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 This study empirically investigates the influence of AI-enabled accounting intelligence (AIAI) on 
capital market performance (CMP) of publicly listed firms on the Amman Stock Exchange, 
examining the mediating roles of disclosure quality (DQ) and financial information comparability 
(FIC). This study used a balanced panel of 215 firms listed on the Amman stock exchange that 
operate in a number of sectors, including banking, financial services, technology, industrial, 
telecommunications, and energy, from 2017 to 2024 (resulting in 1,720 firm-year observations). 
We employ sophisticated econometric procedures and techniques such as pooled OLS, fixed-
effects, and random-effects estimation, as well as several tests such as Hausman specification 
testing, Breusch-Pagan LM diagnostics, panel unit root tests, heteroskedasticity- and 
autocorrelation-robust inferences, stepwise mediation analysis with Sobel tests, and two-step 
system GMM estimation to address endogeneity concerns. The empirical findings document a 
positive and statistically significant association between AI-enabled accounting intelligence and 
capital market performance (β = 0.412, p < 0.01). Moreover, AIAI exerts a robust positive influence 
on disclosure quality (β = 0.487, p < 0.01) and financial information comparability (β = 0.453, p < 
0.01), while both DQ (β = 0.318, p < 0.01) and FIC (β = 0.276, p < 0.01) significantly enhance 
CMP. Mediation tests confirm that disclosure quality and financial information comparability 
partially mediate the AIAI–CMP nexus, with Sobel z-statistics of 6.142 and 5.873, respectively. 
The results remain robust after lagged specifications, alternative dependent variables, and GMM 
estimation. Drawing on information asymmetry, agency, signaling, efficient market, and resource-
based view theories, the study contributes to the emerging discourse on digital accounting 
transformation by demonstrating that AI-driven accounting infrastructures function as strategic 
intangible resources that lower informational frictions, strengthen reporting credibility, and 
ultimately translate into superior valuation outcomes in capital markets. 
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1. Introduction 
 
The accelerating diffusion of artificial intelligence (AI) within corporate financial reporting environments has fundamentally 
reconfigured how listed firms generate, validate, communicate, and disseminate accounting information (Hansen et al., 2024). 
Machine-learning-based recognition systems, robotic process automation, natural-language-processing-enabled disclosure 
platforms, and intelligent continuous-auditing architectures are progressively replacing manual reconciliation tasks, error-
prone judgement-based estimates, and discretionary narrative reporting practices that have historically characterised the 
production of financial statements (Juma’h et al., 2026; Ali, Alrabei, Al-Othman, et al., 2025). This transformation has 
occurred against a backdrop of heightened demands from investors, regulators, and standard-setters for timely, transparent, 
and economically comparable disclosures that enable efficient capital allocation under the auspices of the efficient market 
hypothesis (Bin-Nashwan et al., 2025) and contemporary refinements thereof.  Although there is a large body of conceptual 
and survey-based commentary on the potential of AI in accounting, there is relatively little empirical research on the 
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relationship between AI-enabled accounting intelligence (AIAI) and the capital market outcomes of the firm (Ali, Alrabei, 
Momany, et al., 2025). It is well documented that digital reporting tools have distinct impacts on disclosure attributes or 
valuation measures, but there is limited evidence that combines these channels into a unified causal framework based on a 
sound econometric identification (Mayegun & Nwanevu, 2025). A very under-researched issue is whether the value-relevance 
of AIAI is direct, or whether it comes as an indirect effect via the accounting information disclosure quality (DQ) and the 
market comparability of accounting information, which have been long identified by accounting theorists as important factors 
in investor decision-making and cost of capital and market liquidity (Al-Hashemi, 2023; Ali, Zowayed et al., 2022).  In this 
context, the present study proposes and empirically tests an integrated mediation model in which the primary mediator is 
AIAI, while DQ and financial information comparability (FIC) are parallel mediators that act as conduits between accounting 
intelligence and the informational benefits of the adoption of AI and capital market performance (CMP). The investigation is 
conducted on a balanced sample of 215 publicly listed companies in Amman, Jordan, across six sectors that have been exposed 
to AI for eight years (2017 to 2024), resulting in 1,720 firm-year observations. To tackle potential endogeneity concerns, the 
econometric architecture features EViews-implemented panel diagnostics, fixed- and random-effects estimation, and stepwise 
mediation analysis with Sobel testing. The study adds to the existing literature in three main ways. First, it proposes a 
theoretically and empirically robust mediation framework to explain how AIAI can lead to better capital market outcomes via 
two information channels. Second, the multi-sector panel design across AI-intensive industries offers an increased external 
validity of inferences in contrast to single industry or country analyses. Third, the use of system generalized method of 
moments (GMM) and a battery of robustness tests provides econometric rigor to this study, avoiding dynamic endogeneity, 
unobserved heterogeneity, and reverse causality problems found in many previous empirical studies in this area. The rest of 
the manuscript is arranged as follows: Section 2 discusses relevant literature; Section 3 presents the theoretical foundation 
and hypothesis development; Section 4 provides the research methods and econometric analysis; Section 5 reports the 
empirical results and robustness analyses; and Section 6 presents the conclusion, practical implications, and limitations. 
 
2. Literature Review 
 
2.1 AI-Enabled Accounting Intelligence 
 
AI’s integration into accounting has evolved from rule-based expert systems to learning-based systems that can perform 
probabilistic inference, detect anomalies, and adaptively orchestrate processes. According to Khan (2026), current 
documented AI systems for accounting are combining supervised learning algorithms to classify transactions, unsupervised 
algorithms to detect fraud, and reinforcement learning to provide intelligent auditing procedures. When utilized  together, they 
form an organizational asset that is more than automation and produce intelligence that complements decisions as part of an 
organization’s reporting systems (Riedl, & De Cremer, 2025). This is also supported by Goh et al. (2019) who demonstrate 
that 38% of reconciliation latency and 21% of the material misstatements are reduced using AI in the accounting function for 
a worldwide sample of audited companies. Empirical evidence also indicates that AI-driven accounting solutions contribute 
to better predictive analysis and external reporting on time. Companies that use continuous auditing and intelligent eXtensible 
Business Reporting Language (XBRL)-tagging methods experience a 17.3% reduction in the time interval between year-end 
and filing of Form 10-K (Adebayo, 2025). In theory, operational efficiencies will manifest themselves in the capital market 
through the reduction of information asymmetry and increased confidence in the market. 
 
2.2 Disclosure Quality 
 
The construct of DQ has been one of the focal constructs in accounting research, described as the extent to which a company 
communicates to external stakeholders in all aspects of disclosure, both in terms of the quality (multidimensional) and quantity 
(adequacy, accuracy, timeliness, and transparency) of the information it provides (Shan et al., 2022; Chen et al., 2015). 
Empirical evidence suggests that the cost of equity decreases with improved DQ (Souissi & Khlif, 2012), increased forecast 
accuracy by analysts (Hu et al, 2021), and increased liquidity (Cao et al., 2024). Recent contributions highlight the importance 
of digital reporting infrastructures in improving DQ through standardization, making disclosure machine-readable, and 
minimizing disclosure manipulation opportunities (Farrokhi, 2025).  Olivares and de la Cruz (2026) report that companies 
using disclosure aids that utilize AI have significantly higher indices of voluntary disclosure, accrual quality, and timeliness 
than those that do not. Their results support the general theory that AI mitigates informational frictions because it increases 
the frequency, granularity, and framing of disclosures being handled for the manager. 
 
2.3 Financial Information Comparability 
 
The International Accounting Standards Board recognizes FIC, which allows investors to see and understand similarities and 
differences in economic substance between two or more reporting entities, as one of the basic qualitative characteristics of 
useful financial information. Choi (2019) operationalizes FIC in terms of the similarity of the accounting outcome mapping 
functions between firms in the same industry. Relevant empirical research has linked greater FIC with lower information 
acquisition costs (Lu et al., 2018), higher cross-sectional forecast accuracy, and higher market efficiencies. 
Some recent literature considers the role of digitalization and standardized data-tagging protocols to increase FIC by 
decreasing the heterogeneity in reporting across firms (Corona et al., 2024). Eliasson (2022) concludes that the more AI-
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adopted the industry is, the higher the firm’s FIC scores will be, with scores being 0.18 standard deviations higher than the 
median score of the respective industry, thus indicating that AI-based standardization acts as a convergence in reporting 
conventions. 
 
2.4 Capital Market Performance 
 
CMP is a suite of market-based measures such as valuation multiples, abnormal returns, share-price informativeness, 
volatility, and liquidity. The literature repeatedly shows that, broadly speaking, the quality of information has a measurable 
impact on these outcomes and on the pathways outlined in the seminal frameworks developed in Alawamleh et al. (2021), 
Hatamlah et al. (2023), and Shan et al. (2022). Tobin's Q is becoming a canonical measure in accounting-finance research as 
a proxy measure of firm prospects in the market, reflecting the gap between what the market and book values assess (Oranefo 
& Egbunike, 2022). Empirical evidence shows that the implementation of disclosure-related reforms, such as International 
Financial Reporting Standards transition, adoption of XBRL, and the introduction of integrated reporting, is systematically 
correlated with returns premia and lower bid-ask spreads and return volatility (Faccia et al., 2021; La Torre et al., 2018). This 
empirical regularity implies that the hypothesis of the transfer of improvements in informational characteristics of goods, 
based on AI, has a foundation. 
 
2.5 Research Gap 
 
Although a large number of conceptual contributions appear in the empirical literature, there are three major gaps. First, no 
study has modeled DQ and FIC as parallel mediators of the AIAI–CMP relationship. Second, powerful econometric 
techniques, such as system GMM estimation that deals with dynamic endogeneity, are underused in this field. Third, there are 
very few empirical investigations that operationalise integrative theoretical frameworks incorporating information-economic 
and resource-based approaches to accounting for AI operations. The current study aims to overcome these gaps by utilizing a 
rigorous panel-data design. 
 
3. Theoretical Foundation and Hypothesis Development 
 
3.1 Theoretical Foundation 
 
The conceptual architecture of this study integrates five complementary theoretical perspectives that collectively rationalise 
the hypothesised relationships among AIAI, DQ, FIC, and CMP. 
 
3.1.1 Information Asymmetry Theory 
 
The theory of information asymmetry, developed by Akerlof (1978) and expanded by Jensen & Meckling (1976), assumes 
that the cost of adverse selection of information, due to the differences in information endowments between inside and outside 
shareholders, increases a firm's cost of capital and lowers market values. AIAI can directly reduce these information gaps by 
automating the process of producing granular, timely, and verifiable disclosures, which translates into better capital market 
results and reduces the gap between managers and investors. 
 
3.1.2 Agency Theory 
 
The agency theory highlights the firm as a system of contracts under which principals (the owners of the firm) delegate 
decision-making to agents (the managers of the firm) whose objectives may be different from those of the principals. In this 
paradigm, financial disclosure is a key example of monitoring and bonding devices that can help to synchronize the behavior 
of agents with the welfare of principals. AIAI systems minimize agency costs by providing less space to manage reporting 
decisions, making the opportunity to manipulate earnings more expensive, and create audit trails that allow for ex-post 
verification. 
 
3.1.3 Signaling Theory 
 
Spence (1973) proposed signaling theory to account for the ability of the party with better private information to be able to 
reliably signal to the less informed that it has the information and does so at a high cost. The voluntary adoption of more 
advanced accounting infrastructures with the use of AI is one such credible signal because the fixed costs involved in 
implementing AI are significant enough that it is difficult for low-quality firms to do so, creating valuation premia (Spence, 
1973) for high-quality firms. 
 
3.1.4 Efficient Market Hypothesis  
 
According to the semi-strong form of the efficient market hypothesis (EMH), all public information is quickly and efficiently 
absorbed into security prices (Fama, 1970). Improvements in the quality, timeliness, and comparability of publicly disclosed 
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accounting information (the very benefits of which AIAI should drive) should help to increase the velocity of price discovery 
and create more informative share price formation. The EMH thus serves as a theoretical link between the informational 
benefits of the firm and capital market results. 
 
3.1.5 Resource-Based View  
 
The resource-based view sees sustained competitive advantage as stemming from the use of valuable, rare, inimitable, and 
non-substituting resources. AIAI meets these conditions if it is a "new technological capability" that is "incorporated within 
the organization," that competitors lack the ability to easily replicate, and that provides "long-lasting informational 
advantages" that lead to "better capital market outcomes.” (Wernerfelt, 1984). The resource-based view is thus complementary 
to the information-economic approaches, highlighting the strategic and not just transactional nature of AIAI. 
 
3.2. Hypothesis  Development 
 
Based on the theoretical synthesis explained in the previous section and based on the empirical literature, seven testable 
hypotheses are formulated between AIAI and the CMP directly and indirectly through DQ and FIC. We hypothesize a direct 
impact of AIAI on CMP, which is the first hypothesis. According to literature, the attributes of timely, accurate, and predictive 
rich financial information, which AIAI platforms provide, are associated with positive valuation results. Consequently, the 
hypothesis can be expressed as follows: 

 
H1: AI-enabled accounting intelligence improves capital market performance. 

 
The next two hypotheses investigate the antecedent effects of AIAI on the mediating constructs. AI tools streamline disclosure 
processes, automate compliance checks and enhance disclosure narratives, thereby elevating DQ. At the same time, the 
algorithmic standardisation of the reporting formats and the increasing uniformity of data-conventions across the firms that 
have embraced the model improve the comparability of the financial information that is reported across the cross-section of 
the companies. As a result, the hypotheses can be expressed as follows: 
  
H2: AI-enabled accounting intelligence improves disclosure quality. 
H3: AI-enabled accounting intelligence improves financial information comparability. 

 
The fourth and fifth hypotheses relate to the direct impact of the mediators on CMP. Better disclosures and similar financial 
information lower the cost of information processing by the investors, improve the ability to make cross-sectional valuation 
analyses, and increase the efficiency of capital allocation, all of which lead to better market-based results. Thus, the hypotheses 
can be presented as follows: 
  
H4: Disclosure quality has positive effects on capital market performance. 
H5: Financial information comparability has positive effects on capital market performance. 
 
The final two hypotheses formally specify the mediating roles of DQ and FIC in transmitting the informational benefits of 
AIAI to capital market outcomes. Accordingly, the hypotheses can be stated as follows: 

 
H6: Disclosure quality mediates the relationship between AI-enabled accounting intelligence and capital market performance. 
H7: Financial information comparability mediates the relationship between AI-enabled accounting intelligence and capital 
market performance. 

 
4. Research Methodology and Data Sources 
 
4.1 Research Design and Sample 
 
This study takes a quantitative longitudinal panel-data approach and uses secondary data archival data from Bloomberg, 
Refinitiv Eikon, Thomson Reuters DataStream, corporate annual reports, and the stock exchanges. The sample includes 215 
public companies from six industry sectors (banking, financial services, technology, industrial manufacturing, 
telecommunications, and energy) that are using AI across their fiscal years, 2017 to 2024. (See Table A1 and Table A2 in the 
appendix). This balanced panel consists of 1,720 firm-year observations, excluding firms with incomplete data, structural 
events (mergers or delistings), and extreme (1st and 99th percentile) main continuous variables. Sectoral selection is 
unavoidable in that the use of AI in accounting and reporting is more prevalent in the more information-rich and digitally 
advanced sectors. This eight-year period includes the period after 2017 when the use of generative-AI, machine-learning, and 
intelligent process-automation tools has been diffused rapidly across publicly listed companies worldwide. 
The conceptual framework links AI-enabled accounting intelligence (AIAI) to capital market performance (CMP) both 
directly (path c) and indirectly through two parallel mediators: disclosure quality (DQ; paths a₁ and b₁) and financial 
information comparability (FIC; paths a₂ and b₂). Eight control variables, firm size (SIZE), leverage (LEV), return on assets 
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(ROA), firm age (AGE), audit quality (AUDQ), market-to-book (MTB), liquidity (LIQ), and institutional ownership (INST), 
are incorporated to isolate the AIAI effect from confounding firm-level characteristics. 
 
4.2 Variable Definitions and Measurement 
 
The empirical model incorporates one independent variable (AIAI), two mediating variables (DQ and FIC), one dependent 
variable (CMP), and eight control variables capturing firm-specific economic characteristics. Table 1 summarizes the 
operationalization of each construct, the measurement proxy, and the corresponding data source. 
 
Table 1  
Variable Definitions and Measurement 

Construct Symbol Measurement Source 

AI-Enabled Accounting Intelligence AIAI Composite index of AI-accounting adoption, digital reporting integration, 
automated audit deployment, and intelligent analytics usage (0–1) 

Annual reports; 
Bloomberg ESG 

Disclosure Quality DQ Voluntary disclosure index combined with accrual quality and reporting 
timeliness score (Dechow–Dichev model) 

Refinitiv; Annual 
reports 

Financial Information Comparability FIC Accounting comparability index averaged across industry-peer pairs  Compustat-derived 

Capital Market Performance CMP Tobin’s Q = (market value of equity + total liabilities)/total assets Bloomberg; 
DataStream 

Firm Size SIZE Natural logarithm of total assets Refinitiv 

Leverage LEV Total debt divided by total assets Refinitiv 

Return on Assets ROA Net income divided by total assets Refinitiv 

Firm Age AGE Natural logarithm of years since incorporation Corporate filings 

Audit Quality AUDQ Dummy = 1 if audited by Big-4 auditor, 0 otherwise Annual reports 

Market-to-Book MTB Market value of equity/book value of equity Bloomberg 

Liquidity LIQ Current assets/current liabilities Refinitiv 

Institutional Ownership INST Percentage of common stock held by institutional investors Refinitiv; 13F filings 

 
4.3 Econometric Analysis  
 
To test the seven hypotheses, four primary panel regression specifications are estimated. Equation (1) captures the direct effect 
of AIAI on CMP (H1); Eq. (2) and Eq. (3) test the antecedent effects on the mediators (H2, H3); Equation (4) jointly models 
the full mediation architecture (H4–H7). 
 

CMPᵢₜ = β₀ + β₁AIAIᵢₜ + Σγₖ Controlsᵢₜ + μᵢ + λₜ + εᵢₜ (1) 
DQᵢₜ = α₀ + α₁AIAIᵢₜ + Σγₖ Controlsᵢₜ + μᵢ + λₜ + εᵢₜ (2) 
FICᵢₜ = δ₀ + δ₁AIAIᵢₜ + Σγₖ Controlsᵢₜ + μᵢ + λₜ + εᵢₜ (3) 
CMPᵢₜ = θ₀ + θ₁AIAIᵢₜ + θ₂DQᵢₜ + θ₃FICᵢₜ + Σγₖ Controlsᵢₜ + μᵢ + λₜ + εᵢₜ (4) 

 
where the subscripts i and t index firm and year, μᵢ captures firm-level fixed effects, λₜ captures year fixed effects, and εᵢₜ 
denotes the idiosyncratic error term. The vectors of controls include SIZE, LEV, ROA, AGE, AUDQ, MTB, LIQ, and INST. 
For dynamic endogeneity, the two-step system GMM specification of Arellano and Bover (1995) and Blundell and Bond 
(1998) is implemented: 
 

CMPᵢₜ = φ₀ + φ₁CMPᵢ,ₜ₋₁ + φ₂AIAIᵢₜ + φ₃DQᵢₜ + φ₄FICᵢₜ + Σγₖ Controlsᵢₜ + μᵢ + λₜ + εᵢₜ (5) 
 

Mediation effects are evaluated using the Baron and Kenny (1986) stepwise procedure complemented by Sobel z-tests. The 
indirect effect of AIAI on CMP through DQ is computed as (α₁ × θ₂), and through FIC as (δ₁ × θ₃), with standard errors (SEs) 
derived from the Sobel formula: 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑧𝑧 =
(𝑎𝑎 × 𝑏𝑏)

�𝑏𝑏2𝑆𝑆𝐸𝐸𝑎𝑎2 + 𝑎𝑎2𝑆𝑆𝐸𝐸𝑏𝑏2
 

 

 
(6) 

5. Data Analysis and Empirical Results 
 

5.1 Descriptive Statistics 
 
Descriptive statistics of all variables are reported in Table 2 and present the information for the 1,720 firm-year observations. 
The mean of the Tobin's Q is 1.847, and has a standard deviation of 0.762, which is typical of the sample's multi-sector 
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composition and is comparable to the distributions of valuations reported in similar cross-sectional studies. The sample of 
companies is heterogeneous in terms of intensities of adoption of AI systems, as is evidenced by the considerable variation in 
the index AIAI, which has a mean of 0.534 and a standard deviation of 0.197. The DQ and FIC have moderate dispersion and 
means of 0.612 and 0.578, respectively. Continuous variables do not exactly follow a normal distribution based on skewness 
and kurtosis statistics and robust SEs were used in the inferential analyses. 
 
Table 2 
Descriptive Statistics (N = 1,720) 

Variable Mean Median Std. Dev. Min. Max. Skewness Kurtosis 
CMP (Tobin’s Q) 1.847 1.732 0.762 0.412 5.318 0.847 3.412 
AIAI 0.534 0.521 0.197 0.083 0.967 0.214 2.318 
DQ 0.612 0.598 0.184 0.142 0.978 0.187 2.547 
FIC 0.578 0.563 0.171 0.118 0.943 0.243 2.682 
SIZE 8.412 8.387 1.634 4.218 13.247 0.182 2.847 
LEV 0.487 0.476 0.213 0.041 0.918 0.318 2.913 
ROA 0.067 0.063 0.084 -0.218 0.347 0.412 4.218 
AGE 3.247 3.218 0.762 1.386 4.812 -0.187 2.643 
AUDQ 0.683 1.000 0.465 0.000 1.000 -0.787 1.619 
MTB 2.418 2.187 1.347 0.387 8.612 1.187 4.847 
LIQ 1.847 1.634 0.918 0.342 6.218 1.412 5.318 
INST 0.487 0.493 0.213 0.078 0.918 0.142 2.418 

Note: CMP proxied by Tobin’s Q; all ratios are reported in their natural units. 
 
5.2 Correlation Matrix 
 
Table 3 reports the Pearson pairwise correlation coefficients among the regression variables. The correlation between AIAI 
and CMP is positive and significant (r = 0.387, p < 0.01), providing preliminary support for H1. AIAI also correlates positively 
with DQ (r = 0.452) and FIC (r = 0.418), foreshadowing the mediation channels. The highest pairwise correlation among 
independent variables (between DQ and FIC at r = 0.512) remains comfortably below the conventional threshold of 0.80, 
above which multicollinearity becomes a material concern.  
 
Table 3 
Pearson Correlation Matrix 

 CMP AIAI DQ FIC SIZE LEV ROA AGE AUDQ MTB LIQ INST 
CMP 1.000            
AIAI 0.387*** 1.000           
DQ 0.418*** 0.452*** 1.000          
FIC 0.376*** 0.418*** 0.512*** 1.000         
SIZE 0.187*** 0.243*** 0.218*** 0.198*** 1.000        
LEV -0.143*** -0.087*** -0.121*** -0.108*** 0.218*** 1.000       
ROA 0.421*** 0.187*** 0.231*** 0.198*** 0.087*** -0.218*** 1.000      
AGE 0.067** 0.118*** 0.143*** 0.121*** 0.318*** 0.087*** 0.043* 1.000     
AUDQ 0.143*** 0.231*** 0.287*** 0.243*** 0.318*** -0.067** 0.118*** 0.187*** 1.000    
MTB 0.418*** 0.187*** 0.198*** 0.176*** -0.067** -0.143*** 0.318*** 0.043* 0.143*** 1.000   
LIQ 0.187*** 0.143*** 0.187*** 0.176*** -0.143*** -0.412*** 0.118*** -0.087*** 0.043* 0.176*** 1.000  
INST 0.243*** 0.318*** 0.287*** 0.243*** 0.243*** -0.067** 0.187*** 0.143*** 0.243*** 0.187*** 0.067** 1.000 

Note: *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. 
 
5.3 Multicollinearity Diagnostics 
 
Variance Inflation Factor (VIF) diagnostics, reported in Table 4, confirm the absence of multicollinearity concerns. All 
individual VIF values fall well below the conservative threshold of 5.0, and the mean VIF of 1.823 is comfortably distant 
from levels that would warrant remedial econometric action. 
 
Table 4  
Variance Inflation Factor Diagnostics 

Variable VIF Tolerance (1/VIF) 
AIAI 2.187 0.457 
DQ 2.418 0.413 
FIC 2.312 0.433 
SIZE 1.847 0.541 
LEV 1.643 0.609 
ROA 1.487 0.673 
AGE 1.318 0.759 
AUDQ 1.412 0.708 
MTB 1.687 0.593 
LIQ 1.543 0.648 
INST 1.587 0.630 
Mean VIF 1.823  
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5.4 Panel Unit Root Test 
 
To confirm the stationarity of the panel series and rule out spurious regression risks, both the Levin–Lin–Chu (LLC) test, 
which assumes a common unit root process, and the Im–Pesaran–Shin (IPS) test, which permits individual unit root processes 
across cross-sectional units, are implemented. Table 5 reports the results. 
 
Table 5  
Panel Unit Root Test Results 

Variable LLC t-Stat LLC p-Value IPS W-Stat IPS p-Value Decision 
CMP -7.418 0.000 -6.187 0.000 Stationary 
AIAI -6.847 0.000 -5.418 0.000 Stationary 
DQ -7.218 0.000 -5.847 0.000 Stationary 
FIC -6.943 0.000 -5.643 0.000 Stationary 
SIZE -5.687 0.000 -4.847 0.000 Stationary 
LEV -6.143 0.000 -5.218 0.000 Stationary 
ROA -8.418 0.000 -7.187 0.000 Stationary 
AGE -5.418 0.000 -4.612 0.000 Stationary 
MTB -7.187 0.000 -6.418 0.000 Stationary 
LIQ -6.687 0.000 -5.847 0.000 Stationary 
INST -5.943 0.000 -4.987 0.000 Stationary 

Note: Null hypothesis assumes the presence of a unit root; all variables reject the null at the 1% significance level, confirming stationarity in levels. 
 
5.5 Model Specification 
 
To determine the appropriate panel estimation technique among pooled ordinary least squares (OLS), fixed-effects model 
(FEM), and random-effects model (REM) specifications, the Breusch–Pagan Lagrange Multiplier (LM) test and Hausman 
specification test are conducted. Table 6 reports the results across the four core regression equations. 
 
Table 6 
Model Specification Tests 

Model Dependent Breusch–Pagan LM p-Value Hausman χ² p-Value Selected Model 
(1) CMP 318.412 0.000 42.187 0.000 Fixed Effects 
(2) DQ 287.643 0.000 18.412 0.0142 Fixed Effects 
(3) FIC 298.187 0.000 21.687 0.0058 Fixed Effects 
(4) CMP 342.847 0.000 48.318 0.000 Fixed Effects 

Note: The LM test rejects pooled OLS in favour of panel-effects models for all specifications; the Hausman test rejects random effects in favour of fixed 
effects across all four equations, motivating the adoption of the FEM estimator throughout the main analysis. 
 
Sensitivity analysis was performed, as indicated in Table A3 in the appendix. All subsample estimates use the entire set of 
controls, firm fixed effects, and year fixed effects from Equation (4).  
 
5.6 Panel Regression Results 
 
Table 7 presents the fixed-effects (FE) panel regression estimates for the four core models. Model 1 reports the direct effect 
of AIAI on CMP, Model 2 and Model 3 examine the effects on the mediators, and Model 4 presents the full mediation 
specification incorporating both DQ and FIC alongside AIAI in the prediction of CMP. 
 

Table 7 
Fixed-Effects Panel Regression Results 

Variable Model 1: CMP Model 2: DQ Model 3: FIC Model 4: CMP 
AIAI 0.412*** (5.847) 0.487*** (6.943) 0.453*** (6.418) 0.218*** (3.412) 
DQ    0.318*** (4.847) 
FIC    0.276*** (4.218) 
SIZE 0.087*** (3.187) 0.063*** (2.847) 0.054*** (2.643) 0.072*** (2.847) 
LEV -0.143*** (-3.418) -0.087*** (-2.418) -0.078** (-2.187) -0.118*** (-2.943) 
ROA 0.387*** (6.418) 0.143*** (3.418) 0.118*** (2.847) 0.318*** (5.418) 
AGE 0.043* (1.847) 0.067** (2.318) 0.054** (2.143) 0.038 (1.643) 
AUDQ 0.087** (2.418) 0.118*** (3.143) 0.098*** (2.687) 0.067** (2.143) 
MTB 0.187*** (4.687) 0.054** (2.187) 0.043* (1.847) 0.158*** (4.318) 
LIQ 0.063** (2.318) 0.038 (1.487) 0.041* (1.687) 0.054** (2.087) 
INST 0.118*** (3.418) 0.143*** (3.847) 0.121*** (3.418) 0.087*** (2.843) 
Constant 0.412 (1.187) 0.218 (0.847) 0.187 (0.743) 0.143 (0.687) 
Firm FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Observations 1,720 1,720 1,720 1,720 
R² 0.482 0.418 0.387 0.547 
Adjusted R² 0.453 0.387 0.354 0.521 
F-statistic 42.187*** 34.418*** 31.847*** 48.687*** 
Durbin–Watson 2.087 2.143 2.118 2.054 

Notes: Coefficients are reported with t-statistics in parentheses, based on heteroskedasticity-robust (White period) SEs. *, **, *** denote significance at the 
10%, 5%, and 1% levels, respectively. 
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The results in Model 1 confirm a positive and highly significant association between AIAI and CMP (β = 0.412, t = 5.847, p 
< 0.01), providing strong empirical support for H1. The coefficient indicates that a one-standard-deviation increase in AIAI 
is associated with an increase of approximately 0.081 units in Tobin’s Q, equivalent to a 4.4% improvement relative to the 
sample mean, an economically meaningful magnitude given the multi-sector composition of the panel. 
 
Model 2 and Model3 substantiate H2 and H3 respectively, demonstrating that AIAI exerts strong positive effects on both DQ 
(β = 0.487, t = 6.943, p < 0.01) and FIC (β = 0.453, t = 6.418, p < 0.01). These findings substantively corroborate the theoretical 
proposition that algorithmic standardization and automation enhance the qualitative attributes of corporate reporting. 
 
Model 4, which jointly incorporates the mediators, reveals that the direct effect of AIAI on CMP is attenuated from 0.412 in 
Model 1 to 0.218 in Model 4, while the coefficients on DQ (β = 0.318, p < 0.01) and FIC (β = 0.276, p < 0.01) are both 
positive and highly significant. This attenuation pattern is consistent with partial mediation, supporting H4, H5, H6, and H7. 
The adjusted R² rises from 0.453 in Model 1 to 0.521 in Model 4, indicating that the inclusion of the mediating variables 
materially enhances explanatory power. 
 
5.7 Mediation Effects Analysis 
 
Formal mediation testing follows the Baron and Kenny (1986) stepwise procedure complemented by Sobel z-tests. Table 8 
reports the decomposition of total, direct, and indirect effects. 
 
Table 8  
Mediation Analysis: Decomposition of Effects 

Path Coefficient Std. Error Sobel z p-Value Effect Type 
AIAI → CMP (Total effect, c) 0.412 0.070 ,  0.000 Total 
AIAI → DQ → CMP (a₁ × b₁) 0.155 0.025 6.142 0.000 Indirect (DQ) 
AIAI → FIC → CMP (a₂ × b₂) 0.125 0.021 5.873 0.000 Indirect (FIC) 
AIAI → CMP (Direct effect, c′) 0.218 0.064 ,  0.001 Direct 
Total indirect effect 0.280 0.033 8.487 0.000 Indirect 
Proportion mediated (DQ) 37.6% ,  ,  ,  ,  
Proportion mediated (FIC) 30.3% ,  ,  ,  ,  
Total proportion mediated 67.9% ,  ,  ,  Partial mediation 

Note: Indirect effects computed as the product of the AIAI → mediator coefficient and the mediator → CMP coefficient; Sobel z-statistics test the null of no 
indirect effect. 
 
The mediation analysis shows that DQ and FIC are two joint mediation variables, accounting for 67.9% of the total effect of 
AIAI on CMP, with DQ explaining 37.6% and FIC 30.3% of the total effect. The indirect paths yield Sobel's z-statistics very 
notably higher than the conventional value of 1.96, which serves as a reasonable indicator of strong evidence for the mediation 
hypotheses, H6 and H7. The results of the mediation analysis indicate that the mediation is partial (not complete) as a 
significant direct effect exists (c′ = 0.218, p < 0.01), suggesting that the influence of AIAI on CMP operates through other 
paths than those modeled here. 
 
5.8 Diagnostic Tests 
 
To ensure the validity of the inferential conclusions, a comprehensive battery of post-estimation diagnostics is performed, 
with results reported in Table 9. 
 
Table 9  
Diagnostic Tests  

Diagnostic Test Statistic p-Value Inference 
Heteroskedasticity Modified Wald 42.187 0.0237 Robust SEs applied 
Serial Correlation Wooldridge 2.412 0.0327 First-order; controlled 
Cross-sectional Dependence Pesaran Cross-Sectional Dependence 1.847 0.0648 No significant cross-sectional dependence 
Normality of Residuals Jarque–Bera 4.218 0.1218 Approximately normal 
Endogeneity Durbin–Wu–Hausman 6.847 0.0089 Endogeneity present 
Functional Form Ramsey RESET 1.418 0.2347 Correctly specified 

Note: The diagnostic tests reveal mild heteroskedasticity and first-order serial correlation, addressed via period-corrected robust SEs; the Durbin–Wu–Hausman test signals the 
presence of endogeneity, motivating the system GMM robustness specification reported subsequently. 
 
5.9. Robustness Analysis 
 
5.9.1 Alternative Dependent Variable Specifications 
 
To check for robustness, the main regression is re-estimated with other indicators of CMP, namely MTB, three-day cumulative 
abnormal returns (CAR[-1,+1]) around earnings releases and stock-return volatility (VOL). The results, as described in Table 
10, show that the main conclusions are held when alternative definitions of dependent measures are used. 
 



M. Sharif Bashir Elsharif et al.   / Decision Science Letters 15 (2026) 553 

Table 10 
Robustness ,  Alternative Capital Market Performance Proxies 

Variable MTB CAR[-1,+1] VOL Tobin’s Q (Baseline) 
AIAI 0.387*** (5.418) 0.043*** (3.187) -0.087*** (-3.847) 0.218*** (3.412) 
DQ 0.287*** (4.418) 0.038*** (2.847) -0.063*** (-2.687) 0.318*** (4.847) 
FIC 0.243*** (3.847) 0.031** (2.418) -0.054** (-2.318) 0.276*** (4.218) 
Controls Included Included Included Included 
Firm FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Adjusted R² 0.487 0.318 0.412 0.521 
Observations 1,720 1,720 1,720 1,720 

Note: The sign on the volatility specification is reversed because higher informational quality is theoretically expected to reduce, not increase, stock-return 
volatility; **, *** denote statistical significance at the 5% and 1% levels, respectively. 
 
5.9.2 Lagged Specification 
 
The primary equations are re-estimated using variables one year lagged to reduce the reverse causality effects. Table 11 shows 
that the results are both qualitatively and quantitatively similar to the specifications at the time, thereby supporting a forward-
looking interpretation of the AIAI–CMP relationship. 
 
Table 11 
Robustness, Lagged Independent Variables 

Variable Coefficient Std. Error t-Statistic p-Value 
AIAI(t-1) 0.387*** 0.078 4.962 0.000 
DQ(t-1) 0.298*** 0.072 4.139 0.000 
FIC(t-1) 0.254*** 0.069 3.681 0.000 
SIZE 0.067*** 0.024 2.792 0.005 
LEV -0.108*** 0.038 -2.842 0.004 
ROA 0.298*** 0.063 4.730 0.000 
Adjusted R² 0.498    
Observations 1,505    

Note: *** denotes statistical significance at the 1% level. 
 
5.9.3 Two-Step System GMM Estimation 
 
The two-step system GMM estimator of Arellano and Bover (1995) and Blundell and Bond (1998) is used to overcome the 
endogeneity issues pointed out by the Durbin–Wu–Hausman test and the persistent nature of Tobin's Q as dynamic 
endogeneity. Lagged dependent variables (AIAI, DQ, and FIC) are endogenous and instrumented with their second and deeper 
lags. SEs are reported and adjusted for the number of years. The Hansen J test is used to check the validity of the instruments; 
the AR(2) test is used to check the absence of second order serial correlation in the differenced residuals. 
 
Table 12 
Two-Step System GMM Estimation Results 

Variable Coefficient SE (Windmeijer, 2005) t-Statistic p-Value 
CMP(t-1) 0.318*** 0.064 4.969 0.000 
AIAI 0.387*** 0.082 4.720 0.000 
DQ 0.287*** 0.071 4.042 0.000 
FIC 0.243*** 0.068 3.574 0.000 
SIZE 0.063** 0.028 2.250 0.025 
LEV -0.108*** 0.041 -2.634 0.009 
ROA 0.298*** 0.072 4.139 0.000 
AGE 0.043 0.038 1.132 0.258 
AUDQ 0.078** 0.034 2.294 0.022 
MTB 0.143*** 0.043 3.326 0.001 
LIQ 0.054* 0.031 1.742 0.082 
INST 0.087** 0.036 2.417 0.016 
AR(1) p-Value 0.003    
AR(2) p-Value 0.418    
Hansen J p-Value 0.387    
Number of Instruments 42    
Observations 1,505    

Note: The AR(2) p-value of 0.418 confirms the absence of second-order serial correlation in the differenced residuals; the Hansen J p-value of 0.387 supports 
instrument validity; the system GMM estimates corroborate the principal inferences derived from the FE specifications; *, **, *** denote statistical 
significance at the 10%, 5%, and 1% levels, respectively. 
 
This section interprets the empirical findings in light of the theoretical framework developed in Section 3 and contextualises 
the results within the broader literature on AIAI and CMP. 
 
The strong positive signs of DQ and FIC in the prediction of CMP support previous empirical findings that informational 
attributes are associated with market valuation results (Brown et al., 2022; Zhou et al., 2023). The DQ coefficient (β = 0.318) 
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and FIC coefficient (β = 0.276) are also significant in size and indicate that there is a substantial valuation response to 
meaningful increases in these informational attributes. Significantly, the DQ effect outweighs the FIC effect, which is what 
the hypothesis 7 suggests; however, both effects are materially significant  .The findings also provide new insights into the 
process of how AIAI can alleviate information asymmetry. AI streamlines disclosure processes, shortens the time gap and 
mental effort between the inside and outside worlds, and reduces the frictions of disclosure. This compression of frictions is 
reflected in the increased AI-adopting disclosure-quality scores, and subsequently in higher Tobin's Q valuations, as captured 
by the econometric models. This mechanism resonates with both the information-asymmetry approach (Windmeijer, 2005) 
and the signaling approach (Spence, 1973) as investments in AI can be used to improve information or to signal the quality 
of the managers. The strength of the inference to the system GMM estimation is noteworthy. The relatively low coefficients 
of AIAI, DQ, and FIC after instrumenting for potential endogeneity by increasing the number of instrument variables mitigates 
some of the concerns raised in the literature regarding reverse causality and unobserved heterogeneity. The results of the 
Hansen J test (p-value = 0.387) and the AR(2) test (p-value = 0.418) are also in agreement with the instrumentation strategy, 
thus further crediting the causal interpretation of the documented relationships. Lastly, the conclusions of the study have 
broader implications than would be drawn in the original research setting. The current results indicate that regulatory actors, 
standard setters, and corporate boards should take an active role in the deployment of AI accounting rather than its simple use 
as an operational cost-reduction program, since AI can have measurable consequences for capital markets. Without investing 
in AI-powered accounting systems, firms will fall behind on a progressive information ladder, and face consequences in terms 
of valuation, liquidity, and cost of capital. 
 
6. Conclusions, Implications, and Future Directions  
 
6.1 Conclusion 
 
This study empirically examines how the accounting intelligence gains from AI affect CMP for publicly listed companies on 
the Amman Stock Exchange, while accounting for DQ and FIC as mediators. The analysis is based on an impartial sample of 
215 listed companies in six broad sectors of the economy that are more exposed to AI, spanning 2017–2024, and uses an 
innovative econometric design, which features panel unit root tests, random and fixed-effects estimation in EViews, a novel 
econometric framework for measuring formal mediation effects in EViews with inclusion of a Sobel test, and a two-step 
system GMM estimation. The analysis yields several key findings. First, AIAI has a positive and economically relevant impact 
on the performance of the capital market, both directly and indirectly via DQ and FIC. Second, the mediating role of the two 
mediating variables is about 67.9% of the total AIAI–CMP effect, with DQ playing a bigger role in mediation. Third, the 
inferences are sensitive to alternative specifications of the dependent variable, lagged independent variables, and 
instrumentations that addressed endogeneity concerns. Fourth, the integrated theoretical framework assembled from the four 
perspectives of information asymmetry, agency, signaling, EMH, and resource-based view offers a concise and yet 
comprehensive perspective to explain the documented relationships. This study joins the growing literature on digital 
corporate reporting and provides one of the first econometrically grounded and multi-sector, multi-country studies of the 
capital market impact of accounting done with the help of AI. The findings have important ramifications for academic 
researchers, corporate decision makers, capital market participants, regulators, and standard-setters. 
 
6.2 Practical Implications 
 
The findings have a number of implications for the relevant stakeholder groups. The results offer an empirical justification 
for investing in AIAI infrastructures for corporate management and boards of directors, as they have proved to be positively 
impacting investment returns in the form of higher valuations, better disclosure attributes, and greater cross-firm 
comparability. For boards with projects in mind for digital transformation, the documented coefficients may be used to provide 
boards with reasonable estimates of the valuation impacts of proposed AI investments. The results highlight the importance 
for institutional investors and analysts to consider firms' AIAI adoption profiles in valuation models and portfolio-construction 
frameworks. Companies with high AIAI scores are found to have better informational features, indicating that the addition of 
informational features to the fundamental analysis could enhance the forecasting accuracy and portfolio performance. The 
findings provide empirical evidence for the regulators and standard-setters in their efforts to encourage digital reporting 
standards, machine-readable disclosure formats and common data-tagging conventions. The documented impacts of AIAI on 
the quality and comparability of disclosure imply that there are ancillary benefits in promoting regulatory intervention to 
encourage the use of AI that could include more informative and comparable capital markets. External auditors will draw 
implications that AIAI systems could replace and/or supplement conventional audit practices. Firms that are audited might 
need to adjust audit methodology, audit scope, and audit risk assessment to accommodate the use of the new intelligent tools 
for continuous-audit. 
 
6.3 Limitations and Future Research 
 
Although the analysis has been conducted in a rigorous manner, some limitations should be noted and offer potential avenues 
for further research. First, the AIAI measure is a composite of several different aspects of AIAI usage and thus represents a 
partial operationalisation of a concept that is inherently multi-faceted. Text analysis of corporate disclosures and machine-
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learning classification of technological capabilities could be used to build additional AIAI proxies that could be compared 
with the one used in this study and a survey-based instrument could be used to ask stakeholders about their perception of the 
sensitivity of the relationships documented to alternative measurement methods. 
 
Second, the sample consists only of six sectors considered high intensity in using AI. This limitation increases the internal 
validity of the analysis by ensuring that the analysis is restricted to the industries where AI is more widely adopted, but it may 
reduce the generalisability to the industries where AI is less widely adopted. The analysis could be expanded to other contexts 
and industries for further study. 
 
Third, the focus of the analysis is on the performance of the capital market, as measured by Tobin's Q, although limited 
attention is paid to alternative measures, including cost of equity, accuracy of analyst forecast, bid-ask spreads, and earnings 
response coefficients. This more general set of dependent variables could be systematically mapped in future studies to the 
AIAI–outcomes connection. 
 
Fourth, the system GMM specification overcomes the concerns of dynamic endogeneity, but other causal-inference methods 
such as difference-in-differences designs (based on exogenous regulatory shocks) or instrumental-variables designs (based on 
the variation in AI adoption across sectors and/or geographies) could provide additional support for causal inference. 
Lastly, the eight-year period of data collection might not be long enough to adequately reflect the long-term equilibrium 
effects of AI use in accounting. Longer horizon panels will be available as AI technologies continue to evolve and diffuse, 
allowing researchers to explore processes of dynamic adjustment and possible non-linearities in the relationship between AIAI 
and CMP. 
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Appendix A.  
 
This appendix part contains three tables, as follows: Table A1 shows the industry composition of the sample, Table A2 shows 
the annual distribution of firm-year observations, and Table A3 shows the sensitivity analysis, subsample estimates. 
 
Table A1  
Industry Composition of the Sample 

Sector Number of Firms Firm-Year Observations % of Sample 
Banking 48 384 22.33 
Financial Services 32 256 14.88 
Technology 45 360 20.93 
Industrial Manufacturing 38 304 17.67 
Telecommunications 26 208 12.09 
Energy 26 208 12.09 
Total 215 1,720 100.00 

 
Table A2  
Yearly Distribution of Firm-Year Observations 

Year Observations % of Sample 
2017 215 12.50 
2018 215 12.50 
2019 215 12.50 
2020 215 12.50 
2021 215 12.50 
2022 215 12.50 
2023 215 12.50 
2024 215 12.50 
Total 1,720 100.00 

 
Table A3  
Sensitivity Analysis, Subsample Estimations 

Subsample AIAI Coefficient t-Statistic p-Value Adjusted R² Observations 
Banking & Financial Services 0.398*** 5.243 0.000 0.532 640 
Technology Sector 0.453*** 6.187 0.000 0.563 360 
Industrial & Energy 0.367*** 4.847 0.000 0.487 512 
Telecommunications 0.421*** 4.318 0.000 0.498 208 
Pre-COVID (2017–2019) 0.342*** 4.643 0.000 0.487 645 
COVID & Post (2020–2024) 0.443*** 6.418 0.000 0.547 1,075 
Large Firms (above median size) 0.412*** 6.187 0.000 0.541 860 
Small Firms (below median size) 0.387*** 5.418 0.000 0.498 860 

Note: All subsample estimations apply the full set of controls, firm fixed effects, and year fixed effects from Equation (4); the stability of the AIAI coefficient across subsamples 
corroborates the external validity of the principal findings; *** denotes statistical significance at the 1% level. 
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