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Abstract

Artificial Intelligence (AI) is transforming banking operations, with many banks rapid-
ly embracing the technology. In annual reports, banks voluntarily disclose information 
about their AI initiatives, but the extent to which such disclosures influence customer 
behavior remains underexplored. This study investigates the impact of voluntary AI 
disclosures on customer deposit behavior, with a focus on the ownership structure 
of banks in India. The AI disclosure index was constructed from annual reports of 12 
Nifty Bank Index constituents. Using a mixed-methods approach, the balanced panel 
dataset over the period 2019–2023 was analyzed using a random effects model, validat-
ed through the Hausman test. Results indicate that voluntary AI disclosure positively 
influences the deposits, supporting the view that transparent reporting strengthens 
customer confidence. Public sector banks show stronger effects, with the ownership 
dummy yielding a negative coefficient, suggesting that private banks face a credibility 
gap. Profitability had a significant influence on deposit behavior, whereas book values 
per share and policy repo rate were insignificant. The findings demonstrate that volun-
tary AI disclosure has a signaling effect,  influencing customer trust, which is captured 
in the form of customer deposits. These results have practical implications for manag-
ers in designing disclosure and policymakers in standardizing reporting frameworks 
to improve reporting transparency.
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INTRODUCTION

The integration of Artificial Intelligence (AI) into banking opera-
tions is one of the most significant technological shifts in recent years. 
Indian banks are employing AI-driven tools to enhance customer ex-
perience, operational efficiency, and manage risks. Since these innova-
tive practices do not call for mandatory disclosure, a notable practice 
has emerged in the form of voluntary disclosure, where banks report 
AI-related initiatives in their annual reports and other communica-
tions, indicating a growing trend towards technological adoption.

The scientific problem addressed in this study lies in understanding 
the consequences of voluntary disclosure. Although prior research 
has examined the operational benefits of AI in banking, not enough 
studies have been done on the influence of this information in shap-
ing customer behavior towards banks. Disclosing AI adoption may 
reduce information asymmetry and build trust among the stakehold-
ers. Customer responses may vary due to the inconsistent reporting 
strategies adopted by banks, and the interpretations may vary among 
report users, creating differences in perceived reliability and institu-
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tional reputation. Despite the increasing use of AI in Indian banking, there remains limited evidence 
on how voluntary disclosure of such technologies in annual reports influences customer behavior and 
bank performance, particularly across public and private sector banks.

Against this backdrop, the relevance of the study lies in the need to analyze whether transparency in AI 
adoption serves as a strategic mechanism for shaping customer behavior and, by extension, bank perfor-
mance. This problem is central to understanding how voluntary non-financial disclosure, particularly 
in emerging markets, influences the dynamics between technology, trust, and financial outcomes. 

Given these gaps, a review of the existing literature on technological adoption, voluntary disclosure 
practices, and customer responses in the banking sector is applicable. Previous studies have highlighted 
the operational benefits of AI and the role of disclosure in reducing information asymmetry, yet the spe-
cific link between voluntary AI reporting and customer behavior remains underexplored. The following 
section reviews the relevant literature to clarify how these streams of research intersect and to identify 
the gap this study seeks to address.

1. LITERATURE REVIEW

Artificial Intelligence (AI) refers to the develop-
ment of computer systems capable of performing 
tasks that typically require human intelligence 
(Russell & Norvig, 2016). Its adoption in the bank-
ing sector has evolved in its seamless applications 
to widespread integration in business operations, 
confirming the Turing test, thus enabling efficien-
cy gains, cost reduction, and enhanced decision-
making (Abdullah & Almaqtari, 2024; Kumar et 
al., 2023). Recent technological advances, includ-
ing Robotic Process Automation (RPA), chatbots, 
and virtual assistants, have transformed opera-
tional frameworks and customer interactions, un-
derscoring AI’s role as a driver of innovation and 
efficiency in modern banking (Balakrishna et al., 
2023; Ghosh et al., 2024; Bharti et al., 2023).

A growing body of empirical research highlights 
the contribution of AI to banking efficiency, risk 
management, and customer experience. Studies 
across Asia and the Middle East show that AI and 
blockchain-based technologies enhance operation-
al resilience, customer engagement, and security 
(Noreen et al., 2023; Mohamed & Faisal, 2024; Al-
Dosari et al., 2022). AI-driven recommendation en-
gines and fraud detection models also demonstrate 
measurable improvements in service delivery and 
stakeholder confidence (Feng, 2024; Rahman et al., 
2023; Mehndiratta et al., 2023). AI-driven person-
alized recommendation engines further enhance 
customer engagement and satisfaction by offer-
ing tailored financial products (Hondoma, 2024). 

Evidence from Nigeria, Kuwait, and Saudi Arabia 
also indicates that AI integration improves produc-
tivity, risk mitigation, auditing, and reporting qual-
ity, with regulatory backing and organizational 
culture shaping adoption outcomes (Okoliko et al., 
2023; Al Wael et al., 2024; Mohsen et al., 2024).

In the absence of any mandates on disclosing the 
adoption of AI and the initiatives in this direction, 
voluntary disclosure of AI adoption in the annu-
al reports is used as a communication tool by the 
banks in India. Although many firms now report 
AI initiatives in annual reports, the absence of stan-
dardization often undermines their comparability 
and credibility (Bonsón et al., 2021). Prior research 
stresses that transparent communication reduces 
information asymmetry (Fama, 1980; Grossman 
& Stiglitz, 1980), strengthens reciprocity and stake-
holder trust (Blau, 1964; Molm et al., 2000), it also 
contributes to reputation management (Fombrun 
& Riel, 2004; Grunig et al., 2002). Evidence from 
Jordanian banks shows that AI-related keywords 
in annual reports positively affect ROA and ROE 
by reducing costs in operations, suggesting disclo-
sure of AI initiatives has material financial conse-
quences (Shiyyab et al., 2023). Similarly, studies 
grounded in social exchange theory confirm that 
disclosure fosters reciprocal support and long-term 
stakeholder cooperation (Gouldner, 1960). Further 
evidence from Indonesia also shows that voluntary 
disclosure of technological adoption can enhance 
stakeholder trust and accountability, reinforcing 
the importance of transparency in emerging mar-
kets (Meiryani et al., 2022).
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The role of ownership, culture, and regulation also 
influences the willingness to disclose voluntarily. 
Public banks benefit from implicit guarantees and 
depositor confidence, as demonstrated by La Porta 
et al. (2002), whereas private banks are more effi-
ciency-driven and sensitive to profitability (Micco 
& Panizza, 2006). In this context, voluntary com-
munication may serve as an important mechanism 
for private banks to close trust gaps with stake-
holders. In emerging markets, supportive regula-
tory frameworks encourage innovation adoption 
and also ensure accountability, as evidenced in 
Qatar and India (Al-Dosari et al., 2022; Bharti et 
al., 2023). The Reserve Bank of India’s digital bank-
ing guidelines, coupled with initiatives such as UPI, 
have accelerated AI adoption, much evidenced in 
corporate communication (Lopes & Prakash, 2023). 
At the same time, AI adoption and disclosure can 
be strategically aligned with customer needs, en-
abling banks to strengthen trust and competitive-
ness (Sardjono & Perdana, 2023). 

In summary, the literature establishes that AI en-
hances banking efficiency, risk management, and 
customer engagement, while voluntary disclosure 
strengthens trust, reputation, and financial out-
comes. However, most prior studies focus on op-
erational impacts rather than on how stakeholders 
interpret such disclosure. Little is known about the 
behavioral consequences of voluntary AI disclo-
sure, particularly in India, where banks face diverse 
ownership structures and regulatory pressures. This 
study addresses this gap by examining whether vol-
untary disclosure of AI adoption in annual reports 
influences customer behavior and bank perfor-
mance, with a specific focus on banks listed on the 
Nifty Bank Index.

2. METHODOLOGY

This study employs a mixed methods approach, in-
tegrating qualitative content analysis with quanti-
tative panel data econometrics. The analysis was 
conducted in three stages.

2.1. Stage 1: Sample and data 
collection

The sample comprises all 12 banks listed on the Nifty 
Bank Index (list of banks is provided in Appendix A), 

including 9 private sector and 3 public sector institu-
tions. Annual reports for 2019–2023 were examined, 
as AI-related disclosure first appeared in HDFC 
Bank’s 2017 report; however, it was only from 2019 
that the other banks also started voluntarily disclos-
ing the information on AI adoption.

2.2. Stage 2: Construction of the AI 
Disclosure Index

An AI Disclosure Index was constructed to mea-
sure the extent of voluntary AI-related reporting. 
Following FSB (2017), OECD (2019), and IOSCO 
(2020), AI-related keywords were collated and cat-
egorized into three groups: 

1. Digital awareness and transformation 

2. AI applications, products, and processes

3. AI-related challenges and cybersecurity 

Annual reports of the sampled banks were ana-
lyzed using MAXQDA24 software to ensure sys-
tematic and replicable content analysis. Keyword 
frequencies were extracted and aggregated for 
each bank by year. The base year 2019 was indexed 
to 100, with subsequent years scaled accordingly.

2.3. Stage 3: Model

The study estimates the following panel regression 
model:

( ) 0 1 2

3 4
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log

 

    

it it

it it
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where log (Deposit
it
) represents the natural loga-

rithm of deposits for bank i in time period t; NP
it
 

is the net profit as a control variable for bank i in 
time period t; BVPS

it
 denotes the book value per 

share as a control variable for bank i in time pe-
riod t; AI

it
 represents the AI index for bank i in 

time period t; PRR
it
 represents the policy repo rate 

as a control variable for bank i in time period t; 
Dummy

it
 represents the public sector banks and 

the private sector banks, where the private sector 
banks are marked 1 and public sector 0; α

i
 is a ran-

dom variable drawn from a distribution capturing 
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bank-specific heterogeneity; ε
it
 is the error term; 

the coefficients β
0
, β

1
, β

2
, β

3
, β

4
 and β

5
 represent the 

parameters to be estimated, capturing the rela-
tionship between the variables in the model.

2.4. Estimation procedure

A balanced panel was estimated using a Random 
Effects (RE) model, validated via the Hausman test. 
The random effects model assumes that the individ-
ual-specific effects are unrelated to the independent 
variables. This model is particularly useful when the 
focus is on estimating the average effect of the inde-
pendent variables across different entities (Greene, 
2012). Diagnostics for heteroskedasticity, autocorre-
lation, and multicollinearity were conducted to en-
sure model robustness. The final model included log 
(customer deposits) as the dependent variable repre-
senting customers’ behavior, and the AI disclosure 
index as the key explanatory variable. The number of 
deposits with the banks is taken as a proxy to gauge 
stakeholders’ behavior in response to the volun-
tary disclosure of AI-related information by banks. 
Notably, deposits may be impacted by a change in 
the policy repo rate, a key monetary policy tool of 
the central bank that impacts important economic 
indicators, ultimately shaping the overall econom-
ic landscape (Mishkin & Eakins, 2015; Barth et al., 
2013). Book value per share is an accounting num-
ber that reflects historical costs (Ross et al., 2019). 
Existing literature indicates that BVPS is anticipated 

to influence stock prices (Jain & Rao, 2022). Net prof-
it is a key financial metric that measures an orga-
nization’s ability to turn its core business operations 
into residual earnings and serves as a barometer of 
a company’s profitability and operational effective-
ness (Penman, 2015; Bragg, 2019). To strengthen the 
robustness and validity policy repo rate, book value 
per share, and net profit were introduced as controls 
(Babbie, 2016; Gravetter & Forzano, 2018; Gujarati & 
Porter, 2009; Wooldridge, 2015), along with the own-
ership dummy. This design allows for isolating the 
effect of AI disclosure on customer behavior and for 
comparing differences between public and private 
sector banks.

3. RESULTS

3.1. Descriptive statistics  
and diagnostics

Table 1 reports summary statistics for the vari-
ables used in the analysis. Mean deposits stand 
at Rs. 804,467.9 (min = Rs. 19,422.44; max = Rs. 
4,468,536; SD = 1,005,722), the AI disclosure in-
dex averages 165.67, book value per share (BVPS) 
averages 250.08, net profit (NP) averages 9,395.50, 
and the policy repo rate averages 5.03. Skewness 
and Jarque-Bera tests indicate non-normality for 
deposits and net profit, which is common with fi-
nancial time series.

Table 1. Descriptive statistics
Variables DEPOSITS AI INDEX BVPS NP PRR

Mean 804,467.9 165.6746 250.0797 9,395.498 5.030000

Median 456,009.3 141.1392 201.9450 3,238.120 4.400000

Maximum 4,468,536. 358.5714 708.9200 56,558.43 6.500000

Minimum 19,422.44 52.00000 31.54000 –10,026.41 4.000000

Std. Dev. 1,005,722. 72.29686 172.1506 13,021.23 1.120048

Skewness 2.142104 0.711438 0.701163 1.691701 0.373230

Kurtosis 7.315384 2.693138 2.573048 5.516680 1.221390

Jarque-Bera 92.44243 5.296852 5.372010 44.45272 9.301639

Probability 0.000000 0.070763 0.068153 0.000000 0.009554

Sum 48,268,072 9,940.478 15,004.78 563,729.9 301.8000

Sum Sq. Dev. 5.97E+13 308,383.3 1,748,513. 1.00E+10 74.01600

Observations 60 60 60 60 60

Table 2. Correlation of dependent and independent variables
Variables DEPOSITS AI INDEX BVPS NP PRR

DEPOSITS 1.000000 –0.132677 0.232488 0.697317 0.004718

AI INDEX –0.132677 1.000000 0.055663 0.147556 0.045087

BVPS 0.232488 0.055663 1.000000 0.500599 0.049047

NP 0.697317 0.147556 0.500599 1.000000 0.036630

PRR 0.004718 0.045087 0.049047 0.036630 1.000000
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3.2. Correlation

The correlation matrix shows a weak negative raw 
correlation between deposits and the AI index 
(−0.133), a moderate positive correlation between 
deposits and BVPS (0.232), and a strong positive 
correlation between deposits and net profit (0.697). 
There is essentially no correlation between depos-
its and the repo rate. 

3.3. Model selection and stationarity 
checks

Augmented Dickey-Fuller tests showed station-
arity for all series at levels, except Customer 
Deposits. Customer Deposits were log-trans-
formed (LOGDEPOSIT) to achieve stationarity 
before panel estimation. 

3.4. Hausman test (random vs fixed 
effects)

The Hausman test is used to determine which 
model (Fixed or Random) is appropriate in Panel 
data analysis. The hypothesis for this Hausman 
test is as follows

Null Hypothesis: Random Effect model is 
appropriate.

Alternative Hypothesis: Fixed Effect model is 
appropriate.

The Hausman test (chi-sq ≈ 0, p = 1.000) indicates 
that the random effects specification is appropri-
ate for the balanced panel (12 banks × 5 years = 
60 observations); accordingly, panel EGLS with 
cross-section random effects was estimated. The 
Hausman test failed to reject the null hypothesis 
for this panel.

3.5. Random-effects regression

Drawing on the random effects model presented 
in Table 4, the intercept was found to be statisti-
cally significant at the 95% confidence level. This 
indicates a notable contribution to explaining the 
variations in deposit levels across different banks. 
Similarly, the coefficient associated with the AI 
Index exhibited positive effects and statistical sig-
nificance at a 95% confidence level, indicating a 
favorable association with the adoption of artifi-
cial intelligence (AI) within banking operations. 
These findings emphasize the role of AI technol-
ogy in influencing deposit levels within banks, 
which was taken as a proxy for customer behav-
ior towards banking operations. The negative coef-
ficient of the dummy variable, which is found to 
be significant at the 5% level, suggests that public 

Table 4. Random effects regression

Dependent Variable: LOGDEPOSIT

Method: Panel EGLS (Cross-section random effects)
Period: 2019–2023

Years: 5

Cross sections: 12
Total panel (balanced) observations: 60

Swamy and Arora estimator of component variances
Variables Coefficient Standard Error t-Statistic Probability

AI INDEX 0.002514 0.000409 6.143530 0.0000

DUMMY –2.015167 0.479683 –4.201039 0.0001

NP 8.57E-06 3.62E-06 2.364429 0.0217

BVPS 0.000730 0.000469 1.557944 0.1251

PRR –0.017861 0.020221 –0.883313 0.3810

C 13.76665 0.430928 31.94656 0.0000

R-squared 0.621137 Adjusted R-squared 0.586057

Prob(F-statistic) 0.000000 –

Table 3. Hausman test

Correlated Random Effects – Hausman test
Test cross-section random effects 

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob.

Cross-section random 0.000000 4 1.0000
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sector banks have exerted a substantial influence 
on customer behavior compared to private sec-
tor banks. Moreover, the statistically significant 
coefficient for Net Profit stipulates a significant 
positive relationship between net profit and the 
deposits, indicating that higher net profits lead to 
increased deposit levels in banks, reflecting the 
confidence reposed by customers in the bank. On 
the contrary, the coefficient for BVPS (Book Value 
per Share) fails to demonstrate statistical signifi-
cance (p > 0.05) at the 95% confidence level. Thus, 
there is insufficient evidence to suggest a signifi-
cant association between Book Value per Share 
and Deposits. This implies that fluctuations in the 
book value per share may not exert their influence 
on deposit levels in the banking sector. Similarly, 
regarding the policy repo rate, there is insufficient 
evidence to conclude a significant relationship be-
tween repo rates and deposit levels in banks. The 
policy repo rate does not appear to significantly 
influence deposit levels within the banking sector 
during the studied period.

4. DISCUSSION

The findings confirm the central expectation 
that voluntary AI disclosure measurably influ-
ences customer behavior. The strong positive coef-
ficient for the AI disclosure index indicates that 
banks that communicate their AI adoption more 
extensively attract greater deposit inflows. This 
demonstrates that transparency in technological 
reporting functions as a strategic tool for build-
ing trust and engagement. The magnitude of the 
effect – an estimated 2.5% increase in deposits for 
each 10-point rise in the disclosure index – sug-
gests that customers perceive such information as 
a credible signal of innovation and reliability.

The analysis also highlights the importance of 
ownership structure. Public sector banks consis-
tently reported higher deposits than private banks, 
even after accounting for AI disclosure and profit-
ability. This suggests that disclosure interacts with 
institutional reputation: customers appear to val-
ue transparency from public banks more highly, 
perhaps due to the perceived backing of govern-
ment ownership. At the same time, the significant 
negative coefficient for private banks indicates a 
credibility challenge that more standardized or 
detailed disclosure practices could address.

Profitability emerged as another significant deter-
minant of deposits, suggesting that a strong finan-
cial performance reassures customers and attracts 
funds. In contrast, book value per share and the 
policy repo rate showed no significant influence 
on deposit behavior. These  results indicate that 
customers may prioritize signals of innovation 
and profitability over traditional accounting mea-
sures or macroeconomic variables when deciding 
where to place deposits. Such a pattern resonates 
with recent literature suggesting that non-finan-
cial disclosure can shape stakeholder decisions 
as much as, or more than, conventional financial 
metrics.

Beyond the regression outcomes, the descriptive 
and correlation analyses provided additional in-
sights. While deposits and the AI index showed 
a weak negative correlation, the panel regression 
revealed a significant positive relationship once 
other factors were controlled, a finding uncov-
ered by the multivariate modeling. Similarly, the 
strong bivariate correlation between deposits and 
net profit reinforced the regression result that 
profitability remains a critical driver of customer 
confidence.

Overall, the discussion of results shows that volun-
tary disclosure of AI initiatives has a tangible im-
pact on customer behavior and bank performance, 
with effects shaped by ownership and profitability. 
The lack of significance for BVPS and repo rate un-
derscores the growing relevance of non-financial 
disclosure in influencing customer decisions, par-
ticularly in emerging markets where information 
asymmetry is more pronounced.

Comparison with existing studies. The finding 
that voluntary AI disclosure is positively related 
to a key performance outcome aligns with recent 
work documenting favorable market responses to 
AI reporting and technology transparency (e.g., 
Shiyyab et al., 2023; Abdullah & Almaqtari, 2024). 
It also extends the literature by linking disclosure 
directly to customer behavior (deposits) rather 
than only to accounting or market performance 
metrics. At the same time, the limited effect of 
traditional macro (repo) and accounting (BVPS) 
variables in this short panel underscores that non-
financial disclosure can play an independent role 
in shaping stakeholder decisions.
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The empirical evidence supports the study’s cen-
tral proposition: voluntary disclosure of AI-related 
activities in annual reports is associated with im-
proved customer behavior, measured here by de-

posit growth, and contributes to bank performance 
alongside profitability. The ownership differences 
and the limited role of BVPS and repo rate point to 
avenues for deeper investigation in future studies.

CONCLUSION

By constructing a disclosure index from annual reports and applying a random effects panel model to 
a balanced dataset of 12 banks over 2019–2023, the paper sought to study whether communicating 
AI adoption voluntarily has measurable effects beyond operational efficiency in the Indian banking 
sector. The analysis confirmed that voluntary AI disclosure significantly and positively influences 
customer deposits, that ownership structure shapes the effect, and that profitability remains a sig-
nificant driver while BVPS and the repo rate are not. 

The results indicate that greater voluntary disclosure of AI-related initiatives is positively and sig-
nificantly associated with customer deposits, suggesting that transparency in technological adop-
tion strengthens customer trust and confidence. Public sector banks displayed stronger deposit 
outcomes compared to their private counterparts, reflecting both their institutional scale and the 
credibility attributed to their disclosure. Profitability also contributed positively to deposits, while 
traditional accounting (BVPS) and monetary policy (repo rate) variables showed no significant ef-
fect in this context.

The findings of the study are that voluntary AI disclosure is not merely symbolic but has tangible 
behavioral and financial consequences, making it a strategic lever for banks. The ownership struc-
ture influences how such disclosure is received, with public banks enjoying a comparative advan-
tage in mobilizing deposits. Apart from the conventional indicators drawn from financial state-
ments, there is a growing relevance of non-financial reporting in an era of digital transformation.

The findings highlight that voluntary AI disclosure can serve as a credible mechanism to strength-
en customer confidence and influence deposit behavior. This underscores the importance of inte-
grating AI adoption into corporate communication strategies, which not only inform the stake-
holders about the innovation and reliability but also create tangible financial benefits by attracting 
and retaining customers. 

For regulators, the results emphasize the need for standardized disclosure frameworks on emerging 
technologies. By encouraging transparent and accountable reporting, regulators can ensure that 
voluntary AI disclosure contributes meaningfully to financial stability and customer confidence.

LIMITATIONS AND FUTURE RESEARCH

The analysis is based on a relatively short panel of 12 banks over five years, which may restrict the gener-
alizability of the results. A larger dataset covering more banks and longer periods would provide stron-
ger statistical power. The ownership dummy may partly reflect scale effects, as large public sector banks 
dominate deposit markets in India.

In future research, the sample may be expanded to include non-Nifty-listed banks, and cross-country 
comparisons may help test the robustness of the results across different institutional contexts.
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APPENDIX A

Table A1. List of banks included in the study

S.No. Bank Name Private/Public Sector
01 AU Small Finance Bank Limited Private

02 Axis Bank Limited Private

03 Bandhan Bank Limited Private

04 Federal Bank Private

05 HDFC Bank Limited Private

06 ICICI Bank Limited Private

07 IDFC First Bank Limited Private

08 IndusInd Bank Limited Private

09 Kotak Mahindra Bank Limited Private

10 Bank of Baroda Public

11 Punjab National Bank Public

12 State Bank of India Public
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