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A B S T R A C T

The deep integration of the digital and real economies provides technological empowerment and strategic 
support for the innovative development of enterprises in China. This study employs the Latent Dirichlet Allo-
cation model to quantify the balance of ambidextrous innovation by analyzing the textual content of analyst 
reports on listed companies. It examines how digital-real integration affects this balance, as well as the under-
lying mechanisms. Empirical results indicate that digital-real integration exerts a significant positive effect on 
promoting ambidextrous innovation balance in enterprises. This finding holds after addressing potential endo-
geneity issues and conducting a series of robustness tests. Mechanism analysis reveals that digital-real integration 
facilitates ambidextrous innovation balance by enhancing management efficiency and optimizing production 
factor allocation. Furthermore, heterogeneity analysis shows that the positive effect of digital-real integration is 
more pronounced in enterprises facing lower financial constraints, those operating in more competitive markets, 
and those located in regions with more advanced digital infrastructure. This study elucidates the mechanism 
through which digital-real integration influences ambidextrous innovation balance from both theoretical and 
practical perspectives, offering valuable insights for promoting the synergistic enhancement of corporate inno-
vation capabilities.

Introduction

China’s 14th Five-Year Plan for Digital Economy Development 
identifies “innovation-driven and integrated development” as the pri-
mary principle guiding digital economic growth. It emphasizes the 
integration of digital technologies across all socioeconomic sectors to 
establish a development paradigm in which technological innovation 
drives economic transformation. In turn, broad application across in-
dustries stimulates further technological progress. As vital players in the 
digital-real integration and innovation, enterprises need to pursue both 
short-term market performance and long-term competitiveness (Zhang 
& Li, 2025). Hence, firms must effectively balance exploratory and 
exploitative innovation to generate synergistic effects between the two 
modes and sustain enterprise growth in increasingly competitive 
markets.

The digital-real integration provides enterprises with strategic op-
portunities for technological empowerment and business model inno-
vation. It effectively mitigates the inefficiencies inherent in traditional 
innovation paradigms such as uneven resource allocation and low 

innovation efficacy. Consequently, it promotes a virtuous cycle between 
technological advancement and market-oriented application. However, 
due to limited internal resources and external environmental uncer-
tainty, firms often encounter the ambidexterity paradox (Ciarli et al., 
2021), which manifests as overreliance on either exploratory or 
exploitative innovation. Overreliance on exploratory initiatives may 
result in sustained financial strain if unsuccessful. Alternatively, exces-
sive emphasis on exploitation may gradually diminish core competi-
tiveness and threaten innovation-driven productivity advancement. 
Accordingly, understanding how enterprises can leverage digital-real 
integration to achieve a dynamic balance of ambidextrous innovation 
has become a central concern for both academia and industry.

To ensure the rapid development of the digital economy, the deep 
integration of digital technologies and real economy is fundamentally 
redefining enterprises’ resource bases and capability boundaries. This 
integration fosters a distinctive experiential context that enables the 
strategic alignment and dynamic balance of ambidextrous innovation 
(Huang & Gao, 2023). Within this process, data elements functioning as 
novel production factors drive the convergence of the digital and real 
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economy. The ubiquity of digital technologies and structural complexity 
of the real economy create a dynamic competitive environment, 
compelling enterprises to navigate through the dual imperatives of 
continuous technological iterations and adaptive market responsiveness 
simultaneously. Meanwhile, the cross-sectoral nature of digital-real 
integration enables enterprises to pursue heterogeneous innovation 
trajectories throughout the digital transformation process.

In this context, enterprises can achieve complementarity and dy-
namic co-evolution between digital and real economy technologies. 
Such synergy is accomplished by embedding digital solutions across the 
entire spectrum of research and development (R&D), production, and 
managerial activities within the real economy industrial domain (Tang 
et al., 2025). Digital technologies enhance technological innovation 
within real economy industries, while real economy industrial tech-
nologies absorb, adapt, and reconfigure digital innovations (Sun et al., 
2024). This integration broadens the organizational knowledge scope, 
enhances innovation quality, and reinforces absorptive capacity and 
product competitiveness, ultimately catalyzing the advancement of 
ambidextrous innovation balance within enterprises through 
cross-industry knowledge recombination and technological synergy.

This study applies Latent Dirichlet Allocation (LDA) (Bellstam et al., 
2021) to extract thematic structures from analyst reports. It develops a 
text-based dynamic measurement of ambidextrous innovation balance 
by constructing a dual-dimensional framework encompassing explor-
atory and exploitative innovation. Drawing on digital patent data from 
publicly listed firms, this study quantitatively assesses the extent of 
digital-real integration and examines its impact on ambidextrous inno-
vation balance. The empirical results validate that digital-real integra-
tion significantly enhances ambidextrous innovation balance. 
Mechanism analysis further identifies two primary channels underlying 
this enhancement: improving managerial efficiency and optimizing 
production factor allocation. Collectively, these constitute a dual-path 
mechanism (managerial efficiency–factor allocation efficiency) that fa-
cilitates a dynamic equilibrium between exploration and exploitation. In 
addition, heterogeneity analysis based on firm-level financial con-
straints, industry-level competition intensity, and regional digital 
infrastructure indicates that digital-real integration has significantly 
heterogeneous effects on ambidextrous innovation balance.

This study makes several key theoretical contributions. First, it ad-
vances the measurement of ambidextrous innovation balance. Existing 
research predominantly uses static indicators, such as patents and R&D 
expenditure, to evaluate ambidextrous innovation balance; thus, it is 
unable to capture its dynamic complexity. In contrast, corporate analyst 
reports provide multidimensional insights into innovation strategies, 
technological trends, and market performance from a more dynamic and 
comprehensive perspective. By applying LDA topic modeling, this study 
extracts topic scores representing exploratory and exploitative innova-
tion from the analyst reports, thus creating a new metric to measure 
ambidextrous innovation balance. This method leverages the cross- 
contextual applicability and transferability of LDA to help overcome 
the limitations of static indicators, thereby establishing a robust meth-
odological foundation for cross-industry research.

Second, this study provides a conceptual articulation of the micro- 
foundations underlying digital-real economy integration and systemat-
ically examines how such integration affects ambidextrous innovation 
balance. By reframing the digital-real relationship as a bidirectional and 
co-evolutionary interaction, it expands the analytical lens of digital 
economy research and addresses the epistemological limitations of prior 
studies that view digital transformation as a unidirectional trajectory.

Third, this study elucidates the mechanisms through which digital- 
real integration enhances production factor allocation efficiency and 
managerial effectiveness. These mechanisms collectively shape the 
configuration of ambidextrous innovation balance at the firm level. This 
study establishes a process-oriented framework that links digital-real 
integration to the strategic balancing of exploration and exploitation. 
The findings provide actionable insights for firms aiming to optimize 

internal resource deployment via digital means, elevate innovation ef-
ficiency, promote balanced ambidextrous innovation, and strengthen 
long-term competitiveness in the digital economy era.

The remainder of this paper is organized as follows. Section 2 re-
views the relevant literature on digital-real integration and ambidex-
trous innovation balance. Section 3 presents the theoretical framework 
and research hypotheses. Section 4 details the data, variables, and 
model. Section 5 presents the empirical results, robustness tests, and 
additional analysis. Section 6 discusses the findings while considering 
existing theories. Finally, Section 7 concludes the study, highlights the 
theoretical and managerial implications, and presents the study’s limi-
tations and future research directions.

Literature review

Digital-real integration

A growing body of literature recognizes the digital economy as a 
novel economic paradigm, in which data serve as a core factor of pro-
duction, digital technologies act as the principal driving force, and in-
formation networks form the foundational infrastructure for 
restructuring economic systems (Tapscott, 1996). Digital-real integra-
tion reflects a transformative process in which the real economy pro-
gressively incorporates data, digital technologies, and other elements of 
the digital economy. It acquires digital attributes and continually ex-
pands its internal logic and external boundaries (Huang & Gao, 2023). 
This process reflects a dynamic co-evolutionary relationship between 
digital and traditional sectors, marked by mutual reinforcement among 
heterogeneous technological domains. This convergence manifests 
through the sustained absorption and application of digital technologies 
within the innovation trajectories of traditional industrial sectors (Hong 
& Ren, 2023). The cross-domain fusion of heterogeneous technologies 
fosters the emergence of novel innovation frontiers and industrial 
transformation pathways. Considering their deep penetrability, strong 
enabling power, and low marginal replication costs, digital technologies 
rapidly diffuse across the upstream and downstream segments of in-
dustrial value chains (Goldfarb & Tucker, 2019).

Importantly, digital-real integration extends beyond the application 
of technologies and encompasses the strategic embedding of digital ca-
pabilities across all phases of enterprise operations. Two primary 
empirical approaches are used to evaluate firm-level integration. The 
first approach employs patent data to assess the degree and performance 
outcomes of integration. Micro-level studies identify a U-shaped rela-
tionship between integration intensity and firm performance (Srisathan 
et al., 2023; Lee, 2023), highlighting the nonlinear and dynamic nature 
of digital-real integration. The second approach utilizes survey data to 
evaluate integration across dimensions, such as extent, depth, effec-
tiveness, and market reception (Gaglio et al., 2022). Despite these ad-
vancements, a significant empirical gap persists regarding the economic 
implications of enterprise-level digital-real integration. Most studies 
remain theoretical and discuss the impact on innovation and perfor-
mance from the perspectives of supply chains dynamics and resource 
allocation efficiency (Li et al., 2025).

Ambidextrous innovation balance

Initially, March (1991) delineates two interdependent modes of 
organizational learning: exploration and exploitation. Many studies 
across multiple disciplines have since examined the inherent tensions 
between these activities and the conditions under which a dynamic 
equilibrium can be maintained. The concept of organizational ambi-
dexterity has been extended to the innovation domain, resulting in the 
theory of ambidextrous innovation (Danneels, 2002). This framework 
categorizes innovation into two complementary dimensions: explor-
atory and exploitative. Exploratory innovation emphasizes radical 
transformation by pursuing novel knowledge, technologies, and 
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business models. In contrast, exploitative innovation focuses on incre-
mental improvements to enhance existing products and expand current 
markets, thereby addressing established customer needs (Wang et al., 
2024). Because organizational resources are finite, reconciling these two 
distinct innovation logics becomes a challenge. Firms must simulta-
neously leverage existing capabilities and pursue new opportunities to 
sustain growth and achieve long-term competitiveness (Wu et al., 2024). 
Rooted in paradox theory, ambidextrous innovation hinges on managing 
tension and achieving synergy between exploration and exploitation 
(Wei et al., 2025).

Three primary approaches are used to measure ambidextrous inno-
vation balance. First, absolute measures capture the magnitude of the 
imbalance between exploratory and exploitative efforts (Peng et al., 
2022). Second, multiplicative or additive indices evaluate the aggregate 
intensity or joint effect of both innovation types (Zhao et al., 2021). 
Third, relative balance metrics adopt a configurational perspective to 
assess how well they are strategically aligned and organically integrated 
within a firm.

From a micro-level perspective, achieving ambidextrous innovation 
balance depends on both intrinsic innovation capabilities and a firm’s 
innovation culture. Innovation capabilities, which include R&D 
competence, technological endowments, and market insights, shape a 
firm’s ability to generate technological and business innovations, 
thereby serving as essential enablers of digital transformation (Kahn & 
Candi, 2021). Digital transformation, in turn, enhances innovation tra-
jectories by strengthening ambidextrous capabilities, improving inno-
vation quality, and enhancing sustainable competitiveness.

Innovation culture functions as a key internal soft asset, reflected in 
the organizational emphasis on innovation and well-designed incentive 
systems. Elements such as team efficacy and harmonious passion fulfill 
employees’ psychological needs and enhance their intrinsic motivation. 
Thus, these elements positively contribute to an ambidextrous innova-
tion balance and enhance organizational performance (Cao et al., 2024). 
The urgency and prioritization of ambidextrous innovation vary across 
industries. High-tech sectors demand sustained engagement in 
technology-oriented and market-driven innovation to maintain 
competitive advantage and meet rapidly evolving consumer needs (Liu 
et al., 2025b).

However, three key research gaps exist. First, quantitative studies on 
the dynamic allocation of innovation resources are scarce. The prevail-
ing measures of ambidextrous innovation balance, such as patent counts 
and R&D ratios (Xu et al., 2023), are predominantly static. Conse-
quently, they fail to capture the evolving interactions between explor-
atory and exploitative innovation. Second, while many macro-level 
analyses examine digital-real integration (Colovic et al., 2025), only a 
few firm-level studies focus on digital transformation (Ranjan, 2024) 
and even fewer analyze how such integration reshapes internal ambi-
dexterity mechanisms. Existing ambidexterity theory also overlooks key 
attributes of digital technologies, particularly the non-rivalrous nature 
of data and its effects on innovation balance. Third, there exists no 
coherent analytical framework that explains how digital-real integration 
influences ambidextrous innovation balance. Most studies rely on 
aggregate data (Zhao et al., 2025) and overlook core mechanisms, such 
as internal factor allocation and managerial efficiency, in shaping 
ambidextrous innovation balance dynamics.

Theoretical analysis and hypotheses development

Digital-real integration and ambidextrous innovation balance

Dynamic capabilities encompass opportunity sensing, opportunity 
seizing, and strategic transformation that enable firms to continuously 
build, renew, and reconfigure their resource portfolios in response to 
rapid and unpredictable environmental changes (Teece, 2007). This 
theoretical perspective provides a robust and integrative framework for 
understanding firm behavior in the context of the digital economy. It 

elucidates how firms leverage digital technologies to optimize opera-
tional processes, enhance efficiency, improve customer experiences, and 
catalyze business model innovation.

Moreover, data-driven decision-making paradigms have fundamen-
tally reshaped both the epistemological foundation and functional 
enactment of dynamic capabilities. The informational basis of strategic 
decisions has shifted from reliance on internal experience and bounded 
rationality to reliance on strategic exploitation of high-dimensional 
externally sourced data ecosystems. Modern firms can access vast vol-
umes of real-time granular data (Erevelles et al., 2016). When effectively 
mobilized through dynamic capabilities, these data resources strengthen 
the alignment between organizational routines and digital 
infrastructure.

The structure of decision-making has evolved from heuristic and 
intuition-based judgments toward analytically rigorous, data- 
augmented reasoning. This transformation enhances the accuracy, 
agility, and scalability of dynamic capabilities, particularly in complex 
and uncertain environments (Fosso et al., 2019). Firms constrained by 
limited resources must navigate the inherent tension between explor-
atory and exploitative innovation to achieve sustainable development 
(Jiao et al., 2025). They strive for resilience in increasingly volatile and 
fast-paced environments (Wang et al., 2025b). Further, they must not 
only explore new knowledge to adapt to future challenges but also 
leverage existing knowledge to sustain a competitive advantage and 
maintain organizational slack (Wu et al., 2022).

In this context, digital-real integration is pivotal for balancing 
exploratory and exploitative innovation. The deep interaction between 
digital technologies and the real economy creates conditions for an 
ambidextrous innovation balance. Digital technologies enable real-time 
data acquisition and analytical capabilities that allow firms to transcend 
traditional knowledge boundaries, identify emerging opportunities, and 
enhance the efficiency and precision of exploratory innovation (Wang 
et al., 2025a). The digital reconfiguration of real assets, combined with 
algorithm-driven intelligent optimization, strengthens the capacity to 
integrate existing knowledge systems and facilitates exploitative inno-
vation through more efficient technological upgrading and process 
refinement (Fang & Liu, 2024).

Furthermore, through the synergistic co-evolution of technological 
and entity resources, digital-real integration reduces the trial-and-error 
costs often associated with exploration and the path dependence 
inherent in exploitation. This enables the development of a flexible and 
adaptive resource orchestration model consistent with the dynamic ca-
pabilities view. Additionally, emerging technologies, such as digital 
twins and blockchain, support the construction of risk-controllable, 
virtual-physical collaborative innovation environments that allow 
technological exploration and commercial validation to be pursued 
simultaneously. They foster a synergistic and sustainable balance be-
tween exploratory and exploitative innovation at the organizational 
level. Therefore, the following hypothesis is proposed:
H1. Digital-real integration positively affects ambidextrous innovation 
balance.

Digital-real integration, management efficiency, and ambidextrous 
innovation balance

According to dynamic capabilities theory, digital-real integration 
fosters a synergistic co-evolution between digital technologies and real 
economy operations, generating a triadic empowerment effect that en-
compasses resources, organizational processes, and knowledge. This 
mechanism enhances management efficiency, enabling firms to balance 
exploratory and exploitative innovation dynamically (Xue et al., 2025). 
From a resource allocation perspective, digital-real integration improves 
the efficiency and effectiveness of resource deployment by streamlining 
data-driven managerial decision-making. This integration facilitates the 
real-time acquisition and analysis of internal and external data, thereby 
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enhancing the accuracy and timeliness of information processing. 
Consequently, firms are better equipped to provide targeted resource 
support for exploratory and exploitative innovation (Zhang et al., 
2025a).

In terms of organizational outcomes, digital-real integration en-
hances organizational flexibility and adaptability through improved 
management efficiency, thereby supporting ambidextrous innovation 
balance (Clauss et al., 2021). Specifically, digital technologies enable 
the dynamic restructuring of organizational architecture and business 
processes. This allows firms to respond swiftly to changing market 
conditions, effectively transition between innovation modes, and 
become less reliant on a single innovation approach. From the knowl-
edge synergy perspective, digital-real integration contributes to ambi-
dextrous innovation by strengthening knowledge-sharing and 
organizational learning. Deploying digital technologies embedded in 
digital-real integration facilitates the development of open, transparent, 
and dynamic knowledge-management systems. This enhances the ability 
to integrate diverse knowledge sources and promotes the coordinated 
development of exploratory and exploitative innovation. Therefore, the 
following hypothesis is proposed:
H2. Digital-real integration positively affects ambidextrous innovation 
balance by enhancing management efficiency.

Digital-real integration, production factor allocation, and ambidextrous 
innovation balance

Digital-real integration improves the efficiency, precision, and syn-
ergy of production factor allocation. According to resource allocation 
theory, such improvement promotes a more effective balance in ambi-
dextrous innovation. Through deep digital technology integration, firms 
can achieve precise allocation and dynamic adjustment of production 
inputs. By leveraging big data analytics and artificial intelligence algo-
rithms, firms can monitor real-time supply and demand conditions and 
accurately forecast resource requirements. This establishes a stable and 
responsive resource base that supports exploratory innovation.

Additionally, digital-real integration promotes the collaborative and 
networked configuration of production resources. Through digital 
platforms, firms can integrate internal and external factor markets (Li 
et al., 2024), thus facilitating the efficient flow, coordination, and 
sharing of resources. This not only shortens innovation cycles but also 
enhances resource utilization efficiency, accelerating the realization and 
application of exploitative innovation outcomes. Furthermore, 
data-driven intelligent management enables the development of dy-
namic factor allocation systems. These systems enhance organizational 
flexibility and adaptability under shifting market conditions and are 
essential for sustaining a long-term balance between exploration and 
exploitation.

Moreover, efficient production factor allocation enables firms to 
reinvest the resulting gains in innovation activities, forming a virtuous 
“allocation–innovation” cycle that increases ambidextrous innovation 

(Shao et al., 2024). Conversely, resource misallocation may lead to an 
“allocation lock-in” trap, where an overemphasis on short-term cost 
control constrains innovation input, ultimately eroding a firm’s 
long-term innovation capacity. Therefore, the following hypothesis is 
proposed:
H3. Digital-real integration positively affects ambidextrous innovation 
balance by optimizing production factor allocation.

Fig. 1 illustrates the conceptual model.

Methodology

Sample data

As digital technologies become increasingly integrated into the real 
economy, China’s A-share listed enterprises have developed a distinct 
practical paradigm characterized by pilot demonstrations followed by 
collaborative diffusion. This digital-real integration provides a distinc-
tive empirical setting for investigating the dynamic mechanisms through 
which integration drives ambidextrous innovation balance. Accord-
ingly, this study selects China’s A-share listed companies as the research 
sample. The observation period spans from 2007 to 2023. The year 2007 
is chosen as the start of the sample period because it marks the imple-
mentation of new corporate accounting standards in China, ensuring 
data comparability and consistency. The year 2023 is set as the endpoint 
based on data availability.

Data collection comprises three primary components: 

(1) Patent data: The study focuses on invention patents filed by firms 
with the China National Intellectual Property Administration 
(CNIPA). The dataset includes application numbers, publication 
numbers, and International Patent Classification (IPC) codes. The 
sample was restricted to patents representing substantive tech-
nological advancements and excluded utility models and design 
patents to ensure measurement accuracy.

(2) Analyst report data: Analyst research reports are sourced from the 
China Stock Market & Accounting Research (CSMAR) database, 
covering approximately 310,000 reports issued between 2007 
and 2023. After removing duplicate and incomplete records, 
220,000 valid reports are retained. These reports serve as a key 
channel of market information, providing valuable textual con-
tent and quantitative indicators that serve as proxy variables for 
external perceptions and market expectations of the firms.

(3) Firm-specific and financial data: Information such as company 
fundamentals, financial ratios, and other supplementary data 
related to China’s A-share listed companies are obtained from the 
CSMAR database.

The initial sample is refined by: (1) excluding firms in the financial 
industry; (2) excluding ST-designated firms (those subject to special 

Fig. 1. Research model.
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treatment due to financial irregularities); (3) standardizing variables; 
and (4) winsorizing all continuous firm-level variables at the 1st and 
99th percentiles. The final unbalanced panel dataset includes 53,309 
firm-year observations.

The empirical analysis employs the LDA text-mining technique to 
overcome the limitations of traditional IPC-based innovation classifi-
cation methods. LDA enables a more granular identification of ambi-
dextrous innovation types based on the distributional characteristics of 
the derived topics.

Variable definitions

Dependent variable: ambidextrous innovation balance
Utilizing Bellstam et al.’s (2021) methodology, which integrates text 

mining and machine learning techniques to construct innovation met-
rics, the LDA model is used to extract thematic structures from analyst 
reports that contain information about firms’ exploratory and exploit-
ative innovation activities. Building on this framework, the relative 
entropy method is applied to identify and filter keywords related to 
ambidextrous innovation and construct a textual metric reflecting the 
degree of balance between exploratory and exploitative innovation. The 
main steps of this process are as follows:

First, tokenization is applied to each document in the text corpus to 
generate relevant word-frequency data. Themes related to ambidextrous 
innovation are identified and categorized into three groups: exploratory 
innovation keywords, exploitative innovation keywords, and combined 
ambidextrous innovation keywords. The third category encompasses a 
range of concepts, including breakthrough thinking, and new product 
development (from an exploratory perspective), as well as improvement 
of existing products, and cost control (from an exploitative perspective). 
The number of latent topics is predefined as n, based on topic-word 
distributions algorithmically generated from the article lexicon, and 
the probability of each topic appearing in each analyst report is 
computed.

Second, ambidextrous innovation themes within the latent topics are 
identified. The word probability distributions of each latent topic are 
compared with a benchmark text that is representative of ambidextrous 
innovation. A similarity score is then computed to identify the topic 
most closely aligned with the reference. Guo et al.’s (2024) relative 
entropy approach is adopted as the measure of similarity to enhance the 
accuracy of textual theme detection. The specific model applied in this 
context is detailed in Model (1): 

Dkl(P|Q) =
∑

x∈X
P(x)log P(x)

Q(x) (1) 

where Dkl(P|Q) denotes the extent of disparity in the probability dis-
tribution of P relative to that of Q (i.e., the scatter of the Kullback–Lei-
bler divergence). X signifies the set of distributions of Q, P denotes the 
distribution of ambidextrous innovation topic words, and Q represents 
the distribution of words in standard texts.

Finally, analyst reports that exhibit a positive sentiment tone are 
selected. Zhou et al.’s (2019) sentiment tone measurement approach, in 
which the word frequencies of positive and negative tone expressions 
are calculated, is adopted. The sentiment score of each analyst report is 
computed by dividing the difference between the number of positive and 
negative words by the total word count of the report. This method not 
only captures the directional nature of sentiments but also enhances the 
objectivity and reliability of the screening process. Building upon the 
initial construction of the analyst report–topic probability distribution 
matrix, reports with positive sentiment are further filtered and aggre-
gated at the firm-year level. This aggregation enables the creation of a 
firm-year-level textual innovation indicator, thereby supporting a more 
accurate assessment of innovation capabilities and annual performance, 
as shown in Model (2): 

sentiment = positive − negative
total words (2) 

where sentiment denotes the sentiment measure of analyst reports; 
positive and negative denote the number of positive and negative words in 
analyst reports, respectively; and total words represents the total num-
ber of words in analyst reports. For sentiment, larger values indicate that 
analysts’ sentiments are more positive; thus, their evaluation of corpo-
rate innovation is more positive.

The relative entropy distance method (Kullback–Leibler divergence) 
is used to select relevant innovation themes. A comprehensive screening 
is conducted following Bellstam et al. (2021), who use Innovation 
Management, Innovation and Entrepreneurship, and the Oxford Hand-
book of Innovation as benchmark texts. The top ten innovation-related 
terms in textbooks and journal abstracts are identified and quantified. 
This multi-source approach enables the Kullback–Leibler divergence to 
be calculated for each theme, mitigating the potential bias arising from 
reliance on a single benchmark text.

Subsequently, innovation themes are classified as either exploratory 
or exploitative. Terms including “R&D,” “design,” and “intelligence” are 
classified as exploratory innovation, while those including “business” 

and “production capacity” are categorized as exploitative innovation. 
These thematic categories are then quantified using the LDA model to 
generate independent measures for both innovation types.

Cao et al.’s (2009) and Peng et al.’s (2022) portfolio perspective is 
adopted to evaluate ambidextrous innovation balance. This method 
measures balance through the product of exploratory and exploitative 
innovation scores, emphasizing the synergistic effect that enhances firm 
performance and reflects the interdependence between the two inno-
vation dimensions. The balance metric is recalculated using the sum of 
both innovation types as an alternative independent variable in the 
latter part of the analysis for robustness testing.

Independent variable: digital-real integration
This study follows Tao et al. (2023), who develop a three-tier map-

ping system—Digital Economy Core Industry Classification (DEIC), 
National Economy Industry Classification (SIC4), and Patent Classifi-
cation (IPC)—by integrating the Statistical Classification of the Digital 
Economy and its Core Industries issued by the National Bureau of Sta-
tistics (NBS) in 2021. This system overcomes the limitations of tradi-
tional single-category frameworks by accurately capturing the 
integration interface between the digital economy and traditional in-
dustries. Consequently, this method enables the technological domains 
of digital innovations to be accurately identified along with their cor-
responding IPC codes. Based on this classification system, the identified 
digital technology invention patents are further disaggregated along the 
dual dimensions of enterprise and year to construct a firm-level digi-
tal-real integration index.

Control variables
A set of micro-level control variables (ContVars) is introduced to 

account for the influence of other potential factors on the empirical 
results: 

(1) Return on assets (ROA): ratio of net profit to total assets;
(2) Return on equity (ROE): ratio of net profit to shareholder equity;
(3) Asset turnover ratio (ATO): ratio of operating revenue to average 

total assets;
(4) Board size (Board): proxied by the natural logarithm of the 

number of directors on the board;
(5) Ownership concentration (Top1): proportion of shares held by 

the largest shareholder;
(6) Top ten shareholding ratio (Top10): ratio of shares held by the 

top ten shareholders to the total outstanding shares;
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(7) Cash flow ratio (Cashflow): ratio of net cash flow from operating 
activities to total assets;

(8) Revenue growth rate (Growth): annual growth rate of operating 
revenue;

(9) Administrative expense ratio (Mfee): ratio of administrative ex-
penses to operating revenue;

(10) Capital occupied by major shareholders (Occupy): ratio of other 
receivables to total assets.

Table 1 describes the variables in more detail.

Modelling

Model (3) is constructed to test the effect of digital-real integration 
on ambidextrous innovation balance: 
Dual innovationit = α0 + α1Digtechit +

∑
βnContVarsit + μi + γt + εit

(3) 

where subscripts i, t denote firm and year, respectively, Dual innovationit 
denotes the ambidextrous innovation balance of firm i in year t, and 
Digtechit denotes the digital-real integration of firm i in year t. ContVarsit 
denotes the set of control variables of firm i in year t, μi denotes the firm 
fixed effect, and γt denotes the year fixed effect. If the coefficient α₁ is 
both statistically significant and positive, it indicates that digital-real 
integration facilitates ambidextrous innovation balance.

Result analysis

Descriptive statistics

Table 2 presents descriptive statistics for the dependent, indepen-
dent, and control variables. After standardization, the distribution of 
ambidextrous innovation balance (Dual_innovation) appears more 
concentrated. The considerable gap between the maximum (10.06) and 
minimum (−0.38) values suggests substantial heterogeneity in ambi-
dextrous innovation capabilities. The distribution of digital-real inte-
gration (Digtech) ranges from −0.95 to 2.92, indicating an asymmetrical 
pattern in digital-real integration across firms. Fig. 2 presents a three- 
dimensional diagram of the variables.

Benchmark regression results

Table 3 presents the benchmark regression results. Columns (1)-(4) 
present the stepwise regression analysis results. The sequence begins 
with the independent variable only. Then control variables, the year 
fixed effects, and the year and firm two-way fixed effects are incorpo-
rated. The degree of digital-real integration (Digtech) has a significant 
and positive impact on ambidextrous innovation balance, which is 
consistent with Hypothesis 1. These results provide robust evidence that 
digital-real integration significantly enhances firms’ ability to achieve 
balanced development between exploratory and exploitative 
innovation.

Endogeneity tests

Instrumental variable approach
The regression results may be subject to endogeneity concerns, 

particularly reverse causality. Thus, to mitigate potential endogeneity, 
we refer to the literature (e.g., Huang & Gao, 2023) and construct 
instrumental variables (IVs) using average values from other firms in the 
same year and size group. Specifically, firms are classified into deciles 
based on their total assets each year. For each firm, the IV (AvgDigtech) 
is calculated as the average level of digital-real integration among other 
firms within the same size–year group, excluding the focal firm. This 
grouping strategy is implemented alongside the firm fixed effects in the 

Table 1 
Variable meanings and descriptions.

Variable type Variable name Variable symbol Variable description
Dependent 

variable
Ambidextrous 
innovation balance

Dual_innovation Based on the LDA 
model approach to 
extracting the themes 
of the text in the 
analysts’ report, the 
relative entropy 
method is used to 
filter out the binary 
innovation theme 
words and form the 
textual measurement 
index of the binary 
innovation level.

Independent 
variable

Digital-real 
integration

Digtech By combining the 
“Statistical 
Classification of the 
Digital Economy and 
Its Core Industries 
(2021)” issued by the 
NBS, we construct the 
“Core Industry 
Classification Code of 
the Digital Economy - 
Four-digit Code of the 
National Economic 
Industry Classification 
(SIC4) - IPC Group 
(Subgroup)” 

correspondence, to 
accurately identify 
the technological 
fields to which digital 
technological 
innovations belong 
and their 
corresponding IPC 
codes.

Intermediary 
variable

Management 
efficiency

Eff Ratio of the 
enterprise’s main 
business income to the 
sum of its 
administrative and 
selling expenses.

Allocation of factors 
of production

Labor Ratio of business 
revenue to total 
number of employees 
in the enterprise.

Control 
variable

Return on assets ROA Net profit/total assets.
Return on net assets ROE Net profit/net assets.
Total asset turnover ATO Operating income/ 

average total assets.
Size of the board Board The number of board 

members is taken as 
the natural logarithm.

Shareholding ratio 
of the largest 
shareholder

Top1 Number of shares held 
by the largest 
shareholder/total 
number of shares.

Shareholding ratio 
of the top ten 
shareholders

Top10 Number of shares held 
by the top ten 
shareholders/total 
number of shares.

Cash flow ratio Cashflow Net cash flows from 
operating activities/ 
total assets.

Growth rate Growth Growth rate of the 
enterprise’s annual 
business revenue.

Management cost 
ratio

Mfee Administrative 
expenses/operating 
income.

Capital 
misappropriation 
by major 
shareholders

Occupy Other receivables/ 
total assets.
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model, helping to eliminate the potential confounding effects of firm size 
on the relationship between digital-real integration and ambidextrous 
innovation. Consequently, the constructed IV can better meet the rele-
vance and exclusion criteria required for valid instrumentation.

The IV strategy is implemented using two-stage least squares (2SLS) 
estimation. Columns (1) and (2) of Table 4 report the regression results 
for the first and second stages, respectively. In the first stage, the 
endogenous independent variable is regressed on the IV to generate its 
predicted values. The first-stage regression results show the strength and 
direction of this relationship, confirming the instrument’s predictive 
power. In the second stage, these predicted values are used instead of the 
original endogenous variables to estimate the causal impact on the 
dependent variable. The second-stage regression results reflect the net 
effect of digital-real integration on ambidextrous innovation balance, 
which is free from endogeneity bias.

The IV diagnostics further support the validity of this approach. The 
LM test rejects the null hypothesis of under-identification at the 1 % 
level (p < 0.01). The first-stage regression (column 1) shows that the 
instrument is significantly and positively associated with the endoge-
nous variable, confirming instrument relevance. In the second-stage 
regression (column 2), the coefficient of the predicted variable (Dig-
tech) is positive and significant at the 1 % level, suggesting that the core 

findings remain robust even after addressing endogeneity.
In summary, the 2SLS results indicate that the integration of digital 

and real economies emerges as a critical driver of the ability to achieve a 
balanced innovation strategy.

PSM-DID method
Considering the continuity of technological innovation behavior, the 

timing and decisions of different firms to initiate technological inte-
gration across various real-world industries can be treated as a quasi- 
natural experiment. Referring to Wu et al. (2021), propensity score 
matching (PSM) is used to ensure that the key industry characteristics 
between the treatment and control groups remain comparable both 
before and after the innovation decision. In this context, firms that have 
implemented digital-real integration more than once are categorized as 
the treatment group, whereas those with no instances are classified as 
the control group. Model (4) is constructed to test for potential 
endogeneity: 
Innovationit = β0 + β0Treatit × Postit +

∑
βnContVarsit + μi + γi + εit

(4) 
The dummy variable Treat is assigned a value of 1 for firms in the 

Table 2 
Descriptive statistics.

VARIABLES N Mean Min P25 P50 P75 Max SD
Dual_innovation 27,428 −0.0000 −0.3784 −0.3784 −0.3784 −0.2063 10.0588 1.0000
Digtech 27,428 0.0000 −0.9592 −0.9592 −0.1433 0.6725 2.9217 1.0000
ROA 27,428 0.0475 −0.1806 0.0172 0.0453 0.0800 0.2278 0.0621
ROE 27,428 0.0706 −0.4744 0.0318 0.0765 0.1254 0.3446 0.1126
ATO 27,428 0.6306 0.1182 0.3984 0.5608 0.7767 2.1264 0.3511
Board 27,428 2.1057 1.6094 1.9459 2.1972 2.1972 2.6391 0.1935
Top10 27,428 0.5979 0.2423 0.4905 0.6094 0.7166 0.9069 0.1500
Cashflow 27,428 0.0490 −0.1346 0.0109 0.0474 0.0879 0.2338 0.0652
Growth 27,428 0.1471 −0.4628 −0.0217 0.1052 0.2545 1.6276 0.3073
Top1 27,428 0.3346 0.0845 0.2243 0.3128 0.4267 0.7288 0.1435
Mfee 27,428 0.0833 0.0101 0.0440 0.0691 0.1053 0.3459 0.0588
Occupy 27,428 0.0108 0.0001 0.0023 0.0057 0.0125 0.0964 0.0153

Fig. 2. Three-dimensional diagram of digital-real integration and ambidextrous innovation.
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treatment group, and 0 otherwise. Post is a time dummy variable indi-
cating the implementation period of the policy. It takes a value of 1 for 
the year in which digital-real integration first occurred in a treatment 
firm and for all subsequent years, and 0 otherwise. Propensity scores for 

the full sample are first estimated for the year of digital-real integration 
initiation. Firms in the treatment group that experienced their first 
instance of digital-real integration during the sample period are matched 
1:1 with control firms using nearest-neighbor matching within a 0.1 
standard deviation caliper, again without replacement.

As shown in Column (3) of Table 4, the empirical findings remain 
robust after accounting for potential omitted variables and addressing 
concerns related to sample selection bias. This indicates that the pro-
motion effect of digital-real integration on ambidextrous innovation 
balance within firms remains significant after mitigating endogeneity, 
thus enhancing the credibility and reliability of this study’s conclusions.

Robustness tests

Replacement of the independent variable measures
The method of Tao et al. (2023) is used to identify patent techno-

logical domains using IPC classification codes. A digital-real integration 
event occurs when the patent’s main IPC code corresponds to a real 
economy industry technology and at least one secondary IPC code be-
longs to a digital industry. Based on this definition, the number of 
digital-real integration events is calculated at the firm-year level and 
used to replace the independent variable for robustness testing. The 
classification criteria are based on the Statistical Classification of the 
Digital Economy and its Core Industries (2023) issued by the NBS. 
Table 5 presents the robustness test results. Column (1) shows that the 
regression coefficient of Digtech is positive and significant at the 1 % 
level, consistent with the benchmark results. These results suggest that 
the frequency of digital-real integration events positively contributes to 
ambidextrous innovation balance within firms.

Alternative measurement of the dependent variable
In this robustness test, the original measure of the dependent vari-

able is replaced with the sum of the exploratory and exploitative inno-
vation levels. Column (2) of Table 5 shows that the regression coefficient 
of the independent variable is significantly positive, aligning with the 
baseline results. These findings further support the conclusion that 
digital-real integration behavior plays a significant role in fostering 

Table 3 
Benchmark regression results.

Variables (1) Dual_innovation (2) Dual_innovation (3) Dual_innovation (4) Dual_innovation
Digtech 0.174*** 

(0.00844)
0.140*** 
(0.0124)

0.0607*** 
(0.0110)

0.0627*** 
(0.0146)

ROA ​ 0.108 
(0.329)

1.181*** 
(0.306)

1.607*** 
(0.342)

ROE ​ 0.344** 
(0.152)

0.268* 
(0.139)

0.156 
(0.146)

ATO ​ −0.0136 
(0.0394)

0.224*** 
(0.0377)

0.213*** 
(0.0562)

Board ​ −0.146*** 
(0.0502)

0.120** 
(0.0481)

0.0285 
(0.0631)

Top10 ​ −0.278*** 
(0.0922)

0.287*** 
(0.0837)

0.413*** 
(0.121)

Cashflow ​ 0.844*** 
(0.113)

0.239** 
(0.104)

0.120 
(0.110)

Growth ​ −0.0305 
(0.0201)

0.0330* 
(0.0193)

0.0419** 
(0.0207)

Top1 ​ −0.343*** 
(0.0979)

0.109 
(0.0898)

−0.202 
(0.160)

Mfee ​ −2.766*** 
(0.134)

0.501*** 
(0.140)

1.436*** 
(0.191)

Occupy ​ −1.000** 
(0.114)

0.356 
(0.441)

0.0156 
(0.497)

Constant 0.0928*** 
(0.0129)

0.860*** 
(0.114)

−1.196*** 
(0.124)

−1.066*** 
(0.161)

Year fixed effects No No Yes Yes
Firm fixed effects No No No Yes
Sample size 27,428 27,428 27,428 27,428
R2 0.0239 0.0491 0.164 0.165

Table 4 
Endogeneity test.

Variables (1) (2) (3)
Digtech Dual_innovation Dual_innovation

AvgDigtech 1.630*** ​ ​
(0.104) ​ ​

Digtech ​ 0.614*** 0.0606**
​ (0.0726) (0.0248)

ROA −0.667** 2.105*** 0.519
(0.309) (0.382) (0.518)

ROE 0.470*** −0.226 0.588**
(0.153) (0.167) (0.243)

ATO 0.0754 0.248*** 0.0672
(0.0558) (0.0628) (0.0790)

Board 0.0377 −0.0259 −0.0629
(0.0625) (0.0705) (0.0999)

Top10 −0.0620 0.384*** 0.0479
(0.122) (0.134) (0.187)

Cashflow −0.243** 0.274** 0.282
(0.0944) (0.124) (0.177)

Growth 0.0281 0.00691 0.0430
(0.0188) (0.0232) (0.0380)

Top1 0.128 −0.229 −0.347
(0.171) (0.191) (0.250)

Mfee 0.828*** 1.346*** 0.934***
(0.228) (0.226) (0.257)

Occupy −0.163 0.176 −0.510
(0.521) (0.588) (0.783)

Kleibergen-paap rk 182.78*** ​ ​
LM statistic [0.000] ​ ​
Kleibergen-paap rk 245.94*** ​ ​
Wald F statistic {16.38} ​ ​
Hansen J statistic 0.000 ​ ​
Year fixed effects Yes Yes Yes
Firm fixed effect Yes Yes Yes
Sample size 26,953 26,953 10,321
R2 ​ ​ 0.175
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ambidextrous innovation balance.

Replacement with lagged independent variable
In this robustness test, the potential time lags in the effect of digital- 

real integration on ambidextrous innovation is addressed by replacing 
the current independent variable with its one-period lagged values. 
Column (3) of Table 5 shows that the regression coefficient of Digtech 
remains positive and significant at the 1 % level, consistent with the 
benchmark results. These results indicate that the lagged effect of 
digital-real integration continues to significantly promote ambidextrous 
innovation balance.

Mechanism analysis

A mediation effect test is used to examine the mechanism underlying 
the impact of digital-real integration on ambidextrous innovation bal-
ance. Building on the proposed theoretical framework, the test identifies 
management efficiency and production factor allocation as key medi-
ating variables. The independent variable influences these mediators, 
subsequently affecting ambidextrous innovation balance. Accordingly, 
building on Model (3), Model (5) is developed to empirically test the 
mediating effects: 
Mediationit = β0 + β1Digtech +

∑
βnCountVarsit + μi + γt + εit (5) 

The explanatory and control variables are defined and measured in 
the same manner as in the baseline regression; Mediation is the medi-
ating variable, which includes the indicators of corporate management 
efficiency and production factor allocation.

Management efficiency
The theoretical framework posits that digital-real integration en-

hances management efficiency by optimizing information flows and 
resource allocation while reducing decision-making costs. These 

improvements facilitate a more balanced approach to ambidextrous 
innovation. Digital integration is a pivotal manifestation of the deep 
convergence between the digital and real economies. It reconfigures 
information transmission mechanisms and resource allocation models 
by applying digital technologies such as big data, artificial intelligence, 
and cloud computing to improve the operational efficiency and scientific 
rigor of decision-making processes.

Accordingly, this study adopts Liu and Cao’s (2025) management 
efficiency measurement approach, which uses the ratio of operating 
revenue to the sum of administrative and selling expenses as a proxy for 
enterprise management efficiency. A higher ratio indicates stronger 
output per unit of management cost and superior resource allocation and 
cost management capabilities. Conversely, a lower ratio suggests po-
tential inefficiencies and room for managerial improvement.

The regression results in column (1) of Table 6 show that the coef-
ficient of Digtech is positive and significant at the 1 % level, indicating 
that enterprise digital-real integration behavior significantly enhances 
management efficiency. This finding aligns with theoretical expecta-
tions that digital-real integration fosters efficient internal information 
flow, mitigates information asymmetry, and supports the balanced 
development of ambidextrous innovation capabilities.

Production factor allocation
Theoretically, enterprises can achieve a balance between short-term 

operational efficiency and long-term adaptability in innovation by 
optimizing production factor allocation. The effective distribution of 
resources between exploratory and exploitative innovation is funda-
mental to ambidextrous innovation balance. Production factor alloca-
tion directly influences decision making and the optimization of 
innovation inputs as the core mechanism through which enterprises 
integrate and utilize their resources. This study uses labor productivity 
as a proxy for production factor allocation efficiency (Dai et al., 2025). 
Labor productivity, measured as the ratio of operating revenue to the 
total number of employees, comprehensively reflects the input–output 
efficiency of labor resources, thereby overcoming the limitations of 
single-factor indicators.

Column (2) of Table 6 shows that the coefficient of Digtech is positive 

Table 5 
Robustness test results.

VARIABLES (1) (2) (3)
Dual_innovation Dual_innovation_2 Dual_innovation

Digtech_2 0.0178*** ​ ​
(0.00477) ​ ​

Digtech ​ 0.0972*** ​
​ (0.0119) ​

L. Digtech ​ ​ 0.0570***
​ ​ (0.0163)

ROA 1.565*** 1.157*** 1.135***
(0.343) (0.293) (0.398)

ROE 0.189 0.424*** 0.341*
(0.147) (0.136) (0.174)

ATO 0.210*** 0.00161 0.267***
(0.0565) (0.0455) (0.0712)

Board 0.0313 0.101* 0.0316
(0.0635) (0.0597) (0.0682)

Top10 0.413*** 0.143 0.582***
(0.122) (0.107) (0.147)

Cashflow 0.108 −0.0555 0.0861
(0.110) (0.0944) (0.128)

Growth 0.0452** 0.0678*** 0.0544**
(0.0207) (0.0179) (0.0246)

Top1 −0.201 −0.366** −0.323*
(0.160) (0.146) (0.190)

Mfee 1.448*** −0.341* 1.649***
(0.192) (0.191) (0.236)

Occupy −0.00839 0.311 −0.125
(0.498) (0.417) (0.575)

Constant −1.102*** −0.818*** −1.142***
(0.163) (0.151) (0.183)

Year fixed effects Yes Yes Yes
Firm fixed effect Yes Yes Yes
Sample size 27,428 27,428 21,393
R2 0.164 0.365 0.177

Table 6 
Mechanism test results.

Variables (1) (2)
Eff Labor

Digtech 0.463*** 0.0319***
(0.143) (0.00755)

ROA −6.037* 0.128
(3.333) (0.166)

ROE 6.700*** 0.0167
(1.513) (0.0727)

ATO 10.90*** 0.149***
(0.911) (0.0360)

Board −1.281* 0.00347
(0.667) (0.0276)

Top10 4.193*** 0.334***
(1.208) (0.0510)

Cashflow −2.588*** −0.0122
(0.985) (0.0410)

Growth 0.728*** 0.00394
(0.225) (0.00497)

Top1 −2.212 −0.0460
(1.786) (0.0771)

Mfee −16.09*** 0.308***
(2.234) (0.0912)

Occupy −2.609 −0.345
(5.219) (0.221)

Constant 3.273* −0.461***
(1.704) (0.108)

Year fixed effects Yes Yes
Firm fixed effect Yes Yes
Sample size 27,428 27,427
R2 0.258 0.061
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and significant at the 1 % level, indicating that digital-real integration 
significantly promotes production factor allocation optimization. That 
is, digital-real integration helps enterprises strike a dynamic balance 
between exploratory and exploitative innovation, ultimately facilitating 
the realization of ambidextrous innovation balance.

Heterogeneity analysis

Financial constraints
Firms that face financial constraints often have limited access to 

external financing and insufficient internal resources, which may 
restrict their engagement in digital-real integration activities and hinder 
their ability to invest fully in digital technology R&D and application. 
Consequently, these firms contribute less to achieving balanced ambi-
dextrous innovation (Livdan et al., 2009). In other words, these con-
straints prevent firms from capitalizing on the positive effects of 
digital-real integration on ambidextrous innovation balance.

This hypothesis is tested by constructing a financial constraint 
dummy variable (WW) and employing the WW index to quantify 
financial constraint levels. Firms with WW index values above the 
sample mean are classified as financially constrained (WW = 1), 
whereas those firms with values below the mean are classified as un-
constrained (WW = 0). As shown in Fig. 3 and Column (1) of Table 7, the 
interaction term Digtech × WW is negative and significant at the 1 % 
level. This indicates that the positive effect of digital-real integration on 
ambidextrous innovation balance is significantly stronger among firms 
with low financial constraints. In contrast, firms with high financial 
constraints have fewer benefits from digital-real integration because of 
their limited resources and higher risk aversion. Consequently, resource- 
rich firms are better positioned to enhance innovation synergy and dy-
namic adaptability through digital-real integration.

Degree of industry competition
A highly competitive market environment stimulates firms’ proac-

tive adoption and application of digital intelligence technologies. This 
promotes a more balanced approach to ambidextrous innovation. 
Therefore, the positive effect of digital-real integration on ambidextrous 
innovation balance is expected to be stronger in industries characterized 
by high competition. The Herfindahl–Hirschman Index (HHI) is intro-
duced as a dummy variable representing the level of industry competi-
tion. Specifically, HHI is used to measure market concentration. 
Industries with HHI values below the median are classified as highly 
competitive (HHI = 1), whereas those with values above the median are 
considered less competitive (HHI = 0). Fig. 4 and Column (2) of Table 7
show that the interaction term Digtech × HHI is significant and positive. 
This implies that the positive impact of digital intelligence technologies 

on ambidextrous innovation balance is more pronounced in highly 
competitive industries. Firms in highly competitive environments face 
intensified market pressure and uncertainty, which compel them to 
optimize resource allocation strategically through digital technologies, 
thereby balancing exploration and exploitation to enhance ambidex-
trous innovation outcomes.

Level of regional digital infrastructure development
Digital infrastructure development helps shape the technical capac-

ity and resource accessibility of firms engaged in digital-real integration. 
Firms operating in regions with more advanced digital infrastructure 
presumably achieve a stronger synergistic balance between exploratory Fig. 3. Analysis of the moderating effect of financing constraints.

Table 7 
Heterogeneity test results.

Variables (1) (2) (3)
Dual_innovation Dual_innovation Dual_innovation

Digtech 0.0872*** 0.0427** 0.0301**
(0.0182) (0.0168) (0.0151)

Digtech × WW −0.0699*** ​ ​
(0.0173) ​ ​

Digtech × HHI ​ 0.0367*** ​
​ (0.0135) ​

Digtech × Net_level ​ ​ 0.0649***
​ ​ (0.0170)

ROA 1.735*** 1.602*** 1.553***
(0.344) (0.342) (0.341)

ROE 0.141 0.152 0.181
(0.146) (0.146) (0.146)

ATO 0.221*** 0.210*** 0.216***
(0.0560) (0.0560) (0.0561)

Board 0.0230 0.0300 0.0295
(0.0626) (0.0631) (0.0631)

Top10 0.418*** 0.397*** 0.392***
(0.120) (0.121) (0.120)

Cashflow 0.102 0.115 0.121
(0.110) (0.110) (0.110)

Growth 0.0371* 0.0373* 0.0459**
(0.0204) (0.0208) (0.0207)

Top1 −0.179 −0.208 −0.181
(0.160) (0.160) (0.160)

Mfee 1.540*** 1.364*** 1.498***
(0.191) (0.192) (0.190)

Occupy 0.0198 0.0283 0.0517
(0.497) (0.498) (0.497)

Constant −1.017*** −1.069*** −1.076***
(0.160) (0.161) (0.160)

Year fixed effects Yes Yes Yes
Firm fixed effect Yes Yes Yes
Observations 27,428 27,428 27,428
R2 0.168 0.167 0.167

Fig. 4. Analysis of the moderating effect of industry competition.
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and exploitative innovation, realized through effective digital-real 
integration. Hence, the ratio of Internet broadband subscribers to the 
local residential population at year-end (Net_level) is used to quantify 
regional digital infrastructure levels. Regions in which this ratio exceeds 
the sample median are designated as having a high level of digital 
infrastructure (Net_level = 1), whereas the others are assigned a value of 
0. Fig. 5 and Column (3) of Table 7 show that the interaction term 
Digtech × Net_level is significant and positive, indicating that firms in 
regions with well-developed digital infrastructure can better utilize 
digital-real integration for exploratory and exploitative innovation. 
These findings support the hypothesis that digital infrastructure is a key 
facilitator of ambidextrous innovation balance at the regional level.

Discussion

The integration of digital capabilities with the real economy is crit-
ical for resolving the exploration-exploitation innovation paradox 
(Ciarli et al., 2021; Kim & Jin, 2024). This study contributes to the 
discourse on sustainable development by addressing how firms can 
achieve ambidextrous innovation balance within the context of 
digital-real integration. The findings systematically illustrate the 
intrinsic value of digital-real integration in reconciling innovation ten-
sions and emphasize the study’s theoretical contributions and manage-
rial relevance.

First, prior studies confirm that digital transformation significantly 
drives corporate innovation (Chen et al., 2024). This study extends the 
research by examining how digital-real integration facilitates dynamic 
equilibrium between exploratory and exploitative innovation. Digital 
transformation typically involves unidirectional restructuring of inter-
nal processes, business models, and value chains. Meanwhile, 
digital-real integration fosters bidirectional synergy and value 
co-creation between digital technologies and real economy, which is 
essential for balancing innovation types. From this perspective, Wu et al. 
(2023) demonstrate the positive effects of the digital economy on 
various stages of innovation. Consistent with this view, this study ex-
tends the discussion by demonstrating how digital-real integration ad-
dresses challenges related to innovation resource allocation. 
Specifically, it shows that this integration helps firms pursue exploratory 
and exploitative innovation simultaneously. Establishing a collaborative 
ecosystem between digital technologies and the real economy provides a 
strategic avenue for alleviating resource constraints. Therefore, firms 
should leverage digital-real integration to enhance resource allocation 
efficiency and support balanced ambidextrous innovation.

Second, prior research suggests that supply chain transparency am-
plifies the innovation benefits of digital transformation (Li et al., 2025). 
The study’s findings indicate that digital-real integration enhances 

supply chain transparency, thereby improving management efficiency 
and supporting more balanced innovation outcomes. From a resource 
allocation perspective, mechanism analysis shows that this integration 
facilitates the optimal allocation of production factors, echoing the 
conclusions of Shao et al. (2024). When digital technologies are 
embedded within the real economy, firms can leverage intelligent 
decision-making systems to dynamically adjust the distribution of 
innovation resources. Hence, through improved management efficiency 
and more effective resource allocation, digital-real integration sub-
stantially strengthens firms’ ambidextrous innovation capabilities.

Third, heterogeneity analysis shows that firms facing high financing 
constraints encounter greater challenges in fully leveraging the benefits 
of digital-real integration for innovation balance, consistent with the 
findings of Fang and Liu (2024). Similarly, Li et al. (2024) report that the 
impact of digitalization on innovation is more pronounced in high-tech 
firms. This study finds that firms located in regions with well-developed 
digital infrastructure are better positioned to utilize digital-real inte-
gration to coordinate exploratory and exploitative innovation, thereby 
achieving a more balanced innovation portfolio. These findings high-
light the need for firms to adapt their ambidextrous innovation balance 
strategies according to their financing capacity, competitive environ-
ment, and level of digital maturity. Such adaptation facilitates the dy-
namic reallocation of innovation resources to sustain ambidextrous 
innovation under varying conditions.

Finally, this study builds on the approaches of the extant literature 
(Bellstam et al., 2021; Mahdikhani & Meena, 2024; Tian et al., 2024; 
Zhang et al., 2025b) and uses the LDA model to examine analyst reports 
and constructs innovation indicators. Extending the work of Bellstam 
et al. (2021), this study leverages topic features, extracted using the LDA 
model, to differentiate between exploratory and exploitative innovation, 
thereby enriching the text-based analysis of innovation heterogeneity. 
Specifically, topic terms related to both types of innovation are extracted 
from analyst reports using the LDA model. The terms associated with 
ambidexterity are identified using a relative entropy-based screening 
method. Relative to traditional static index systems, this dynamic 
content-driven approach offers a more nuanced and responsive method 
for capturing the complexity and diversity of corporate innovation.

Conclusions and implications

Conclusions

This study investigates the textual content of analyst reports on 
publicly listed companies in China using the LDA model and quantifies 
ambidextrous innovation balance by developing novel text-based in-
dicators. Furthermore, it examines how digital-real integration affects 
this balance and explores the underlying mechanisms driving this rela-
tionship. The empirical results show that digital-real integration has a 
significant positive effect on ambidextrous innovation balance. The 
findings remain robust after controlling for potential endogeneity using 
IV techniques and PSM. The findings are further supported by multiple 
robustness checks, including alternative variable specifications. Mech-
anism analysis reveals that digital-real integration improves manage-
ment efficiency and optimizes production factor allocation, facilitating a 
better ambidextrous innovation balance. Moreover, digital technologies 
streamline information flow, reduce decision-making costs, and enhance 
internal coordination. Simultaneously, by enabling more accurate allo-
cation of production inputs, digital-real integration shortens innovation 
cycles and increases resource utilization, thereby supporting balanced 
innovation strategies.

Heterogeneity analysis reveals that the effects of digital-real inte-
gration on ambidextrous innovation balance are significantly moderated 
by contextual conditions, including financial constraints, industry 
competition intensity, and regional digital infrastructure. Firms facing 
high financing constraints benefit less from digital-real integration 
because of resource limitations and their inability to absorb the high Fig. 5. Analysis of the moderating effect of digital infrastructure.
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costs of technological transformation. Conversely, the impact is more 
pronounced in industries with greater competitive intensity because 
firms are under greater pressure to optimize resource allocation across 
innovation activities. Furthermore, firms in regions with advanced 
digital infrastructure benefit more from digital-real integration. This 
advanced infrastructure facilitates technology diffusion and interfirm 
knowledge sharing, thereby amplifying the positive impact of digital 
transformation on innovation balance.

Theoretical implications

This study makes three theoretical contributions to the literature. 
First, it develops a novel measurement system for dynamic ambidex-
trous innovation balance. Traditional studies predominantly rely on 
static indicators, such as patent counts and R&D expenditure. However, 
these measures fail to capture the dynamic evolution and inherent 
complexity of ambidextrous innovation balance (Wu et al., 2023). To 
address this limitation, this study employs the LDA model based on text 
mining and topic modeling techniques. Exploratory and exploitative 
innovation theme scores are extracted from corporate analyst reports to 
construct a comprehensive ambidextrous innovation balance measure-
ment index. The framework developed in this study is effectively applied 
in the context of A-share listed companies in China. The findings also 
demonstrate its potential for cross-context applicability, facilitating the 
expansion of related research.

Second, this study clarifies the connotation of digital-real integration 
behaviors at the micro level and the related mechanism driving the 
ambidextrous innovation balance. Accordingly, it expands the research 
perspective on enterprises’ ambidextrous innovation balance in the 
digital economy. Current research paradigms are predominantly 
confined to meso–macro analytical dimensions, often simplifying 
corporate digital transformation into a unidimensional economic output 
effect. However, deconstructive studies on the micro-level mechanisms 
of digital-real integration are scarce (Hao et al., 2024; Chen et al., 2024). 
Therefore, based on ambidextrous innovation balance theory, this study 
elucidates the essence of micro-level digital-real integration behaviors 
and their role in achieving ambidextrous innovation balance, providing 
a better understanding of technology-integration-driven ambidextrous 
innovation balance in the digital economy. Furthermore, this study 
transcends the application boundaries of ambidextrous innovation bal-
ance theory in the digital context, providing theoretical foundations for 
enterprises to achieve synergistic equilibrium between exploitative and 
exploratory innovation in the era of digital-real integration.

Third, this study systematically reveals the dynamic transmission 
mechanism between digital-real integration and ambidextrous innova-
tion balance. Prior research focuses on the effects of single innovation 
models (Liu et al., 2025a); it does not delve into path dependence and 
dynamic interactions in the ambidextrous innovation balance under 
digital-real integration. Based on dynamic capability theory, this study 
examines exploratory and exploitative innovation from management 
efficiency and production factor allocation perspectives. It elucidates 
how these two approaches achieve synergistic evolution in the 
digital-real integration process and explains how dynamic equilibrium is 
established through resource complementarity and capability iteration. 
Furthermore, from a dynamic capability perspective, this study dem-
onstrates that management efficiency enhances organizational adapt-
ability through optimized decision-making and responsiveness. 
Simultaneously, production factor allocation promotes innovation co-
ordination through resource restructuring and capability redistribution. 
Collectively, these mechanisms drive the integration and reconfigura-
tion of internal and external resources within enterprises, ultimately 
advancing ambidextrous innovation balance.

Practical implications

As global digitalization accelerates, digital-real integration has 

become vital for enterprises to promote high-quality economic devel-
opment. However, many firms struggle to balance exploratory and 
exploitative innovation. The study’s findings offer a practical framework 
for resolving the innovation allocation paradox.

First, governments should increase targeted support for digital-real 
integration. Such support may include subsidies and tax incentives to 
help firms overcome their resource and technological constraints. Firms 
should strengthen their investments in digital R&D and build open 
innovation ecosystems that foster collaboration among industries, 
academia, and research institutions. Moreover, advancing data-sharing 
frameworks and standardizing integration practices can address tech-
nological fragmentation and data silos. Embedding digital technologies 
across business operations, including smart production, decision sys-
tems, and lifecycle platforms, enables firms to achieve a dynamic bal-
ance between short-term efficiency and long-term innovation capacity.

Second, this study offers significant theoretical and practical impli-
cations for economies at different digital maturity stages. In economies 
with advanced digitalization, enterprises can leverage robust digital 
infrastructure and dynamic data ecosystems. This enables them to syn-
ergize digital technologies across exploratory and exploitative innova-
tion, optimizing resource allocation, while enhancing dynamic 
innovation capabilities. For economies in the early or developing stages 
of digitalization, the research reveals how digital-real integration pro-
motes ambidextrous innovation balance dynamics. This emphasizes that 
enterprises can effectively achieve a dynamic equilibrium between 
exploratory and exploitative innovation by improving management ef-
ficiency and optimizing production factor allocation.

Third, although economies vary in technological foundations, insti-
tutional frameworks, and market characteristics, the inherent mecha-
nism of digital-real integration remains universally applicable. This 
mechanism promotes ambidextrous innovation balance by enhancing 
innovation efficiency, reducing trial-and-error costs, and strengthening 
organizational adaptability. Therefore, the study’s findings can help 
countries at different stages of the digitalization process design effective 
strategies for digital transformation and innovation support tailored to 
their specific context. Furthermore, from a policy coordination 
perspective, both the EU’s “Digital Europe Programme” and China’s 
“Digital Economy Framework” drive the deep integration of digital 
technologies with the real economy. This study proposes a “policy gui-
dance—technology empowerment—innovation coordination” approach 
that offers a replicable practical framework for other countries. This 
demonstrates that the role of digital-real integration in driving the 
ambidextrous innovation balance follows universal principles aligned 
with global industrial transformation trends.

Limitations and future research

This study has several limitations that can be explored in future 
research. First, this study adopts a linear perspective centered on single- 
factor effects and thus fails to systematically consider the nonlinear or 
interactive effects among organizational, technological, and environ-
mental factors. In the digital-real integration context, capturing the 
complex mechanisms of multi-factor coupling and their differential ef-
fects on exploratory versus exploitative innovation pathways is a chal-
lenge. Future research could use fuzzy-set qualitative comparative 
analysis to reveal nonlinear and collaborative mechanisms across mul-
tiple factors. At the conditional variable level, systematic deconstruction 
should be strengthened for core independent variables, including digital 
technology investment, resource constraints, and talent supply. 
Regarding outcome variables, introducing systematic and hierarchical 
dependent variables such as innovation quality, innovation sustain-
ability, and innovation ecosystem synergy would allow for the multi- 
dimensional effects of digital-real integration on ambidextrous innova-
tion balance to be captured more comprehensively.

Second, this study relies on data from A-share listed companies in 
China and does not include data from other economic systems or market 
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environments. This may limit the generalizability of the findings. Future 
research should conduct comparative analyses across industries, re-
gions, and national contexts to understand how digital-real integration 
produces heterogeneous effects on enterprises’ ambidextrous innovation 
balance under varying institutional constraints, market structures, and 
digital economy development levels. This would provide targeted 
empirical evidence and theoretical support for optimizing the adapt-
ability of enterprises’ ambidextrous innovation balance strategies across 
diverse contexts.

Third, this study focuses on the impact of digital-real integration on 
the balance of enterprise ambidextrous innovation without exploring 
broader economic consequences, such as high-quality economic devel-
opment, improvements in total factor productivity, or shifts in corporate 
competitiveness in product markets. Future research could integrate the 
value creation potential of digital technology, information, and knowl-
edge into the research framework. It can explore how digital-real inte-
gration promotes high-quality economic development, enhances total 
factor productivity, and strengthens product market competitiveness, 
while considering both the multiplier effect of digitalization on foun-
dational production factors and its incremental contributions.
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