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ABSTRACT
Although data asset disclosure signals firms’ competitive resource advantages, whether 
and how data asset disclosure influences investors’ perceptions remains unclear. Using a 
unique dataset comprising A-share listed firms in China from 2008 to 2023, this study 
finds that data asset disclosure mitigates stock mispricing. Such the effect is stronger for 
self-use data asset disclosure than transactional ones, and for firms with higher internal 
control quality, media attention, and institutional ownership. Further analysis reveals 
that Only routine and truthful disclosure is effective, while exaggerated disclosure 
backfires. These findings yield important theoretical and managerial implications for 
firms formulating data asset disclosure strategies.
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1. Introduction

Amid the rapid development of the digital economy and ongoing digital transformation globally, data assets 
have been widely recognised as the new oil that constitutes the fundamental component for firms’ 
sustainable operations in the digitalisation era. Data assets refer to data resources an enterprise legally 
holds, utilises, and manages for generating business values, demonstrating have multiple merits of improv
ing strategic resource allocations (Y. Li, Wang, and Zheng 2024), strengthening firm risk control (Dahiya, Le, 
and Kroll 2025), and enhancing managerial efficiency (Krause and Tse 2016). Hence, disclosing data assets to 
a broad range of stakeholders (data asset disclosure hereafter) can demonstrate firms’ competitiveness and 
growth potential in the digital era, fostering stakeholder trust that brings future economic benefits (Tang  
2024). For instance, in its 2023 annual report, Microsoft disclosed data assets of user data and transaction 
data generated throughout the processes of its products and services, including the specific items of user 
activity data, system log data, usage pattern data, cloud resource application data, and data sourced from 
operations and maintenance.1 Meanwhile, Microsoft also emphasised that these data assets not only drive 
innovative applications like intelligent functionalities and real-time noise suppression features within Teams, 
but also enhance operations management through accurate demand forecasting, comprehensive capacity 
optimisation, and data centre expansion. In this sense, data asset disclosure clarifies firms’ market growth 
potentials and anticipated future returns, mitigating information asymmetry among stakeholders and 
subsequently enhancing investor confidence.

Considering the surging importance of data asset disclosure in firms’ both operations management and 
market values creation, the extant studies are striving to examine the consequences of data asset disclosure, 
especially in financial terms of credit allocation, stock price synchronicity, and stock return idiosyncratic 
volatility (Qian, Pan, and Liang 2025; Sun and Du 2024; Wei et al. 2025). However, scant attention has been 
paid to its role in mitigating firms’ stock mispricing. Stock mispricing pertains to the particular phenomenon 
wherein a firm deviates from its intrinsic value (Lewis, Longstaff, and Petrasek 2021), posing considerable 
risks not only to investors and firms themselves but also to regulators via impairing resource allocation and 
even threatening the stability of financial system (Bofinger, Heyden, and Rock 2022). For instance, 
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GigaDevice Semiconductor Inc. (603986.SH) benefited from surging demand for AI-related computing power 
and rapid advancements within the Chinese semiconductor sector, leading analysts to predict the net profit 
growth rate of GigaDevice would exceed 20% per annum over 2024–2026. However, the lack of data assets 
disclosure in GigaDevice’s annual reports prevents investors from foreseeing its growth potential, resulting in 
a substantial underpricing of its price-to-earnings ratio, less than half the average of its peer firms in 2024. 
Such stock mispricing was later borne out by reality: on 25 April 2025, the company reported a net profit of 
RMB 1.103 billion for 2024, representing a year-on-year increase of 584.21%.2

Prior studies indicate that the core reasons of stock mispricing relates to information asymmetry among 
firms and capital market participants, which is much more evident in emerging markets such as China than in 
mature Western capital markets (W. Li and Zheng 2024). With the aim of exploring how to effectively 
minimise information asymmetry that leads to stock mispricing, building empirical evidences show that firm 
information disclosure could mitigate stock mispricing, such as corporate governance structure (Becker- 
Blease and Irani 2008), ESG practices (Lin, Zhu, and Meng 2023), and CSR initiatives (Wu et al. 2024). 
Nevertheless, we still do not know whether data asset disclosure can alleviate stock mispricing or not, 
especially given that such the information disclosure is neither formally recognised on balance sheets nor 
subject to mandatory disclosure regulations. When disclosing data assets, firms are confronted with con
trasting scenarios wherein stock mispricing takes place caused by distinct interpretations of competitors, 
investors, and analysts. On the one hand, data asset disclosure facilitates firms to demonstrate their 
competitive advantages resulting from data resources and value creation potentials, expecting to relieve 
financial constraints and boost market valuations via conveying signals to the market (Ni et al. 2024; Qian, 
Pan, and Liang 2025). For instance, Guiyang Bank pioneered the global launch of ‘data loan’ that leverages 
firms’ data asset disclosure to supplement commercial financing services for supporting corporate business 
operations. On the other hand, data asset disclosure may also pose the risk of exposing firms’ data 
competencies to their competitors, which generates noise in the capital markets due to the competitive 
imitations among rivals. Such noise would increase stock mispricing (Xue, He, and Yun 2025). Therefore, the 
main objective of this study is to fill in this gap via unveiling the influence of data asset disclosure on stock 
mispricing, especially through the lens of signalling theory.

Signalling theory interprets the impact of firm information disclosure on reducing information asymmetry 
in the capital market through the process of sending, processing and countering signals (B. L. Connelly et al.  
2011). Specifically, firms send signals to communicate their unique attributes to stakeholders and the public, 
who could be affected through the reduction of information asymmetry. In this sense, data asset disclosure 
can act as a signal not only to aid investors in evaluating the value-generating potential of data assets and 
assessing the firm’s growth prospects (Hannila et al. 2022) but also to help them understand data-related 
risks, thereby enabling more accurate assessments of firms’ intrinsic value. This facilitates more rational 
investment decisions and fosters a convergence between the market value and the fundamental value, 
ultimately reducing the degree of stock mispricing. More importantly, signals are costly to send as they 
enable investors to distinguish low- and high-quality firms in the capital market (Lam 2018). The more 
specific and valuable signals firms send, the more favourable attention investors pay to them. In this sense, 
we also categorise data asset disclosure into two different types according to firms’ strategic utilisation 
preferences, i.e. self-use and transactional ones. Self-use data asset disclosure refers to firms announcing that 
they will integrate data assets into their own business operations process and improve operational efficiency 
and profitability. In contrast, transactional ones aim to provide or sell data assets to other business entities. 
Therefore, we tend to further examine the distinct effects of these two different disclosures on firms’ stock 
mispricing.

Moreover, signalling theory also highlights the efficacy of a signal is contingent upon signaller and 
receiver characteristics as well as the signalling environment (Bafera and Kleinert 2022). Following this 
guidance, we take three critical features from each theoretical components of signalling theory that 
contingently affect the effect of data assets disclosure, i.e. firms’ internal control quality, media attention, 
and institutional investors. Specifically, internal control refers to a set of governance mechanism for 
scrutinising, monitoring and safeguarding the details of information disclosure, reflecting the credibility of 
firm information disclosure and then influencing the effectiveness of these signals. With higher quality of 
internal control, firms’ data asset disclosure can be more truthful and complete and thereby strengthen its 
mitigating effect on stock mispricing. In addition, prior research also suggests that both the characteristics of 
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the signalling environment and the receivers significantly influence signal effectiveness through signal 
observability (Bafera and Kleinert 2022). Indeed, more observable signals to their intended recipients are 
more likely to exert a stronger influence (Lam 2018). Within this context, we propose that media attention 
constitutes a critical element of the signalling environment, as it enhances signal observability. Similarly, the 
information demand and the information-processing capacity of institutional investors can further amplify 
signal observability. Taking such three factors within the signalling theory, we argue that higher internal 
control quality, greater media attention, and increased institutional ownership can reinforce the effect of 
data asset disclosure on mitigating stock mispricing, respectively. To sum up, this research focuses on firms’ 
data asset disclosure and aims to address the following research questions:

RQ1: How does data asset disclosure affect stock mispricing?

RQ2: How do firms’ internal control quality, media attention, and institutional ownership moderate 
the effect of data asset disclosure on stock mispricing?

To empirically test the theoretical propositions outlined above, this study constructs a measure of data asset 
disclosure based on the text analysis approach and utilises data from Chinese A-share listed companies over 
the period from 2008 to 2023, and subsequently employs panel data regression models to examine the 
impact of data asset disclosure on stock mispricing. The empirical findings indicate that data asset disclosure 
significantly mitigates stock mispricing. This mitigating effect is evident in both overpricing and underpricing 
scenarios, and is more pronounced for self-use data assets than for transactional data assets. Furthermore, 
the analysis of moderating effects reveals that the mitigating effect could be strengthened when firms have 
higher levels of internal control quality, receive greater media attention, and have higher institutional 
ownership. Further analysis reveals that this effect is contingent on the normal data asset disclosure, and 
it is no longer observed when firms engage in exaggerated or overstated disclosure.

This study offers three marginal contributions. First, it enriches the literature on the determinants of stock 
mispricing. While previous research has primarily focused on the role of financial information (Berkman et al.  
2009; Pantzalis and Park 2014) or mandatory non-financial disclosure (W. Li and Zheng 2024; Wu et al. 2024), 
this study shifts attention to the voluntary disclosure of non-financial information, revealing that data asset 
disclosure exerts a significant influence on stock mispricing. Second, it extends the research on the financial 
consequences of data asset disclosure. In contrast to existing studies that examine its effect on pricing 
efficiency via stock price synchronicity and stock return idiosyncratic volatility (Qian, Pan, and Liang 2025; 
Sun and Du 2024; Wei et al. 2025), this study adopts a stock mispricing perspective and finds that data asset 
disclosure can alleviate pricing inefficiencies and affirm its value relevance. Finally, by integrating signalling 
theory into the analytical framework, we conceptualise the disclosed data asset as a signalling mechanism 
and empirically test its effect on stock mispricing. We further explore the heterogeneity of this effect under 
varying contextual conditions, thereby identifying the contingencies under which data asset signals remain 
effective. In doing so, this study extends the application of signalling theory and offers a theoretical basis for 
understanding the capital market value of other forms of voluntary disclosure.

2. Literature review and theoretical background

2.1. Stock mispricing and information asymmetry

Stock mispricing reflects the extent to which information is accurately incorporated into market prices, and 
one of its fundamental causes lies in the information asymmetry between firms and investors (Caglayan et al.  
2020). When investors lack access to comprehensive and reliable firm-specific information, they are unable to 
accurately assess the intrinsic value of a company’s stock, resulting in market prices that deviate from their 
fundamental values (Lewis, Longstaff, and Petrasek 2021). Information disclosure serves as an essential 
mechanism for mitigating such asymmetries among capital market participants. Accordingly, a growing 
body of literature has examined the relationship between information disclosure and stock mispricing from 
various perspectives, including the content of information disclosure, the characteristics of the signaller, the 
information environment, and the receivers.
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Regarding the content of disclosure, prior studies have found that the issues of CSR reports and key audit 
matters can reduce information asymmetry and alleviate stock mispricing (W. Li and Zheng 2024; Wu et al.  
2024). However, the disclosure of ESG reports has been found to mitigate underpricing but not overpricing of 
stocks (Bofinger, Heyden, and Rock 2022; Lin, Zhu, and Meng 2023). Secondly, in terms of the signallers, firm 
ownership structure significantly affects corporate missions and resource allocation. Compared to state- 
owned enterprises, non-state-owned ones typically experience a greater degree of stock mispricing (C. Li 
et al. 2025). Furthermore, firms with stronger internal governance mechanisms tend to attract greater 
investor trust and attention, which may surprisingly give rise to more investor irrationality and thereby 
exacerbate pricing inefficiencies (Ruan, Li, and Huang 2025). Thirdly, the information environment plays 
a crucial role in shaping how information is transmitted and interpreted by investors. Media coverage, for 
instance, can influence stock mispricing, with negative news amplifying mispricing and positive news 
mitigating it (Narayan and Sharma 2023). Analyst recommendations affect the cost of information acquisition 
and interpretation by investors, but their impact on stock mispricing varies significantly across institutional 
settings. In underdeveloped markets and those with lower levels of individualism, such recommendations 
tend to be more valuable and can help reduce mispricing (Azevedo and Müller 2024). Social media with 
interactivity and dynamism characteristics facilitates information integration among retail investors and then 
contributes to the correction of stock mispricing (Shu 2024). Lastly, concerning the receiver, investor 
cognition, attention, and sentiment all exert significant influences on asset pricing (Caglayan et al. 2020). 
In particular, divergent investor cognition has been shown to amplify pricing errors (Han et al. 2022). 
Heightened investor attention tends to intensify emotional responses (Andrei and Hasler 2015), fuelling 
optimistic biases regarding firm prospects (Dong, Miao, and Wang 2020), which in turn drives stock prices 
above intrinsic value. Moreover, institutional herding behaviour among investors can further widen the gap 
between market prices and fundamental values (Hommes et al. 2008).

2.2. Data asset disclosure

Data assets refer to data resources that a firm legally holds, utilises and manages with the potential to 
generate future economic benefits (Tang 2024). As an emerging category of assets, data assets represent an 
enterprise’s proprietary technological rights in digitalisation and data utilisation (Feng et al. 2025). For 
instance, firms leverage advanced information technologies and data analytics tools, such as data storage 
systems, information and communication infrastructure, and related technologies (Tian and Ou 2024) to 
accumulate, manage, and exploit vast volumes of data. These data resources generate value through their 
interaction with specific application scenarios (Pang et al. 2025), thereby giving rise to data assets. Scholars 
have found that data assets play a pivotal role in supporting corporate business intelligence decision-making 
and enhancing the agility and efficiency of business processes (Desgourdes and Ram 2024; Gupta et al. 2025; 
Scuotto et al. 2020; Singh, Sharma, and Dhir 2021). Moreover, they contribute to promoting green innovation 
(Zhang et al. 2025), reducing managerial costs (Bhatti et al. 2021; Thekkoote 2021), and strengthening firm- 
level market competitiveness (R. Chen et al. 2025).

Data asset disclosure constitutes an effective affirmation of the economic value embedded in data 
resources. By providing supplementary explanation and contextual elaboration, such disclosure enhances 
the transparency of listed firms (Kim and Yasuda 2019; Y. Li et al. 2022). Existing studies on data asset 
disclosure have primarily focused on its implications for corporate financing, stock price synchronicity, and 
stock return idiosyncratic volatility. Specifically, prior studies have shown that data asset disclosure improves 
information transparency, sustains long-term investor attention and facilitates greater access to bank 
lending (Qian, Pan, and Liang 2025). Meanwhile, data asset disclosure also mitigates information asymmetry. 
It promotes long-horizon institutional investment, thereby reducing stock price synchronicity (Sun and Du  
2024). Then it further alleviates analyst forecast bias and noise trading-driven order imbalance, thereby 
dampening stock return idiosyncratic volatility (Wei et al. 2025). However, relatively limited attention has 
been devoted to examining the impact of data asset disclosure on stock mispricing. While extant research 
has investigated the effects of data asset disclosure on stock price synchronicity and stock return idiosyn
cratic volatility, these constructs diverge fundamentally from stock mispricing in terms of how they affect 
market pricing efficiency.
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In light of this research gap, the present study seeks to investigate how data asset disclosure influences 
stock mispricing and under what conditions this relationship is subject to variation. Drawing on signalling 
theory, we conceptualise corporate data asset disclosure as a strategic signal transmitted by firms. We 
examine how these signals affect stock mispricing and whether the effects differ depending on the nature of 
the signal (namely, the self-use data asset disclosure or transactional data asset disclosure). Moreover, we aim 
to elucidate how the characteristics of the signaller (i.e. the internal control quality), the signalling environ
ment (i.e. media attention), and the receiver (i.e. the institutional ownership) moderate the relationship 
between data asset disclosure and stock mispricing.

2.3. Signalling theory

Signalling theory applies to information asymmetry contexts wherein one party holds private information 
that is not readily observable by the other (Bafera and Kleinert 2022). Therefore, signalling theory emphasises 
three fundamental elements, i.e. signaller, signals and signal receivers (B. Connelly et al. 2024). The signaller, 
who holds complete information, transmits a signal to the receiver and helps to alleviate information 
asymmetry between the two parties (Nishant, Teo, and Goh 2017). Upon observing the signal, the receiver 
interprets it and makes subsequent decisions (Nishant, Teo, and Goh 2017).

Previous research has highlighted that the effectiveness of a signal hinges on two core attributes, i.e. its 
cost and its observability (B. Connelly et al. 2024). The former reflects the expenditure associated with 
generating a signal (e.g. the adoption costs of specific practices). At the same time, the latter indicates the 
extent to which the signal is observable and recognisable by the receiver (W. Liu et al. 2020). A signal must be 
costly to be considered credible (Drover, Wood, and Corbett 2017). In other words, the signal cost signifi
cantly influences the signalling effectiveness, with higher-cost signals being less susceptible to manipulation 
and thus considered more reliable (Narasimhan et al. 2015). Moreover, Narasimhan et al. (2015) noted that 
signal effectiveness improves when it conveys novel information to the receiver. In this sense, the more 
observable a signal is to its receiver, the greater its efficacy could achieve. The observability of a signal 
depends mainly on the signalling environment, which directly influences how effectively the signal is 
perceived (Lam 2018). In addition to the environment, the characteristics of the receiver also play a crucial 
role, given that the greater the receiver’s willingness and capacity to interpret the signal, the more effective 
the signal becomes (Bafera and Kleinert 2022).

Grounded in the signalling theory, this study posits that firms’ data assets disclosure conveys critical 
information to investors, thus reducing information asymmetry and mitigating stock mispricing. Such 
disclosure can serve as an effective signal because data asset information meets the two fundamental 
criteria of signalling theory: costliness and observability. Specifically, the formation of data assets requires 
considerable investment of time, financial resources, and intellectual capital. Moreover, such disclosure 
reveals information related to a firm’s technological capabilities, value creation potential, and risk profile, 
all of which are recognisable and interpretable by relevant stakeholders. Based on this theoretical founda
tion, the following subsections examine how data asset signals affect stock mispricing by shaping investors’ 
assessments, and how the characteristics of the signaller, the signalling environment, and the receiver 
further condition this relationship.

3. Hypothesis development

3.1. Data assets disclosure and stock mispricing

Drawing upon signalling theory, we argue that firms’ data asset disclosure can mitigate information 
asymmetry between firms and investors. The spillover effect of information and its impact on decision- 
making have become core characteristics of the modern economic system. This characteristic is not only 
reflected in international cooperation within the real economy (Zhang et al. 2025), but also notably 
prominent in the information transmission of the capital market. Data asset disclosure enhances investors’ 
understanding of the value-creating potential and inherent risks, supporting a more informed assessment of 
firms’ intrinsic value and reducing stock mispricing (Clarkson et al. 2013).
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First, data asset disclosure enhances investors’ understanding of a firm’s value creation capacity. Although 
data assets hold significant potential, their value is context-specific and emerges through particular application 
scenarios. By clarifying how data are collected, stored, and applied in production, operations, and decision- 
making (Rassier, Kornfeld, and Strassner 2019), firms can explain the concrete ways in which value is generated. 
Such transparent disclosure enables investors to understand these mechanisms better, reducing mispricing 
caused by informational opacity. For instance, when firms disclose how they use advanced data analytics to 
build customer profiles and implement precision marketing, they send a clear signal of their capacity to 
optimise decision-making, reduce marketing costs, and enhance economic returns (Hannila et al. 2022).

Second, data asset disclosure allows investors to better understand the risks associated with data assets. 
These risks often stem from technological vulnerabilities and regulatory compliance issues, both of which 
introduce substantial uncertainties to future cash flows (Balboni and Francis 2025; Cao, Phan, and Silveri  
2024). Key disclosures should cover legal and technical disputes, data ownership, compliance in proprietary 
asset development, and high-risk activities such as securitisation, pledging, and trust-based financing. These 
adequate disclosures help investors avoid misjudging these risks, make more accurate investment decisions, 
and prevent mispricing. Taken together, data asset disclosure constitutes a credible signal that informs 
investors of both the value-generating potential and the inherent risks of data assets. By incorporating these 
dual aspects into firm valuation and trading decisions, investors can develop a more balanced under
standing, promoting rational investment behaviour and mitigating stock mispricing.

H1a: Voluntary data asset disclosure mitigates stock mispricing.

Corporate data assets can be broadly categorised into self-use data assets (SDA) and transactional data assets 
(TDA) based on their intended use (L. Chen 2024). SDA are derived from a firm’s internal operations and are 
subsequently collected, processed, and analysed to support production management, strategic decision- 
making, and business process optimisation. These assets play a key role in enhancing operational efficiency 
and profitability (Ning, Jiang, and Luo 2023) by serving as internal inputs rather than being sold or 
transferred externally. In contrast, TDA are created through processing, organising, and removing sensitive 
information from raw data, to provide services or generate revenues through external sale or licencing 
(Abrardi, Cambini, and Pino 2024; Fernandez, Subramaniam, and Franklin 2020). These assets contribute 
directly to a firm’s income stream but generally do not constitute part of its core competitive resources.

Compared to TDA, SDA are more deeply embedded in a firm’s production, operational, and decision- 
making processes and represent a core source of competitive advantage (Ruffoni and Reichert 2024). Firms 
may therefore adopt a more conservative disclosure strategy for SDA due to concerns over technology 
leakage. Disclosed SDA information often provides a greater degree of surprise and richer informational 
content for investors. Unlike TDA, SDA is typically tailored to a firm’s internal needs. Its development involves 
more complex data acquisition and processing procedures, and incurs substantially higher costs. Firms bear 
full lifecycle responsibilities for these assets, including quality assurance, data security, regulatory compli
ance, and regular updates (Kruesi, Burstein, and Tanner 2020; Q. Zhang, Sun, and Zhang 2022). These 
obligations imply ongoing investment and high maintenance costs. According to the signalling theory, 
signals that involve higher costs are generally perceived as more credible (Drover, Wood, and Corbett 2017). 
As such, the disclosure of SDA information conveys a more credible signal to investors and is likely to exert 
a more substantial mitigating effect on stock mispricing.

H1b: Compared with transactional data assets, the disclosure of self-use data assets has a more 
pronounced mitigating effect on stock mispricing.

3.2. Moderating factors

According to the signalling theory, the characteristics of the signaller, the signal environment, and the 
receiver jointly influence the effectiveness of a signal (Bafera and Kleinert 2022), which in turn shapes the 
informational value it conveys. Hence, we investigate how the internal control quality, as a key attribute of 
the signaller, moderates the relationship between data asset disclosure and stock mispricing. Since the 
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generation of data asset information must pass through a series of internal control processes within an 
enterprise (Abraham, Schneider, and Vom Brocke 2019), the effectiveness of the enterprise’s internal control 
determines the reliability of the data asset signals. Furthermore, media attention, an essential component of 
the signal environment, plays a pivotal role in enhancing the observability of data asset signals. Thus, we 
explore how media coverage affects the efficacy of data asset disclosure in mitigating stock mispricing. 
Lastly, we examine how the characteristics of institutional investors (i.e. signal receivers) shape their 
perception and interpretation of data asset signals and, consequently, determine the extent to which such 
disclosure alleviates stock mispricing.

3.2.1. Internal control quality
Internal control refers to a structured set of processes and mechanisms to safeguard assets, ensure the 
accuracy and compliance of financial reporting, and enhance operational efficiency and organisational 
sustainability (Cheng, Goh, and Kim 2018). The high quality of internal control system typically comprises 
the following core components include the control environment, risk assessment, control activities, informa
tion and communication, and internal monitoring. Functioning as the foundational infrastructure of corpo
rate governance, internal control provides the mechanism through which governance practices are 
operationalised and exert influence on corporate behaviour. As such, internal control directly contributes 
to the regulation of organisational decision-making and exerts a significant impact on firms’ disclosure 
practices (Liao, Mukherjee, and Wang 2015).

Prior research has demonstrated that internal control contributes to enhancing both financial and non- 
financial information disclosure, thereby mitigating stock price crash risk and improving earnings quality 
(Ashbaugh-Skaife, Collins, and Kinney 2007; Callen and Fang 2015. Specifically, internal control can serve as 
a critical governance mechanism that effectively translates external pressures into substantive information 
disclosure practices, particularly when external media scrutiny or competitive market pressures are intensi
fied (Elsayed and Elshandidy 2021; J. Zhang, Zhang, and Zhang 2024). Even though both China’s Basic 
Standards for Enterprise Internal Control (2008) and the COSO Framework (2013) have extended the scope of 
internal control from its traditional focus on financial information to encompass both financial and non- 
financial information (Alshaiti 2023), it remains unclear whether the risk-reducing effect of data asset 
disclosure is amplified or not with the increasing of internal control strength. As data asset disclosure 
represents an extension of the corporate financial disclosure system and reflects corporate responses to 
the interests and concerns of various stakeholders, we posit that the effectiveness of a firm’s internal control 
system plays a crucial role in shaping the quality of its data asset disclosure through at least two moderating 
mechanisms as below.

First, the influence is particularly evident in the role of internal control components such as the informa
tion and communication function, which reduces errors in information flow, enhances the efficiency and 
precision of signal transmission, and strengthens interdepartmental coordination. These functions provide 
robust support for the collection, organisation, and dissemination of information, thereby improving the 
overall quality of disclosure. Second, internal control functions as an internal governance mechanism that 
constrains opportunistic disclosure behaviour. It limits managerial manipulation and restricts the selective 
amplification of favourable information, which in turn enhances the credibility and reliability of the signals 
emitted to the market. According to the signalling theory, the signal reliability is a key determinant of 
signalling effectiveness. Therefore, firms with higher-quality internal control are more likely to issue reliable 
data asset disclosure, which improves signal effectiveness and enhances their ability to alleviate stock 
mispricing.

H2: Higher internal control quality strengthens the mitigating effect of data asset disclosure on 
stock mispricing.

3.2.2. Media attention
The media possesses professional advantages in gathering, interpreting, and disseminating information, and 
functions as an accelerator in the interpretation and diffusion process (Bhattacharya et al. 2009). Media 
coverage helps reduce information asymmetry between firms and investors and enhances pricing efficiency 
in capital markets by lowering the cost for investors to access relevant information. We posit that media 
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attention can amplify the observability of signals as a fundamental component of the signal environment. As 
B. Connelly et al. (2024) highlighted, signals with greater observability tend to be more effective. Accordingly, 
firms that attract greater media attention are more likely to have their data asset disclosures interpreted and 
disseminated through media channels. This amplification increases the observability of data asset signals, 
enhances their signalling effectiveness, and thus more effectively mitigates stock mispricing.

In addition to its information-dissemination role, the media also serves a critical monitoring function by 
generating public resonance through news reporting. Prior studies have shown that managers may oppor
tunistically manipulate data asset disclosure for personal gain in contexts characterised by weak internal 
governance. For example, before executive share sell-offs, executives may deliberately exaggerate data asset 
disclosure in an attempt to inflate stock prices, to facilitate disposals at elevated valuations for greater 
personal gain (Garcia Osma, Scarlat, and Shields 2020). In such cases, media coverage can exert a monitoring 
function and curb managerial opportunism through public scrutiny (Dai, Parwada, and Zhang 2015). This 
external governance improves the credibility of disclosures, enhances the reliability of data asset signals, and 
strengthens its effectiveness in alleviating stock mispricing.

H3: Media attention strengthens the mitigating effect of data asset disclosure on stock mispricing.

3.2.3. Institutional ownership
According to the signalling theory, the characteristics of signal receivers significantly influence signal 
effectiveness (Bafera and Kleinert 2022). In capital markets, data asset signals are received by both individual 
and institutional investors. Institutional investors, in comparison to individual investors, typically hold larger 
shareholdings and possess greater resources, which makes them more willing and capable of bearing the 
considerable costs of acquiring and interpreting data asset disclosures.

First, in terms of informational receptiveness, institutional investors exhibit greater motivation to collect 
data asset information. Individual investors are generally less inclined to engage with data asset disclosures 
due to their smaller shareholdings and limited willingness to bear the substantial search and interpretation 
costs associated with the complex textual nature of such disclosures. By contrast, institutional investors 
prioritise long-term value and are generally more attentive to a firm’s growth potential. Data assets, as 
strategic resources, reflect a company’s technological capabilities and capacity for value creation, and align 
closely with the institutional investors’ preferences (Goldfarb and Tucker 2019). Consequently, this alignment 
increases their incentive to acquire and interpret data asset information, enabling more informed investment 
decisions and contributing to the mitigation of stock mispricing.

Second, in terms of interpretive capacity, institutional investors typically possess superior access to 
information channels and professional analytical expertise compared with their retail counterparts. Their 
investment strategies are generally characterised by greater prudence and informed judgement (Hu et al.  
2023; X. Liu et al. 2024). And they are better positioned to conduct professional analysis and due diligence, 
enabling them to identify the value-generating potential and inherent risks. As such, the signals embedded 
in the disclosure are more likely to be effectively assimilated into market prices through institutional 
investors’ informed interpretation and rational trading activities, which further alleviate stock mispricing.

H4: Institutional ownership strengthens the mitigating effect of data asset disclosure on stock 
mispricing.

To summarise, the conceptual model is shown in Figure 1.

4. Research design

4.1. Sample selection and data sources

We sampled Chinese A-share listed firms from 2008 to 2023 to test the theoretical contentions above. 
Chinese samples provide a highly relevant context for us to test our hypotheses, given that China has 
witnessed rapid growth in its digital economy in recent years. Specifically, listed firms in China generated 8.1 
zettabytes of data by the end of 2023, accounting for 10.5% of global data production and ranking second 
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worldwide. Moreover, these firms are increasingly disclosing data asset information in their annual reports, 
providing a highly appropriate empirical context for this research. Besides, the global financial crisis of 2008 
and its aftermath exposed fundamental flaws in traditional asset valuation frameworks. In response, firms 
and regulatory authorities began to re-evaluate the value and associated risks with non-physical assets. This 
shift contributed to the growing recognition of data assets as strategically essential components of corpo
rate value. Concurrently, the exponential growth of the internet and big data technologies has catalysed the 
development of digital infrastructure, which has facilitated the rapid growth of the digital economy and 
markedly expanded the scale of corporate data assets.

We apply the following sample refinement procedures to the initial dataset to enhance the robustness 
and reliability of the empirical analysis: (1) Firms in the financial and insurance sectors are excluded; (2) Firm- 
year observations within the first two years of listing are removed; (3) Observations with missing values are 
eliminated. And all continuous variables are winsorised at the 1st and 99th percentiles to mitigate the 
influence of outliers on the regression results. These screening procedures result in a final panel comprising 
37,254 firm-year observations.

We measure the level of data asset disclosure using textual analysis of firms’ annual reports, based on the 
frequency of data asset-related keywords. Media attention data are obtained from CNRDS, information on 
internal control quality is derived from the DIB database, and all remaining variables are collected from the 
CSMAR database.

4.2. Variable Measures

4.2.1. Dependent variable
Following (D. Liu, Sui, and Lung 2016), we measure stock mispricing (Misp) as the absolute deviation of 
a firm’s market value (P) from its intrinsic value (V), defined as: Misp=|1-V/P|. A higher value of Misp indicates 
a greater degree of deviation, i.e. a higher level of mispricing. Specifically, when V/P < 1, the market value 
exceeds the intrinsic value, suggesting that the stock is overpriced. Conversely, when V/P > 1, the market 
value is below the intrinsic value, indicating underpricing. The market value (P) is computed as the average 
closing price over all trading days in a given year. The intrinsic value (V) is estimated using the Residual 
Income Model (RIM) proposed by Frankel and Lee (1998). The Residual Income Model expresses a company’s 
intrinsic value as a function of its book value and future expected earnings, comprehensively incorporating 
information such as the company’s financial condition, profitability, and growth potential. This approach is 
relatively comprehensive and intuitive, as specified in Equation (1). Furthermore, to ensure the robustness of 
the research conclusions, we also use the industry-relative valuation method in the subsequent text to 
estimate the company’s intrinsic value for a replacement test. 

In Equation (1), bt denotes the book value of equity per share, and r represents the cost of capital. We 
adopt a fixed price of capital of 5% for r, as pioneering research in value investing has assumed a fixed cost of 
capital (Frankel & Lee, 1998). Moreover, the latest research literature based on China’s capital market has also 
followed this practice (Ruan, Li, and Huang 2025). Therefore, this paper uses a cost of capital rate consistent 
with theirs to ensure the comparability of the research conclusions. The f(.)t corresponds to analysts’ forecasts 

Data asset disclosure
SDA disclosure
TDA disclosure

Stock mispricing

Internal control
quality

Media
attention

Institutional 
ownership

H3
(+)

H4
(+)

H2
(+)

H1(-)

Figure 1. Research conceptual model.
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of future earnings. Drawing on the method proposed by (Hou, van Dijk, and Zhang 2012), we estimate f(.) 
using firm-level information to construct earnings forecasts, as specified in Equation (2): 

In Equation (2), Earnings i, t+j represents the firm’s projected earnings over the next one to three years, 
j takes values of 1, 2, and 3 respectively, the explanatory variables include: total assets per share (Asset), cash 
dividends per share (Dividend), earnings per share (Earnings), a dummy variable indicating whether dividends 
are paid (DD), a dummy variable indicating whether the firm has incurred a loss (Loss), and accruals per share 
(Accrual).

In addition, it is necessary to forecast the firm’s book value of equity per share for the subsequent two 
periods, to operationalise Equation (1) and compute intrinsic value. The relevant forecast models are 
presented in Equations (3) and (4): 

Where Dps denotes cash dividends per share.

4.2.2. Independent variable
Following the method proposed by Wei et al. (2025), we measure the level of data asset disclosure (DAD) by 
using the text mining approach with disclosure frequency serving as a proxy. One of the main challenges in 
identifying DAD is to disentangle its distinction from digital transformation and intellectual capital informa
tion disclosure. Unlike digital transformation and intellectual capital information disclosure, the purpose of 
data asset information disclosure is to demonstrate the scale, application scenarios, and potential economic 
benefits of data assets, thereby enhancing investor confidence and transparency by signalling firms’ data 
resources and their intrinsic value (L. Chen 2024). On the other hand, digital transformation information 
disclosure focuses on the implementation progress and outcomes of firm overall digital strategy, aiming to 
illustrate the impact of digital transformation on business processes, business models, and long-term 
competitiveness (Merín-Rodrigáñez, Dasí, and Alegre 2024), whereas intellectual capital information disclo
sure emphasises the accumulation of organisational knowledge and core competencies, seeking to reflect 
the companies’ long-term innovative capacity and sustainable development potential (Salvi et al. 2020). In 
this sense, one of the critical distinction between digital transformation and data asset disclosure lies in the 
emphasis of digital transformation on the application of digital technologies, which influences improve
ments in operational efficiency and cost reduction. In contrast, intellectual capital places greater emphasis 
on knowledge-based resources within a firm, as reflected through human capital (employee skills, innovation 
capabilities), market capital (customer relationships, brand value), and organisational capital (corporate 
culture, management processes). From this perspective, we focus on the disclosure of information pertaining 
specifically to data resources as a critical criterion to differentiate digital transformation and intellectual 
capital. This includes the types of data assets (e.g. user behaviour data, transaction data), methods for their 
valuation, and the extent and manner of their application in business operations.

We employ a four-step text mining approach to quantify sample firms’ data asset disclosure, which 
includes keywords identification, expert validation, keywords matching based on Python programming, and 
frequency calculation. Specifically, we first begin with identifying ‘data assets’ and ‘data resources’ as seed 
terms. Following prior studies on information disclosure (Pant et al. 2025), we then use the deep learning 
technique of Word2Vec neural network model to generate a set of semantically similar terms to these seed 
terms. It is noticeable that all the keywords in the corpus are contextualised in Chinese as our samples are 
listed firms in Chinese A-share markets. Meanwhile, we also categorise two distinct corpora regarding self- 
use data assets (SDA) and transactional ones (TDA). In particular, SDA supports strategic decision-making and 
business process optimisation by serving as internal inputs, such as system log data, usage pattern data, and 
cloud resource application data. TDA contributes directly to a firm’s income stream through external sales or 
licencing. For instance, Alibaba sold platform user data assets with removal of privacy-related information to 
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other manufacturing enterprises for enhancing their marketing intelligence. Compared to TDA, SDA is more 
deeply embedded in a firm’s production, operational, and decision-making processes and thereby repre
sents a core source of competitive advantage (Ruffoni and Reichert 2024).

Secondly, we invited four experts from both industry and academia in the field of data assets to validate 
the effectiveness of identified keywords. We only adopted keywords when there is agreement among three- 
quarters of these experts. Third, we then employed Python programming to mine and analyse the frequen
cies of identified keywords in annual reports of sample firms. Finally, we compute the frequency of all seed 
and similar terms appearing in each firm’s annual report. The data asset disclosure index is calculated 
according to Equation (5): 

Where Fre denotes the exact frequency of the n-th term in the constructed dictionary appearing in firm i’s 
annual report in year t, and TotalFre represents the total word count of the yearly report of firm i in year t. 
A higher DAD value indicates a higher level of data asset disclosure. Figure 2 illustrates the four-step 
workflow we adopted in the identification of sample firms’ data asset disclosure.

4.2.3. Moderating variables
We introduce three moderating variables to examine how the characteristics of the signaller, the signalling 
environment, and the receiver influence the relationship between data asset disclosure and stock mispricing 
(Misp).

First, we measure internal control quality (IC) by taking the natural logarithm of the internal control index 
disclosed in the DIB database, after adding one to the original index value. This variable captures the 
effectiveness of the firm’s internal control system, i.e. the reliability of the signal. Higher values indicate 
better internal control quality and thus greater credibility of the data asset disclosure signal.

Second, we measure media attention (Media) by calculating the natural logarithm of the total number of 
online and print news reports mentioning the target firm, with one added to the count. This variable 
captures the transparency of the signalling environment (An et al. 2022). Higher values indicate greater 
media exposure, which enhances both the observability and transmission efficiency of the signal.

Finally, we use the institutional ownership (Inst) to capture the characteristics of the signal receiver. This 
variable reflects the willingness and capacity of investors to receive and process information. A higher 

Figure 2. The four-step text mining strategy for data asset disclosure quantification.
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institutional ownership implies stronger interpretive capabilities and greater sensitivity to data asset infor
mation, which facilitates more effective incorporation of the signal into market pricing.

4.2.4. Control variables
Following the prior literature (Gao, Cui, and Xu 2025; Wang, Tang, and Li 2025; Yang et al. 2024), this study 
controls for basic firm characteristics and corporate governance attributes to account for other potential 
factors that may influence stock mispricing.

Basic firm characteristics comprise firm size (Size), leverage ratio (Lev), return on assets (Roa), cash flow 
ratio (Cashflow), revenue growth rate (Growth), book-to-market ratio (BM), ownership type (Soe), and listing 
age (Age). Specifically, firm size (Size) and ownership type (Soe) are associated with the firm’s business scope. 
Leverage ratio (Lev), return on assets (Roa), cash flow ratio (Cashflow), and revenue growth rate (Growth) 
reflect financial capacity. Listing age (Age) proxies for the firm’s stage in the life cycle, and book-to-market 
ratio (BM) captures the firm’s investment value. These variables are included to control for basic firm 
characteristics that may affect the degree of stock mispricing.

Corporate governance attributes include the shareholding ratio of the top three shareholders (Top3), 
managerial ownership (Mshare), board size (Board), the ratio of independent directors (Indep), and CEO 
duality (Dual). Top3 reflects ownership concentration and the control power of major shareholders. 
Managerial ownership (Mshare) represents the alignment of managerial interests with firm performance. 
Board size (Board) captures governance capacity. The ratio of independent directors (Indep) measures board 
independence. CEO duality (Dual) indicates the concentration of executive power. These variables are 
intended to control for managerial and supervisory influences on stock mispricing. The detailed definitions 
and measurements of all variables are provided in Table 1.

4.3. Model specification

We construct the following baseline regression model (Equation 6) to examine the effect of data asset 
disclosure on stock mispricing: 

Where the dependent variable Misp represents the level of stock mispricing, and the key independent 
variable DAD denotes the extent of data asset disclosure. Controls denote the set of control variables, with 
j indexing the number of covariates, i and t indicating firms and years, respectively. Firm and Year represent 
two-way fixed effects, and the term ε is the random disturbance term. Standard errors are clustered at the 
firm level to account for within-firm correlation.

In Equation (6), a significantly negative coefficient for the data asset disclosure level (DAD) (i.e. β1 < 0) 
supports Hypothesis H1a. We conduct subgroup analyses using the exact specification as Equation (6) to test 
H1b, H2, H3, and H4.

5. Empirical results and analysis

5.1. Descriptive statistics

Table 2 presents the descriptive statistics of all variables. The mean value of Misp is 0.669, and the standard 
deviation is 0.468. This reflects a notable deviation between market values and intrinsic values among 
sample firms, suggesting substantial heterogeneity in stock mispricing levels. These findings are broadly 
consistent with prior studies (C. Li et al. 2023; Lin, Zhu, and Meng 2023; Ruan, Li, and Huang 2025). The mean 
value of the data asset disclosure level (DAD) is 0.052, and the standard deviation is 0.148, suggesting that 
the overall level of data asset disclosure among Chinese listed firms is relatively low and exhibits consider
able variation. The descriptive statistics for the remaining control variables are mainly consistent with prior 
empirical findings (Jiang, Zhu, and Li 2024; B. Qian and Tan 2024; Wang, Tang, and Li 2025).

From a temporal perspective, as shown in Figure 3, the number of enterprises disclosing data asset 
information has shown a significant overall upward trend. This trend intuitively reflects the increasing 
emphasis on data assets by enterprises. At the same time, the average value of enterprises’ annual data 
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asset information disclosure has also maintained steady growth, which means enterprises are more inclined 
to proactively release key information related to their own long-term growth potential and core develop
ment directions. This serves to convey enterprises’ layout and value in the field of data assets, and alleviates 
information asymmetry between enterprises and their stakeholders.

5.2. Baseline regression results

The baseline regression results are presented in Table 3. Column (1) shows that data asset disclosure (DAD) is 
significantly negatively associated with stock mispricing (Misp) at the 1% level, indicating that a higher level 
of data asset disclosure corresponds to a lower degree of stock mispricing. From the perspective of economic 
significance, each standard deviation increase of data asset disclosure mitigates the mean of 2.3% decrease 
in sample firms’ stock mispricing, bringing corporate market values closer to their intrinsic values. This effect 
enhances pricing efficiency in capital markets and, consequently, effectively safeguards investor interests. 
Specifically, data asset disclosure not only navigates investors to conserve investment costs to achieve 
expected returns when stock prices are overvalued, but also assists investors in identifying the firm’s true 
market values and further maintaining investor confidence when stock prices are undervalued. Columns (2) 
and (3) of Table 3 report the results for overpricing and underpricing stocks, respectively, to further 
distinguish the direction of stock pricing deviation. The findings suggest that data asset disclosure helps 
to mitigate both stock overpricing and underpricing. By improving investors’ ability to assess firms’ intrinsic 
value, such disclosure supports more rational investment decisions, which in turn helps market prices better 
reflect fundamental value and mitigates stock mispricing. Hence, Hypothesis H1a is supported.

Hypothesis H1b is tested by replacing the data asset disclosure (DAD) variable in Equation (6) with self-use 
data asset (SDA) disclosure and transactional data asset (TDA) disclosure, which respectively capture the 
disclosure of self-use data assets and transactional data assets. The results are reported in Columns (4) and (5) 
of Table 3. The estimated coefficients are −0.562 for self-use data asset disclosure and −0.105 for 

Table 1. Variable definition and measurement.
Variable Symbol Measurement Data source

Dependent variables
Stock mispricing Misp |1- a firm’s market value/average closing price across all trading days in 

a given year|
China Stock Market & 

Accounting Research (CSMAR)

Independent variables
Data asset disclosure DAD Frequency of data asset terms/Total word count of annual report *1000 Chinese Research Data Services 

Platform (CNRDS)Self-use data asset 
disclosure

SDA Frequency of self-use data asset terms/Total word count of annual report 
*1000

Transactional data 
asset disclosure

TDA Frequency of transactional data asset terms/Total word count of annual 
report *1000

Moderator variables
Internal control 

quality
IC Ln (1 + Internal Control Index) DIB

Media attention Media Ln (1 + number of media reports on the firm) CNRDS
Institutional 

ownership
Inst Number of institutional ownership/Total shares outstanding CSMAR

Control variables
Firm size Size Natural logarithm of total corporate assets CSMAR
Leverage ratio Lev The ratio of total liabilities to total assets at the end of the period
Return on assets Roa The ratio of net profit to total assets of the enterprise
Cash flow ratio Cashflow The ratio of net cash flows from operations to total assets
Revenue growth rate Growth (current year’s operating income – previous year’s operating income)/ 

previous year’s operating income
Book-to-market ratio BM Ratio of book value to market value
State-owned 

enterprise
Soe State-owned enterprises are assigned a value of 1, and non-state-owned 

enterprises are assigned a value of 0
Listing age Age Logarithm (current year−listed year +1).
Ownership 

concentration
Top3 The shareholding ratio of the top three shareholders

Managerial ownership Mshare Percentage of the total share capital of management-owned stations
board size Board Natural logarithm of the total number of board members
Ratio of independent 

directors
Indep The ratio of the number of independent directors to the total number of 

board members
Duality Dual The chairman of the board, who is also the general manager, takes 

a value of 1. Otherwise, it takes the value of 0
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Figure 3. Count variation by year.

Table 3. Baseline regression results.

Variation

H1a H1b

Full sample Overpricing sample Underpricing sample Full sample Full sample
(1) (2) (3) (4) (5)

Misp Misp Misp Misp Misp

DAD −0.103*** −0.049** −0.279*
(−3.840) (−2.431) (−1.649)

SDA −0.562***
(−3.553)

TDA −0.105***
(−3.592)

Size 0.057*** 0.023*** 0.248*** 0.056*** 0.057***
(5.028) (3.634) (4.988) (4.964) (5.006)

Lev −0.293*** −0.387*** 2.837*** −0.293*** −0.292***
(−8.805) (−14.890) (11.101) (−8.804) (−8.786)

Roa −2.678*** −3.209*** 7.904*** −2.678*** −2.677***
(−38.410) (−47.237) (11.675) (−38.404) (−38.402)

Cashflow −0.233*** −0.898*** 2.616*** −0.231*** −0.232***
(−4.285) (−25.240) (13.049) (−4.245) (−4.276)

Growth −0.016*** −0.008** −0.040* −0.016*** −0.016***
(−2.907) (−2.045) (−1.858) (−2.915) (−2.901)

BM −0.624*** −0.757*** 2.068*** −0.624*** −0.624***
(−15.273) (−30.785) (10.935) (−15.254) (−15.265)

Soe −0.021 −0.003 0.040 −0.022 −0.021
(−1.144) (−0.219) (0.513) (−1.179) (−1.143)

Age −0.150*** −0.126*** 0.185** −0.150*** −0.150***
(−6.302) (−9.072) (2.402) (−6.270) (−6.301)

Top3 0.136** −0.001 −0.133 0.139** 0.136**
(2.331) (−0.024) (−0.696) (2.401) (2.337)

Mshare 0.078* 0.057** 0.202 0.079* 0.078*
(1.705) (1.985) (0.770) (1.741) (1.708)

Board 0.020 0.003 −0.136 0.020 0.020
(0.593) (0.133) (−1.311) (0.586) (0.594)

Indep 0.103 −0.034 −0.451 0.105 0.103
(0.973) (−0.558) (−1.566) (0.986) (0.973)

Dual 0.003 −0.001 0.026 0.003 0.003
(0.393) (−0.243) (0.686) (0.388) (0.399)

_cons 0.033 0.938*** −8.052*** 0.050 0.037
(0.131) (6.984) (−6.813) (0.200) (0.150)

Year&FirmFE Yes Yes Yes Yes Yes
N 37,254 30,582 6672 37,254 37,254
r2 0.407 0.683 0.706 0.472 0.472
F 131.696 260.712 26.765 130.129 131.722

Note: ***p < 0.01, **p < 0.05, *p < 0.1.
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transactional type. This suggests that self-use data asset disclosure plays a stronger role in reducing stock 
mispricing than its transactional counterpart. These findings support Hypothesis H1b.

5.3. Regression results for moderating effects

We conduct a series of subgroup regressions to examine how the internal control quality, the media 
attention, and the institutional ownership moderate the relationship between data asset disclosure and 
stock mispricing. First, regarding the internal control index (IC), we split the sample into two groups 
according to the median value of annual industry: a high-IC group (greater than or equal to the median) 
and a low-IC group (below the median). Columns (1) and (2) of Table 4 report the regression results. We find 
that the regression coefficient of data asset disclosure on stock mispricing is significantly negative only in the 
high-IC group, and the difference between the two groups is statistically significant. This suggests that data 
asset disclosure is more credible when issued by firms with higher internal control quality. This improved 
credibility enhances the signalling effect and contributes more effectively to the mitigation of stock mispri
cing. These findings provide empirical support for Hypothesis H2.

Second, regarding the media attention (Media), we divide the sample into two groups according to the 
median level of annual industry: a high media-attention group (at or above the median) and a low media- 
attention group (below the median). Columns (3) and (4) of Table 4 report the regression results. We find that 
the regression coefficient of data asset disclosure on stock mispricing is significantly negative only in the 
high media-attention group, and the difference between the two groups is statistically significant. This 
suggests that greater media attention enhances the signal observability and improves the signalling 
environment, which in turn reinforces the mitigating effect of data asset disclosure on stock mispricing. 
These findings support Hypothesis H3.

Finally, concerning the institutional ownership (Inst), we divide the sample into two groups according 
to the median level of annual industry: a high institutional ownership group (greater than or equal to the 
median) and a low institutional ownership group (below the median). Columns (5) and (6) of Table 4 
report the regression results. We find that the regression coefficient of data asset disclosure on stock 
mispricing is significantly negative only in the high institutional ownership group, and the difference 
between the two groups is statistically significant. This suggests that firms with a higher proportion of 
institutional ownership are more willing and better equipped to receive and interpret data asset 
information. As a result, such information is more likely to be incorporated into stock prices and will 
exert a more substantial mitigating effect on stock mispricing. These findings provide empirical support 
for Hypothesis H4.

5.4. Robustness checks

5.4.1. Alternative measurements of stock mispricing
Following the approach of (W. Li and Zheng 2024), we re-measure stock mispricing by calculating the 
deviation between a firm’s market value and its intrinsic value. The deviation is denoted as Misp1, which is 

Table 4. Regression results for moderating effects.

Variation

H2 H3 H4

higher IC lower IC higher Media lower Media higher Inst lower Inst
(1) (2) (3) (4) (5) (6)

Misp Misp Misp Misp Misp Misp

DAD −0.130*** −0.062 −0.142*** −0.054 −0.179*** −0.015
(−3.637) (−1.625) (−3.723) (−1.600) (−4.165) (−0.480)

controls Yes Yes Yes Yes Yes Yes
_cons 0.209 −0.029 0.143 −0.014 0.701* −0.003

(0.522) (−0.114) (0.390) (−0.041) (1.724) (−0.011)
Year&FirmFE Yes Yes Yes Yes Yes Yes
N 18,815 18,439 18,875 18,379 18,649 18,605
r2 0.477 0.583 0.514 0.530 0.490 0.549
F 10.598 135.501 62.860 77.321 45.949 86.051
Bdiff (p value) 0.054 0.028 0.000

Note: ***p<0.01, **p<0.05, *p<0.1.
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calculated as: Misp1=|ln(M/V)|. In this equation, M represents the firm’s market value, defined as the sum of 
the market value of common equity and the book value of debt. We follow the method of (Rhodes–Kropf, 
Robinson, and Viswanathan 2005) and conduct regressions of model (7) by industry to estimate intrinsic 
value (V). We first estimate annual regression coefficients for each sector and then compute industry-level 
averages across years. Finally, based on these regression coefficients, each firm’s data are substituted into the 
corresponding industry equation to calculate its intrinsic value (V). The core idea of this method is that a set 
of common fundamental factors drives the value of companies within the same industry. 

In Equation (7), M is the firm’s market value, B is the total assets, and NI+ denotes the absolute value of net 
income. I( < 0) is a binary variable equal to 1 if net income is negative and zero otherwise. Lev represents the 
leverage ratio, μ is the residual term, i, j, and t denote firm, industry, and year, respectively. As reported in 
Column (1) of Table 5, data asset disclosure (DAD) is negatively and significantly associated with stock 
mispricing (Misp1) at the 1% level, thereby reaffirming support for Hypothesis H1a.

5.4.2. Alternative measurements of data asset disclosure
To address potential measurement errors in text-based disclosure metrics, the ‘data assets’ indicator from the 
CNRDS database is adopted to replace the measurement method of the independent variable. In the 
benchmark regression, we did not use CNRDS data as the primary measurement for two reasons: First, the 
database had a limited coverage scope in the early stage of the sample, which may lead to sample selection 
bias; Second, the total ‘data assets’ indicator it provides fails to be further divided into ‘self-use data assets’ 
and ‘transactional data assets’, making it impossible to accurately capture the differences in the impact of 
data assets on stock mispricing under different application scenarios. Despite the limitations above, as an 
independent third-party data source, the CNRDS database can effectively reduce systematic bias and 
enhance the reliability of the conclusions. The regression results in Column (2) of Table 5 show that both 
the coefficient direction and significance level of the explanatory variable are consistent with those of the 
benchmark regression.

5.4.3. Single-stage lag processing
We replace the dependent variable with its one-period lagged value (L.Misp) and re-estimate the baseline 
regression to account for possible lagged effects of data asset disclosure on stock mispricing. The coefficient 
of data asset disclosure (DAD) remains significantly negative, consistent with the previous findings, as 
presented in Column (3) of Table 5.

5.5. Addressing endogeneity concerns

5.5.1. Instrumental variable approach
We adopt an instrumental variable (IV) approach in line with prior studies (Chang, Jo, and Li 2018; Xu et al. 2014) to 
address potential endogeneity concerns arising from reverse causality. Two instruments are introduced. First, at 
the industry level, we use the annual industry-average data asset disclosure level (DAD_mean) as the first 
instrument, which is calculated by excluding the focal firm from the average. Specifically, the rationale is that 

Table 5. Results for robustness tests.

Variation
(1) (2) (3)

Misp1 Misp L.Misp

DAD −0.068*** −0.214*** −0.062*
(−3.904) (−2.758) (−1.684)

Controls Yes Yes Yes
_cons 0.979*** 0.052 −1.351***

(9.675) (0.209) (−4.788)
Year&FirmFE Yes Yes Yes
N 37,254 37,254 31,523
r2 0.498 0.472 0.384
F 32.505 130.620 11.860

Note: ***p<0.01, **p<0.05, *p<0.1.
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when the focal firm faces competitive pressure from peer firms within the same industry that disclose more data 
asset information in a given year, it is incentivised to enhance its own data infrastructure and disclosure practices. 
However, the disclosure behaviour of other firms in the same industry and year does not directly influence the 
focal firm’s stock mispricing. This independence satisfies the exclusion restriction. Second, at the provincial level, 
we use the number of years since the launch of a public data platform in the firm’s registered province (OL) as 
the second instrument. This is measured by the elapsed years since the platform’s launch. Specifically, the 
rationale is that the availability of public data resources is a key indicator of government support for data 
utilisation. The longer the duration of public data availability, the more developed the region’s data ecosystem is 
likely to be. Consequently, firms located in such provinces are more likely to engage in data-driven practices and 
voluntarily disclose data asset information. In Table 6, the p-value of the Hansen J-statistic is 0.229, indicating that 
we fail to reject the null hypothesis that all instruments are exogenous. The Kleibergen-PaaprkLM and Kleibergen- 
PaaprkWaldF statistics suggest that the model passes the under-identification and weak identification tests, 
respectively. Column (1) of Table 6 reports the first-stage regression results, showing that both instruments are 
significantly associated with firms’ data asset disclosure. Column (2) presents the second-stage regression results, 
where the coefficient of data asset disclosure remains significantly negative at the 1% level. These findings 
suggest that the main results are robust after addressing endogeneity concerns.

5.5.2. Heckman two-stage model
We implement the Heckman two-stage approach to address potential sample selection bias and validate the 
robustness of our results. In the first stage, we set the data asset disclosure as the dependent variable 
(DAD_dummy), assigning a value of 1 if data asset information is disclosed and 0 otherwise. The control variables 
from the original model are included as independent variables, and the industry-year average of data asset 
disclosure, excluding the focal firm (DAD_mean), is introduced as an exclusion restriction variable. This model is 
then estimated using Probit regression to obtain the inverse Mills ratio (IMR), with the results presented in column 
(1) of Table 7. In the second stage, we re-estimate the regression by including the IMR variable in model (4), as 
reported in column (2) of Table 7. The coefficient of the IMR is statistically significant, indicating the presence of 
selection bias. After controlling for this bias, the regression coefficient of data asset disclosure (DAD) about stock 
mispricing (Misp) remains significantly negative, thus reaffirming the robustness of the previous findings.

5.5.3. PSM estimation
This study employs the propensity score matching (PSM) method to conduct an endogeneity test, thereby 
mitigating potential interference from sample selection bias. The sample is divided into an experimental 
group and a control group based on whether firms disclose data asset information. The control variables 
from model (4) are selected as covariates, and nearest-neighbour matching is performed at a 1:2 ratio to 
identify a control group with similar characteristics to the treatment group. Table 8 presents the balance test 
results, where the absolute values of the standardised bias for the matching variables are all below 10%. The 
t-test results are not significant, indicating no systematic differences between the control and treatment 
groups. As shown in column (3) of Table 7, the results suggest that the data asset disclosure (DAD) remains 
significantly negatively correlated with stock mispricing (Misp), which is consistent with the previous 
findings, even after performing the PSM matching and controlling for sample selection bias.

Table 6. Results for the instrumental variable approach.

Variation
(1) (2)

DAD Misp

DAD −0.369***
(−5.27)

DAD_mean 0.842***
(13.67)

OL 0.006***
(2.71)

Controls Yes Yes
Year&FirmFE Yes Yes
N 37,254 37,254
Kleibergen-PaaprkLM 93.397
Kleibergen-PaaprkWaldF 98.292
Hansen J-statistic (p value) 0.229

Note: ***p<0.01, **p<0.05, *p<0.1.
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5.6. Further analysis

5.6.1. Strategic disclosure test
The above results confirm that data asset disclosure can alleviate stock mispricing. However, they do not 
necessarily indicate that this mitigating effect stems solely from the normal disclosure of information. Such 
information may also be subject to strategic disclosure behaviours. Data asset information represents 
valuable positive signals in the context of the digital economy. Managers may use the disclosure for personal 
gain, for example, they may strategically disclose data asset information to influence the capital market, 
steering decisions that favour their interests (Martinez-Ferrero, Suarez-Fernandez, and Garcia-Sanchez 2019) 
and enabling them to sell stocks at inflated prices. Additionally, data asset information disclosed by firms is 
mainly presented in complex textual form. This type of disclosure typically lacks relevant standards and is not 
subject to auditing procedures, which makes verification difficult (Fatemi, Fooladi, and Tehranian 2015). This 
situation grants managers considerable discretion. As a result, corporate managers may strategically disclose 
data assets to engage in concept marketing, divert stakeholder attention, and mislead investors’ assessments 
of the company’s value. To further examine whether the market can identify strategic data asset disclosure, 
this study, referring to Richardson (2006), constructs a model to determine the degree of data asset 
disclosure, as shown in Model (8). In regression models, the residual term reflects the difference between 

Table 7. Results for Heckman and PSM tests.

Variation
(1) (2) (3)

DAD_dummy Misp Misp

DAD −0.147*** −0.113***
(−4.814) (−4.057)

DAD_mean 1.043***
(4.814)

IMR 0.310***
(3.105)

Controls Yes Yes Yes
_cons −6.140*** −1.215** −0.181

(−28.225) (−2.367) (−0.615)
Year&FirmFE Yes Yes Yes
N 37,254 37,254 25,990
r2 0.473 0.411
F 125.860 107.277

Note: ***p<0.01, **p<0.05, *p<0.1.

Table 8. Sample balance test.

Variable
Unmatched 

Matched

Mean

%bias

t-test

Treated Control t p

Size U 22.464 22.122 26.2 24.59 0.000
M 22.463 22.468 −0.4 −0.3 0.764

Cashflow U 0.046 0.046 −0.4 −0.4 0.687
M 0.046 0.046 0.3 0.3 0.768

Growth U 0.147 0.165 −3.9 −3.55 0.000
M 0.147 0.147 0 0.01 0.992

Lev U 0.441 0.460 −9.1 −8.47 0.000
M 0.441 0.440 0.7 0.58 0.559

Roa U 0.024 0.027 −4.7 −4.41 0.000
M 0.024 0.025 −1.3 −1.02 0.308

Top3 U 0.461 0.468 −3.9 −3.68 0.000
M 0.461 0.465 −2.3 −1.87 0.062

BM U 0.326 0.316 6.6 6.18 0.000
M 0.326 0.328 −0.8 −0.69 0.490

Age U 2.334 2.355 −3.1 −2.94 0.003
M 2.334 2.329 0.8 0.69 0.493

Mshare U 0.128 0.093 20.3 19.16 0.000
M 0.128 0.129 −0.6 −0.49 0.625

Board U 2.107 2.134 −13.4 −12.59 0.000
M 2.107 2.104 1.3 1.09 0.274

Indep U 0.3806 0.374 11.7 10.98 0.000
M 0.3806 0.381 −0.2 −0.17 0.862

Dual U 0.307 0.239 15.2 14.36 0.000
M 0.307 0.300 1.6 1.27 0.202

Soe U 0.325 0.418 −19.4 −17.97 0.000
M 0.325 0.325 0 −0.03 0.980
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the observed values and the predicted values of the model, which represents the part that the independent 
variables and the model itself cannot explain. Based on this principle, in the context of this study, if the 
objective indicators of enterprises cannot explain the characteristics of data assets mentioned in the annual 
reports, this part of the difference will be presented as a residual term. Therefore, this study regards the 
abnormal disclosure of data assets in corporate annual reports as a specific manifestation of residuals and 
uses this to measure the subjective bias of enterprises in the disclosure of data assets. 

Where the dependent variable in this model is the level of data asset disclosure (DAD), and the 
explanatory variable is the annual industry average of other firms’ data asset disclosure (DAD_mean). The 
control variables (Controls) are consistent with the main test. Additionally, fixed effects for both firms and 
years are included. We estimate the normal level of data asset disclosure by using a regression model (8), 
with the residual (ε) representing the level of abnormal disclosure. A positive residual (ε > 0) indicates inflated 
disclosure, while a residual less than or equal to zero (ε ≤0) indicates no inflated disclosure. In this study, we 
categorise the sample into two groups based on whether the residual (ε) is greater than zero: the inflated 
disclosure group and the normal disclosure group. We then conduct regressions on both groups using 
model (6), as shown in columns (1) and (2) of Table 9. The results reveal that only in the normal disclosure 
group is there a significant negative correlation between data asset disclosure (DAD) and stock mispricing 
(Misp). The inflated disclosure group does not pass the significance test, suggesting that the negative 
correlation between the two is not driven by inflated disclosure. It is only the normal data asset disclosure 
that exhibits signal validity.

5.6.2. Phased test
Considering the emergence of digital and intelligent technologies and the implementation of digital 
economy policies in China, we also conduct a dynamic analysis of the effect of data asset disclosure by 
dividing the sample into three sub-phases, i.e. 2008–2013, 2014–2019, and 2020–2023. Specifically, during 
the first period, as shown in column (3) of Table 9, the coefficient of DAD is negative but insignificant. One 
plausible explanation is that firms were undergoing informatisation transformation during this phase, while 
the strategic significance of data assets had not yet been recognised by the market. With the advent of 
emerging ABCD digital technologies and the rise of the Web 2.0 era, data was formally recognised as a critical 
factor of production, thereby attracting increased attention from the capital market to data asset disclosure. 
Consequently, in the second period, as shown in column (4) of Table 9, the DAD coefficient becomes 
significantly negative at the 10% level, indicating that data asset disclosure begins to fulfil its role as 
a value signal and exerts a significant corrective effect on asset mispricing. Notably, as shown in column 
(5) of Table 9, the absolute value of the DAD coefficient in the third phase further increases to 0.113 and 
remains significant at the 1% level. This is attributable to the accelerating circulation and market-oriented 
allocation of data resources, which are driven by technologies such as 5 G and artificial intelligence as well as 
national initiatives like Made in China 2025. Hence, data asset disclosure has become an increasingly salient 
and indispensable factor in investors’ asset valuation processes with the proliferation of firm data resources 
and assets.

Table 9. Results for further analysis.

Variation

(1) (2) (3) (4) (5)
Exaggerated sample Normal sample 2008–2013 2014–2019 2020–2023

Misp Misp Misp Misp Misp

DAD 0.060 −0.205** −0.055 −0.075* −0.113***
(1.004) (−2.177) (−0.528) (−1.884) (−3.558)

Controls Yes Yes Yes Yes Yes
_cons 1.126*** −0.790** 1.199*** 0.720*** −1.036***

(3.867) (−2.060) (15.727) (2.826) (−10.097)
Year&FirmFE Yes Yes Yes Yes Yes
N 17,106 20,148 8771 14,526 13,877
r2 0.555 0.575 0.292 0.307 0.282
F 61.484 95.527 226.989 394.240 273.926
Bdiff(p value) 0.000 0.000

Note: There are inter-group differences between every pair of the grouped data in (3), (4), and (5). 
Note: ***p<0.01, **p<0.05, *p<0.1.
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6. Discussions and conclusions

Even though the rapid development of the digital economy and digital transformation requires firms’ data 
resources for gaining competitive advantages, we still lack knowledge about whether and how firms’ data 
asset disclosure can mitigate stock mispricing. In this regard, this study draws upon signalling theory to 
explore the effects of data asset disclosure on stock mispricing. Using data from Chinese A-share listed 
companies between 2008 and 2023, we first apply the textual analysis method to extract and quantify 
sample firms’ data asset disclosure from annual reports, and then empirically examine the effects of data 
asset disclosure on stock mispricing. The analysis results demonstrate that data asset disclosure can alleviate 
stock mispricing under both overpricing and underpricing scenarios. When categorising the context of data 
asset disclosure according to firms’ concrete and strategic utilisation preferences, we found that self-use data 
asset disclosure exerts a more substantial effect in alleviating stock mispricing compared to transactional 
ones. Meanwhile, higher quality of firms’ internal control, more media attention, and higher proportions of 
institutional ownership generate more pronounced mitigating effects of data asset disclosure on stock 
mispricing. Moreover, as firms may exaggerate their voluntary information disclosure for bragging advan
tages of data assets, we also investigate the potential effect of strategic data asset disclosure and found that 
inflated data asset disclosure does not exhibit signalling effects but only normal disclosure can alleviate stock 
mispricing. These findings provide several significant theoretical contributions and managerial and policy 
implications.

6.1. Theoretical contributions

This study contributes to the extant research from several aspects as follows. First, we extend the research on 
the crucial consequences of data asset disclosure by examining its effects on firms’ stock mispricing. With the 
increasing importance of data assets for firms’ operations management and decision-making, prior studies 
identified the significant potential of data assets to promote green innovation, reduce operational costs, and 
enhance corporate value (Goldfarb and Tucker 2019; Gunasekaran et al. 2017; Hannila et al. 2022; Ruffoni and 
Reichert 2024). However, data assets can not be recognised as strategic resource advantages by external 
stakeholders unless firms initiate relevant information disclosure voluntarily. Whether or not to disclose 
firms’ data assets could bring firms both benefits and risks at the same time, given that rivals can easily 
imitate such data advantages. Therefore, a surge of literature investigates the financial consequences of data 
assets disclosure by primarily focusing on stock price synchronicity and stock return idiosyncratic volatility as 
indicators of capital market effects (Sun and Du 2024; Wei et al. 2025). We contribute to this stream of 
cutting-edge studies by revealing that data asset disclosure can alleviate stock mispricing across both 
overpricing and underpricing scenarios. Such that the effect adheres to firms’ stock prices to their intrinsic 
market values and then improves pricing efficiency as well as financial stability in capital markets. More 
importantly, we further uncover that the mitigating effects of data asset disclosure are more pronounced 
when firms disclose self-use data assets rather than transactional ones, while strategic data asset disclosure 
in an exaggerated manner does not alleviate stock mispricing. In sum, we present fresh and novel empirical 
evidence regarding whether and how firms’ data assets disclosure alleviates stock mispricing, primarily 
through investigating distinct disclosure contents and strategies.

Second, this study contributes to the existing literature by extending the antecedents of stock mispricing 
via identifying the novel voluntary information disclosure in terms of data assets. Previous research mainly 
relies on the effects of either firms’ financial information disclosure (Berkman et al. 2009; Pantzalis and Park  
2014) or mandatory non-financial information disclosure on stock pricing, such as key audit matters and 
social responsibility reports (W. Li and Zheng 2024; Wu et al. 2024). Even though voluntary information 
disclosure equips investors with extra knowledge for capturing firms’ distinct competitive advantages, 
limited literature examines the impact of voluntary non-financial information disclosure on stock mispricing. 
In this sense, we fulfil the current research gap by shedding light on firms’ data asset disclosure in a voluntary 
manner, which has not yet been formally recognised in financial statements but has been identified as the 
new oil propelling intelligent operations management in the digitalisation era. Our study finds that data 
asset disclosure significantly reduces stock mispricing, specifically alleviating both overpricing and under
pricing situations. These results suggest that data asset disclosure, serving as a form of voluntary non- 
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financial information disclosure, also constitutes a relevant driver for disentangling stock mispricing, thereby 
enriching the literature on its underlying causes.

Third, the comprehensive analytical framework underpinned by signalling theory also contributes to the 
current literature by resolving key factors that influence signal efficacy, including signal quality, signalling 
environment, and counter-signals from the capital market. Although previous research on the signalling 
theory has mainly concentrated on the moderating effects of signal attributes, little research has delved into 
the roles of signal quality, signaller characteristics, and the signalling environment in influencing signal 
efficacy (Lam 2018). To address this existing theoretical gap, we identify firms’ data asset disclosure as 
essential signals sent to external stakeholders in the capital market, and further categorise these signals into 
distinct types according to firms’ specific utilisation preferences regarding data assets, i.e. self-use and 
transactional ones. Such theoretical guidance helps us gain a better understanding of how distinct signal 
qualities influence investors’ counter-signals in terms of stock pricing. More importantly, we also applied the 
theoretical constructs of signaller characteristics and signalling environment that moderate the relationship 
between data asset disclosure and stock mispricing. Specifically, we found that firms with higher internal 
control quality, more media exposure, and a higher proportion of institutional ownership could yield more 
favourable outcomes in terms of mitigating stock mispricing when voluntarily disclosing data assets. These 
findings highlight that the effectiveness of data asset signals is shaped by the characteristics of both the 
signaller and the receiver, as well as the signalling environment, providing a clearer understanding of how 
data asset disclosure affects stock mispricing. Therefore, our research extends the application of the 
signalling theory and provides an analytical framework for studying the value of voluntary information 
disclosure.

6.2. Managerial and policy implications

Our findings provide managerial guidance for firms when they implement data asset disclosure. First, data 
asset disclosure by firms can play a signalling role in capital markets and mitigate stock mispricing. 
Specifically, self-use data asset disclosure has a more pronounced effect. In light of this, we recommend 
that firms recognise the signalling function of data assets and actively disclose relevant information, with 
particular emphasis on self-use data assets that reflect their core business activities. For instance, Firms can 
refer to the framework of ‘Data-Driven Enterprise Health Assessment’ to systematically disclose information 
regarding their data resources, application capabilities, value creation, and other related aspects through 
annual reports, interim announcements (Zhu et al. 2025). They can also disclose their achievements in digital 
infrastructure development, digital technology application, and digitalisation efforts through investor rela
tions platforms, social media, and official social media accounts. These disclosures would allow investors to 
assess firm value based on more comprehensive information, enabling more rational investment decisions 
and mitigating stock mispricing.

Second, our findings indicate that higher internal control quality, media attention, and institutional 
ownership enhance the effect of data asset disclosure on mitigating stock mispricing. Therefore, we 
recommend that firms establish dedicated teams for data management and disclosure, improve internal 
control mechanisms, and enhance the oversight of data asset disclosure. For example, strengthen informa
tion technology controls: ensure the integrity and security of the data disclosed by enterprises through 
system permission management, data encryption, and backup; establish an inter-departmental collaboration 
mechanism to realise the sharing of data asset information among the finance, IT, and legal departments, 
thereby ensuring the consistency of disclosed content. This would help ensure fair disclosure to capital 
markets and increase the credibility of data asset signals. Furthermore, we encourage media outlets to 
leverage their informational advantages to increase attention to corporate data asset disclosure, expand the 
dissemination channels, and reduce investors’ costs in seeking and interpreting data asset information. 
Media could also expose any strategic data asset disclosure and enhance the effectiveness of data asset 
signals. Finally, we recommend that firms attract and cultivate long-term institutional investors who 
proactively collect and interpret disclosed data asset information. Investors should actively apply technol
ogies such as big data analytics and text mining to conduct in-depth analysis of data asset information in 
corporate annual reports, identify the types of data assets disclosed by enterprises and their strategic 
disclosure behaviours, and dig into high-quality and differentiated information about the characteristics of 
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data assets. By incorporating this information into stock prices, they can make more informed and rational 
investment decisions based on their professional expertise.

Finally, our findings could also deliver critical policy implications for the governance of data asset 
disclosure. Given the merit of data asset disclosure for mitigating firms’ stock mispricing via reducing 
information asymmetry in capital markets, governments should encourage such the novel pattern of 
information disclosure, especially through enacting disclosure regulations to spotlight the content, com
pliance, and form of data assets. In particular, content guidelines includes the scale and structure of data 
assets, value realisation methods, and valuation approaches, while compliance covers the compliance of 
data sources, security, and risk management. Moreover, disclosure form of data assets encompasses the 
location and frequency of data asset information disclosure, as well as standardised and digital disclosure 
templates. At the same time, governments could also set up grained accountability and communication 
mechanisms to facilitate investor appeals regarding the inaccurate disclosure of firms’ data assets. In doing 
so, the edges of data asset disclosure at the very early stage could be further realised through government 
regulations, which significantly mitigates the concerns of data washing and exaggeration.

6.3. Limitations and future research

Akin to other research, this study has certain limitations as outlined below. First, the term ‘data asset’ and its 
related expressions used in our text dictionary may not fully capture all data asset information included in 
annual reports, due to the increasing diversification of data asset applications and the constant emergence 
of new terminology. Second, although we have found that data asset disclosure by listed companies can 
alleviate stock mispricing, we have not analysed the readability and complexity of this information. As such, 
we are unable to directly assess how the quality of data asset disclosure affects the pricing efficiency of 
capital markets. Finally, although the rapid development of digital economy and diverse characteristics of 
capital market in China propel us to focus on Chinese listed firms, such the sampling process relying on 
single market may limit the generalisation of our findings. Future research could further employ data from 
global markets to validate our results, shedding light on the differential impacts of data asset disclosure 
across diverse capital market settings.

Notes

1. Source available at: https://www.annualreports.com/HostedData/AnnualReportArchive/m/NASDAQ_MSFT_2023. 
pdf.

2. Source available at: https://finance.eastmoney.com/a/202504253388897875.html.
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