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Abstract

Against the backdrop of a new wave of scientific and technological revolution and indus-
trial transformation, artificial intelligence has emerged as a pivotal technology for fostering
new quality productive forces and advancing high-quality development, and is profoundly
reshaping firms’ production organization and governance structures. Using data on Chi-
nese A-share listed companies from 2016 to 2024, this study empirically examines the
impact of Al on corporate internal control quality and its underlying mechanisms. The
results indicate that Al significantly improves corporate internal control quality, mainly by
enhancing firms” human capital and reducing agency costs. Further heterogeneity analysis
shows that the positive effect of Al on internal control quality is more pronounced among
manufacturing firms, firms with higher levels of digital infrastructure, and firms with
greater information transparency. From the perspective of internal corporate governance,
this study extends the literature on the economic consequences of Al and provides empir-
ical evidence on how Al, as embedded in a complex socio-technical system, empowers
high-quality corporate development through institutional governance mechanisms. The
findings also offer useful implications for governments seeking to refine Al-related policies
and for firms aiming to promote the coordinated upgrading of intelligent transformation
and internal control systems.

Keywords: artificial intelligence; corporate internal control quality; human capital;
agency costs

1. Introduction

With the rapid advancement of a new wave of technological revolution and industrial
transformation, artificial intelligence, as a representative technology of the new generation
of information technologies, is profoundly reshaping firms’ production modes, manage-
ment practices, and governance structures. At the national strategic level, “Al+” has been
clearly identified as a key policy instrument for cultivating new quality productive forces
and promoting high-quality development. In July 2017, the State Council issued the “Devel-
opment Plan for the Next Generation of Artificial Intelligence,” which emphasized the need
to “take the overall national development context into account, accurately assess global
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trends in artificial intelligence, identify key breakthroughs and priority areas, comprehen-
sively strengthen the foundational capabilities for scientific and technological innovation,
fully expand the depth and breadth of applications in key fields, and comprehensively
enhance the level of intelligence in economic and social development as well as national
defense applications.” Under this policy framework, Al has been endowed with a strategic
role that goes beyond a purely technical tool, becoming a critical technological foundation
for driving transformations in quality, efficiency, and growth momentum.

At the firm level, the application of Al is no longer limited to localized improvements
in operational efficiency but increasingly triggers digital restructuring across production
factors and business processes. On the one hand, the integration of Al into research and
development, production, and supply chain management facilitates the transition from
experience-driven operations to data-driven decision-making and from reactive responses
to predictive management, thereby improving resource allocation efficiency and organiza-
tional resilience (Song et al., 2024). On the other hand, Al encourages firms to undertake
systematic adjustments in organizational structures, business processes, and governance
mechanisms, promoting the transformation and upgrading of traditional industries while
fostering new Al-native business models and emerging forms of economic activity. Through
these processes, Al provides sustained momentum for achieving transformations in quality,
efficiency, and growth dynamics. Therefore, in the broader context of high-quality develop-
ment and industrial upgrading, examining how Al affects corporate internal governance
systems has both important practical relevance and theoretical value.

Internal control is a process implemented by the board of directors, management, and
other employees to provide reasonable assurance regarding the achievement of operational
objectives, the reliability of financial reporting, and compliance with applicable laws
and regulations (Doyle et al., 2007). High-quality internal control helps mitigate agency
conflicts, reduce operational risks, and enhance long-term firm value. Existing studies
generally suggest that internal control quality is shaped by multiple factors, including the
external institutional environment, corporate governance structures, and the characteristics
of managers and employees. However, as business environments become increasingly
complex and corporate processes become more digitally integrated, traditional internal
control models that rely largely on human judgment and ex post monitoring are facing
new challenges. Firms therefore increasingly rely on emerging technologies to enhance
the effectiveness and adaptability of internal control systems. Against the backdrop of the
widespread adoption of Al, an important question arises: whether and how Al influences
corporate internal control quality.

Compared with many other countries, China possesses distinctive advantages in Al
adoption, digital infrastructure development, and the implementation of Al technologies
across industrial scenarios, providing a rich and representative context for examining
the governance implications of Al (H. Jiang & Murmann, 2022). Chinese A-share listed
companies constitute a large and diverse sample across industries and have been actively
advancing digital transformation and internal control system development (Q. Wu et al.,
2025; Xue & Jin, 2025). This setting offers a valuable opportunity to systematically identify
the impact of Al on corporate internal control quality and its underlying mechanisms. Based
on data from Chinese A-share listed companies from 2016 to 2024, this study examines how
Al affects internal control quality and explores the mechanisms through which this effect
occurs. The results show that Al significantly improves corporate internal control quality,
and that the enhancement of human capital and the reduction in agency costs serve as
important channels through which Al exerts this influence. Heterogeneity analysis further
indicates that the positive effect of Al is more pronounced among manufacturing firms,

https://doi.org/10.3390/jrfm19070502


https://doi.org/10.3390/jrfm19070502

J. Risk Financial Manag. 2026, 19, 502

30f24

firms with higher levels of information transparency, and firms operating in regions with
more developed digital infrastructure.

Although some studies have begun to examine the relationship between Al and
internal corporate governance, Monteiro et al. (2023) found that Al adoption intensity sig-
nificantly improves the quality of internal control systems and further enhances accounting
information system quality. However, their analysis is mainly based on survey data, and
the authors explicitly note that the sample is based on convenience and non-probability
sampling, which limits the external validity of their findings. Therefore, further evidence
based on large-scale archival data is still needed to clarify whether Al can systematically
improve internal control quality in broader firm settings. Against this background, this
study makes three main contributions.

First, it extends the literature on the economic consequences of Al from the perspective
of internal corporate governance. Existing studies primarily focus on the economic effects
of Al in terms of resource allocation efficiency (Czarnitzki et al., 2023; Babina et al., 2024),
operational risk (Liu & Wang, 2025), corporate strategy (Neiroukh et al., 2025; Doshi
et al., 2025), and macro-level outcomes such as industrial upgrading and international
competitiveness (Kumar et al., 2025). In contrast, relatively little attention has been paid to
Al’s impact on institutional governance arrangements such as internal control systems. By
linking AI with corporate internal control quality, this study deepens the understanding
of how Al can promote high-quality development through governance mechanisms. In
addition, compared with prior survey-based research, this study conducts empirical tests
using a large sample of listed companies, offering broader sample coverage and greater
robustness and generalizability.

Second, this study enriches the literature on the determinants of internal control quality.
Prior research has examined the influence of macro-level factors such as institutional
constraints and market supervision (H. Chen et al., 2019), economic policy environments
(B. Zhang et al., 2025), and ownership structures (Ong et al., 2024), as well as micro-level
factors such as organizational structures and managerial capabilities (Lisic et al., 2016; Zhou
& Liu, 2022). However, technological drivers such as Al have received relatively limited
attention, despite their transformative role in the ongoing technological and industrial
revolution. By examining the role of Al in shaping internal control quality, this study
provides new insights into the technological determinants of corporate governance. Beyond
systematically examining the effect of Al on internal control quality, this study further
explores the underlying mechanisms, thereby providing a more detailed account of the
pathways through which Al affects internal corporate governance.

Third, this study provides micro-level empirical evidence on how Al can enhance
corporate governance and internal control systems. By identifying the mechanisms and
heterogeneous effects through which Al improves internal control quality, the findings
offer useful implications for policymakers seeking to refine “Al+” policies and for firms
aiming to promote the coordinated upgrading of technological application and governance
capacity. The results may also provide valuable references for other countries seeking to
advance the application of Al in corporate governance.

2. Literature Review
2.1. The Impact of Artificial Intelligence on Firms’ High-Quality Development

As a strategic technology leading a new round of scientific and technological revo-
lution and industrial transformation, artificial intelligence has exerted profound effects
on firms’ operations, innovation, governance, and performance. Existing studies have
gradually shifted from macro-level analysis to micro-level firm evidence, showing that
Al can improve productivity, resource allocation efficiency, and firm value. For example,
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Czarnitzki et al. (2023) found that Al adoption significantly enhances firm productivity
based on German firm-level survey data, while Babina et al. (2024) showed that corporate
Al investment promotes growth in sales, employment, and market valuation. From the per-
spective of high-quality development, Ahdadou et al. (2025) argued that Al facilitates firms’
transition from scale expansion to efficiency improvement and quality optimization by pro-
moting managerial innovation and process reengineering. In addition, Al can strengthen
firms” information acquisition, risk identification, and early-warning capabilities, thereby
reducing operational risk and enhancing organizational resilience (Liu & Wang, 2025; Han
et al., 2025). Al is also increasingly embedded in strategic decision-making processes. By
improving decision speed and decision quality, Al capabilities can enhance organizational
performance (Neiroukh et al., 2025), reshape the evaluation of strategic alternatives (Doshi
et al., 2025), promote new firm entry through improvements in the entrepreneurial ecosys-
tem (Khan et al., 2025), and strengthen firms’ export market exploration, export market
exploitation, and overseas business performance (Kumar et al., 2025).

Beyond operating performance and strategic behavior, recent studies have begun to
emphasize the governance implications of Al In board and managerial decision-making,
Al-based advisory systems can expand decision-makers’ information sets and improve the
timeliness and accuracy of strategic judgments, although excessive reliance on algorithmic
advice may weaken managerial judgment and accountability (Keding & Meissner, 2021).
Al also reshapes the roles and capabilities required of boards of directors, making board-
level Al expertise and Al oversight mechanisms increasingly important for corporate
governance (Agnese et al., 2025). From an organizational governance perspective, effective
Al governance requires the coordination of data governance, model governance, and system
governance, indicating that Al can generate governance value only when embedded in
formal rules, responsibilities, and control procedures (Schneider et al., 2023). In the auditing
and disclosure fields, Al has been found to improve audit quality by reducing financial
restatements and strengthening auditors’ risk assessment capabilities (Fedyk et al., 2022;
Law & Shen, 2025; Rahman et al., 2024). It also affects financial reporting judgments and
disclosure quality by improving information processing efficiency, reporting accuracy,
and transparency (Estep et al., 2024; J. Li, 2026; Naveed et al., 2025). Taken together, the
literature suggests that Al promotes firms” high-quality development not only through
productivity improvement, risk reduction, and market expansion, but also by optimizing
corporate governance mechanisms such as decision support, audit assurance, information
disclosure, and internal control.

2.2. Determinants of Corporate Internal Control Quality

From the external environment perspective, institutional constraints and market
mechanisms are important exogenous determinants of internal control quality. Prior
studies show that capital market discipline can significantly affect internal control quality.
Based on China’s margin trading and short-selling system, H. Chen et al. (2019) found that
firms experience a significant improvement in internal control quality after being included
in the short-selling list, with a stronger effect among non-state-owned firms, suggesting
that external market monitoring strengthens firms’ incentives to improve internal control.
Kim and Kim (2017) showed that firms facing more intense product market competition
are more likely to disclose material internal control weaknesses, indicating that competitive
pressure may also undermine internal control effectiveness. Uncertainty in the macro-
policy environment can likewise affect internal control through its influence on corporate
governance and the information environment. B. Zhang et al. (2025) argued that economic
policy uncertainty increases litigation risk by weakening internal control and corporate
transparency and by aggravating fraud risk. In terms of property rights and ownership
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structure, Ong et al. (2024) found a significant negative association between ownership
concentration and internal control, indicating that ownership arrangements alter internal
control quality by affecting the strength of governance constraints. Overall, external market
monitoring, the competitive environment, policy uncertainty, and ownership structure
all shape governance incentives and risk pressure, thereby exerting important effects on
internal control quality.

From the perspective of internal firm characteristics, corporate governance structure,
managerial and employee attributes, and technological conditions are important endoge-
nous determinants of internal control quality. Regarding managerial power structure, Lisic
et al. (2016) showed that the stronger the CEO’s power, the weaker the restraining effect
of audit committee independence and financial expertise on internal control weaknesses.
From the perspective of managerial ability, Zhou and Liu (2022) found an inverted U-
shaped relationship between managerial ability and internal control quality, suggesting
that managerial behavioral characteristics play an important role in internal control effec-
tiveness. In addition, managerial culture and values also affect the development of internal
control systems. Abernethy et al. (2023) found that more conservative political values
within top management teams are significantly associated with more effective internal
control systems. Further, Luo (2020) showed that improvements in employee compen-
sation incentives and knowledge capabilities help enhance the control environment and
information communication, thereby significantly improving internal control quality. With
the development of the digital economy, technological factors have gradually become
an important entry point in internal control research. He (2025) found that digital trans-
formation improves internal control quality by increasing information transparency and
strengthening risk identification capability.

2.3. Summary and Research Gap

Based on the above literature, existing studies have established a relatively solid
foundation from two perspectives: the economic consequences of artificial intelligence
and the determinants of corporate internal control quality. However, research on Al has
largely focused on economic outputs and performance outcomes, while paying insufficient
attention to how Al is embedded in firms’ internal governance systems and operates
through institutional governance arrangements. Meanwhile, studies on the determinants
of internal control quality have mainly examined external institutional environments and
internal organizational characteristics. With the development of the digital economy,
some studies have begun to explore the effect of digital transformation on internal control
quality, suggesting that digital technologies can improve internal control by enhancing
information transparency and risk identification capability. Nevertheless, most existing
studies focus on general digital transformation or traditional governance factors, and have
not fully explained how Al, as a more intelligent, autonomous, and data-driven technology,
systematically affects the five components of internal control: the control environment, risk
assessment, control activities, information and communication, and monitoring activities.

Although recent research has begun to directly examine the relationship between Al
and internal control, Monteiro et al. (2023) found that Al adoption intensity improves
internal control system quality and further enhances accounting information system quality.
However, their study is mainly based on survey data collected through convenience and
non-probability sampling, which limits the external validity of their findings. Therefore,
further research is needed to provide large-sample empirical evidence, identify the under-
lying mechanisms, and examine the boundary conditions of this relationship. Accordingly,
using Chinese A-share listed companies as the research sample, this study systematically
examines the impact of Al application on corporate internal control quality and further
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investigates its mechanisms and heterogeneous effects, thereby revealing the specific path-
ways and applicable contexts through which Al affects firms” internal governance.

3. Theoretical Foundation and Hypothesis Development
3.1. The Impact of Artificial Intelligence on the Quality of Internal Control in Enterprises

Internal control is a systematic governance mechanism established to help firms
achieve operational, reporting, and compliance objectives. According to the COSO inter-
nal control framework, an effective internal control system consists of five interrelated
components: control environment, risk assessment, control activities, information and
communication, and monitoring activities (COSO, 2013). The strengths of artificial intel-
ligence in data processing, intelligent analysis, and process automation provide a new
technological foundation for optimizing corporate internal control systems.

Specifically, in terms of the control environment, Al promotes data-driven manage-
ment and standardized business processes, helps clarify internal responsibilities and ac-
countability, reduces managerial opportunism and agency costs, and thereby strengthens
the organizational foundation for effective internal control. Prior studies show that Al can
improve decision-making efficiency and reduce agency costs by promoting managerial
innovation and process standardization (Hu et al., 2025; Neiroukh et al., 2025), providing
empirical support for its role in improving the control environment. In terms of risk assess-
ment, Al can efficiently integrate and analyze large volumes of internal and external data,
enhancing firms’ ability to identify operational, financial, and compliance risks and im-
proving the timeliness and forward-looking nature of risk prevention. Related studies find
that Al strengthens firms” information acquisition, risk identification, and early-warning
capabilities, thereby reducing operational risk (Neiroukh et al., 2025; J. Zhang et al., 2025).
In terms of control activities, intelligent algorithms and automated systems can embed
authorization, approval, verification, reconciliation, and exception-handling procedures
into business processes, reducing human intervention and operational deviations and
improving the stability and consistency of internal control execution (H. Chen et al., 2019).
In terms of information and communication, Al improves the timeliness, accuracy, and
transparency of information acquisition, processing, and transmission, alleviates internal
information asymmetry, and provides high-quality data support for the effective operation
of internal control. Evidence from information disclosure research shows that Al adop-
tion improves the readability, accuracy, and transparency of financial reports (J. Li, 2026),
which is consistent with the optimization of information and communication in internal
control. In terms of monitoring activities, Al enables continuous monitoring, real-time
warning, and traceability of business activities and financial processes, promoting the
transformation of internal control from traditional ex post supervision to an intelligent
control model integrating ex ante risk warning, in-process control, and ex post traceability.
Prior studies also show that Al investment improves audit quality, enhances auditors’ risk
identification capability, and increases the accuracy of internal control opinions (Fedyk
et al,, 2022; Law & Shen, 2025), indicating that AI can strengthen both internal and external
monitoring mechanisms. Overall, Al is expected to improve corporate internal control
quality by optimizing the control environment, enhancing risk assessment, strengthening
control activities, improving information and communication, and reinforcing continuous
monitoring. Based on the above analysis, this study proposes the following hypothesis:

Hypothesis 1. The application of artificial intelligence has a significant positive effect on the
improvement of corporate internal control quality.
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3.2. Hypothesis of the Mechanism of Artificial Intelligence

The effective operation of internal control depends on whether organizational mem-
bers possess sufficient professional knowledge, technical skills, execution capability, and
cognitive understanding. Internal control requirements, such as authorization and ap-
proval, risk identification, information reporting, exception handling, and audit support,
must ultimately be understood and implemented by employees in daily business processes.
Therefore, employees” knowledge structure and capability level constitute an important
basis for transforming formal control rules into effective control practices. Prior studies
show that managerial ability is significantly associated with internal control effectiveness
(Lin & Li, 2024), and enhancing employee knowledge and skills helps improve the control
environment and information and communication, thereby enhancing the quality of in-
ternal controls (Almaqoushi & Powell, 2021). This suggests that stronger organizational
capabilities can improve employees’ understanding of control requirements, enhance the
consistency of control execution, and provide support of higher quality for risk identifica-
tion, problem feedback, and audit cooperation.

Al application further strengthens the capability foundation required for internal
control operation. As Al becomes embedded in corporate management and business
processes, firms’ operations become more intensive in data use, more systematic, and
more analytically complex, placing higher demands on employees’ data literacy, system
operation skills, algorithmic understanding, and interdepartmental collaboration. To ensure
the effective operation of intelligent systems, firms usually need to introduce data and
technical talent, provide position specific retraining, and develop collaboration mechanisms
between humans and Al, thereby improving the quality of organizational human capital.
In this process, employees can better interpret algorithmic outputs, identify abnormal
signals, translate intelligent analytical results into executable control actions, and reduce
deviations in control execution, feedback, and correction. Related studies also indicate
that Al capability depends not only on technological and data resources but also on
human resources and organizational skills (Mikalef & Gupta, 2021), and that corporate
Al development can promote the upgrading of human capital structure (Z. Li et al., 2025).
Therefore, Al can improve corporate internal control quality by enhancing employees’
control knowledge, data processing capability, risk identification capability, and compliance
execution capability. Based on this, this study proposes the following hypothesis:

Hypothesis 2. Artificial intelligence improves corporate internal control quality through the
capability enhancement mechanism.

Internal control is not only an execution system that supports the effective operation
of business activities, but also an important governance mechanism that constrains op-
portunistic behavior and strengthens accountability. Prior studies show that alleviating
information asymmetry and reducing agency costs can improve internal control quality
and enhance corporate governance effectiveness (Zhao et al., 2023). Similarly, by reducing
agency costs and increasing external attention, the suppression of governance failures
such as boardroom reciprocity can also improve internal control quality (Huang et al.,
2025). Accordingly, constraint mechanisms such as authorization and approval procedures,
segregation of duties, process traceability, supervision and inspection, and accountabil-
ity arrangements can limit excessive managerial discretion, improve the observability of
business activities, and strengthen responsibility tracing. These mechanisms reduce the
scope for misconduct, opportunistic behavior, and control deviations, thereby promoting
the more standardized and effective operation of internal control systems and ultimately
improving corporate internal control quality.
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Artificial intelligence can further strengthen the constraining function of internal con-
trol by improving the frequency, accuracy, and traceability of supervision. By embedding
automatic approval, real-time data analysis, anomaly detection, and risk warning systems
into business and financial processes, Al enables continuous monitoring of operating ac-
tivities, timely identification of abnormal transactions and control deviations, and lower
dependence on human judgment in supervisory activities. Digital records and algorithmic
monitoring also make managerial and employee behavior more observable and verifiable,
thereby improving accountability efficiency and restraining opportunistic behavior. Fedyk
et al. (2022) find that Al investment by audit firms improves audit quality and reduces the
likelihood of financial restatements. Law and Shen (2025) further show that audit firms
adopting Al issue more accurate going concern opinions and internal control opinions.
Evidence from Chinese listed firms also indicates that Al adoption can reduce agency costs,
suggesting that Al has a governance constraint effect (Zhong & Song, 2025). Therefore, Al
can improve corporate internal control quality by strengthening continuous monitoring,
enhancing behavioral constraints, and improving the enforceability of control systems.
Based on this, this study proposes the following hypothesis:

Hypothesis 3. Artificial intelligence improves corporate internal control quality through a con-
straint strengthening mechanism.

The mechanism analysis framework of this research is summarized in Figure 1.

Artificial
Intelligence
H2:+ H3:+
Capability enhancement { Constraint strengthening
Employee Employee Management Asset turnover
compensation capability expense ratio ratio
Y
+ +

Internal control quality

Figure 1. Mechanism analysis framework.

4. Sample Selection and Research Design
4.1. Data Sources

In 2016, artificial intelligence moved from the laboratory into the public spotlight,
and China issued the Three-Year Action Plan for the Implementation of “Internet Plus”
Artificial Intelligence. Taking this as the starting point, this study selects Chinese A-share
listed companies from 2016 to 2024 as the research sample. The data are obtained from
the DIB Internal Control and Risk Management Database, the Wind Database, CSMAR
and CNRDS. ST and *ST firms, as well as firms with incomplete data, are excluded. All
continuous variables are minorized at the upper and lower 1% levels. The final sample
consists of 19,191 firm-year observations.
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4.2. Variable Definitions
4.2.1. Dependent Variable

The dependent variable in this study is corporate internal control quality (IC). Fol-
lowing X. Wang et al. (2021), this study uses the Internal Control Index disclosed by the
DIB database to measure corporate internal control quality and divides the index by 100,
denoted as IC; that is, IC = Internal Control Index/100. A higher value indicates better
internal control quality.

4.2.2. Independent Variable

Drawing on the measurement approach proposed by Z. Wang et al. (2024) regarding
the level of Al adoption in firms, this study uses the number of Al-related patents held
by a firm as a proxy for its level of Al application. Specifically, at the firm-year level,
based on patent data of listed companies, this study identifies patent applications whose
titles, abstracts, or keywords contain Al-related technical terms, and counts the number of
Al-related patent applications filed by firm (i) in year (t). To mitigate the influence of the
right-skewed distribution of patent counts, this variable is further transformed by taking
the natural logarithm after adding one. Al-related patents reflect firms” knowledge accu-
mulation and technological deployment in Al-related fields, such as algorithmic models,
data processing, intelligent recognition, and automated decision-making. Compared with
general descriptions of digital transformation, patent data are more technology-specific and
can better capture whether firms have embedded Al technologies into R&D, production,
management, or business processes. Therefore, a larger number of Al-related patents
generally indicates stronger Al technological reserves, broader application deployment,
and greater intensity of Al application within the firm (Giczy et al., 2022; Babina et al., 2024;
Xue & Jin, 2025).

4.2.3. Mediating Variables

To further examine the mechanisms through which artificial intelligence affects corpo-
rate internal control quality, this study constructs mechanism variables from two perspec-
tives: the capability mechanism and the constraint mechanism. The capability mechanism
is represented by firms” human capital level. Employee compensation reflects a firm’s
emphasis on human capital investment and employee incentives and has important im-
plications for productivity and operating performance (Yang & Wang, 2026). Employee
educational attainment is an important indicator of human capital quality, and a higher
level of employee education helps improve firms’ information-processing capability, profes-
sional judgment, and investment decision-making efficiency (Jin et al., 2025). Accordingly,
this study uses employee compensation and employee capability to measure firms” human
capital level. Specifically, employee compensation is measured as cash paid to and on
behalf of employees minus executive compensation, divided by the number of employees
minus the number of executives, so as to capture compensation incentives at the ordi-
nary employee level. Employee capability is measured as the proportion of employees
with a bachelor’s degree or above in the total number of employees. If Al application
significantly increases employee compensation or employee capability, it indicates that Al
may improve internal control quality by strengthening firms” human capital, namely the
capability mechanism.

The constraint mechanism is represented by corporate agency costs. Prior studies
show that a higher expense ratio reflects greater managerial discretionary spending and
resource consumption, whereas higher asset utilization efficiency indicates more efficient
resource allocation and weaker agency conflicts (Lee & Tulcanaza-Prieto, 2024; Njoku &
Lee, 2025). Accordingly, this study uses the management expense ratio and asset turnover
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ratio to measure corporate agency costs. Specifically, the management expense ratio is
measured as management expenses divided by operating revenue; a higher value indicates
that managers may engage in greater discretionary spending, implying higher agency costs.
The asset turnover ratio is measured as operating revenue divided by average total assets; a
higher value indicates higher asset-use efficiency and lower agency costs. If Al application
significantly reduces the management expense ratio or increases the asset turnover ratio, it
indicates that Al may improve corporate internal control quality by reducing agency costs,
namely the constraint mechanism.

4.2.4. Control Variables

Following prior studies, this study includes firm size (Size), firm age (Age), return on
assets (ROA), leverage (Lev), cash ratio (Cash), board size (Board), proportion of indepen-
dent directors (Indep), Concentration of Shareholding (TOP-1), Two roles combined (Dual),
Audit Quality (Big4) as control variables. The definitions and measurement methods of all
variables are reported in Appendix A Table Al.

4.3. Model Specification

To examine the impact of artificial intelligence (AI) on corporate internal control
quality, we establish the following benchmark regression model:

IC = ag + 1 Al + Ek axControls; ¢ + 1 + At + €1t (1)

where IC; ; represents the dependent variable, corporate internal control quality for com-
pany iin year t; Al; ; denotes the core explanatory variable, artificial intelligence; Controls;
represents the set of control variables; 1; represents firm fixed effects, and A; represents
year fixed effects. ¢;; is the random error term.

To further investigate the mediating mechanisms through which Al affects internal
control quality, this study follows T. Jiang (2022) and employs a two-step approach to test
the mediation effects.

Testing Model for Testing the Mediating Effect of Human Capital:

Wagei,t = By + B1AL: + Zk BrControls; ¢ 4 p; + A¢ + € (2)

Abili’cyi,t = Yo +V1AlL; + Zk vxControls; ¢ + p; + At + it 3)

Testing Model for the Mediating Effect of Agency Costs:
MER;; = 89 4 81Alis + ) _, 8 Controlsi; + w; + At + €i (4)
ATO; ¢ = Mg +m AL + ), niControls; ¢ + w4 At + € @)

4.4. Descriptive Statistics

Table 1 presents descriptive statistics for the key variables in this study. The mean value
of corporate internal control quality is 6.404, with a standard deviation of 0.647, indicating
that the variation in internal control quality across sample firms is relatively limited and
mainly reflects subtle differences at relatively high levels, though some dispersion remains.
The minimum and maximum values are 3.385 and 7.764, respectively, suggesting that
while internal control among listed companies is generally well established, differences
still exist in its effectiveness of implementation. The mean value of artificial intelligence
is 1.174, with a standard deviation of 1.298, a minimum of 0, and a maximum of 8.060,
indicating substantial heterogeneity in the level of Al adoption across firms. Some firms
have actively adopted Al technologies and developed relatively extensive technological
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layouts, reflecting significant differences in the level of Al development among firms. The
remaining control variables are all within reasonable ranges.

Table 1. Descriptive statistics of main variables.

Variables N Mean sd Min Median Max
IC 19,191 6.404 0.647 3.385 6.489 7.764
Al 19,191 1.174 1.298 0.000 0.693 5.193

Size 19,191 22.280 1.236 20.148 22.064 26.263
Age 19,191 1.906 0.963 0.000 1.946 3.401
ROA 19,191 0.027 0.063 —0.243 0.031 0.180
Lev 19,191 0.404 0.196 0.057 0.396 0.875
Cash 19,191 0.849 1.204 0.027 0.430 7.488
Board 19,191 8.237 1.606 5.000 9.000 14.000
Indep 19,191 0.381 0.054 0.333 0.364 0.571
TOP-1 19,191 0.322 0.145 0.079 0.300 0.720
Dual 19,191 0.341 0.474 0.000 0.000 1.000
SOE 19,191 0.280 0.449 0.000 0.000 1.000
Big 4 19,191 0.061 0.239 0.000 0.000 1.000

5. Empirical Analysis
5.1. Baseline Regression Results

To examine whether the application of artificial intelligence (AI) improves corporate
internal control quality and to test Hypothesis 1, this study conducts baseline regression
analyses based on the variable definitions and econometric models established above. The
results are reported in Table 2.

Table 2. Baseline regression results.

1) 2) 3 @
Variables IC I1C IC IC
Al 0.081 *** 0.062 *** 0.035 *** 0.032 ***
(0.004) (0.004) (0.009) (0.009)
Constant 6.309 *** 5.185 *** 6.364 *** 5.830 ***
(0.006) (0.110) (0.011) (0.499)
Controls No Yes No Yes
Year FE No No Yes Yes
Firm FE No No Yes Yes
N 19,191 19,191 19,191 19,191
Adjusted-R? 0.027 0.160 0.223 0.289

Note: Standard errors clustered at the firm level are reported in parentheses. *** indicate significance at the
1% levels.

Columns (1) and (2) of Table 2 present the regression results without fixed effects.
The coefficient on the core explanatory variable is significantly positive, indicating that
higher levels of Al are associated with better internal control quality. Columns (3) and (4)
report the results after including both time and firm fixed effects. The coefficient on Al
remains positive and significant at the 1% level, further confirming that improvements
in Al are conducive to enhancing corporate internal control quality, thereby supporting
Hypothesis 1. By improving firms’ capabilities in data processing and information integra-
tion, Al strengthens the standardization of business processes and real-time monitoring,
while constraining managerial discretion in accounting estimates and accounting policy
choices. This helps reduce information asymmetry and agency costs, thereby inhibiting
opportunistic earnings management by managers. The findings suggest that Al not only
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enhances operational efficiency but also plays a positive role in improving accounting
information quality and strengthening internal corporate governance, providing empirical
evidence for firms seeking to advance intelligent management practices and for regulators
aiming to guide the standardized application of Al technologies.

5.2. Robustness Tests
5.2.1. Alternative Variable

To further examine the robustness of the baseline regression results, this study replaces
the core explanatory variable with three alternative measures of artificial intelligence. First,
following prior studies that identify firms” Al engagement based on textual information
and Al-related disclosures, this study uses the frequency of Al-related terms in firms’
annual reports to measure corporate Al attention (H. Wu et al., 2025). Second, consider-
ing that Al is often embedded in automation, intelligent equipment, and technological
upgrading in production processes, this study further constructs a variable for firms” Al
adoption level. Specifically, the book value of machinery and equipment disclosed in
fixed asset details is divided by the total number of employees to measure the intensity of
production-related intelligent equipment. This indicator captures the extent to which firms
substitute or complement labor input with intelligent capital and integrate automation,
intelligent equipment, and Al-enabled technologies into production and operational pro-
cesses (J. Zhang et al., 2025). Finally, this study uses firms’ Al investment level as another
alternative measure to reflect their resource inputs and financial commitments to Al-related
technological upgrading, because Al investment represents firms’ strategic resource alloca-
tion toward intelligent transformation, technological innovation, and Al-driven growth
(Babina et al., 2024; Q. Wu et al., 2025). Columns (1)—(3) of Table 3 report the corresponding
regression results. The results show that the coefficients of the three alternative Al measures
remain significantly positive, indicating that the positive effect of Al on corporate internal
control quality is not driven by a specific measurement method. Overall, these findings
further verify the robustness of the baseline regression results.

Table 3. Robustness tests for replacing key explanatory variables.

1) ) 3)
IC IC IC
Al 0.018 ** 0.108 *** 2.070 ***
(0.009) (0.005) (0.799)
Constant 5.658 *** 4.548 *** 5.587 ***
(0.494) (0.457) (0.493)
Controls Yes Yes Yes
Year FE Yes Yes Yes
Firm FE Yes Yes Yes
N 19,191 19,191 19,191
Adjus’cecl—R2 0.289 0.387 0.289

Note: Standard errors clustered at the firm level are reported in parentheses. *** and ** indicate significance at the
1% and 5% levels, respectively.

5.2.2. High-Dimensional Fixed Effects

To further test the robustness of the empirical results, this study incorporates interac-
tion fixed effects into the regression analysis. We controlled for the interaction fixed effects
of province and year (Province x Year), city and year (City x Year), and industry and
year (Industry x Year) to eliminate the potential influence of systematic differences across
provinces, cities, and industries during different periods on the regression results, and to
mitigate the interference caused by differences in the macroeconomic environment, regional
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policies, or local governance. The regression results are presented in columns (1)—(3) of
Table 4. The results show that under different fixed-effect specifications, the coefficient of
the core explanatory variable remains significantly positive, confirming the robustness of
the empirical findings.

Table 4. Robustness tests for models with fixed effects.

1) ) 3)
Variables IC IC I1C
Al 0.031 *** 0.033 *** 0.038 ***
(0.009) (0.010) (0.009)
Constant 5.876 *** 6.285 *** 6.276 ***
(0.498) (0.551) (0.524)
Controls Yes Yes Yes
Year FE Yes Yes Yes
Firm FE Yes Yes Yes
Province-Year FE Yes No No
City-Year FE No Yes No
Industry-Year FE No No Yes
N 19,191 19,191 19,191
Adjus’ced-R2 0.295 0.299 0.299

Note: Standard errors clustered at the firm level are reported in parentheses. *** indicate significance at the
1% levels.

5.2.3. Alternative Sample Periods

As an unexpected public health event, the COVID-19 pandemic not only exerted broad
impacts on corporate operations but may also have altered firms’ transformation and up-
grading strategies. To account for the potential effects of the pandemic, the sample is divided
into two sub-periods: the pre-pandemic period (2016-2019) and the post-pandemic period
(2020-2024), and regressions are conducted separately for each period. The results are re-
ported in columns (1) and (2) of Table 5. The results show that in the pre-pandemic sample,
the coefficient of Al is significantly positive, indicating a significant positive relationship
between Al and corporate internal control quality. In the post-pandemic period, the relation-
ship remains significantly positive and consistent with that observed before the pandemic.
Overall, the regression coefficients maintain the same sign and remain significant across both
periods, suggesting that the conclusion that Al improves corporate internal control quality is
robust and not substantially affected by exogenous shocks at specific points in time.

Table 5. Robustness tests for changing sample intervals and regression methods.

Alternative Sample Periods Dual Machine Learning
1) 2) 3)
Variables IC IC IC
Al 0.071 *** 0.028 ** 0.045 ***
(0.020) (0.011) (0.005)
Constant 2.358 6.588 *** —0.058 ***
(1.543) (0.810) (0.004)
Controls Yes Yes Yes
Year FE Yes Yes Yes
Firm FE Yes Yes Yes
N 5673 13,518 19,191
Adjusted-R? 0.424 0.305

Note: Standard errors clustered at the firm level are reported in parentheses. *** and ** indicate significance at the
1% and 5% levels, respectively.
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5.2.4. Alternative Empirical Method

Because corporate internal control is a complex system rather than a directly observable
variable, it is inherently abstract, and the factors affecting internal control are numerous and
interact in complex ways. As a result, traditional regression models may not fully capture
their underlying mechanisms. To address this concern, and following Chernozhukov et al.
(2018), this study employs a double machine learning approach as a robustness check.
The results are reported in column (3) of Table 5. The estimated coefficient on Al patents
is 0.042 and remains significant at the 1% level. This finding indicates that, after using
random forests to account for the nonlinear effects of high-dimensional control variables
and applying cross-fitting to mitigate overfitting, Al still significantly improves corporate
internal control quality. This result further confirms the robustness of the conclusion that
Al enhances internal control quality.

5.3. Endogeneity Analysis
5.3.1. Instrumental Variable Approach

To mitigate the potential effects of omitted variable bias and reverse causality on the
research conclusions, this study further employs an instrumental variable approach for
estimation. Following the identification logic of Borusyak et al. (2022), which constructs in-
strumental variables by interacting predetermined exposure with exogenous technological
shocks, this study uses the interaction between the city level Internet user ratio in 2002 and
the one period lagged level of firm Al application as the instrumental variable.

In terms of relevance, Al is a data intensive and network dependent technology, and
its adoption relies on regional digital infrastructure, network connectivity, and accumulated
information resources. Prior studies show that China’s digital economy has strong advan-
tages in information infrastructure, including mobile Internet, fiber optic networks, and
digital platforms, which provide an important foundation for firms’ digital applications
(H. Jiang & Murmann, 2022). Broadband and information infrastructure upgrading can
further promote firms’ digital transformation, technological innovation, and productivity
improvement (L. Zhang et al., 2022; Xu et al., 2023; M. Li et al., 2025), while Al adoption
is closely related to firm size, organizational capabilities, and the regional technological
environment (McElheran et al., 2024). Therefore, the city level Internet user ratio in 2002
captures the historical foundation of local information infrastructure and can affect firm Al
application by shaping subsequent digital technology diffusion, data resource accumula-
tion, and technological absorptive capacity. Its interaction with the one period lagged level
of firm Al application thus helps identify variations in Al application generated by the joint
effect of historical regional digital infrastructure and firms’ pre-existing Al technological
foundation. In terms of exogeneity, the 2002 city level Internet user ratio was formed before
the sample period and is unlikely to be affected by the internal control quality of individual
firms during the sample period. Moreover, prior studies suggest that digital technologies
affect internal control quality mainly through firm internal mechanisms, such as reducing
information asymmetry, lowering agency costs, and improving governance efficiency (Zhao
et al., 2023), rather than through a direct effect of historical regional Internet penetration.

To further examine the exclusion restriction, this study regresses internal control
quality on Al application, extracts the residual term, and tests whether the instrumental
variable significantly explains this residual. The coefficient of the instrumental variable has
a p value of 0.188, which is not statistically significant at conventional levels, indicating
that the instrument is not significantly associated with the residual component of internal
control quality after removing the effect of Al application. This result further supports the
argument that the instrumental variable affects internal control quality mainly through
firm Al application, rather than through an obvious direct channel.
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The two-stage regression results are reported in columns (1) and (2) of Table 6. Column (1)
of Table 6 presents the first-stage regression results of the IV estimation. The results show a
significant positive relationship between instrumental variable and the level of Al, indicat-
ing a strong correlation between the instrumental variable and the endogenous explanatory
variable. The Kleibergen—Paap rk Wald F-statistic is 34.149, which exceeds the Stock—Yogo
critical value, ruling out the possibility of weak instruments and confirming the validity
of the instrumental variable. Column (2) of Table 6 reports the second-stage estimation
results. Even after correcting for the potential endogeneity of Al, the Al variable still exerts
a significantly positive effect on corporate internal control quality. This result is consistent
with the baseline regression findings and further supports the hypothesis that Al positively
affects corporate internal control quality.

Table 6. Instrumental variable two-stage regression and DID regression results.

Instrumental Variable Approach DID Approach

1) (2) (3)
Variable Al IC IC
v 0.002 ***
(0.000)
Al 0.231 **
(0.113)
DID 0‘071 bR
(0.023)
Controls Yes Yes Yes
Year FE Yes Yes Yes
Firm FE Yes Yes Yes
Kleibergen-Paap rk Wald F 34.149
N 11,419 11,419 18,597

Note: Standard errors clustered at the firm level are reported in parentheses. *** and ** indicate significance at the
1% and 5% levels, respectively.

5.3.2. Difference-in-Differences Approach

To further identify the causal effect of Al on corporate internal control quality and
alleviate potential endogeneity concerns, this study follows Wen et al. (2025) and treats
the implementation of the National New Generation Artificial Intelligence Innovation
and Development Pilot Zone policy as an exogenous shock to construct a difference-
in-differences (DID) model. The establishment of pilot zones promotes the application
and industrialization of Al technologies through policy support and resource allocation.
Accordingly, a policy shock dummy variable is constructed: if the city where a firm is
located is designated as a pilot zone, the variable takes the value of 1 in the year of
designation and thereafter, and 0 in previous years; for firms located in cities that were not
designated as pilot zones, the variable is always set to 0.

The regression results are presented in column (3) of Table 6. The coefficient of the
exogenous policy shock variable is 0.071 and passes the statistical significance test. This
result indicates that after the policy implementation, firms in pilot regions exhibit signifi-
cantly higher internal control quality than those in non-pilot regions, with a difference of
approximately 7.1 percentage points. This finding suggests that Al-related policies improve
corporate internal control quality by promoting the adoption and application of Al technolo-
gies. The results confirm the validity of Al policy as an exogenous shock and support the
conclusion that Al significantly improves corporate internal control quality. This evidence
not only demonstrates the robustness of the baseline regression results but also indicates
that the findings are unlikely to be driven by reverse causality or omitted variables.
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5.3.3. Omitted Variable Bias Test

To further examine the potential problem of omitted variable bias, this study follows
Oster (2019) and conducts an omitted variable sensitivity analysis using the Oster method.
The results show that, when 5 is set to 1 and Rmax is set to 1.3R?, the calculated estimate 3*
falls within the 95% confidence interval of the baseline regression estimate, indicating that
the test is passed. When f3 is set to 0 and Rmax is set to 1.3R2, the value of & is 1.9822, which
is greater than 1, also indicating that the test is passed. These results suggest that this study
does not suffer from serious omitted variable bias and further support the hypothesis that
artificial intelligence improves corporate internal control quality.

6. Further Analysis
6.1. Mechanism Testing

To further examine the mechanisms through which artificial intelligence (AI) improves
corporate internal control quality and to test Hypotheses 2 and 3, this study conducts
mechanism analyses based on the models constructed above.

First, the human capital mechanism. Columns (1) and (2) of Table 7 report the regres-
sion results of Al with employee compensation and employee capability, respectively. The
results show that Al has a significantly positive effect on both variables. Specifically, the
coefficient of Al on employee compensation is 0.320 and is significant at the 1% level, while
the coefficient on employee capability is 0.005, also significant at the 1% level. These find-
ings indicate that the adoption of Al technologies increases firms’ demand for data analysis,
system operation, and risk identification capabilities, prompting firms to raise compensa-
tion levels, strengthen employee training, and recruit high-skilled talent to optimize the
human capital structure. As a result, the overall capability level of employees improves.
Employees with stronger knowledge and professional expertise are better able to under-
stand the intended design of internal control systems, implement control requirements
more consistently in operational processes, and actively contribute to risk identification,
information feedback, and audit support, thereby improving the effectiveness of internal
control. At the same time, the accumulation of human capital enhances internal information
communication, facilitates improvements in the control environment, and supports the
effective operation of monitoring mechanisms, ultimately strengthening overall internal
control quality. These results suggest that Al improves internal control quality by pro-
moting human capital upgrading and reinforcing the organizational foundations for the
implementation of internal control systems.

Table 7. Mechanism test results.

Capability Mechanism Constraint Mechanism
@® () (3 )
Variables Wage Ability MER ATO
Al 0.320 *** 0.005 ** —0.001 * 0.006 **
(0.076) (0.002) (0.001) (0.003)
Constant 5.314 0.095 —0.582 *** 2.183 ***
(5.788) (0.127) (0.061) (0.203)
Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
N 19,191 19,191 19,191 19,191
Adjusted-R? 0.861 0.854 0.870 0.852

Note: Standard errors clustered at the firm level are reported in parentheses. ***, ** and * indicate significance at
the 1%, 5%, and 10% levels, respectively.
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Second, the agency cost mechanism. Columns (3) and (4) of Table 7 report the regres-
sion results of Al with the management expense ratio and asset turnover ratio, respectively.
The results indicate that Al significantly restrains agency costs. The coefficient of Al on
the management expense ratio is —0.001 and is significant at the 10% level, suggesting
that Al adoption effectively reduces firms’ management expenses. Meanwhile, the coef-
ficient of Al on asset turnover is 0.006 and is significant at the 5% level, indicating that
Al improves the efficiency of asset utilization. These findings imply that the application
of AT helps curb managerial opportunistic behavior arising from information asymmetry
and insufficient supervision, thereby reducing agency costs. In addition, by embedding
control rules into business processes, Al enables continuous monitoring and anomaly
detection in key operational activities, making managerial practices more standardized and
transparent while improving resource allocation and execution efficiency. The resulting
reduction in agency costs creates favorable conditions for improving internal control quality.
When agency costs are lower, managers have fewer incentives to weaken internal control
systems, making it more likely that internal controls are genuinely established and effec-
tively implemented. Moreover, reductions in management expenses and improvements in
asset utilization further strengthen the effectiveness of control activities and monitoring
mechanisms, preventing internal controls from becoming merely formalistic. Therefore, by
reducing agency costs and strengthening internal oversight and governance constraints, Al
promotes improvements in corporate internal control quality.

6.2. Heterogeneity Analysis

To further explore the heterogeneous effects of artificial intelligence on corporate
internal control quality, this study conducts subsample regressions from three perspectives:
industry type, digital infrastructure level, and information transparency.

6.2.1. Industry Heterogeneity

Business process complexity and risk management requirements differ substantially
across industries, which may lead to variations in the application scope and governance
effects of Al in internal control. Therefore, the sample is divided into manufacturing and
non-manufacturing firms to examine industry heterogeneity in the impact of Al on internal
control quality. The regression results are reported in columns (1) and (2) of Table 8.

Table 8. Heterogeneity test results.

1) (2) 3) @) (5) (6)
Non- High Level of Low Level of High Low
Manufacturing Manuf . Digital Digital Information Information
anufacturing Infrastruct Infrastruct T T
nfrastructure Infrastructure ransparency ransparency
Al 0.048 *** 0.022 0.034 ** 0.022 0.033 *** 0.018
(0.011) (0.015) (0.014) (0.014) (0.012) (0.016)
Constant 6.755 *** 5.434 *** 5.026 *** 5.920 *** 6.615 *** 6.096 ***
(0.522) (0.888) (0.770) (0.738) (0.682) (0.871)
Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
N 12,672 6519 9412 9779 9849 9342
Adjusted—R2 0.289 0.296 0.283 0.318 0.303 0.254

Note: Standard errors clustered at the firm level are reported in parentheses. *** and ** indicate significance at the
1% and 5% levels, respectively.
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The results show that in manufacturing firms, the coefficient of Al is 0.048 and sta-
tistically significant, indicating that Al significantly improves internal control quality in
manufacturing firms. In contrast, the coefficient is not statistically significant for non-
manufacturing firms. This heterogeneity may be explained by the stronger fit between Al
technologies and the internal control scenarios of manufacturing firms. Compared with
non-manufacturing firms, manufacturing firms usually have more standardized produc-
tion processes, more structured operational data, and more quantifiable control points,
such as procurement, inventory management, production scheduling, quality inspection,
equipment maintenance, and logistics tracking. These characteristics make it easier for
Al to be embedded into business processes and control procedures, thereby supporting
real-time risk identification, exception detection, process monitoring, and responsibility
tracing (Dalenogare et al., 2018; Frank et al., 2019; Dubey et al., 2020; Biichi et al., 2020).
Therefore, in manufacturing firms, Al can generate a stronger marginal governance effect by
transforming internal control from experience-based and ex post supervision toward data-
driven, process-embedded, and continuous monitoring. By contrast, non-manufacturing
firms often rely more on flexible business models, service interactions, human judgment,
and tacit knowledge, and their control targets are relatively implicit and less standardized.
Although Al can improve information processing and decision support in these firms, its
application is less easily transformed into measurable control procedures and enforceable
monitoring mechanisms. This may weaken the marginal effect of Al on internal control
quality in non-manufacturing firms. Accordingly, the results suggest that the governance
effect of Al depends not only on whether firms adopt Al technologies, but also on the
degree of fit between Al applications, data characteristics, and internal control scenarios.

6.2.2. Digital Infrastructure Heterogeneity

The effective operation of Al technologies relies heavily on digital infrastructure,
including capabilities for data collection, transmission, storage, and processing. Significant
differences exist in the digital infrastructure environments across regions and firms, which
may affect the depth of Al application and its governance effects in internal control. To
further examine this heterogeneity, this study following Chao et al. (2021) measures the level
of digital infrastructure in the region where each firm is located and divides the sample into
high and low digital infrastructure groups based on the mean value. Subsample regressions
are then conducted, and the results are reported in columns (3) and (4) of Table 8.

The results show that in the subsample with higher digital infrastructure levels, the
coefficient of Al is 0.034 and significant at the 5% level, indicating that Al significantly
improves internal control quality in firms operating within a favorable digital environment.
In contrast, in the subsample with lower digital infrastructure levels, the coefficient remains
positive but is not statistically significant. This finding suggests that digital infrastructure
affects the degree of integration between Al and internal control processes, thereby shaping
the strength of its governance effects. Improvements in internal control quality depend not
merely on the adoption of Al technology but also on whether firms possess the necessary
data infrastructure and system integration capabilities to support its operation. Firms with
well-developed digital infrastructure are better able to integrate business, financial, and
management systems, enabling Al to be embedded in key control nodes and improving
the efficiency of anomaly detection, process monitoring, and risk warning. In contrast,
in firms with inadequate digital infrastructure, issues such as data silos and fragmented
systems hinder the continuous support of Al in control processes, limiting its effectiveness
in enhancing internal control quality.
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6.2.3. Information Transparency Heterogeneity

Information plays a crucial role in all economic activities and is essential for market
participants to make optimal decisions. Firms operating in environments with higher
information transparency have stronger incentives to improve internal control systems,
and managerial misconduct is more effectively constrained (J. Chen et al., 2016). Therefore,
differences in firms’ information transparency environments may influence the effectiveness
of Al in improving internal control quality. Following H. Wu et al. (2025), this study
adopts the information transparency rating disclosed by the Shanghai and Shenzhen Stock
Exchanges. Firms rated at “qualified” or above are classified as having relatively high
information transparency and assigned a value of 1; otherwise, they are assigned a value of
0. The regression results are presented in columns (5) and (6) of Table 8.

The results indicate that in the subsample with higher information transparency, the
coefficient of Al is 0.033 and significant at the 1% level, suggesting that Al significantly
improves internal control quality in environments with higher information transparency.
In contrast, although the coefficient remains positive in the low-transparency subsample, it
is not statistically significant. This finding implies that information transparency influences
the governance effects of Al by shaping the effectiveness of its information recognition and
monitoring mechanisms. In firms with higher transparency, data records and disclosures are
more complete and managerial discretion is more limited, enabling AI to more effectively
identify anomalies, detect control deviations, and strengthen supervisory constraints. In
contrast, in firms with lower transparency, incomplete data and insufficient disclosure limit
the ability of Al to obtain reliable signals, weakening its functions in risk warning and
process monitoring and reducing its effectiveness in improving internal control quality.

7. Conclusions and Implications
7.1. Conclusions

Enhancing corporate governance capacity is a crucial foundation for promoting high-
quality development, and the accelerated application of artificial intelligence (Al) provides
a new technological pathway for optimizing internal governance structures and improving
internal control quality. Using data from Chinese A-share listed companies from 2016 to
2024, this study systematically examines the impact of Al on corporate internal control
quality and its underlying mechanisms. The main findings are as follows. First, Al
significantly improves corporate internal control quality, and this conclusion remains robust
after a series of robustness checks and endogeneity tests. Second, Al enhances internal
control quality by promoting the upgrading of human capital structure and reducing agency
costs. Third, the effect of Al on internal control quality exhibits significant heterogeneity,
with stronger effects observed in manufacturing firms, firms with higher levels of digital
infrastructure, and firms operating in environments with greater information transparency.
Based on these findings, this study proposes policy and managerial implications on how
firms can strengthen governance capacity to support high-quality development.

7.2. Implications for Policy and Practice

First, from the government perspective, the Al policy framework should be further
improved to guide the deeper application of artificial intelligence in corporate governance
and internal control. Current policies mainly focus on the role of Al in promoting indus-
trial upgrading and technological innovation. In the future, institutional design should
place greater emphasis on the governance functions of Al in areas such as risk prevention,
compliance management, and internal supervision. By improving supporting regulations
and incentive mechanisms, policymakers can encourage firms to integrate Al technologies
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with the construction of internal control systems, thereby promoting the coordinated devel-
opment of new quality productive forces and the modernization of governance capacity.

Second, from the corporate perspective, the application of Al should be elevated
from a tool for improving operational efficiency to an important driver of internal gov-
ernance optimization. In the process of intelligent transformation, firms should embed
Al into key management processes such as budgeting, internal auditing, risk identifica-
tion, and process control, thereby enhancing the timeliness, precision, and traceability
of internal control through data-driven and intelligent analysis. At the same time, firms
should promote adjustments in organizational structures and management models and
strengthen human-machine collaboration, avoiding an overemphasis on technology while
neglecting governance, to fully realize the institutional benefits of Al for improving internal
control quality.

Third, greater attention should be paid to the supporting role of digital infrastructure
and human capital in enabling the governance effects of Al. The results show that the
improvement in internal control quality driven by Al is more pronounced in firms with
stronger digital infrastructure, indicating that the governance effect of Al exhibits certain
threshold characteristics. Governments and firms should therefore increase coordinated
investment in digital infrastructure and Al-related talent development. By strengthening
data governance capabilities, algorithm application capabilities, and the digital literacy
of managers, a solid foundation can be established for Al to effectively empower internal
control systems.

Fourth, while promoting the application of Al it is also important to address the poten-
tial governance risks associated with technology and ensure the coordinated development
of technological application and institutional regulation. Although Al can improve the effi-
ciency of internal control, it may also introduce new challenges, such as algorithmic opacity,
data compliance issues, and unclear accountability. Regulators and firms should therefore
improve internal accountability mechanisms and risk assessment systems alongside the
adoption of Al technologies, ensuring that Al operates within a framework that is secure,
controllable, and explainable, thereby achieving a balance between efficiency improvement
and risk prevention.

7.3. Limitations and Future Research

Despite providing new evidence on the relationship between artificial intelligence
(AI) and corporate internal control quality, this study has several limitations that suggest
directions for future research.

First, this study uses Al patents as a proxy for firm-level Al adoption. Although Al
patents can reflect firms’ technological accumulation and innovation activities related to
artificial intelligence, they may not fully capture the actual extent to which Al technologies
are adopted and embedded in firms’ daily operations, management processes, and internal
control systems. Some firms may adopt Al through external procurement, cloud-based
platforms, software services, or cooperation with technology providers without generating
Al patents. Conversely, some Al patents may reflect technological reserves rather than
actual business application. Therefore, the measurement of Al adoption in this study
may not fully capture the intensity, depth, and specific scenarios of firm-level AI use.
Future research could address this limitation by constructing more comprehensive and
multidimensional measures of Al adoption. For example, researchers may combine Al
patent data with textual information from annual reports, Al-related software investment,
digital technology expenditure, Al-related job postings, procurement data, survey data, or
case-based evidence. Such measures would help distinguish between Al innovation, Al
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adoption, and Al application intensity, and would provide a more accurate understanding
of how Al is integrated into corporate governance and internal control processes.

Second, the sample of this study is limited to Chinese A-share listed companies. Listed
firms generally possess stronger governance structures, better information disclosure, and
more abundant technological resources than small and medium-sized enterprises (SMEs).
Therefore, the findings of this study may have limited applicability to non-listed firms or
SMEs. Future research could incorporate data from non-listed firms to provide a more
comprehensive understanding of how Al affects internal control across different types
of enterprises.

Finally, the analysis is confined to the Chinese. China has a unique stage of digi-
tal transformation, which may influence both the adoption of Al and the functioning of
internal control systems. As a result, the conclusions drawn in this study may not be
directly generalized to other countries. Future studies could extend this research frame-
work to firms operating in different institutional and economic environments in order to
conduct cross-country comparisons and examine whether the governance effects of Al vary
across contexts.
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Appendix A

Table A1l. Main variables and definitions.

Variables Variable Name Definitions and Measurement Methods
Dependent Variable Internal control quality (IC) Internal Control Index /100
Independent Variable Artificial intelligence (AI) In(Al patent applications + 1)

(cash paid to and on behalf of employees-total executive

Mediating Variables = Employee compensation (Wage) compensation)/(number of employees on duty-number

of executives)

Employee capability (Ability)

Number of employees with a bachelor” degree or
above/number of employees on duty

Management expense ratio

(MER) Administrative Expenses/Revenue

Asset turnover ratio (ATO) Revenue/Average Total Assets

https://doi.org/10.3390/jrfm19070502


https://data.csmar.com
https://www.cnrds.com
https://www.cnrds.com
https://doi.org/10.3390/jrfm19070502

J. Risk Financial Manag. 2026, 19, 502

22 of 24

Table Al. Cont.

Variables Variable Name

Definitions and Measurement Methods

Firm size (Size)

Ln(Total Assets)

Firm age (Age)

Ln(listed years)

return on assets (ROA)

Net Income/Total Assets

Leverage (Lev)

Total Liabilities/ Total Assets

Cash ratio (Cash)

Ending Balance of Cash and Cash Equivalents/Current
Liabilities

Control Variables Board size (Board)

Number of Board Members

Independent directors (Indep)

Number of Independent Directors/Total Number of
Board Members

Concentration of shareholding
(TOP-1)

Largest shareholder’s ownership percentage

Two roles combined (Dual)

1 if The chairman and the general manager are the same

Nature of ownership (SOE)

1if it is a state-owned enterprise, 0 otherwise

Audit quality Set to 1 if audited by the Big Four, otherwise set to 0
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