sub-samples to examine the primary impact of the four configuration strategies on firm
performance. The frequency of occurrences of digital-related information (DRI) serves as
an indicator of the importance firms attribute to digitalization. Substituting the digital
technology classification (DI) with DRI can validate the stability of the adjustment effect.
The results reveal that the significance level of each variable and the sign of the regression
coefficients exhibit no significant changes from the original findings, confirming the research
hypotheses of this paper (Table 9).

Table 9. The results of the robustness test.

Variable Model 1 Model 2 Model 3 Model 4 (High) Model 5 (Low)

LEV −0.656 *** −0.659 *** −0.647 *** −0.935 *** −0.608 ***
(−11.00) (−11.47) (−11.43) (−5.91) (−10.59)

SIZE −0.011 0.011 0.007 −0.041 0.023
(−0.62) (0.63) (−0.42) (−1.29) (1.53)

AGE −0.052 −0.042 −0.020 0.304 −0.176 +

(−0.54) (−0.37) (−0.19) (1.38) (−1.75)
PR control control control control control

IND control control control control control
GR −0.004 −0.008 + −0.009 * −0.017 + −0.008 +

(−0.81) (−1.68) (−2.02) (−1.70) (−1.79)
LCF −0.021 ** −0.022 ** −0.022 ** −0.036 −0.022 ***

(−2.94) (−3.12) (−3.15) (−1.22) (−3.54)
TTI 0.096 * 0.099 * 0.050 0.102 *

(2.08) (2.02) (0.45) (2.07)
RTI 0.142 ** 0.116 * 0.053 0.103 *

(2.72) (2.24) (0.54) (2.18)
TBMI 0.052 *** 0.057 *** 0.052 ** 0.036 ***

(5.57) (6.15) (3.20) (4.18)
RBMI 0.018 + 0.012 0.025 0.017

(1.66) (1.16) (1.23) (1.61)
DR 0.191 * 0.397 * 0.108

(2.47) (2.19) (1.43)
BL −0.130 + 0.004 −0.121 +

(−1.89) (0.03) (−1.77)
TL 0.159 + 0.192 0.207 *

(1.68) (1.14) (2.09)
DT −0.140 + −0.360 * −0.150 +

(−1.86) (−2.05) (−1.87)
N 423 423 423 198 225
R2 0.267 0.339 0.379 0.497 0.344

A-R2 0.262 0.332 0.368 0.494 0.331
F 30.48 *** 23.67 *** 16.63 *** 5.74 *** 13.71 ***

Hausman 69.04 *** 74.22 *** 80.77 *** 46.54 *** 85.46 ***

Notes: t statistics in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.1.

5. Discussion
5.1. Research Finding

This study diverges from prior research primarily centered on technological innova-
tion [13,14] by adopting the organizational ambidexterity theory to explore the impact of
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cross-domain innovation configuration on firm performance [31,32]. The paper categorizes
technological innovation and business model innovation into exploration and exploitation,
leading to four distinct configuration strategies. The specific hypothesis testing results
are shown in Table 10. Empirical research results align with the research hypotheses,
confirming the significant influence of different configuration strategies on firm perfor-
mance. Regarding the examination of the relationship between digitalization and various
configuration strategies and firm performance, the empirical findings indicate that at a
high level of digitalization, the positive impact of DR (dual exploratory strategy) on firm
performance is more pronounced than at a low digitalization level. The positive effect
on firm performance becomes increasingly apparent with higher levels of digitalization.
Moreover, as the digitalization level rises, the influence of leveraging strategy on firm
performance diminishes. This suggests that digitalization weakens the positive impact
of TL (technology leveraging strategy) on firm performance and diminishes the negative
relationship between BL (business model leveraging) and firm performance, aligning with
the theoretical hypotheses of this paper.

Table 10. Research hypothesis testing results.

Hypothesis Content Result

H1 The adoption of a dual exploration strategy exerts a
positive influence on firm performance. Support

H2 Business model leveraging strategy has a negative
impact on firm performance Support

H3 Technology leveraging strategy has a positive
impact on firm performance Support

H4 Dual exploitation strategy hurts firm performance. Support

H5
At an advanced level of digitalization, dual

exploration strategy exhibits a more pronounced
positive impact on firm performance.

Support

H6
At an advanced level of digitalization, the

detrimental effect of business model leveraging
strategy on firm performance is mitigated.

Support

H7
At an advanced level of digitalization, the positive

impact of technology leveraging strategy firm
performance is mitigated.

Support

H8
At an advanced level of digitalization, dual

exploitation innovation strategy exerts a more
notable negative impact on firm performance.

Refuse

Regarding the impact of DT (dual exploitation strategy) on firm performance at differ-
ent digitalization levels, the results indicate that both are negative and significant, with no
notable difference. This indicates that digitalization does not have a significant moderating
effect on the impact of DT (dual exploitative innovation) on firm performance, which is
inconsistent with the research hypotheses of this article. This can be interpreted in several
ways. Firstly, based on the configuration theoretical approaches, and in particular exter-
nal alignment perspective, the dual exploitation strategy may no longer be suitable for
the swiftly evolving market environment. This fundamental mismatch likely results in a
negative effect on firm performance, irrespective of the level of digitalization. Secondly,
from the perspective of organizational ambidexterity theory, the dual nature of innovation
necessitates firms to possess both exploitation and exploration capabilities. Relying solely
on exploitation capabilities may not yield substantial returns for firms. Lastly, even though
digitalization presents a “double-edged sword” that imposes higher demands on firms’
innovation strategies, it concurrently provides increased profit opportunities through ad-
vanced technology dissemination and rapid information flow, to some extent offsetting
the negative outcomes stemming from the misalignment of innovation approaches. There-
fore, there is no significant difference in the impact of an exploitation strategy on firm
performance at different levels of digitalization.



Systems 2024, 12, 60 16 of 21

5.2. Theoretical Implications

The findings of this study can contribute to the innovation ambidexterity and digital
transformation literature, and further offer the following theoretical implications and a
fresh pathway to future studies.

Firstly, this study makes a noteworthy contribution to the organizational ambidex-
terity literature by concurrently investigating the equilibrium between exploration and
exploitation in both technological innovation and business model innovation realms. In
response to the call for cross-domain research on ambidexterity [29,32], this paper intro-
duces a fresh perspective to address the ongoing debate about the impacts of organizational
ambidexterity. Specifically, this study underscores the importance of aligning strategic
goals or behaviors within closely related domains while maintaining a balance between
exploitation and exploration [15].

Secondly, in line with the theoretical proposition that the configuration of various
organizational elements and activities (such as function, structure, and attribute) is pivotal
for achieving firm performance [26], this study diverges from previous research that solely
concentrates on technological innovation. Instead, it uncovers the internal dynamics be-
tween two distinct innovation activities. This study presents empirical evidence concerning
the allocation of diverse innovation activities within firms for the first time, establishing a
conceptual framework that addresses the innovation dilemma by strategically distribut-
ing technological innovation and business model innovation following organizational
ambidexterity perspectives [30,93]. This strategic allocation aims to alleviate the tension
between technological and business model innovation ambidexterity. The research findings
affirm the significance of a suitable configuration, unveil the interactive effects of different
configuration strategies, and provide a novel insight into the mechanisms through which
these configuration pathways influence firm performance.

Thirdly, this paper explores the impact of two types of innovation model configuration
and organizational ambidexterity in the context of a more rapid digital transformation in
China, making further contributions to the literature relevant to this topic [36]. This study
reveals that in a nascent dynamic institutional environment, the positive effect of DR (dual
exploration strategy) is more pronounced with a higher level of digitalization. Conversely,
the diverse effects of leveraging strategies, which concentrate on ambidexterity for firm
performance, are attenuated. This underscores the importance of applying pertinent
theories to emerging markets and introduces a fresh research perspective. In addition,
China has become the world’s second-largest economy and is closely related to the global
economic situation. As the world’s largest emerging market, China shares many common
characteristics with other emerging markets [37]. Digital transformation and innovation
are the inevitable paths for all manufacturing enterprises in the world to adapt to the trend
of intelligent manufacturing transformation and gain competitive advantages. Therefore,
the results of this study can provide a reference for other research situations.

5.3. Practical Implications

The findings of this study may have important implications for managers.
Firstly, this paper’s research establishes that the exploration of ambidextrous inno-

vation in both technology and business model dimensions holds significant implications
for the transition of manufacturing firms from a singularly focused innovation mode to
a collaborative innovation approach. In the innovation journey of manufacturing firms,
various innovations coexist that are constrained by resource limitations and the innovation
configuration effect, emphasizing that more innovation does not necessarily equate to
better outcomes [4,5]. Hence, manufacturing firms must explore innovation configuration
models that align with market demands, responding to changes in the internal and external
environment and their needs.

Secondly, the insights gained from this research in the Chinese market hold substantial
implications for operators of Chinese firms and those planning to enter this market. As
the world’s largest emerging market, China has greater development opportunities and
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has always attracted a continuous stream of enterprises. The results of this study can help
them adapt to the Chinese market environment and reduce unnecessary resource waste.
The findings suggest that managers should concurrently explore and exploit, avoid pure
strategies, and achieve this balance across different functional areas. To attain innovation
success and superior performance, adopting dual exploration and technology leveraging
strategies is appropriate as they can foster competitive advantages through differentiated
operations or relatively low costs.

Moreover, as the firm’s digitalization level improves, the more pronounced the positive
impact of dual exploratory strategy on firm performance becomes, while the negative effect
weakens. Consequently, manufacturing firms are advised to enhance their investment in
digital technology and align with digital macro policies based on their available resources,
establishing a connection between digital transformation and the innovation pace [94,95].
Supported by a high digital level, actively exploring business model innovation and
technological innovation enables firms to achieve long-term development. In scenarios with
limited resources, leveraging strategies can be strategically chosen during the transitional
period, building ambidexterity capabilities, and gradually transitioning towards a more
competitive dual exploratory strategy. This approach allows firms to keep pace with market
development, ensuring their long-term and sustainable growth.

5.4. Limitations and Research Directions

There are limitations to this study that need to be acknowledged. Firstly, due to sample
constraints, not all manufacturing firm samples were fully disclosed, potentially impacting
the research results. Secondly, variable measurement faces limitations, particularly in cases
where data encoding relies on text mining, introducing the possibility of coding errors
that might affect result validity. In future research endeavors, ongoing exploration of the
intricate relationships between diverse forms of innovation, continuous improvement in
sample representation, and the incorporation of innovative research methods can enhance
the credibility and effectiveness of studies, ultimately providing more robust insights for
the development of the manufacturing industry.

6. Conclusions

In the process of transformation and upgrading in the manufacturing industry, both
technological and business model innovation plays a very important role. Starting from the
organizational ambidexterity theory, this article focuses on the phenomenon of innovation
configuration and extracts the mechanisms and relationship models of four innovation
configuration strategies. Based on data from 613 listed manufacturing companies, the
impact of business model innovation and technological innovation configuration on firm
performance under the digital background is analyzed. This further improves the research
on innovation configuration and organizational duality, opening up the “black box” of inno-
vation development to explain the effectiveness of using innovation to achieve performance
improvement, and providing suggestions for the deployment of innovation strategies and
digital transformation of manufacturing firms.
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