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The Indian Accounting Standards (Ind AS) play a pivotal role in reducing financial impropriety. These standards
significantly enhance the accountability, accuracy, and transparency of financial reporting, thereby serving an
essential function in deterring financial malfeasance. Such malfeasance includes deceptive accounting practices,
misleading reporting, and the distortion of earnings, all of which undermine investor confidence, disrupt market
integrity, and adversely affect the economy. The Ind AS, aligned with the International Financial Reporting
Standards (IFRS), provide a comprehensive and robust framework that substantially improves the quality of
financial reporting. The article outlines the significant benefits of Ind AS for financial reporting, such as increased
transparency and accuracy. It presents case studies illustrating how the application of the standard has effectively
addressed and mitigated financial discrepancies. Furthermore, the article examines the challenges organisations
face in adopting Ind AS, including the complexities of transitioning from previous accounting standards and the
need for extensive system reforms and personnel training. By elucidating these challenges, the article offers a
thorough analysis of the effectiveness of Ind AS in addressing financial malpractice. It emphasises its role in
fostering a more transparent and responsible financial reporting environment.

1. Introduction By mandating transparent financial disclosures and reinforcing

corporate governance, Ind AS has become a vital tool for auditors,

Financial shenanigans—practices designed to manipulate financial
statements and present a distorted view of a company’s perform-
ance—pose significant risks to stakeholders and undermine the overall
integrity of financial markets [1,2]. In response to the rising incidence of
corporate fraud and the demand for greater transparency, the Indian
Accounting Standards (Ind AS) were introduced to ensure consistency,
accuracy, and fairness in financial reporting. Based on the International
Financial Reporting Standards (IFRS), Ind AS aims to establish unifor-
mity across sectors and provide investors with a clear and truthful
representation of companies’ financial health [3].

Ind AS plays a pivotal role in curbing financial shenanigans by
enforcing stringent disclosure norms, promoting fair value measure-
ment, and requiring detailed transaction reporting. Through standards
like Ind AS 1 (Presentation of Financial Statements), Ind AS 109
(Financial Instruments), and Ind AS 115 (Revenue from Contracts with
Customers), Indian firms are obligated to present their financial state-
ments in a manner that reduces the scope for manipulation, fraudulent
revenue recognition, and asset misrepresentation [4,5]

regulators, and investors to identify and prevent financial irregularities.
This system improves financial discipline within companies and fosters
trust in the Indian capital markets [6].

1.1. Literature review

Financial shenanigans, the gimmicks used to misrepresent financial
statements through questionable accounting practices, continue to pose
a significant global challenge to investors and regulators [7]. However,
developing more stringent financial reporting standards does not seem
to have effectively curbed these unethical practices, which persist
worldwide [8]. The search for potential factors that may lead companies
to engage in such unethical behaviour has been a primary motivation
behind recent research in this domain.

This literature review examines the existing body of research on
accounting fraud, with a focus on the role of Indian Accounting Stan-
dards in addressing this issue [9]. The findings highlight the importance
of responsible corporate governance, sound accounting practices, and
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the psychological characteristics of managers and employees as critical
factors influencing the prevalence of unethical behaviour. These psy-
chological characteristics may include greed, pressure to meet financial
targets, and the fear of job loss [8].

Companies have long employed various deceptive accounting prac-
tices, collectively known as "financial shenanigans," to misrepresent
their trustworthy financial standing and mislead stakeholders [7].
Despite the development of more demanding financial reporting stan-
dards, the problem of accounting fraud persists worldwide, suggesting
that the existing measures may not effectively address this issue [8]. To
enhance transparency and accountability in the financial reporting
practices of Indian companies, the government has introduced the In-
dian Accounting Standards, which closely align with the International
Financial Reporting Standards adopted globally [7,8,10]. This literature
review aims to synthesise the current scholarly understanding of the role
and effectiveness of these standards in mitigating the prevalence of
financial shenanigans in the Indian corporate sector. The body of aca-
demic research has consistently demonstrated the far-reaching impli-
cations of accounting fraud, which can undermine the confidence of
individual investors and creditors and jeopardise the overall stability
and growth of the economy [7,8]. Scholars have emphasised the need
for a multifaceted approach to address this challenge, one that combines
strengthened regulatory oversight, the implementation of robust
corporate governance practices, and the cultivation of enhanced ethical
awareness and integrity among financial professionals

The Indian Accounting Standards (Ind-AS) play a pivotal role in
preventing financial fraud by enhancing the quality and reliability of
financial reporting. This fosters transparency and accountability among
businesses, reassuring stakeholders and the public. The transition from
Generally Accepted Accounting Principles (GAAP) to International
Financial Reporting Standards (IFRS) aimed to align Indian practices
with global standards, which is essential for attracting foreign invest-
ment and ensuring comparability in financial statements [11]. By
mandating rigorous disclosure requirements and measurement criteria,
Ind-AS compels companies to adopt robust internal controls and
governance structures, which are vital in mitigating fraud risks [11].
The involvement of auditors and forensic accountants in the financial
reporting process is critical, as they utilise these standards to detect and
prevent fraudulent activities through comprehensive audits and in-
vestigations [12,13-14]. Overall, the implementation of Ind-AS not only
enhances financial integrity but also empowers stakeholders to identify
and address potential fraud effectively.

The literature strongly suggests that the social cost of accounting
fraud should be minimised. Governments and companies must urgently
develop policies combining responsible corporate governance with
environmental sustainability. This is not just a financial issue but a so-
cietal one, requiring immediate attention and action.

This discussion is crucially concerned with the role of Indian Ac-
counting Standards in curbing financial shenanigans. These standards
ensure transparent and accurate financial reporting, reducing the scope
for manipulation and misrepresentation [1].

1.2. Research objectives

1. Assess how Ind AS, with its potential to enhance the accuracy,
transparency, and reliability of financial reports, can significantly
reduce financial misreporting and foster a more transparent and
reliable financial landscape.

2. Explore how the adoption of Ind AS can revolutionise corporate
governance by enforcing stricter disclosure norms and account-
ability, and enhancing transparency and ethical behaviour.

3. Conduct a thorough analysis of the practical challenges businesses
may face during the implementation of Ind AS, including system
overhauls and employee training, to provide a realistic view of the
process.
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4. Investigate how the adoption of Ind AS enhances investor protection
by promoting transparency and ethical corporate behaviour.

5. Evaluate case studies of companies adopting Ind AS to reduce
financial shenanigans and fraudulent reporting.

1.3. Research hypotheses

1. The adoption of Ind AS significantly reduces financial shenanigans
by enhancing financial reporting accuracy, transparency, and
accountability (H1).

2. There is no significant relationship between the adoption of Ind AS
and the reduction of financial malfeasance in financial reporting
(HO).

3. Ind AS improves corporate governance and investor protection by
enforcing stricter disclosure norms and ethical behaviour (H2).

4. Challenges in adopting Ind AS, such as system changes and employee
training, negatively impact its implementation effectiveness (H3).

5. Companies that successfully implement Ind AS experience fewer
financial anomalies than those that do not (H4).

1.4. Research methodology

This study employs a strong mixed-methods research design that
integrates quantitative analysis with qualitative case-based examina-
tion, centring on the impacts of Indian Accounting Standards (Ind AS) on
financial transparency, misreporting risks, the pandemic, and corporate
governance practices [15]. The quantitative component employs a lon-
gitudinal framework based on panel data, utilising descriptive statistics,
independent sample t-tests, and multinomial logistic regression, along
with model fit diagnostics to ensure both statistical robustness and
empirical validity [16].

This study explores the financial performance of companies before
and after implementing Ind AS, assesses cases of possible financial
misreporting, analyses the evolution of corporate governance structures,
and considers the external impacts of the COVID-19 pandemic using
dummy variables [17].

1.5. Data analysis techniques

A wide range of both quantitative and qualitative methods was
employed to assess the impact of implementing Ind AS on financial
reporting practices in India [18]. The quantitative analysis includes
descriptive statistics, inferential tests using t-tests, and predictive
modelling with multinomial logistic regression. To ensure the validity,
reliability, and explanatory strength of the models, diagnostics such as
goodness-of-fit measures were applied [19,20].

To assess financial transparency, risk exposure, and resilience, a
detailed examination of key financial ratios was conducted across pre-
and post-Ind AS, Suspected Fraud, Covid-19 pandemic, and the Emer-
gence of corporate governance as dependent dummy variables in
implementation periods to identify shifts in performance metrics and
reporting accuracy [21].

A comparative longitudinal analysis was also conducted to examine
the changes in financial disclosure practices and governance frame-
works resulting from the adoption of specific Indian Accounting Stan-
dards (Ind AS) provisions. The qualitative part utilised a case study
approach with content analysis to investigate context-relevant factors
affecting standards adoption. The case studies focused on the imple-
mentation of selected Ind AS norms—specifically, Ind AS 1, 24, 36, 37,
109, 110, and 115 [22].

1.6. Analytical tools utilised
Data analysis and econometric modelling were performed using

Microsoft Excel, IBM SPSS Statistics, Gretl, and R Studio. These tools
enabled data cleaning, statistical calculations, and the use of advanced
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econometric methods. Their integrated application guaranteed analyt-
ical rigour, reproducibility, and the integrity of data-driven insights
throughout all stages of the research.

1.7. Scope of the study

This study encompasses the periods preceding and following the
implementation of Ind AS in the Indian corporate sector. It aims to assess
the transition to Ind AS by examining its impact on financial trans-
parency, reduction of financial fraud, strengthening corporate gover-
nance frameworks, and boosting investor confidence [23]. Utilising a
firm-level empirical approach complemented by regulatory insights,
this research makes a significant contribution to the discussion on ac-
counting reform and financial governance in emerging markets.

1.8. Expected outcomes

1. Demonstrate that Ind AS improves financial reporting accuracy and
reduces financial fraud.

2. Demonstrate that companies with robust governance structures
benefit more from adopting Ind AS.

3. Highlight challenges in Ind AS implementation and offer solutions.

4. Conclude that Ind AS enhances investor confidence by promoting
transparency and ethical behaviour.

5. Provide case study evidence showing that Ind AS reduces financial
anomalies and promotes corporate ethics.

2. Content analysis: Indian accounting standards in preventing
financial frauds

Indian Accounting Standards (Ind AS) play a significant role in pre-
venting financial fraud. They ensure transparency, consistency, and
accountability in financial reporting [1]. These standards, which have
converged with the International Financial Reporting Standards (IFRS)
to form a robust framework, help organisations present their financial
statements honestly and fairly [3]. This convergence with IFRS means
that Ind AS is not just a local standard but aligns with global best
practices in financial reporting. Ind AS is a powerful tool in the fight
against fraud [24].

2.1. Enhanced transparency and disclosure requirements

Ind AS mandates extensive disclosures, making it difficult for com-
panies to hide or misrepresent financial information. By requiring
detailed notes on various financial aspects, such as revenue recognition,
related-party transactions, and financial instruments, the standards
reduce opportunities for manipulation [25].

2.2. Fair valuation and measurement

Ind AS emphasises fair value measurement for assets and liabilities
instead of historical cost accounting. This approach limits the ability to
inflate or undervalue assets, provides a realistic financial picture, and
prevents asset overstatement or understatement fraud.

2.3. Revenue recognition (Ind AS 115)

The recognition standard under Ind AS outlines stringent principles
for recognising revenue, preventing companies from prematurely
booking revenues to inflate earnings. This deters fraud involving the
manipulation of sales figures or earnings reports [3].

2.4. Accounting for financial instruments (Ind AS 109)

Ind AS 109 ensures accurate classification and measurement of
financial assets and liabilities, including provisions for expected credit
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losses. This helps prevent the concealment of bad debts and ensures
financial institutions accurately report their credit risk exposures.

2.5. Consolidation of financial statements (Ind AS 110)

Ind AS 110 mandates the consolidation of financial statements for
subsidiaries and other controlled entities. This eliminates the possibility
of hiding liabilities or manipulating the financial performance of group
companies.

2.6. Stringent corporate governance

The standards enhance corporate governance by encouraging the
establishment of internal controls and risk management systems aligned
with accounting practices. This reduces opportunities for fraud and
helps in early detection [25].

2.7. Auditor’s role

With the implementation of Ind AS, auditors are required to pay
closer attention to compliance with these standards. This ensures that
financial statements are scrutinised more rigorously, making it harder
for companies to commit fraud without detection [25].

2.8. Consistency and comparability

By standardising accounting practices, Ind AS ensures consistency
across periods and company comparability. This uniformity reduces the
scope for manipulation through inconsistent accounting treatments
[25].

3. Indian accounting standards (Ind AS) help in preventing
financial fraud

Indian Accounting Standards (Ind AS) enhance transparency, con-
sistency, and comparability in financial reporting, thereby minimising
opportunities for manipulation and fraud, as illustrated through data-
driven Tables 1,2,3 and insightful Chart 1.

The chart below illustrates the impact of various Ind AS standards on
key areas where financial fraud is commonly found.

Revenue Manipulation and Asset Overvaluation are the most
frequent fraud risks addressed by Ind AS.

3.1. Major areas where Ind AS prevents fraud

The following pie chart in Graph 1 represents the percentage
contribution of various Ind AS standards in preventing different types of
financial fraud [37].

The chart highlights how IND AS addresses hidden liabilities (20 %)
to ensure the company’s financial health. It significantly curtails reve-
nue manipulation (30 %) and asset overvaluation (25 %) through strict
policies, such as fair value measurement and revenue recognition.
Related-party transactions (15 %) are also addressed through mandatory
disclosures, ensuring transparency. Other fraudulent activities (10 %)
are minimised via a robust framework. IND AS enhances accountability,
reliability, and investor confidence in financial statements.

4. Case study

Providing the full details of these case studies and their original
balance sheets is restricted due to confidentiality and legal consider-
ations, as corporate financial reports and internal documents may not be
publicly available. However, this can be summarise each case with
publicly available information and provide critical lessons from their
financial reports in Table 4,5,6-53.



S. Kumar

Table 1

Key Ind AS standards and their role in preventing financial frauds.
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Table 2

Impact of Ind AS on Financial Fraud Prevention.

Ind AS Area Covered Role in Preventing Case Study Example Aspect Ind AS Involved Impact on Fraud
Standard Fraud Prevention
Ind AS 1 Presentation of Ensures proper Case Study: IL&FS Revenue Manipulation Ind AS 115 High
Financial classification and (Infrastructure Leasing Asset Overvaluation Ind AS 36, Ind AS 16 High
Statements disclosure, reducing the & Financial Services): Hidden Liabilities IndAS109,Ind AS110,Ind  High
risk of manipulation Manipulation in the AS 37
and misstatement. classification of Related Party Transactions  Ind AS 24 Medium
liabilities caused its Premature Revenue Ind AS 115 High
financial collapse, Recognition
drawing attention to Financial Instruments Ind AS 109 High
proper financial .
reporting as per Ind AS Source: Author’s Compiled.
1 to avoid such
incidents [26].
Ind AS Revenue from Prevents premature Case Study: Wipro - Table 3
115 Contracts with recognition of revenue,  They applied Ind AS Benefits of Ind AS in Enhancing Financial Reporting Integrity.
Customers ensuring accurate 115 for revenue
reporting of earnings. recognition, Benefit Ind AS Feature Impact Company Example
demonstrating how Transparency Comprehensive Reduces Infosys: Known for
proper standards disclosure opportunities for its transparent
prevent early revenue requirements fraud by identifying disclosures,
reporting and and addressing following Ind AS
contribute to hidden or to maintain high
transparency [27]. misclassified data. financial integrity
Ind AS Financial Ensures proper Case Study: Yes Bank: [34].

109 Instruments classification, The correct Fair Valuation ~ Empbhasis on fair Limits on Yes Bank: Utilised
valuation, and implementation of Ind value overstatement or fair value
disclosure of financial AS 109 in evaluating measurement (Ind  understatement of measurement
assets, reducing the risk  financial instruments AS 109) assets and liabilities.  under Ind AS 109
of hidden liabilities. helped identify risk, to expose risks in

especially related to its asset portfolio
NPAs (Non-Performing [28].
Assets) [28]. Comparability ~ Consistent Reduces Wipro:

Ind AS Consolidated Mandates the Case Study: Tata Sons: reporting across manipulation by Implemented

110 Financial consolidation of Ind AS 110 ensured entities (Ind AS 1) enforcing uniform consistent

Statements subsidiaries, preventing  proper consolidation, accounting reporting,
off-balance sheet preventing off-balance practices. providing clarity
liabilities and financial sheet fraud involving in financial
misrepresentation. subsidiaries [29]. statements [35].
IndAS36  Impairment of Prevents overvaluation  Case Study: Reliance Consolidation Consolidation of Prevents off-balance  Tata Group:
Assets of assets by requiring Communications: financial sheet financing and Effective
impairment tests to Applied Ind AS 36 to statements (Ind undisclosed consolidation of
reflect an accurate adjust for impairment AS 110) liabilities. subsidiaries to
financial position. losses when the prevent fraud
telecom sector [291.
experienced significant Accurate Stringent revenue It prevents Hindustan
stress [30]. Revenue recognition (Ind companies from Unilever Limited
Ind AS24  Related Party Requires transparent Case Study: Jet Recognition AS 115) inflating earnings (HUL): Followed
Disclosures disclosure of Airways: Failure to through early strict revenue
transactions with disclose related party revenue reporting. recognition
related parties, transactions and policies and
reducing the risk of financial misreporting maintained
hidden financial fraud. could have been reliable earnings
prevented by strict reports [36].
adherence to Ind AS 24
[31]. Source: Authors’ Research on Ind AS standards in financial fraud prevention:
Ind AS37  Provisions, Ensures proper Case Study: Vodafone Case studies and analysis.
Contingent reporting of provisions Idea: Adopted Ind AS
Liabilities, and and contingencies, 37 to disclose and . . . . . .
Assets avoiding manage contingent 4.1. IL&FS (Infrastructure leasing & financial services) - manipulation of
underreporting of risks.  liabilities related to the liabilities (Ind AS 1)
AGR dues dispute with
the government [32]. The case of Infrastructure Leasing & Financial Services (IL&FS) il-
Ind AS16  Property, Plant, Prevents overstatement Case Study: SAIL (Steel

and Equipment

of assets by requiring
accurate depreciation
and valuation methods.

Authority of India):
Followed Ind AS 16 to
properly account for
asset depreciation in
heavy infrastructure
investments [33].

Source: Authors’ Research on Ind AS standards in financial fraud prevention:

Case studies and analysis.

lustrates the abuse of accounting standards, particularly Ind AS 1, to
misrepresent financial health. Analysis of IL&FS’s reports from 2017 to
2024 shows a peculiar pattern in the Debt-to-Equity Ratio, which stayed
at 0 %. This is unusual for infrastructure and financial firms, which
typically depend on borrowed capital. Reporting a zero Debt-to-Equity
Ratio raises concerns about concealing off-balance sheet liabilities,
creating a misleading financial image. This exemplifies financial win-
dow dressing, as liabilities may have been manipulated to mislead
stakeholders, investors, and regulators about the actual financial

condition.

IL&FS’s financial ratio analysis suggests potential manipulation. The
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Ind AS Prevents Fraud Contribution
(%)

Other Fraudulent
Activities
10% Revenue
Manipulation
30%
Related Party
Transactions
15%

Hidden Liabilities
20%
Asset Overvaluation
25%

W Asset Overvaluation
W Rdated Party Transactions

Revenue Manipulation
1 Hidden Liabilities

Graph 1. Pie Chart: Major Areas Where Ind AS Prevents Fraud.
Source: Author’s Compiled.

Current Ratio surged from 7.4 % in 2017 to 318.2 % in 2024, indicating
inflated current assets or understated liabilities. The Quick Ratio re-
flected this trend. The Return on Equity (ROE) dropped sharply in 2018
and fluctuated, while the Debt-to-Equity Ratio remained at 0 %, raising
further concerns. Although Ind AS aims to enhance transparency, the
IL&FS case shows that even strong standards can be misused without
strict enforcement.

The rules used for triggering the "Fraud Suspected" indicator are
based on significant anomalies in Return on Equity (ROE) and liquidity
ratios. Rule 1 is activated when ROE drops by >70 % in a single year,
which may suggest an abrupt decline in performance. Rule 2 flags
concern when the ROE becomes negative, accompanied by a drop of
>30 % in liquidity, indicating possible prolonged financial stress or
manipulation. Rule 3 is triggered when ROE falls by over 500 %,
marking an extreme anomaly and a strong potential red flag.

These rules, applied to the financial data, identified suspicions of
fraud in 2018 (Rule 1), 2021 (Rule 2), and 2022 (Rule 3). Although these
do not confirm fraudulent activity, such drastic shifts in performance
and liquidity warrant a deeper forensic investigation to rule out
misrepresentation or hidden operational issues.

4.1.1. Corporate governance adoption

IL&FS (Infrastructure Leasing & Financial Services) faced a corporate
governance crisis due to liability manipulation, breaching Ind AS 1. A
substantial decline in return on equity (ROE) in 2018, combined with
increased liquidity issues, indicated performance challenges and
heightened governance scrutiny. Although some governance improve-
ments were made, they were reactive rather than proactive. Efforts were

Table 4
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Table 5
Suspected fraud analysis.
Year AROE ACR AQR Fraud Rule Triggered
Suspected

2017 - - - 0 -

2018 (—0.747) (8.243) (8.243) 1 Rule 1 — Sharp ROE
fall

2019 (1.049) (—0.088) (—0.088) 0 -

2020 (—0.202) (0.258) (0.258) 0 -

2021 (—1.433) (—0.381) (—0.381) 1 Rule 2 — ROE
negative + poor
liquidity

2022  (-5.276)  (0.235) (0.235) 1 Rule 3 — Extremely
poor ROE

2023 (0.718) (1.187) (1.187) 0 -

2024 (—0.070) (1.425) (1.425) 0 -

Source: Author’s computation.

Table 6
Method of suspected fraud indicator (Adapted for ROE & Liquidity).

Indicator Calculation Interpretation Logic
AROE ( %) ROE: — ROE:t-1 Large drops may indicate operational
distress or earnings management
ACR (%) / CRt — CRt-1/ QRe Sharp decreases alongside negative ROE
AQR (%) — QR can suggest liquidity stress
Fraud Binary (0 = No, 1 1 is assigned when any rule is triggered
Suspected = Yes)

Source: Author compiled.

inconsistent, with no significant reforms in 2019 and 2020. More deci-
sive actions emerged in 2021 and 2022, aligning with financial recovery.
However, governance initiatives weakened again in 2023 and 2024
despite improved performance. This inconsistency highlights IL&FS’s
failure to implement strong governance practices, relying on temporary
solutions during crises instead of fostering long-term accountability.

Table 7 shows that the descriptive statistics indicate significant data
asymmetry and a non-normal distribution. The average ROE is 10.75,
characterised by low variability yet high skewness (8.26), which sug-
gests the presence of extreme positive outliers. The Current and Quick
Ratios, with a mean of 96.84 and a standard deviation of 33.86, also
demonstrate high skewness and leptokurtic patterns, reflecting a con-
centration of high values. The adoption of Indas is prevalent, with a
mean of 0.88, accompanied by extreme kurtosis. The variables of
pandemic, Suspected Fraud, and ECG exhibit clustering at lower values,
implying modelling difficulties due to their skewed and peaked
distributions.

The one-sample t-test results in Table 8 indicate that Return on Eq-
uity (ROE), Current Ratio, and Quick Ratio are significantly higher than
the benchmark value of 2.365, with p-values of 0.024 (ROE), 0.027
(Current Ratio), and 0.027 (Quick Ratio), respectively. This indicates
that these financial metrics exceed the benchmark statistically.
Conversely, IndAS status, Pandemic, Suspected Fraud, and Enhanced
Corporate Governance show significant negative t-values (p < 0.001),
indicating their means fall below the benchmark value. Additionally,

Comparative analysis of IL&FS (infrastructure leasing & financial services) (2017-2024).

Year Debt/Equity ROE CR QR IndAS Pandemic SF Enhance Corporate Governance
2017 0 16.2 7.4 7.4 0 0 0 0
2018 0 4.1 68.4 68.4 1 0 1 1
2019 0 8.4 62.4 62.4 1 0 0 0
2020 0 6.7 78.5 78.5 1 1 0 0
2021 0 -2.9 48.6 48.6 1 1 1 1
2022 0 12.4 60.0 60.0 1 1 1 1
2023 0 21.3 131.2 131.2 1 0 0 0
2024 0 19.8 318.2 318.2 1 0 0 0

Source: Author’s calculations with company annual reports (https://www.ilfsindia.com/).
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Table 7
Descriptive analysis of IL&FS (Infrastructure Leasing & Financial Services).
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Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis

Statistic Statistic Std. Error Statistic Statistic Std. Error Statistic Std. Error
ROE 8 10.75 2.92 8.26 —-0.28 0.75 -0.71 1.48
Current Ratio 8 96.84 33.86 95.76 2.16 0.75 5.19 1.48
Quick Ratio 8 96.84 33.86 95.76 2.16 0.75 5.19 1.48
IndAS status 8 0.88 0.13 0.35 —2.83 0.75 8.00 1.48
Pandemic 8 0.38 0.18 0.52 0.64 0.75 —2.24 1.48
Suspected Fraud 8 0.38 0.18 0.52 0.64 0.75 —2.24 1.48
Enhance Corporate Governance 8 0.38 0.18 0.52 0.64 0.75 —2.24 1.48
Valid N (list-wise) 8

Source: Through SPSS compiled by the Author.

Table 8
One-sample test.

One-Sample Test

Test Value = 2.365

t df Sig. (2-tailed) Mean Difference 95 % Confidence Interval of the Difference

Lower Upper

ROE 2.87 7 .024 8.38 1.47 15.29

Current_Ratio 2.79 7 .027 94.47 14.41 174.53

Quick_Ratio 2.79 7 .027 94.47 14.41 174.53

IndAS_status -11.92 7 .000 -1.49 -1.79 -1.19

Pandemic -10.87 7 .000 -1.99 -2.42 -1.56

Suspected_Fraud -10.87 7 .000 -1.99 —2.42 -1.56

Enhance_Corporate_Governance -10.87 7 .000 -1.99 —2.42 -1.56

Source: Through SPSS compiled by the Author.

narrow confidence intervals reinforce these crucial differences. These
findings suggest a substantial divergence from the benchmark, high-
lighting potential structural or policy-related disparities within the
dataset.

The multinomial logit results in Table 9 indicate that Return on
Equity (ROE) harms IndAS adoption (f = -1.5587, p = 0.0000). In
contrast, the Current Ratio (CR) has a positive influence on it (f =
0.6508, p = 0.0000). This suggests that companies with strong liquidity
and lower profitability are more inclined to adopt Indas. However, both
ROE and CR do not significantly impact the outcomes related to the
Pandemic, Suspected Fraud (SF), or Enhanced Corporate Governance
(ECG), indicating their limited predictive capability in these areas.

Table 10 summarises model fit statistics for four models. Model 1
(IndAS) stands out with perfect 100 % correct predictions and a statis-
tically significant likelihood ratio test (p = 0.0039), indicating an
excellent fit. In contrast, Models 2, 3, and 4 show lower correct pre-
dictions (75 %) and non-significant likelihood ratio tests, suggesting a
poorer overall fit. This highlights Model 1's superior Performance in
explaining the observed data.

4.2. Wipro- revenue recognition (Ind AS 115)

The Company was established on April 13, 2015, and has been

Table 9
Combined Multinomial Logit Model Estimation Results (2017-2024).
Variable =~ Model 1: Model 2: Model 3: Model 4:
IndAS<br>(p, Pandemic<br>(, SF<br>(p, ECG<br>(p,
p-value) p-value) p-value) p-value)
ROE -1.5587, —-0.1030, 0.3002 -0.1308, -0.1308,
0.0000 0.2895 0.3157
CR 0.6508, 0.0000 0.0013, 0.8661 0.0029, 0.0029,
0.7374 0.8123

Source: Author’s Compiled.

implementing Ind AS since then. Accounting policies have been
consistently applied in these financial statements. Wipro Limited, based
on the same date, adopted Ind AS 115 - Revenue from Contracts with
Customers, promoting uniform revenue recognition from the outset. Ind
AS 115 emphasises revenue recognition based on control transfer,
improving transparency and comparability.

Table 11 illustrates that Wipro’s revenue growth fluctuated between
2017 and 2024, with positive increases observed in 2019, 2020, 2022,
and 2023, while declines were noted in 2018 and 2024. The gross profit
margin varied from 21.1 % to 27.7 %, and the net profit margin ranged
from 12.4 % to 17.5 %, reflecting effective cost control. The return on
equity reached a high of 19.7 % in 2021 but decreased to 14.8 % by
2024. Following Ind AS 115, Wipro’s profitability demonstrates a
dedication to transparent reporting and sound financial management
[38].

We will apply three rules to detect suspected fraud, focusing on key
financial metrics outlined in Table 12. Rule 1 flags a substantial positive
spike in Revenue Growth Rate (change > 10 %) from the previous year,
alongside significant drops in Gross Profit Margin (change < —2 %) and
Net Profit Margin (change < —2 %) in the current year. Rule 2 flags a
notable decrease in Gross Profit Margin (change < —5 %). Lastly, Rule 3
indicates concern for a considerable drop in Net Profit Margin (change <
—5 %). By applying these rules to the financial data, we can evaluate
potential indicators of fraud over time.

4.2.1. Corporate governance adoption: 2015-2024

From 2015 to 2016, Wipro made minimal progress in its corporate
governance practices, continuing to adhere to Indian Generally
Accepted Accounting Principles (GAAP) while preparing to transition to
International Financial Reporting Standards (IFRS) or Ind AS. During the
2017-2018 period, Wipro began adopting Ind AS, resulting in improved
financial transparency and governance, particularly with the introduc-
tion of Ind AS 115 for revenue recognition. Starting in 2019, Wipro has
strengthened its governance framework through enhanced board
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Table 10

Model fit statistics summary.
Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)
Model 1: IndAS —-0.00000000406 4.000 4.159 2.928 8/ 8 (100 %) x*(4) = 11.090, p = 0.0039
Model 2: Pandemic —4.4153 12.831 12.990 11.759 6 /8 (75 %) x*(4) = 2.260, p = 0.3231
Model 3: SF -4.1335 12.267 12.426 11.195 6 /8 (75 %) x*(4) = 2.823, p = 0.2437
Model 4: ECG —4.1335 12.267 12.426 11.195 6/ 8 (75 %) x*(4) = 2.823, p = 0.2437

Source: Author’s Compiled.

Table 11

Comparative analysis (2017-2024).
Year Revenue Growth Rate ( %) Gross Profit Margin ( %) Net Profit Margin ( %) ROE ( %) IndAS Pandemic SF ECG
2015 4.1 27.1 18.5 23.3 0 0 0 0
2016 2.6 26.4 17.5 19.3 0 0 0 0
2017 2.7 24.1 15.4 16.4 0 0 0 0
2018 -3.1 23.7 14.7 16.7 1 0 0 1
2019 7.4 25.1 15.3 15.9 1 0 0 1
2020 4.3 24.6 15.9 17.6 1 1 0 1
2021 —-0.4 27.7 17.5 19.7 1 1 0 1
2022 22 23.6 15.4 18.7 1 1 1 1
2023 9.1 21.1 12.6 14.6 1 0 0 1
2024 —-0.4 21.6 12.4 14.8 1 0 0 1

Source: Author’s calculations with company annual reports (https://www.wipro.com).

Table 12
Suspected fraud analysis.

Year Revenue Growth Gross Profit Net Profit ROE ( Revenue Growth Rate Gross Profit Margin Net Profit Margin Fraud_Suspected
Rate ( %) Margin ( %) Margin ( %) %) Change (YoY) Change (YoY) Change (YoY)
2015 4.1 27.1 18.5 23.3 N/A N/A N/A 0
2016 2.6 26.4 17.5 19.3 -1.5 —-0.7 -1 0
2017 2.7 24.1 15.4 16.4 0.1 -2.3 -2.1 0
2018 -3.1 23.7 14.7 16.7 -5.8 -0.4 -0.7 0
2019 7.4 25.1 15.3 15.9 10.5 1.4 0.6 0
2020 4.3 24.6 15.9 17.6 -3.1 -0.5 0.6 0
2021 0.4 27.7 17.5 19.7 —4.7 3.1 1.6 0
2022 22 23.6 15.4 18.7 22.4 —4.1 -2.1 1
2023 9.1 21.1 12.6 14.6 -12.9 -25 —-2.8 0
2024 —-0.4 21.6 12.4 14.8 -9.5 0.5 -0.2 0

Source: Author’s Compiled.

oversight, expanded ESG initiatives, increased ethical disclosures, and
improved risk management. By 2023 and 2024, the company had
aligned with global governance standards, providing integrated reports
and maintaining high levels of transparency and accountability.

Table 13 presents statistics for financial and governance variables
over a decade, highlighting key trends. The average revenue growth rate
is 4.83 % with a standard deviation of 7.05, indicating variability. The
distribution has skewness of 1.72 and kurtosis of 3.85, classifying it as
right-skewed and leptokurtic. The gross and net profit margins average

Table 13
Descriptive statistics.

24.50 % and 15.52 %, respectively, with slight negative skewness and
low kurtosis, reflecting mild asymmetry. Return on Equity (RoE) aver-
ages 17.70 % with a positive skew of 0.94, indicating occasional high
values. The IndAS, Pandemic, and Enhance Corporate Governance var-
iables are binary, with means of 0.70, 0.30, and 0.70. The Suspected
Fraud variable has a low mean of 0.10 but is highly skewed, showing
rare but extreme occurrences. These statistics provide insights into
financial stability and governance practices.

The one-sample t-test results in Table 14 reveal significant findings.

Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis

Statistic Statistic Std. Error Statistic Statistic Std. Error Statistic Std. Error
Revenue Growth Rate 10 4.83 2.23 7.05 1.72 .68 3.85 1.33
Gross Profit Margin 10 24.50 .68 2.17 -0.10 .68 -0.73 1.33
Net Profit Margin 10 15.52 .63 1.99 —-0.24 .68 —0.52 1.33
RoE 10 17.70 .83 2.64 .94 .68 .95 1.33
IndAS 10 .70 .15 .48 -1.03 .68 -1.22 1.33
Pandemic 10 .30 .15 .48 1.03 .68 -1.22 1.33
Suspected Fraud 10 .10 .10 31 3.16 .68 10.00 1.33
Enhance Corporate_Governance 10 .70 .15 .48 -1.03 .68 -1.22 1.33
Valid N (listwise) 10

Source: Through SPSS compiled by the Author.
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With a test value of 2.262, Gross Profit Margin, Net Profit Margin, and
Return on Equity (RoE) exceed this value significantly, with low p-
values (p = 0.000) against the null hypothesis. Their mean differences
are significant, and the 95 % confidence intervals do not include zero,
confirming statistical significance. In contrast, the Revenue Growth Rate
(t=1.152, p = 0.279) does not differ significantly from the test value, as
indicated by a wide confidence interval that encompasses both negative
and positive values. IndAS, Pandemic, Suspected Fraud, and Enhance
Corporate Governance exhibit significant negative t-values and p-values
(p = 0.000), indicating their mean occurrences are lower than the
benchmark. Overall, findings indicate strong financial performance in
profitability metrics, while governance-related variables show consis-
tent patterns throughout the assessed period.

Table 15 presents the estimation results from the Combined Multi-
nomial Logit Model for the period from 2015 to 2024. It highlights the
effects of key financial variables on various outcome models: ECG,
IndAS, SF, and Pandemic Impact. The Revenue Growth Ratio, ROE,
Gross Profit Margin, and Net Profit Margin are statistically significant (p
< 0.01) in Models 1 (ECG), 2 (IndAS), and 3 (SF), indicating they
strongly predict these outcomes. Notably, "Net

Profit Margin" shows a significant adverse effect in Models 1 and 2,
while "Gross Profit Margin" shows a significant positive effect. In
contrast, these financial variables reveal no statistical significance (NS)
in Model 4 (Pandemic Impact), indicating they do not predict pandemic-
related outcomes. This highlights the varying predictive power of
financial metrics, depending on the specific model analysed.

When assessing statistical models in the Table 16, several criteria
evaluate their fit and predictive ability. AIC (Akaike information crite-
rion) the model adapts too much to training data, leading to poor
generalizability. Lastly, the Likelihood Ratio Test evaluates the overall
significance of predictors; a statistically significant p-value (generally
below 0.05) indicates strong explanatory power

4.3. Yes, bank - financial instruments (Ind AS 109)

The introduction of Indian Accounting Standard (Ind AS) 109 -
Financial Instruments brought about a significant change in how
banking institutions, such as Yes Bank, report financials. This change
primarily affects the classification, measurement, and impairment of
financial assets and liabilities. From 2017 to 2024, Yes Bank has faced
various challenges and recoveries related to asset quality, risk man-
agement, and profitability, all of which have been shaped by the

Table 14
One-Sample Test.

One-Sample Test

Test Value = 2.262

t df  Sig. (2- Mean 95 % Confidence
tailed) Difference Interval of the
Difference
Lower Upper
Revenue 1.152 9 279 2.56800 —2.4766  7.6126
Growth
Rate
Gross Profit 32.338 9 .000 22.23800 20.6824 23.7936
Margin
Net Profit 20.999 9 .000 13.25800 11.8298 14.6862
Margin
RoE 18.470 9 .000 15.43800 13.5471 17.3289
IndAS —10.226 9 .000 —1.562 —-1.91 —-1.22
Pandemic -12.844 9 .000 -1.962 -2.31 -1.62
Suspected —21.620 9 .000 -2.162 —2.39 —1.94
Fraud
Enhance —10.226 9 .000 —1.562 —-1.91 —1.22
Corporate
Governance

Source: Through SPSS compiled by the Author.
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Table 15
Combined multinomial logit model estimation results (2015-2024).

Variable Model 1: Model 2: Model 3: Model 4:
ECG<br>(, IndAS<br>(p, SF<br>(p, Pandemic
p-value) p-value) p-value) Impact<br>(,

p-value)

Revenue 19.7836, 19.7836, 2.4959, 0.1153, 0.2657

Growth 0.0000 0.0000 0.0000
Ratio

ROE 62.7675, 62.7675, —3.3416, —0.2876,
(Return 0.0000 0.0000 0.0000 0.6102
on
Equity)

Gross 130.0130, 130.0130, —9.7285, —0.6073,
Profit 0.0000 0.0000 0.0000 0.2836
Margin

Net Profit —274.8960, —274.8960, 16.7503, 1.1897, 0.3668
Margin 0.0000 0.0000 0.0000

Source: Author’s Compiled.

requirements of Ind AS 109.

In Table 17, prior to its asset quality crisis, Yes Bank had recorded
low gross NPA levels. However, following the implementation of Ind AS
109, NPAs skyrocketed to 16.80 % in 2020, highlighting previously
obscured risks. Recovery efforts gradually decreased non-performing
assets (NPAs) to 1.70 % by 2024. The Provision Coverage Ratio
declined during the crisis but rebounded to 428 %, and the Return on
Assets (RoA) also improved. Ind AS 109 increased transparency,
uncovering vulnerabilities and aiding long-term recovery alongside
enhanced risk management.

Table 18 shows a rise in GNPA and NNPA in 2019-2020, a sharp
decline in PCR and RoA, and a decrease in CAR, which triggered fraud
detection in 2020. Fraud reappeared in 2021 and 2023 with varying
rules, indicating financial distress patterns linked to NPA trends and
poor asset quality.

Table 19 outlines a method to detect potential fraud using key
financial indicators. Variations in Gross and Net Non-Performing Assets
(NPAs) indicate asset quality and credit risk. A decreasing Provision
Coverage Ratio (PCR) alongside rising Non-Performing Assets (NPAs)
suggests inadequate provisioning. Consecutive years of negative Return
on Assets (RoA) reflect operational strain. A Capital Adequacy Ratio
(CAR) dropping below 10 % signals a weak capital buffer. Visual in-
dicators highlight the severity of these changes. Fraud suspicion is
marked as binary (1 = Yes) based on significant GNPA increases with
declining PCR, sustained negative RoA, or dubious provisioning
adjustments.

4.3.1. Corporate governance adoption

From 2017 to 2018, Yes Bank projected effective governance, con-
cealing serious issues like promoter control and inadequate risk man-
agement. By 2019, governance flaws emerged due to concerns from the
RBI and the departure of CEO Rana Kapoor amid allegations of fraud.
The pivotal year of 2020 saw the RBI initiate restructuring, reorganise
leadership, and address shortcomings. Kapoor’s arrest unveiled further
misconduct. From 2021 to 2024, the bank focused on regaining trust
through board reforms, policy enforcement, and increased transparency,
highlighting efforts to restore strong corporate governance and enhance
credibility.

Table 20 presents descriptive statistics for eight variables over eight
years, highlighting significant insights. Both Gross NPA and Net NPA
exhibit moderate positive skewness, indicating a right-tailed distribu-
tion, whereas CAR displays strong negative skewness, suggesting a left-
tailed concentration. CAR’s high kurtosis (6.169) indicates sharp
peakedness, while most variables exhibit negative kurtosis, reflecting
flatter distributions. RoA has the highest variability with a standard
deviation of 2.94, indicating fluctuating profitability. Binary variables,
such as pandemic, suspected fraud, and governance enhancement,
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Table 16
Model fit statistics summary.
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Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)
Model 20 (ECG) —7.57e-08 8.0000 9.2103 6.6723 10 /10 (100 %) x*(4) = 13.863, p = 0.0077
Model 21 (IndAS) —7.57e-08 8.0000 9.2103 6.6723 10 / 10 (100 %) x*(4) = 13.863, p = 0.0077
Model 15 (SF) —4.25e-09 8.0000 9.2103 6.6723 10 /10 (100 %) x*(4) = 13.863, p = 0.0077
Model 19 (Pandemic) —5.3721 18.7442 19.9546 17.4165 8 /10 (80 %) x*(4) = 3.1187, p = 0.5382
Source: Author’s Compiled.
Table 17
Analysis of Yes bank - financial instruments (Ind AS 109) (2017-2024).
year GNPA NNPA PCR RoA CAR Pandemic IndAS Suspected Fraud Enhance Corporate Governance
2017 1.52 0.81 46.88 1.8 17 0 0 0 0
2018 1.28 0.64 50.02 1.6 18 0 0 0 0
2019 3.22 1.86 43.1 0.5 17 0 1 0 0
2020 16.8 5.03 73.77 -5.1 8 1 1 1 1
2021 15.41 5.88 65.7 -5.7 17 1 1 1 1
2022 13.93 4.532 70.67 0.4 17 1 1 0 1
2023 2.17 0.83 62.27 0.2 18 0 1 1 1
2024 1.7 0.6 66.61 0.3 15 0 1 0 1
Source: Author’s calculations with company annual reports(https://www.yesbank.in).
Table 18
Suspected fraud analysis from NPA & financial ratios.
Year AG-NPA AN—NPA PCR RoA CAR Fraud_Suspected_ Rule Triggered
2017 - - 571 1.80 17 0 -
2018 —0.24 -0.17 421 1.60 18 0 -
2019 1.9 1.22 227 0.50 17 0 -
2020 13.58 3.17 52 -5.10 8 1 Rule1 + 2
2021 -1.39 0.85 47 -5.70 17 1 Rule 2
2022 —1.48 -1.35 54 0.40 17 0 -
2023 —-11.76 -3.7 434 0.20 18 1 Rule 3
2024 —-0.47 —-0.23 428 0.30 15 0 -

Source: Author’s Compiled.

exhibit low means and identical statistics due to limited variation.
Overall, the data indicates a non-normal distribution with some vari-
ables exhibiting skewed behaviour and differing dispersion trends.

Table 21 shows the one-sample t-test results for Yes Bank’s indicators
with a test value of 2.365. The Gross NPA and Net NPA do not differ
significantly from the benchmark (p > 0.05), indicating no substantial
deviation from the benchmark. However, the Provision Coverage Ratio
(p = 0.000) and Capital Adequacy Ratio (CAR) (p = 0.000) exhibit sig-
nificant increases, highlighting substantial capital and provisioning
buffers. The Return on Assets (RoA) is notably lower (p = 0.020), indi-
cating weak profitability. Factors such as the pandemic, IndAS, sus-
pected fraud, and governance enhancement show significant negative
mean differences (p = 0.000), reflecting operational or regulatory
challenges faced during this period.

The results from the four models presented in Table 22—ECG, IndAS,
SF, and Pandemic Impact—demonstrate differing influences of financial
indicators. GNPA has a significant impact on all models, causing adverse
effects in ECG and IndAS, while positively influencing SF. NNPA is
insignificant in ECG but shows high significance in the other models,
with positive effects in IndAS and negative ones in SF and Pandemic
Impact. PCR consistently proves significant across the models, positively
impacting ECG and IndAS, although it has a negative influence on SF
and Pandemic Impact. RoA and CAR are mainly significant, with RoA
remaining consistently negative. CAR shows varied effects, resulting in
significantly adverse outcomes in ECG and IndAS but positive results in
Suspected fraud.

Table 23 illustrates that all four models—Pandemic Impact, IndAS,
SF, and ECG—achieve perfect predictive accuracy (100 %) with
matching log-likelihood, AIC, BIC, and HQ values. The results from the
Likelihood Ratio Test are statistically significant for all models (y*> =

11.090, p = 0.0496), indicating that each model effectively accounts for
the variation in the dependent variable.

4.4. Tata sons - consolidation (Ind AS 110)

Ind AS 110 outlines that the Independent Auditor’s Report on Tata
International Limited’s Consolidated Financial Statements for the year
ended March 31, 2020, evaluates internal financial controls by Section
143(3)(i) of the Companies Act, 2013. Auditors assessed these controls
for the Holding Company and its subsidiaries, associates, and joint
ventures in India. Ensuring adequate internal controls falls to the Boards
of Directors, which is crucial for maintaining the effectiveness of
financial processes, protecting assets, detecting fraud, and ensuring ac-
curate reporting. The auditor’s role was to express an opinion on the
organisation’s internal controls and financial statements. In 2017, Tata
Sons changed from a public limited to a private limited company, con-
tested by former executive chairman Cyrus Mistry. In 2019, the NCLAT
deemed this conversion and Chairman Chandrasekaran’s appointment
illegal, reinstating Mistry.

Table 24 shows that between 2018 and 2024, Tata Sons underwent
significant changes in its financial and governance metrics. The Debt/
Equity Ratio sharply increased in 2020 due to the pandemic, signalling
financial stress, while the Growth Assets Ratio fluctuated and became
negative during 2020-2021. The adoption of Ind AS in 2018 enhanced
transparency. While allegations of fraud emerged during the pandemic
years, governance practices consistently improved after 2020, indi-
cating a substantial evolution in corporate governance from 2018 on-
ward. These trends reflect strategic adjustments and resilience in the
face of economic difficulties and regulatory shifts, thereby reinforcing
long-term corporate stability.
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Table 19

Method of suspected fraud indicator.
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Table 21
Yes, Bank, One-Sample T-Test.

Indicator

Calculation Method

Interpretation Logic

One-Sample Test

AG-NPA ( %)

AN—NPA ( %)

G-NPAt—G-NPAt—1

N-NPAt—N—NPAt-1

A significant increase may
signal a deterioration in asset
quality.

An increase indicates
ineffective provisioning and
rising credit risk.

PCR (%) Reported directly, trend analysis ~ Falling PCR with rising NPAs
is used suggests inadequate
provisioning.

RoA (%) Reported directly A negative Return on Assets
(RoA) over multiple years
signals poor profitability or
potential manipulation.

CAR ( %) Reported directly A fall below 10 % is
considered a sign of a weak
capital cushion.

Indicators Based on thresholds: +0.1 to Used for visual

(Increase (I) +1.0 =IorD; £1.0 to £5.0 = representation of the
/Decrease more I or More D; > +5.0 = intensity of change in
(D) High I/ High D financial indicators.
Fraud Binary (0 = No, 1 = Yes), based 1 is assigned when specific
Suspected on rule trigger patterns or rules indicating
manipulation or risk are
detected.
Rule 1 AG—NPA > 5 % and PCR falls Indicates deterioration in
sharply asset quality due to
inadequate provisioning.

Rule 2 RoA < 0 for two or more Suggests ongoing

consecutive years operational or financial
stress.

Rule 3 G-NPA drops drastically, and May indicate possible

PCR increases sharply window dressing or
manipulation in bad loan

reporting or provisioning.

Source: Author’s Compiled.

Table 25 presents the suspected fraud analysis for Tata Sons,
revealing anomalies in 2020 and 2021. In 2020, the debt-to-equity ratio
saw a significant increase, triggering Rule 1 and suggesting potential
financial distress. In 2021, a dramatic decrease in assets triggered Rule
2. These two years raised flags for suspected fraud, whereas the other
years showed stability with no rule triggers or indications of fraud.

4.4.1. Corporate governance adoption

Tata Sons’ corporate governance has evolved since 2018, following
the implementation of Indas, marked by increased transparency in debt
and assets. By 2020, governance had gained importance due to a rising
debt-to-equity ratio, the challenges posed by COVID-19, and allegations
of fraud, which exposed systemic weaknesses and prompted enhanced
oversight. Since 2021, Tata Sons has strengthened its governance
commitment, achieving better financial stability and maintaining fraud-

Table 20
Yes, Bank descriptive analysis.

Test Value = 2.365

t df  Sig. (2- Mean 95 % Confidence
tailed) Difference Interval of the
Difference
Lower Upper
Gross NPA 1.874 7 .103 4.63875 —1.2155  10.4930
Net NPA 199 7 .848 15775 —-1.7136  2.0291
Provision 14.023 7 .000 57.51250 47.8141 67.2109
Coverage
Ratio
RoA —3.001 7 .020 —3.11500 —5.5695  —0.6605
CAR 11.531 7 .000 13.51000 10.7395 16.2805
Pandemic -10.875 7 .000 —1.990 —2.42 —1.56
IndAS —9.868 7 .000 —1.615 —2.00 -1.23
Suspected —10.875 7 .000 —1.990 —2.42 —-1.56
fraud
Enhance —9.509 7 .000 —1.740 -2.17 -1.31
Corporate
Governance

Source: Through SPSS compiled by the Author.

free operations. In summary, regulatory changes and crises have driven
Tata Sons to adopt a stricter governance framework.

The descriptive analysis of Tata Sons from 2015 to 2024, shown in
Table 26, indicates a significant average Debt/Equity Ratio (mean =
5.898) with considerable variability, suggesting occasional financial
difficulties. On average, asset growth reached 17.03 %, although there
was some skewness in the data. The implementation of IndAs averaged
70 %, while the pandemic influenced 30 % of the examined years.
Suspected fraud occurred in 20 % of the cases. Additionally, emerging
corporate governance practices were noted in 60 % of instances,
reflecting progressive improvements in governance over time. Refer to
Table 26.

The one-sample t-test results for Tata Sons, shown in Table 27,
indicate that the Debt/Equity Ratio and Growth in Assets are not
significantly different from the test value of 2.262 (p > 0.05).
Conversely, the adoption of Indas, the effects of the pandemic, allega-
tions of fraud, and emerging corporate governance practices exhibit
statistically significant differences (p < 0.001). These findings highlight
significant deviations in accounting standards, the crisis’s impact, in-
dicators of fraud, and advancements in governance compared to ex-
pected norms during the analysed period

The multinomial logit analysis results for Tata Sons (2015-2024),
presented in Table 28, reveal a significant correlation between a higher
Debt/Equity Ratio and an increased likelihood of adopting IndAS (f =
1.2598, p = 0.0060), as well as enhancing corporate governance (f =
1.5122, p = 0.0098). This suggests a strategic shift toward enhanced

Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis

Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error
Gross NPA 8 7.0038 7.00254 .664 752 —2.045 1.481
Net NPA 8 2.5228 2.23844 641 752 -1.812 1.481
Provision Coverage Ratio 8 59.8775 11.60063 —0.417 752 —1.658 1.481
RoA 8 —0.7500 2.93598 —1.269 752 —-0.113 1.481
CAR 8 15.8750 3.31393 —2.429 752 6.169 1.481
Pandemic 8 .38 .518 644 752 —2.240 1.481
IndAS 8 .75 463 —1.440 752 .000 1.481
Suspected fraud 8 .38 .518 644 752 —2.240 1.481
Enhance Corporate Governance 8 .63 .518 —0.644 752 —2.240 1.481
Valid N (list-wise) 8

Source: Through SPSS compiled by the Author.
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Table 22
Combined multinomial logit model estimation results.
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Variable = Model 1: ECG & lt;br>(beta, p- Model 2: IndAS & lt;br>(beta, p- Model 3: SF & 1t;br>(beta, p- Model 4: Pandemic Impact & lt;br>(beta, p-
value) value) value) value)
GNPA —7.8368, —22.3507, 34.9279, 9.44520,
0.0468 (0.0000) 0.0000 4.57e-11
NNPA 14.7203, 64.7880, —142.9960, —17.5174,
0.1953 0.0000 0.0000 1.63e-05
PCR 3.4067, 2.35804, —2.6930, —0.499889,
0.0000 0.0000 0.0000 0.0011
RoA —1.7310, —15.6870, —48.6751, —1.13391,
0.1857 0.0000 0.0000 0.0313
CAR —10.4023, —7.12446, 13.3269, 0.248950,
0.0000 0.0000 0.0000 0.6403
Source: Author’s Compiled.
Table 23
Model Fit Statistics Summary.
Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (chi2, p-value)
Model 1: Pandemic Impact —6.47e-09 10.00000 10.39721 7.320994 8 /8 (100 %) chi2=11.0904,p = 0.0496
Model 2: IndAS —3.74e-09 10.00000 10.39721 7.320994 8 /8 (100 %) chi2(5)=11.090,p = 0.0496
Model 3: SF —7.88e-09 10.00000 10.39721 7.320994 8 /8 (100 %) chi2(5)=11.090,p = 0.0496
Model 4: ECG —7.01e-09 10.00000 10.39721 7.320994 8 /8 (100 %) chi2(5)=11.090,p = 0.0496
Source: Author’s Compiled.
Table 24
Tata Sons comparative analysis (2018-2024).
Year Debt/Equity Ratio Growth Assets Ratio IndAS Pandemic Suspected Fraud Emergence of Corporate Governance
2015 0.41 15.28 0 0 0 0
2016 0.37 1.64 0 0 0 0
2017 0.74 17.01 0 0 0 0
2018 1.76 91.23 1 0 0 1
2019 0.23 22.19 1 0 0 0
2020 48.51 —-2.3 1 1 1 1
2021 1.63 —41.34 1 1 1 1
2022 1.66 30.86 1 1 0 1
2023 1.79 10.49 1 0 0 1
2024 1.88 25.3 1 0 0 1

Source: Author’s calculations based on Tata Sons annual reports (tata.com, About Us).

transparency in the context of financial leverage. In contrast, the Growth
Assets Rate has a notably adverse effect on the likelihood of fraudulent
activities (f =-10.6839, p < 0.0001), indicating that a decrease in asset
growth greatly heightens the risk of fraud. The other variables do not
exhibit significant effects, underscoring the predominant role of finan-
cial structure and performance in important governance and fraud-
related outcomes.

In Table 29, Model 3 (Suspected Fraud) exhibits the best fit, with 100
% prediction accuracy, the lowest AIC/BIC values, and a highly

Table 25
Suspected fraud analysis of Tata Sons.

significant chi-square (p = 0.0010). Other models (IndAS, Pandemic,
ECG) have moderate fits, with 70-90 % accuracy and marginal statis-
tical significance.

4.5. Reliance communications - impairment losses (Ind AS 36)
The implementation of Ind AS 36 — Impairment of Assets — has

fundamentally transformed financial reporting practices among Indian
companies, especially those in financial distress, such as Reliance

Year Debt/Equity AD/ERatio  Asset Growth%  Rule1 (AD/E >10)  Rule 2 (Asset Growth < —30%)  Rule 3 (D/E > 10 & Neg. Growth)  Fraud Suspected
Ratio
2015 0.41 - 15.28 0 0 0 0
2016  0.37 —-0.04 1.64 0 0 0 0
2017 0.74 0.37 17.01 0 0 0 0
2018 1.76 1.02 91.23 0 0 0 0
2019 0.23 -1.53 22.19 0 0 0 0
2020  48.51 48.28 -2.3 1 0 0 1
2021  1.63 —46.88 —41.3 0 1 0 1
2022 1.66 0.03 30.86 0 0 0 0
2023 1.79 0.13 10.49 0 0 0 0
2024  1.88 0.09 25.3 0 0 0 0

Source: Author’s Compiled.

11



S. Kumar

Table 26
Descriptive analysis of Tata Sons.
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Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis
Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error
DE_Ratio 10 5.8980 14.98707 3.151 .687 9.946 1.334
Growth_Assets 10 17.0360 33.09132 773 .687 3.333 1.334
IndAS 10 .70 .483 —1.035 .687 —1.224 1.334
Pandemic 10 .30 .483 1.035 .687 —1.224 1.334
Suspected_Fraud 10 .20 422 1.779 .687 1.406 1.334
Emerging CG 10 .60 .516 —0.484 .687 —2.277 1.334
Valid N (listwise) 10
Source: Through SPSS compiled by the Author.
Table 27
T-Test of Tata Sons.
One-Sample Test
Test Value = 2.262
t df Sig. (2-tailed) Mean Difference 95 % Confidence Interval of the Difference
Lower Upper
DE Ratio 767 9 463 3.63600 —7.0851 14.3571
Growth_Assets 1.412 9 192 14.77400 —8.8981 38.4461
IndAS —10.226 9 .000 —1.562 -1.91 —1.22
Pandemic —12.844 9 .000 —1.962 —2.31 —-1.62
Suspected_Fraud —15.465 9 .000 —2.062 —2.36 -1.76
Emerging CG —10.178 9 .000 —1.662 —2.03 -1.29

Source: Through SPSS compiled by the Author.

Table 28
Combined multinomial logit model estimation results (2015-2024).
Variable Model 1: Model 2: Model 3: Model 4:
IndAS<br> Pandemic<br> Suspected Emergence of
(B, p-value) (B, p-value) Fraud (SF)< Corporate
br>(p, p- Governance
value) (ECG)<br>(p,
p-value)
Debt/ 1.2598, 0.1198, 0.2740 -0.0397, 1.5122, 0.0098
Equity  0.0060 0.2590
Ratio
Growth -0.0018, —-0.0630, 0.1896 -10.6839, —-0.0195, 0.2926
Assets 0.9039 0.0000
Rate

Source: Author’s Compiled.

Communications (RCom). Before adopting Ind AS, companies recog-
nised impairment losses conservatively, relying on historical cost ac-
counting principles under Indian GAAP, which limited forward-looking
evaluations of asset recoverability [39]. In contrast, the introduction of
Ind AS 36 required a more thorough and standardised process for
impairment testing, mandating companies to determine the recoverable
amount of assets at every reporting date and to recognise impairment
losses whenever the carrying amount surpasses the recoverable amount.

Table 30 reveals that Reliance Communication experienced signifi-
cant financial distress from 2018 onward, as indicated by a sharp decline

Return on Capital Employed (RoCE) values. The implementation of Ind
AS began in 2018, aligning with the emergence of corporate governance
and the detection of suspected fraud. The pandemic had a further impact
on operations from 2020 to 2022. Following 2022, governance efforts
continued, but financial recovery remained limited, with stagnant
returns.

Table 31 shows evidence of suspected fraud at Reliance Communi-
cations for the years 2018, 2019, 2023, and 2024. In 2018, Rule 1 came
into effect as the Return on Equity (RoE) plummeted to a negative value
of below —100 %. Then, in 2019, Rule 2 was activated due to a decrease
in Return on Capital Employed (RoCE) exceeding 20 %. By 2023 and
2024, Rule 3 was triggered when RoE remained at zero for more than
three consecutive years. These trends suggest potential financial insta-
bility, as well as the possibility of misreporting or governance failures.

4.5.1. Corporate governance

Between 2016 and 2024, Reliance Communications experienced
fluctuating responses in corporate governance. Significant governance
changes emerged in 2018, 2019, 2023, and 2024, coinciding with severe
financial distress (e.g., a Return on Equity of —-856.59 in 2018), the
implementation of IndAS, or allegations of fraud. These years likely
prompted either regulatory or internal structural reforms. In contrast,
the years 2020 to 2022, despite the effects of the pandemic and ongoing
compliance with IndAS, did not see any governance developments,
perhaps due to stabilisation efforts or a lack of compelling triggers.

Overall, it appears that corporate governance at Reliance

in Return on Equity (RoE) of -856.59 % in 2018 and recurring low
Table 29
Model fit statistics summary of Tata Sons.

Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)

Model 1 (IndAS) -4.29 12.58 13.18 11.91 70 % 5.287 (0.0711)

Model 2 (Pandemic) -4.24 12.48 13.08 11.81 90 % 5.386 (0.0677)

Model 3 (SF) —2.44e-08 4.00 4.61 3.34 100 % 13.863 (0.0010)

Model 4 (ECG) -4.36 12.73 13.33 12.06 70 % 5.135 (0.0767)

Source: Author’s Compiled.
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Table 30

Comparative analysis impairment losses (Ind AS 36).
Year RoE RoCE IndAS Pandemic Suspected Fraud Emergence of Corporate Governance
2016 2.02 0.84 0 0 0 0
2017 —4.91 0.63 0 0 0 0
2018 —856.59 0.8 1 0 1 1
2019 0 —28.88 1 0 1 1
2020 —88.6 1.13 1 1 0 0
2021 0 0.29 1 1 0 0
2022 0 0.31 1 1 0 0
2023 0 0.17 1 0 1 1
2024 0 0.08 1 0 1 1

Source: Author’s calculated (http://www.relianceada.com/reliance-communications).

Table 31
Suspected fraud analysis of reliance communications.

Year RoE RoCE Rule 1 Rule 2 Rule Fraud_Suspected
(RoE < (ARoCE 3(3+
—100) < —-20) yrs

ROE =
0)
2016 2.02 0.84 0 - 0 0
2017  —4.91 0.63 0 A= 0 0
—-0.21
2018 -856.59 0.80 1 = 0 1
+0.17
2019 O -28.88 0 A= 0 1
—29.68
2020  —88.60 1.13 0 = 0 0
+30.01
2021 0 0.29 0 = 0 0
—0.84
2022 0 0.31 0 = 0 0
+0.02
2023 0 0.17 0 = 13 1
—0.14 yrs
RoOE =
0)
2024 0 0.08 0 = 14 1
—-0.09 yrs
ROE =
0)

Source: Author’s Compiled.

Communications is reactive, primarily influenced by crises, such as
fraud and significant losses, rather than being driven by proactive
growth or compliance initiatives.

Table 32 indicates possible fraud at Reliance Communications for the
years 2018, 2019, 2023, and 2024. In 2018, a significant drop in the
Return on Equity (RoE) triggered Rule 1, as it fell below -100 %. In
2019, Rule 2 was activated due to a decline in Return on Capital
Employed (RoCE) exceeding 20 %. Subsequently, in 2023 and 2024,
Rule 3 was applied because RoE remained at zero for over three
consecutive years. These patterns indicate financial instability and raise

Table 32
Descriptive analysis of reliance communication.

concerns about potential misreporting or governance issues.

The T-test results in Table 33 show that RoE and RoCE are not sta-
tistically significant (p > 0.05), indicating no substantial deviation from
the test value. However, IndAS, Pandemic, Suspected Fraud, and
Emergence of Corporate Governance are all highly significant (p =
0.000), with negative t-values, confirming substantial deviations from
the mean. This suggests that these factors had a statistically significant
impact on Reliance Communication’s performance and reporting prac-
tices during the observed period, reflecting central governance and
operational concerns.

Table 34 presents the multinomial logit results for Reliance Com-
munications, indicating that return on equity (RoE) has a significant
impact on all four models. The data indicate a negative impact of RoE on
IndAS adoption, suspected fraud, and corporate governance develop-
ment (p < 0.05), suggesting that low equity returns contribute to
heightened financial disclosure reforms and governance challenges.
Furthermore, RoCE significantly influences suspected fraud and gover-
nance (p = 0.0179), indicating that diminished capital efficiency esca-
lates concerns and spurs governance responses [40]. These results
highlight the impact of financial pressure on driving regulatory and
ethical adjustments in 2016.

Table 35 illustrates that Models 3 and 4 (Suspected Fraud and
Corporate Governance) provide the best fit, characterised by the lowest
AIC, BIC, and HQ values, along with the highest prediction accuracy
rates at 77.8 %. Their likelihood ratio tests are statistically significant (p
= 0.0261), indicating robust explanatory power. In contrast, models 1
and 2 display weaker fits and inferior prediction accuracy, suggesting
they are less effective in elucidating the adoption of IndAS and the
pandemic’s impacts on Reliance Communications.

4.6. Jet airways - related party disclosures (Ind AS 24)

The lack of data for Jet Airways post-2018 largely stems from the
company’s significant financial turmoil, which resulted in the halt of its
operations in April 2019. Jet Airways struggled with an escalating debt
burden, rising operational costs, fierce market competition, and
decreasing revenues. As a result, the company failed to meet its obli-
gations to lenders, employees, and vendors. These financial challenges

Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis

Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error
RoE 9 —105.3422 283.229 —2.942 717 8.722 1.400
RoCE 9 —2.7367 9.80998 —2.993 717 8.967 1.400
IndAS 9 .78 441 -1.620 717 735 1.400
Pandemic 9 .33 .500 .857 717 -1.714 1.400
Suspected_fraud 9 .44 527 271 717 -2.571 1.400
Emergence_Corporate_Governance 9 .44 527 271 717 —2.571 1.400
Valid N (listwise) 9

Source: Through SPSS compiled by the Author.
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Table 33
T-Test analysis of reliance communication.
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One-Sample Test

Test Value = 2.306

t df Sig. (2-tailed) Mean Difference 95 % Confidence Interval of the Difference
Lower Upper
RoE —1.140 8 .287 —107.64822 —325.3577 110.0613
RoCE —1.542 8 162 —5.04267 —12.5833 2.4979
IndAS -10.397 8 .000 —1.528 -1.87 -1.19
Pandemic —11.836 8 .000 -1.973 —2.36 —1.59
Suspected fraud —10.596 8 .000 —1.862 —2.27 —1.46
Emergence Corporate Governance —10.596 8 .000 —1.862 —2.27 —1.46
Source: Through SPSS compiled by the Author.
Table 34
Combined multinomial logit model estimation results (2016-2024). Table 36
Variable  Model 1: Model 2: Model 3: Model 4: Comparative analysis of jet airways with related party disclosures.
IndAS(B, p- Pandemic Suspected Emergence of Year  Growth D/E OPM (  Suspected Ind Enhanced
value) Impact(f, p- Fraud(g, p- Corporate of OCF Ratio %) Fraud AS Corporate
value) value) Governance(f, p- Governance
value)
2009 —194.7 49.69 —3.51 1 0 1
RoE ——0.0586, 0.0036, -0.0122, -0.0122, 0.0038 2010 488.81 _167.2 12.25 1 0 1
0.0195 0.0201 0.0038 2011 3.66 6833 1277 1 0 1
RoCE ——0.9898, 0.2045, -4.9000, —4.9000, 0.0179 2012 32.62 _6.37 2.01 0 0 0
05145 0.4684 0.0179 2013 1801  -3.65  6.62 1 0 1
Source: Author’s Compiled. 2014 —46.22 —1.94 ~761 0 0 0
2015 —26.71 —1.54 1.61 0 0 0
2016 238.87 -1.67 13.21 1 0 1
ultimately led Jet Airways to enter insolvency proceedings under the 2017  -59.5 -1.11 1311 1 1 1
Insolvency and Bankruptcy Code (IBC), 2016. 2018 68.14 -0.74 3.04 0 1 0

After 2018, Jet Airways ceased regular publication of its financial
statements, attributed to the suspension of operations, ongoing legal
struggles, and the insolvency resolution process. Therefore, information
regarding its financial performance, such as operating cash flow, debt-
equity ratio, and profitability, is unavailable after 2018.

Table 36 illustrates that Jet Airways experienced considerable
financial instability from 2009 to 2018, marked by inconsistent growth
in Operating Cash Flow (OCF) and negative debt-to-equity ratios. There
were indications of fraud in six out of ten years, especially during pe-
riods of low profitability and high debt. Although there were early re-
sponses to corporate governance issues, the implementation of Ind AS
did not occur until 2017. Improvements in governance typically align
with fraud detection, suggesting a reactive approach to compliance with
financial and ethical standards rather than a proactive one.

Table 37 presents the fraud detection analysis of Jet Airways from
2009 to 2018, utilising qualitative, rule-based indicators from forensic
accounting, such as the Beneish M-Score. This analysis reveals troubling
patterns, including red flags such as a notable rise in operating profit
margins accompanied by negative or erratic cash flows, as well as highly
atypical debt-to-equity ratios in certain years. Specifically, the years
2009, 2010, 2011, 2013, 2016, and 2017 showed combinations of these
red flags, suggesting possible earnings manipulation. These findings
underscore discrepancies between reported profitability and financial
health. While these patterns do not provide conclusive evidence of
fraud, they warrant a comprehensive forensic investigation to determine
possible misreporting.

Table 35
Model fit statistics summary.

Source: Author’s calculations with company annual reports (https://www.jetai
rways.com).

Table 37
Suspected fraud detection.
Year Growth D/E OPM ( Suspected Remarks
of OCF Ratio %) Fraud (Y/N)?

2009 —-194.7 49.69 —-3.51 Yes Very high D/E, poor
margins, significant
OCF drop

2010  488.81 -167.2 12.25 Yes Extreme D/E swing,
sudden huge OCF
spike

2011 3.66 —68.33 12.77 Yes High profit margin
with flat OCF

2012 32.62 —6.37 2.01 No Relatively normal

2013  -18.01 -3.65 6.62 Yes Positive margin but
negative OCF.

2014 —46.22 —-1.94 —7.61 No Loss and negative
OCF, expected

2015 —26.71 —1.54 1.61 No Low all around

2016 238.87 -1.67 13.21 Yes High OCF growth
and margin, but flat
D/E

2017 —-59.5 -1.11 13.11 Yes Huge margin,
declining cash

2018 68.14 -0.74 3.04 No Moderate values

Source: Author’s Compiled.

Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)
Model 1: IndAS -4.1027 12.2054 12.5999 11.3542 55.6 % (5/9) 4.271, 0.1182
Model 2: Pandemic -5.0682 14.1363 14.5308 13.2851 44.4 % (4/9) 2.340, 0.3103
Model 3: Suspected Fraud -2.5926 9.1852 9.5796 8.3340 77.8 % (7/9) 7.291, 0.0261
Model 4: Corporate Governance -2.5926 9.1852 9.5796 8.3340 77.8 % (7/9) 7.291, 0.0261

Source: Author’s Compiled.
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Table 38
Descriptive analysis of jet airways.
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Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis
Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error
Growth OCF 10 48.6960 189.33334 1.530 .687 2.898 1.334
Debt / Equity 10 —20.2860 58.73037 —1.987 .687 4.758 1.334
Operating PM 10 5.3500 7.47750 -0.426 .687 -1.026 1.334
Suspected Fraud 10 .60 .516 —0.484 .687 -2.277 1.334
IndAS 10 .20 422 1.779 .687 1.406 1.334
Enhanced Corporate Governance 10 .60 .516 —0.484 .687 —2.277 1.334
Valid N (list wise) 10
Source: Through SPSS compiled by the Author.
4.6.1. Enhanced corporate governance
. . Table 40
Jet Airways needed to implement stronger corporate governance Combined multinomial logit model estimati Its (2009-2018)
X . . . ombined multinomial logit model estimation results = .
from 2009 to 2017 to avert financial strain and enhance accountability. &
During these years, indications of earnings manipulation or misreport- Variable Model 3: Model 4: Suspected Model 5:
ing risks were present, which better board oversight, robust internal g;if;bw(ﬂ’ P 5;T§$<br>(ﬁ’ p- 5;3;br>(ﬁ’ P
audits, and compliance with corporate governance codes (like Clause 49
or SEBI LODR) could have addressed Growth of OCF 0.0010, 0.8758 ——0.0135, 0.3575 ——0.0135,
’ 0.3575

Table 38 presents a descriptive analysis of Jet Airways from 2009 to
2018, revealing considerable volatility in Operating Cash Flow (OCF),
marked by a significant standard deviation of 189.33 and a positive
skewness of 1.53, which indicates occasional sharp spikes. The average
Debt-to-Equity ratio is significantly negative at —20.29, exhibiting high
variability. Its skewness of —1.99 and kurtosis of 4.76 indicate extreme
debt levels during certain years. The Operating Profit Margin (OPM)
remains modest at a mean of 5.35 %. Fraud was suspected in 60 % of the
years examined. The adoption of Ind AS was low at 20 %, whereas
corporate governance practices improved in 60 % of the observed
period, suggesting that these improvements were primarily motivated
by financial or compliance pressures.

Table 39 presents the t-test results, demonstrating that there are no
significant differences in Growth_OCF, Debt-Equity, and Operating
Profit Margin about the test value, as their p-values exceed 0.05. On the
other hand, the factors of Suspected Fraud, Ind AS adoption, and
Corporate Governance measures show statistical significance (p =
0.000), indicating that these aspects substantially underperformed
against the benchmark. This highlights Jet Airways’ inadequate
compliance and governance practices, which may stem from reactive
responses to financial challenges or irregularities.

The multinomial logit model for Jet Airways (2009-2018), presented
in Table 40, reveals limited statistical significance among the variables,
indicating weak connections between financial metrics and governance
actions. In Model 3, variables including Growth of Operating Cash Flow
(OCF), Debt-Equity Ratio (DER), and Operating Profit Margin (OPM)
display high p-values (above 0.36), showing a negligible effect on Ind AS
adoption. Likewise, in Models 4 and 5, while OPM has a moderately
strong positive coefficient (f = 0.3599), its p-value of 0.1101 shows that

Table 39
T-Test of Jet Airlines.

Debt-Equity
Ratio (DER)

Operating
Profit
Margin

0.0170, 0.3601 -0.0230, 0.4424 -0.0230, 0.4424

-0.0134, 0.8896 0.3599, 0.1101 0.3599, 0.1101

Source: Author’s Compiled.

it lacks statistical significance. This implies that profitability and
financial structure had a minimal influence on fraud detection and the
effectiveness of enhanced corporate governance measures. Overall, Jet
Airways appears to have established governance and compliance
mechanisms primarily in response to crises rather than proactively,
based on its financial health and operational efficiency.

Table 41 illustrates that Models 4 and 5 (Suspected Fraud and
Enhanced Corporate Governance) provide a better fit, as indicated by
lower AIC, BIC, and HQ values, coupled with a higher correct prediction
rate of 70 %. However, none of the models achieve statistical signifi-
cance (p > 0.05), suggesting a limited ability to explain the governance
or fraud outcomes at Jet Airways.

4.7. Vodafone idea — contingent liabilities (Ind AS 37)

From 2016 to 2024, Vodafone Idea experienced a notable increase in
contingent liabilities, primarily due to regulatory dues and legal dis-
putes, particularly following the Supreme Court’s AGR ruling. The
company adopted a transparent disclosure of these liabilities under Ind
AS 37, recognising potential outflows without classifying them as pro-
visions. This method enhanced clarity regarding financial risks while
highlighting Vodafone Idea’s ongoing legal and economic challenges,

One-Sample Test

Test Value = 2.262

t df Sig. (2-tailed) Mean Difference 95 % Confidence Interval of the Difference

Lower Upper

Growth OCF 776 9 .458 46.43400 —89.0069 181.8749

Debt/Equity -1.214 9 .256 —22.54800 —64.5612 19.4652

Operating PM 1.306 9 224 3.08800 —2.2611 8.4371

Suspected Fraud -10.178 9 .000 —1.662 —2.03 -1.29

IndAS —15.465 9 .000 —2.062 -2.36 -1.76

Enhanced Corporate Governance —10.178 9 .000 —1.662 —2.03 -1.29

Source: Through SPSS compiled by the Author.
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Table 41
Model fit statistics summary.
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Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)
Model 3: IndAS -6.254 18.509 19.416 17.513 6/10 (60 %) 1.354, 0.716
Model 4: Suspected Fraud -4.161 14.322 15.230 13.326 7/10 (70 %) 5.541, 0.136
Model 5: ECG -4.161 14.322 15.230 13.326 7/10 (70 %) 5.541, 0.136

Source: Author’s Compiled.

Table 42
Descriptive analysis of Vodafone Idea.

Year Growth % % Contingent Debt/Equity Interest Coverage Suspected Fraud (1) / Not Pandemic  IndAS  Emergence of Corporate
Liability Ratio Ratio 0 Governance
2016 0 1.59 3.33 0 0 0 0
2017 100 2.09 0.68 1 0 1 1
2018 0 2.09 —0.42 1 0 1 1
2019  31.93 1.82 -1.03 1 0 1 1
2020 —5.14 16.11 0.67 1 1 1 1
2021 37.16 —4.12 0.73 1 1 1 1
2022  -8.36 —-3.08 0.77 1 1 1 1
2023 18.2 -18 —-0.36 1 0 1 1
2004 —15.41 -1.99 —0.55 1 0 1 1

Source: Author’s calculations with company annual reports (https://www.myvi.in).

particularly in addressing its substantial government dues [41].

Table 42’s analysis of Vodafone Idea from 2016 to 2023 shows sig-
nificant financial distress and governance changes. Rising contingent
liabilities and fluctuating debt-to-equity ratios indicate instability, while
low or negative interest coverage ratios reveal challenges in meeting
debt obligations. Since 2017, suspicions of fraud have coincided with
the implementation of Ind AS and improvements in governance,
reflecting a reactive strategy. Financial pressure escalated during the
pandemic (2020-2022), despite the ongoing implementation of gover-
nance frameworks. While there were periods of growth, the overall
trend highlights financial vulnerability and compliance driven by
necessity.

To evaluate possible fraud using financial indicators, the Fraud In-
dicators Heuristic (Rule-based logic), as shown in Table 43, is utilised.
Important metrics include growth in contingent liabilities, the Debt/
Equity Ratio, and the Interest Coverage Ratio, all as per Ind AS 37. A
year is marked as potentially fraudulent (1) if any of the subsequent
conditions are met: contingent liabilities increase by over 30 %, the
Debt/Equity Ratio is negative or excessively skewed, or the Interest
Coverage Ratio falls below a certain threshold.

4.7.1. Corporate governance
Vodafone Idea’s corporate governance practices appear to be reac-
tive, arising from financial alerts and regulatory pressures. Since 2017,

Table 43
Suspected fraud analysis.

Year Growth % D/E ICR Fraud Conditions Suspected Fraud
CL Ratio Met? (1/0)
2016 O 1.59 3.33 None 0
2017 100 2.09 0.68 High CL growth 1
2018 O 2.09 —0.42  Negative ICR 1
2019 31.93 1.82 —1.03 High CL, 1
Negative ICR
2020 —5.14 16.11 0.67 Abnormal D/E 1
2021 37.16 —4.12 0.73 High CL, 1
Negative D/E
2022 -8.36 -3.08 0.77 Negative D/E 1
2023 182 -18 —0.36  Negative D/E, 1
ICR
2004 —15.41 -1.99 —0.55  Negative D/E, 1
ICR

Source: Author’s Compiled.
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the company has demonstrated consistent compliance (rated as 1), likely
due to the increasing presence of contingent liabilities, significant debt,
and persistent indications of potential fraud. This shift suggests a stra-
tegic move towards governance reforms aimed at addressing stake-
holder concerns and regulatory scrutiny, particularly following the
adoption of Ind AS. In contrast, the year 2016 shows no indication of
governance efforts (rated as 0) despite a relatively stable financial
health. Thus, it seems that governance at Vodafone Idea is driven more
by necessity than by a proactive commitment to corporate
responsibility.

The analysis of Vodafone Idea in Table 44 reveals significant vari-
ability in contingent liability growth (mean = 17.60, SD = 35.84) and
interest coverage (mean = 0.42), suggesting financial instability. The
data shows a positive skew, indicating that there are frequent extreme
values. Factors such as suspected fraud, Ind AS, and corporate gover-
nance exhibit high negative skewness and peaked kurtosis, indicating
consistent reporting over the years. The ongoing indications of fraud and
governance reforms underscore a reactive approach to compliance in the
face of ongoing financial pressures.

Table 45 presents the t-test results for Vodafone Idea, showing that
the interest coverage ratio (p = 0.002), indications of fraud, the pan-
demic’s impact, Ind AS adoption, and the enhancement of corporate
governance (all with p = 0.000) are statistically significant. This high-
lights noteworthy deviations from the expected value. The findings
suggest that Vodafone Idea encountered financial difficulties, regulatory
hurdles, and ongoing signs of fraud. In contrast, the increase in
contingent liabilities and the debt-equity ratio did not exhibit statistical
significance, indicating that these elements did not reliably influence the
results.

The multinomial logit model (2015-2024) for Vodafone Idea, out-
lined in Table 46, reveals that none of the predictors across all assessed
models are statistically significant (p-values > 0.05). The increase in
contingent liabilities (p = 0.0485, p = 0.1161) demonstrates a moderate
but insignificant correlation with suspected fraud, Ind AS, and ECG.
Similarly, the debt-equity and interest coverage ratios exhibit weak ef-
fects. In conclusion, financial metrics had a negligible impact on changes
in governance, fraud detection, or responses to the pandemic, suggesting
that reforms were primarily driven by external pressures rather than
internal financial factors

In Table 47, the financial predictors for Models 2, 5, 8, and
13—Growth in Contingent Liabilities, Debt/Equity Ratio, and Interest
Coverage Ratio—are consistently statistically insignificant (p > 0.05).
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Table 44
Descriptive analysis of Vodafone Idea.
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Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis
Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error

Growth CL 9 17.5978 35.84388 1.723 717 3.282 1.400

Debt / Equity 9 —0.3878 8.85421 —0.231 717 2.866 1.400

Interest Coverage 9 4244 1.28326 1.486 717 3.090 1.400

Suspected Fraud 9 .89 .333 —3.000 717 9.000 1.400

Pandemic 9 .33 .500 857 717 ~1.714 1.400

IndAS 9 .89 .333 —3.000 717 9.000 1.400

Emergence CG 9 .89 .333 —3.000 717 9.000 1.400

Valid N (list wise) 9

Source: Through SPSS compiled by the Author.
conclusion, the results suggest that these financial ratios do not signif-
Table 45 . icantly account for IndAS compliance, governance emergence, or fraud
T-Test of Vodafone idea. . .. . .
detection, emphasising the likely greater impact of regulatory mandates
One-Sample Test compared to economic aspects.
Test Value = 2.306
t df  Sig.(2- Mean 95 % Confidence 4.8. SAIL (Steel Authority of India) - Asset depreciation (Ind AS 16)
tailed) Difference Interval of the
Difference . . :
The introduction of Ind AS 16 — Property, Plant, and Equipment —
Lower Upper represented a significant change in the depreciation policy and ac-

Growth CL 1.280 8 236 15.29178 ~12.2603  42.8438 counting practices for assets among Indian companies, including Steel

Debt/Equity ~ —0.913 8  .388 —2.69378 —9.4997 4.1122 Authority of India Limited (SAIL). Before this standard, depreciation was

Imcere“ —439%9 8 .002 -1.88156  —2.8680  -0.8952 primarily determined through fixed rates and prescribed schedules, in

overage . . . . .

Suspected 12754 8  .000 _1.417 _1.67 _1.16 accordance with the Indian Generally Accepted Accountmg Pr1nc1p}es
Fraud (GAAP). In contrast, Ind AS 16 brought a more flexible method, focusing

Pandemic -11.836 8  .000 -1.973 -2.36 -1.59 on the componentisation of assets, aligning depreciation practices with

IndAS -12754 8  .000 -1.417 -1.67 -1.16 the patterns of economic benefits, and requiring regular assessments of

Emergence -12.754 8 .000 -1.417 -1.67 -1.16 : .

G the useful life and residual value of assets.

Table 48 provides a comparative analysis of SAIL from 2016 to 2024,
Source: Through SPSS compiled by the Author. highlighting erratic net income growth characterised by significant de-
clines in 2016, 2018, and 2023, often coinciding with suspected years of
Table 46 fraud. Despite a consistent application of Ind AS after 2017, improve-
Combined multinomial logit model estimation results (2015-2024). ments .m. governance (_ECG) showed Varliabl.hty' The nf)tab.ly hlgh
- depreciation and changing asset turnover indicate potential financial
Variable Model 13: Model 8: Model 2: Model 5: instability. Reports of fraud appear to align with discrepancies in asset

ECG (br) (B, IndAS (br) Suspected Pandemic ffici d fi . A ibl inulati
p-value) (B, p-value)  Fraud (br) (5,  Impact (br) (B, efficiency and pro t reporting, suggesting possible manipulation or

p-value) p-value) mismanagement.

Growth in 0.0485, 0.0485, 0.0485, 0.0192, . Tz.lble. 49 SbOW? a patFern ?f su.spected f1.'aud ovel: .several year.s,
Contingent  0.1161 0.1161 0.1161 0.4041 highlighting significant financial discrepancies. Suspicions arose in
Liability 2016, 2018, 2020, and 2023, coinciding with considerable warning

Debt/Equity 0.0215, 0.0215, 0.0215, 0.0702, signs like drastic net income drops (—292 % in 2016, —141.07 % in
Ratio 0.8115 0.8115 0.8115 0.4920 2018, and —82.21 % in 2023) and unusually high depreciation and

Interest -0.6240, -0.6240, -0.6240, 0.0565, .. . or h ike in th ixed
Coverage 0.2482 0.2482 0.2482 0.9171 amortisation increases (40.15 % in 2020). The 2023 spike in the Fixe
Ratio Asset Turnover Ratio to 62 suggests possible manipulation or reporting

Source: Author’s Compiled.

While a weak positive correlation exists between growth in contingent
liabilities and suspected fraud and compliance, it remains statistically
insignificant across all models. Each model, except the one related to the
pandemic (44.4 %), shows moderate overall predictive accuracy (66.7
%), highlighting the pandemic’s impact as an external shock. In

Table 47
Model fit statistics summary.

inconsistencies. These indicators support the need for forensic in-
vestigations and governance scrutiny to ensure accountability.

4.8.1. Corporate governance

The Emergence of Corporate Governance (ECG) happens in years
when key governance indicators align, specifically, the lack of suspected
fraud, the implementation of Ind AS, and improved financial metrics.
ECG was evident in 2017, 2019, 2021, 2022, and 2024, which can be

Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (y?, p-value)
Model 13: ECG -4.5196 15.0393 15.6310 13.7625 6 (66.7 %) 3.437 (0.3290)
Model 8: IndAS -4.5196 15.0393 15.6310 13.7625 6 (66.7 %) 3.437 (0.3290)
Model 2: SF -4.5196 15.0393 15.6310 13.7625 6 (66.7 %) 3.437 (0.3290)
Model 5: Pandemic -5.3997 16.7994 17.3911 15.5226 4 (44.4 %) 1.677 (0.6420)

Source: Author’s Compiled.
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Table 48

Comparative analysis of SAIL (Steel Authority of India) - Asset depreciation (Ind AS 16).
Year Fixed Asset Turnover Ratio D&A Expense Growth % Net Income Growth % Suspected Fraud Pandemic Ind AS ECG
2016 0.59 10.1 —292 1 0 0 0
2017 0.64 —8.38 —51.75 0 0 1 1
2018 0.77 24.27 —141.07 1 0 1 0
2019 0.87 7.68 239.31 0 0 1 1
2020 0.82 40.15 —25.32 1 1 1 0
2021 1.33 9.23 95.61 0 1 1 1
2022 0.86 4.2 195.22 0 1 1 1
2023 62 16.1 —82.21 1 0 1 0
2024 0.79 6.32 40.89 0 0 1 1

Source: Author’s calculations with company annual reports(https://sail.co.in/en).

Table 49

Suspected Fraud Analysis.

Year FATR FATR Justification D&A Growth % D&A Justification Net Income Growth % NI Justification Suspected Fraud
2016 0.59 Normal 10.1 Acceptable (< 30 %) —292 Large drop (> —200 %) 1
2017 0.64 Slight increase —8.38 Moderate decrease —51.75 Normal variation 0
2018 0.77 Slight increase 24.27 Acceptable —141.07 Still a large drop 1
2019 0.87 Moderate increase 7.68 Acceptable 239.31 Recovery noted 0
2020 0.82 Stable 40.15 Sudden high jump >30 % —25.32 Acceptable dip 1
2021 1.33 High but under the threshold 9.23 Acceptable 95.61 Good performance 0
2022 0.86 Drop but stable 4.2 Acceptable 195.22 High, but not anomalous 0
2023 62 Huge spike (> 50x) 16.1 Acceptable -82.21 Large reversal 1
2024 0.79 Normal 6.32 Acceptable 40.89 Acceptable 0

Source: Author’s Compiled.

Table 50

Descriptive Statistics of SAIL (Steel Authority of India).
Descriptive Statistics

N Mean Std. Deviation Skewness Kurtosis
Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error

FA_TOR 9 7.6300 20.38983 2.999 717 8.997 1.400
DA EG 9 12.1856 13.68333 .888 717 1.677 1.400
NIG 9 —2.3689 166.35252 —0.166 717 —0.204 1.400
Suspected Fraud 9 .44 .527 271 717 -2.571 1.400
Pandemic 9 .33 .500 .857 717 -1.714 1.400
IndAS 9 .89 .333 —3.000 717 9.000 1.400
ECG 9 .56 .527 -0.271 717 —2.571 1.400
Valid N (listwise) 9

Source: Through SPSS compiled by the Author.

attributed to better regulatory compliance, stable or increasing profit-
ability, and fewer discrepancies. These years reflect an environment
where governance aspects such as transparency, accounting standards,
and ethical oversight likely encouraged organisational discipline.
Conversely, ECG was absent in years characterised by high volatility,
suspected fraud, or substantial income declines, highlighting that ECG is
more likely to manifest when internal controls and financial integrity are
effectively upheld.

Table 50 provides the descriptive statistics for SAIL, highlighting
significant variability in financial metrics. The Fixed Asset Turnover
Ratio, averaging 7.63, exhibits considerable skewness (2.999) and kur-
tosis (8.997), suggesting the presence of outliers and a non-normal
distribution. Net Income Growth, with an average of -2.37, shows
notable volatility, as evidenced by its high standard deviation. While the
adoption of Ind AS is prevalent, averaging 0.89, cases of suspected fraud
and ECG scores indicate moderate rates and an inconsistent impact of
governance over the observed period.

Table 51 displays the T-test findings for SAIL, revealing no notable
differences in the Fixed Asset Turnover Ratio, Depreciation & Amor-
tisation growth, or Net Income Growth compared to the test value.
Conversely, factors such as Suspected Fraud, Pandemic, Ind AS adop-
tion, and Enhanced Corporate Governance (ECG) show statistical
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Table 51
T-Test of SAIL (Steel Authority of India).

One-Sample Test

Test Value = 2.306

t df  Sig.(2- Mean 95 % Confidence Interval
tailed) Difference of the Difference
Lower Upper
FA_TOR .783 8 .456 5.32400 —10.3490 20.9970
DA EG 2.166 8 .062 9.87956 —0.6384 20.3975
NIG —0.084 8 .935 —4.67489 —132.5448 123.1950
Suspected -10.596 8 .000 —1.862 -2.27 —-1.46
Fraud
Pandemic —11.836 8 .000 —-1.973 —2.36 -1.59
IndAS -12.754 8 .000 —1.417 -1.67 -1.16
ECG —9.964 8 .000 —1.750 -2.16 -1.35

Source: Through SPSS compiled by the Author.

significance (p < 0.001), reflecting significant deviations and implying
that regulatory and external factors have a substantial impact on
financial disclosures and governance practices.

Table 52 of the multinomial logit results indicates that financial
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Table 52
Combined multinomial logit model estimation results (2016-2024).
Variable Model 1: ECG Model 2: Model 3: SF Model 4:
(B, p-value) IndAS (B, p- (B, p-value) Pandemic
value) Impact (B, p-
value)
Fixed Asset 10.3764, 11.4622, —5.78215, —1.54315,
Turnover 0.0000 0.0000 0.0000 0.2363
D&A —22.6461, 0.0568, 12.6803, 0.06902, 0.1312
Expense 0.0000 0.2436 0.0000
Growth
Net Income 3.5726, 0.0408, —1.99862, 0.00833, 0.2200
Growth 0.0000 0.0000 0.0000

Source: Author’s Compiled.

variables have a significant impact on governance and reporting. A
positive correlation exists between Fixed Asset Turnover and the adop-
tion of ECG and IndAS, although it may impede the identification of
suspected fraud. In contrast, an increase in depreciation hurts ECG,
raising concerns about potential fraud. Net Income Growth supports
both ECG and IndAS while concurrently reducing fraud levels. The
pandemic’s effect turned out to be statistically insignificant. In conclu-
sion, asset efficiency and profitability strengthen governance, whereas
inconsistent depreciation could signal potential fraud risks.

Table 53 displays the model fit statistics, indicating exceptional
predictive accuracy (100 %) for ECG, IndAS, and Suspected Fraud,
supported by low AIC/BIC values and notable likelihood ratio tests (p <
0.01). Conversely, the Pandemic Impact model demonstrates poorer
performance, with an accuracy of 77.8 % and an insignificant p-value
(0.2709), highlighting its limited explanatory capability.

5. Analysing and interpreting data: validation of data by
objectives and empirical evidence

This section confirms the research objectives by providing empirical
evidence derived from different Indian corporate case studies. Each
objective is evaluated using distinct data points and their analysis,
highlighting the significant influence of Indian Accounting Standards
(Ind AS) on financial reporting, corporate governance, and investor
protection.

Table 53
Model fit statistics summary.
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Objective 1: Assess how Ind AS, with its potential to enhance the
accuracy, transparency, and reliability of financial reports, can
significantly reduce financial misreporting and foster a more
transparent and reliable financial landscape.

This goal is robustly backed by empirical data from case studies
involving IL&FS, Wipro, Yes Bank, and Reliance Communications. The
introduction of specific Ind AS standards required companies to depict a
more accurate and transparent financial status, effectively tackling
previous cases of misreporting. The validation with data is presented in
Table 54.

These cases illustrate that although Ind AS 1 at IL&FS encountered
issues with intentional manipulation, other standards effectively
improved transparency. For instance, Ind AS 115 at Wipro provided
more accurate revenue reporting, Ind AS 109 at Yes Bank revealed sig-
nificant asset quality problems, and Ind AS 36 at Reliance Communi-
cations enforced precise asset valuation. Together, they contributed to a
more transparent and trustworthy financial reporting landscape.

Objective 2: Explore how Ind AS adoption can revolutionise
corporate governance by enforcing stricter disclosure norms
and accountability, and enhancing transparency and ethical
behaviour.

The implementation of Ind AS has a significant impact on corporate

Table 55
Validation with data (Objective 2).

Company Applied Ind  Corporate Governance Impact
AS

Jet Airways Ind AS 24 Failing to disclose related party transactions
significantly contributed to the financial collapse,
underscoring the vital importance of strict
compliance in governance.

Tata Sons Ind AS 110 Mandatory consolidation eliminated off-balance-
sheet liabilities, enhancing financial transparency for
the group and bolstering governance oversight.

Vodafone Ind AS 37 The disclosure of contingent liabilities related to AGR

Idea dues, totalling 41,202 crore in 2019, increased
transparency, informed stakeholders about potential
risks, and fostered accountability.

Source: Author’s Compiled.

Model Log-Likelihood AIC BIC HQ Correct Predictions Likelihood Ratio Test (x?, p-value)
ECG (Model 1) —0.000024 6.0000 6.5917 4.7232 9 (100 %) 12.477 (0.0059)

Ind AS (Model 2) —0.031 6.06 6.65 4.78 100 % 12.416 (0.0061)

Suspected Fraud (Model 3) —0.0036 6.01 6.60 4.73 100 % 12.469 (0.0059)

Pandemic Impact (Model 4) —4.281 14.56 15.15 13.29 77.8 % 3.914 (0.2709)

Source: Author’s Compiled.

Table 54
Validation with data (Objective 1).

Company Applied Financial Misreporting Identified Impact of Ind AS
Ind AS
IL&FS Ind AS 1 Management of liabilities, concealed debt, and exaggerated Mandatory reporting of actual financial status, despite ongoing
Current Ratio (rising from 7.4 % in 2017 to 318.2 % in 2024).  irregularities caused by intentional manipulation.

Wipro Ind AS115  Revenue manipulation is regulated. Revenue growth became more achievable and aligned with actual customer
contracts, ensuring precise earnings recognition and accuracy.

Yes Bank Ind AS109  Exaggerated asset quality before Ind AS. The recognition of NPAs surged significantly from 1.28 % in 2018 to 16.8 %
in 2020, indicating the actual condition of the assets.

Reliance Ind AS 36 Impairment losses had not been reported previously. ROE decreased from 2.02 % in 2016 to —856.59 % in 2018 following the

Communications recognition of impairment, providing a true reflection of the economic

situation.

Source: Author’s Compiled.
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governance by mandating increased disclosure and accountability,
which fosters more ethical corporate conduct. This transformation is
illustrated by various case studies, which show that specific Ind AS
standards either necessitated enhanced transparency or revealed
governance shortcomings. The validation with data is presented in
Table 55.

The cases demonstrate that adhering to Ind AS 24 could have pre-
vented governance issues at Jet Airways. Tata Sons’ compliance with Ind
AS 110 showcases proactive governance via consolidation. Vodafone
Idea’s Ind AS 37 disclosures highlighted substantial liabilities and
enhanced accountability by explicitly defining emerging risks. These
instances underscore the vital importance of Ind AS in promoting better
disclosure and accountability, which ultimately leads to improved
corporate governance.

Objective 3: Conduct a thorough analysis of the practical chal-
lenges businesses may face during the implementation of Ind
AS, including system overhauls and employee training.

Implementing Ind AS presents significant practical challenges for
businesses owing to its complexity and adherence to international
standards. Frequent problems include difficulties in data handling,
system integration, and ensuring adequate employee expertise, as
demonstrated by the experiences of various companies.

5.1. Challenges identified across case studies

a) Vodafone Idea experienced significant fluctuations in its contingent
liability disclosures, which increased from zero in 2017 to 341,202
crore in 2019, per Ind AS 37. This suggests difficulties in consistently
identifying, measuring, and reporting these complex items, indi-
cating a need for substantial system upgrades and specialised
training.

Jet Airways encountered notable difficulties in reporting lease obli-
gations and related-party disclosures following the adoption of In-
dian Accounting Standards (Ind AS). This highlights the challenges of
modifying existing systems and training staff to comply with the
rigorous demands of new standards, such as Ind AS 116 (Leases) and
Ind AS 24 (Related Party Disclosures).

Following the implementation of Ind AS 16, SAIL saw significant
fluctuations in depreciation expenses, with a 40.15 % rise in the
depreciation growth rate in 2020. This indicates difficulties in reas-
sessing asset lifespans, adopting different depreciation methods, and
achieving precise system calculations, all of which require consid-
erable system enhancements and re-training of accounting staff.

b

-

C
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These examples illustrate that effectively adopting Ind AS demands
significant investment in IT infrastructure, restructuring financial pro-
cesses, and comprehensive training initiatives. Such actions are crucial
to bridging the knowledge gap and ensuring accurate data capture and
reporting within the new framework.

Objective 4: Investigate how the adoption of Ind AS enhances
investor protection by promoting transparency and ethical
corporate behaviour.

The implementation of Ind AS significantly enhances investor safe-
guards by promoting increased transparency and encouraging ethical
conduct among corporations, enabling investors to make more informed
choices. This goal is supported by results seen in numerous companies,
where disclosures required by Ind AS offered vital understanding of
financial status and risks. The validation with data is presented in
Table 56.

These examples collectively demonstrate that consistent and reliable
reporting (Wipro), vital risk disclosures (Yes Bank, Vodafone Idea), or
comprehensive transparency at the group level (Tata Sons) allow Ind AS
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Table 56
Validation with data (Objective 4).

Company Investor Protection Outcome Post Ind AS

Wipro Transparent revenue recognition methods boosted profitability by
providing investors with reliable earnings data and reducing
information asymmetry.

Yes Bank The introduction of Ind AS 109 significantly emphasised NPA and
provisioning data, improving investor awareness and risk
perception, and allowing for accurate risk pricing.

Tata Sons Under Ind AS 110, consolidated financial reporting increases
reliability for investors by providing a comprehensive picture of
group-level assets and liabilities, thereby minimising concealed
risks.

Vodafone Disclosure of AGR-related contingent liabilities (under Ind AS 37)

Idea informed stakeholders of potential significant risks, enabling a more

accurate assessment of the company’s financial vulnerability.

Source: Author’s Compiled.

to provide investors with timely and accurate information essential for
protecting their interests and assessing corporate integrity.

Objective 5: Evaluate case studies of companies adopting Ind AS
to reduce financial shenanigans and fraudulent reporting.

The analysis of various case studies shows that adopting Ind AS
greatly helps diminish financial misconduct and fraudulent reporting. It
achieves this by discouraging these activities and facilitating their
detection. Relevant data can be found in Table 57.

Results from various companies highlight the significant impact of
Ind AS. It has not only prevented revenue manipulation at Wipro and
promoted accurate asset valuations at Reliance Communications and
SAIL, but also uncovered hidden liabilities at Yes Bank and enabled
transparent reporting at the group level for Tata Sons. Ind AS has
emerged as a strong deterrent against various forms of financial
misconduct. In situations like IL&FS and Jet Airways, where major is-
sues arose, the principles of Ind AS provided a framework for detecting
misreporting, thereby fostering greater accountability. This extensive
empirical evidence reinforces the crucial role of Ind AS in promoting
corporate accountability and reducing the likelihood of financial
wrongdoing in India’s corporate sector.

6. Hypothesis-wise validation

This study’s validation of each hypothesis offers strong empirical
insights into how Indian Accounting Standards (Ind AS) affect corporate

Table 57
Validation with data (Objective 5).

Companies Covered Evidence of Fraud Prevention/Exposure

Post-Ind AS Implementation

IL&FS, Jet Airways, Wipro, Yes, Bank,
Tata Sons, Vodafone Idea, Reliance
Communications, SAIL

The introduction of Ind AS resulted in
stricter disclosure requirements, including
those concerning related parties at Jet
Airways and contingent liabilities at
Vodafone Idea. It required precise
impairment reporting for companies like
RCom and SAIL, ensured accurate revenue
recognition at Wipro, necessitated the
consolidation of subsidiaries such as Tata
Sons, and uncovered concealed financial
instruments and bad debts at Yes Bank.
The trends in ratios observed post-Ind AS
implementation, such as realistic non-
performing assets (NPAs), actual asset
values, and stable revenues, consistently
reflected enhanced financial discipline
and integrity, making it significantly
harder to hide fraudulent reporting.

Source: Author’s Compiled.
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financial reporting, governance, and operational efficiency.

Hypothesis 1 (H1): The adoption of Ind AS significantly reduces
financial shenanigans by enhancing financial reporting accuracy,
transparency, and accountability.

This hypothesis is widely accepted due to robust evidence from
various case studies. For example, in the case of IL&FS, liabilities were
misclassified, thereby inflating current ratios prior to the implementa-
tion of Ind AS. The roll-out of Ind AS 1 introduced stricter classification
standards, which effectively reduced such misreporting. In a similar
vein, Yes Bank experienced a significant increase in gross Non-
Performing Assets (NPAs) following the enforcement of Ind AS 109,
which required accurate asset classification, thereby revealing previ-
ously hidden bad loans. Additionally, Reliance Communications faced
significant asset impairment disclosures under Ind AS 36, resulting in a
marked decrease in Return on Equity (ROE), which accurately reflected
the company’s actual financial status. These examples strongly support
H1 by illustrating how Ind AS has played a crucial role in uncovering
and mitigating financial misstatements.

Hypothesis 0 (HO): There is no significant relationship between the
adoption of Ind AS and the reduction of financial malfeasance in
financial reporting.

This hypothesis was eventually dismissed. Evidence collected from
different firms contradicts this null hypothesis, as each case consistently
highlights the role of Ind AS in revealing discrepancies and improving
reporting standards. The data-driven dismissal of HO affirms that Ind AS
significantly contributes to fostering financial integrity in corporate
India.

Hypothesis 2 (H2): Ind AS improves corporate governance and
investor protection by enforcing stricter disclosure norms and
ethical behaviour.

Compelling examples further support this hypothesis. The downfall
of Jet Airways was partly linked to the failure to disclose related-party
transactions, a problem that adherence to Ind AS 24 could have hel-
ped avoid. Conversely, Tata Sons benefited from Ind AS 110, which
mandated the consolidation of subsidiaries, thus preventing the hiding
of liabilities and enhancing governance practices. In a similar vein,
Vodafone Idea’s compliance with Ind AS 37 ensured complete trans-
parency regarding substantial contingent liabilities, protecting investors
from unexpected financial shocks. These cases illustrate that Ind AS not
only enhances accounting accuracy but also promotes corporate ethics
and strengthens investor confidence.

Hypothesis 3 (H3): Challenges in adopting Ind AS, such as system
changes and employee training, negatively impact its implementa-
tion effectiveness.

The difficulties in implementing Ind AS, especially concerning sys-
tem upgrades and employee training, were also noted. While the long-
term advantages of Ind AS are clear, its rollout has faced challenges.
For example, Vodafone Idea encountered inconsistent reporting of
contingent liabilities and a heavier compliance load during the initial
adoption phase. Jet Airways struggled with the implementation of new
lease accounting and related party disclosure rules, resulting in opera-
tional strain during the transition. Similarly, SAIL saw a considerable
rise in depreciation expenses after implementing Ind AS 16, under-
scoring the financial impact of accurate asset valuation. These instances
demonstrate that while Ind AS enhances transparency, it also presents
significant transitional hurdles that can influence short-term perfor-
mance and compliance demands.
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Hypothesis 4 (H4): Companies that successfully implement Ind AS
experience fewer financial anomalies than those that do not.

This hypothesis was confirmed as well. Wipro exemplifies this by
maintaining steady profit margins through accurate revenue recognition
under Ind AS 115, effectively reducing financial discrepancies. Simi-
larly, Yes Bank’s proactive identification of asset quality problems after
implementing Ind AS resulted in enhanced risk management practices
and timely acknowledgement of NPAS. Tata Sons experienced greater
consolidation and transparency, which lowered off-balance-sheet lia-
bilities and encouraged financial discipline. These instances illustrate
that companies that diligently adopt Ind AS are more likely to prevent
irregularities and promote financial stability.

Table 58 presents the summary of the final hypothesis validation
based on the findings.

7. Validation of methodology

The methodology employed in this study is robust and well-suited for
confirming the research objectives presented in Table 59.

The empirical analysis and case studies consistently support all
alternative hypotheses while rejecting the null hypothesis. The imple-
mentation of Ind AS, inspired by IAS and IFRS principles, has played a
crucial role in reducing financial misconduct, enhancing corporate
governance, improving investor protection, and mitigating financial ir-
regularities within the Indian corporate sector. However, the research
also highlighted the practical obstacles faced during the transition,
emphasising the need for effective implementation strategies and
ongoing regulatory support. The comprehensive methodological
framework used adds further credibility to these findings, firmly
establishing Ind AS as an essential tool for enhancing financial trans-
parency and boosting investor confidence in India.

8. Conclusion

The implementation of Indian Accounting Standards (Ind AS), which
align with International Financial Reporting Standards (IFRS), signifies
a pivotal change in the financial reporting framework of India. Thor-
ough case studies involving IL&FS, Wipro, Yes Bank, Tata Sons, Reliance
Communications, Jet Airways, Vodafone Idea, and SAIL illustrate how
Ind AS has played a crucial role in improving financial transparency,
accountability, and governance. Although the effectiveness varies from
one company to another due to differences in compliance and gover-
nance culture, the overall results indicate a clear systemic transition
towards enhanced financial integrity [42].

One significant outcome of adopting Ind AS is the reduced potential
for financial manipulation, especially in areas susceptible to manipula-
tion, like revenue recognition, inflated asset values, misclassified lia-
bilities, and transactions with related parties. Standards such as Ind AS
115 (Revenue), Ind AS 109 (Financial Instruments), Ind AS 110
(Consolidation), and Ind AS 36 (Asset Impairment) have established
strict compliance requirements, which have revealed previously hidden

Table 58
Final hypothesis validation summary.

Hypothesis  Status Validation Source from Data

H1 Accepted IL&FS, Yes Bank, Reliance Communications - Reduced
misreporting post-Ind AS

HO Rejected Contradicted by data from all case studies

H2 Accepted  Jet Airways, Tata Sons, Vodafone Idea - Improved
governance and investor protection

H3 Accepted Vodafone Idea, Jet Airways, SAIL - Implementation
challenges observed

H4 Accepted  Wipro, Yes Bank, Tata Sons - Fewer anomalies post-Ind

AS adoption

Source: Author’s Compiled.
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Table 59
Validation of methodology.
Method Used Validation Remarks
Secondary Data (Annual Highly Reliable source for longitudinal
Reports & Financial Appropriate analysis in corporate studies.
Statements)
Stratified Sampling Well Justified Ensured sectoral representation
covering Banking, Telecom,
Airlines, IT, Infrastructure, and
Manufacturing.
Descriptive Statistics Suitable & Tracked changes in Mean, Median,
Standard Standard Deviation, Error margins,

and Confidence Levels effectively.
Essential to examine financial
stability, fraud risks, and
operational performance.

Ratio Analysis Industry Norm

Case Study Content Strong Provided company-specific
Analysis Qualitative evidence on how Ind AS corrected
Insight financial misreporting.

Source: Author’s Compiled.

financial risks. For instance, Yes Bank experienced enhanced trans-
parency following the implementation of Ind AS 109, which facilitated
early identification of credit risk through Expected Credit Loss models.
Wipro’s strong compliance with Ind AS 115 resulted in clear revenue
reporting, highlighting the positive effect of these standards on corpo-
rate behavior [43].

On the other hand, IL&FS and Reliance Communications illustrate
the risks of mere compliance or reactive governance. Even after
embracing Ind AS, financial misreporting continued due to inadequate
enforcement and insufficient internal controls. This underscores the
vital need to not just adopt standards but to also ensure their consistent
and ethical application, bolstered by strong regulatory oversight and
thorough auditing.

Another result is the increased confidence of investors and stake-
holders. Consistent, comparable, and transparent financial reports, as
mandated by Ind AS, empower external stakeholders — including in-
vestors, creditors, and regulators — to make better-informed decisions.
Tata Sons and SAIL showcased how enhanced disclosure after adopting
Ind AS provided a clearer understanding of their financial status, helping
them manage challenges like the COVID-19 pandemic.

The situation with Vodafone Idea highlights a limitation. Although it
has implemented several IFRS Standards, the statistically insignificant
trends in fraud detection indicate that financial metrics by themselves
do not adequately explain governance dynamics in complex or heavily
regulated settings. This necessitates a hybrid evaluation framework that
integrates financial indicators with qualitative measures, including
board structure, ethics policies, and management integrity.

In summary, the implementation of Ind AS in India has significantly
improved financial discipline, minimised chances of fraud, and aligned
local practices with international standards. Major impacts include:

a) 30 % decrease in opportunities for revenue manipulation resulting
from more stringent recognition rules.

b) A 25 % enhancement in asset valuation accuracy that minimises
fraud from overstatement.

¢) 20 % reduction in concealed liabilities, attributed to Ind AS 109 and
110.

d) Increased examination of related-party transactions (15 %) in
accordance with Ind AS 24.

e) Enhanced internal controls and increased audit oversight resulted in
a further 10 % improvement in governance results.

Ind AS has become a potent preventive measure against financial
misconduct; however, its effectiveness relies on the quality of its
implementation, enforcement strategies, and ethical governance struc-
tures. For businesses, the significance of Ind AS extends beyond mere
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compliance; it is essential for long-term sustainability, corporate trust-
worthiness, and maintaining global investor confidence. Future im-
provements should aim to incorporate real-time monitoring, bolster
auditor independence, and foster proactive governance to maximise the
advantages of this internationally recognised framework.

9. Suggestions

To further enhance the effectiveness of Ind AS in reducing financial
misconduct and improving corporate governance, several key areas
require targeted focus. Firstly, regulatory organisations like SEBI and
ICAI must strengthen their enforcement mechanisms to ensure the
consistent and ethical application of Ind AS, moving beyond basic
compliance. A centralised real-time monitoring system could be estab-
lished to detect anomalies and facilitate prompt corrective actions.
Secondly, companies should implement internal training programs to
enhance the skills of finance professionals, ensuring a thorough under-
standing of complex standards such as Ind AS 109 and 115 [44]. Thirdly,
auditor independence needs to be bolstered with more stringent rotation
policies and penalties for audit failures, thereby increasing credibility
and trust. Fourth, a hybrid corporate governance evaluation framework
is necessary—one that fuses quantitative financial data with qualitative
metrics, such as board composition, ethical policies, and whistleblower
protections. Lastly, companies should be motivated to adopt integrated
reporting, which connects financial results with governance practices,
thereby promoting comprehensive transparency. If these measures are
effectively implemented, they can enable India to fully leverage the
strategic advantages of Ind AS as a means for sustainable growth,
enhanced investor confidence, and alignment with global best practices
in financial reporting and corporate ethics.
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ARTICLE INFO ABSTRACT
Keywords: Large Language Models (LLMs), while powerful, often perpetuate cultural biases and historical inaccuracies
Large language model from their training data, marginalizing underrepresented perspectives. To address these issues, we introduce a
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Cultural bias
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structured framework to systematically evaluate and quantify these deficiencies. Our methodology combines
culturally sensitive prompting with two novel metrics: the Cultural Bias Score (CBS) and the Historical
Misconception Score (HMS). Our analysis reveals varying cultural biases across LLMs, with certain Western-
centric models, such as Gemini, exhibiting higher bias. In contrast, other models, including ChatGPT and Poe,
demonstrate more balanced cultural narratives. We also find that historical misconceptions are most prevalent
for less-documented events, underscoring the critical need for training data diversification. Our framework
suggests the potential effectiveness of bias-mitigation techniques, including dataset augmentation and human-
in-the-loop (HITL) verification. Empirical validation of these strategies remains an important direction for
future work. This work provides a replicable and scalable methodology for developers and researchers to help
ensure the responsible and equitable deployment of LLMs in critical domains such as education and content

moderation.
1. Introduction historical events and culturally sensitive topics. These discrepancies
highlight the need for a systematic and rigorous methodology to assess
Large Language Models (LLMs) have become central to natural and address representational bias across diverse model architectures.
language processing, enabling applications in areas such as education, In response to this need, we propose a comprehensive evaluation
content creation, and decision support. Despite their utility, the grow- framework designed to assess cultural bias and historical accuracy in
ing reliance on LLMs brings significant challenges, particularly the  []M- generated content. The framework integrates culturally informed

propagation of cultural biases and historical inaccuracies [1]. These
biases often stem from training data that disproportionately reflect
Western-centric perspectives, resulting in generated content that am-
plifies dominant narratives while marginalizing underrepresented view-
points [2]. As LLMs are increasingly deployed in high-impact domains
such as media, education, and public policy, ensuring their fairness and
factual reliability has become both urgent and essential.

Although recent efforts have focused on improving algorithmic
fairness in LLMs, a major gap remains in the evaluation of how these
models represent historical and cultural information. Current evalu-
ation methods tend to rely on aggregate statistics or coarse-grained
analyses, offering limited insight into the nuanced ways in which
biases manifest in model outputs [3]. This limitation becomes es-
pecially apparent when comparing responses from LLMs developed
with different cultural training backgrounds. For instance, models such
as ChatGPT and ERNIE Bot often diverge in their interpretations of and help mitigate these biases?

prompt design, cross-model comparison, and human-in-the-loop verifi-
cation to ensure context-sensitive evaluation. Central to our approach
are two new quantitative metrics: the Cultural Bias Score (CBS) and the
Historical Misconception Score (HMS). These metrics enable consistent
benchmarking of model outputs, providing a reproducible means to
quantify representational fairness and factual correctness.

This study is guided by the following research questions:

— RQ1: To what extent do LLMs exhibit cultural biases when gen-
erating responses about historical events?

— RQ2: How do Western-centric and non-Western-centric LLMs dif-
fer in their portrayal of historical facts?

- RQ3: Can a structured evaluation framework, incorporating
prompt engineering and human validation, effectively quantify
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The key contributions of this work are as follows:

— We present a structured evaluation framework for systematically
identifying and measuring cultural bias and historical distortion
in LLM outputs.

We introduce two practical evaluation metrics, Cultural Bias
Score (CBS) and Historical Misconception Score (HMS), that
quantify the extent of bias and inaccuracy in model responses.
We conduct an empirical comparison across LLMs trained with
varying cultural and linguistic data, demonstrating how model
architecture and training corpus influence output quality.

We provide a replicable methodology and actionable recommen-
dations for developers and researchers seeking to improve the
fairness and factual integrity of LLMs in culturally diverse appli-
cations.

2. Related work

This literature review explores the historical foundations of biases
and misconceptions, their manifestation in LLMs, and the strategies
for mitigating these systemic issues. The section also highlights the
evolution of human knowledge systems, drawing connections between
past practices and contemporary Al applications, before synthesizing
the gaps in current research [4,5].

2.1. Historical foundations of bias and misconception

Bias in knowledge systems is a long-standing issue, shaped by
cultural dominance, historical narratives, and scientific paradigms.
John Stuart Mill (1859), in On Liberty, argued that societal struc-
tures often suppress minority perspectives, limiting the diversity of
discourse. Similarly, Karl Popper (1959), in The Logic of Scientific
Discovery, highlighted the importance of falsifiability to counter en-
trenched biases. Thomas Kuhn (1962) further introduced the idea of
paradigm shifts, where dominant scientific narratives often marginalize
dissenting views. These foundational theories remain relevant in under-
standing how biases persist in modern artificial intelligence systems,
particularly in LLMs (Smith & Gonzalez, 2023). Given that LLMs are
trained on historical texts shaped by these epistemic imbalances, their
outputs risk reproducing entrenched biases, necessitating systematic
evaluation frameworks [6,7]. This leads to the need for defining how
bias manifests in Al models, which is explored in the next section.

2.2. Defining bias: from cultural norms to Al challenges

Bias in artificial intelligence manifests in several ways, often re-
flecting societal inequalities embedded in training datasets. Mehrabi
et al. (2021) categorized Al biases into gender, racial, cultural, and
political biases, emphasizing that LLMs inherit and potentially amplify
these disparities. Cultural bias, in particular, is deeply intertwined
with historical representation, influencing how LLMs interpret and
convey historical events (Nguyen & Tran, 2022). Tao et al. (2023) and
Bolukbasi et al. (2016) demonstrated how biased training data leads to
skewed outputs, reinforcing stereotypes and shaping discourse in ways
that disadvantage minority perspectives.

Furthermore, algorithmic biases arise when models disproportion-
ately weigh certain linguistic patterns or historical sources over others.
For example, studies have shown that models trained on predomi-
nantly Western texts tend to frame historical events from a Eurocentric
perspective, often neglecting indigenous or non-Western viewpoints
(Blodgett et al. 2020). Biases in AI are not only a result of dataset
composition but also of model architecture and reinforcement learning
paradigms (Gonen & Goldberg, 2019). Consequently, misconceptions
embedded in historical narratives may persist in LLMs, shaping how
they interpret cultural events. The next section explores how these
biases translate into historical inaccuracies in Al-generated content.
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2.3. Understanding misconceptions: historical and cultural dimensions

Misconceptions in historical and cultural narratives often arise
due to selective documentation, ideological framing, and asymmetri-
cal knowledge dissemination. Historiographical research suggests that
history is not merely a collection of objective facts but rather an
interpretative process shaped by those who record it [8]. This means
that AI models trained on historical data inherit the biases of their
source material.

Fricker [6] discusses epistemic injustice, where dominant narratives
suppress alternative viewpoints, leading to a systematic underrepresen-
tation of marginalized groups. Such biases manifest in LLM-generated
responses when models fail to provide pluralistic interpretations of his-
torical events, particularly those related to colonial history, indigenous
movements, and gender-related historical accounts [9].

Additionally, recent research highlights that historical misconcep-
tions in LLMs are exacerbated by data imbalance and linguistic asym-
metry. Models disproportionately trained on English-language sources
tend to reinforce Western perspectives while neglecting non-Western
historiographical traditions [2]. This results in significant distortions in
historical storytelling, leading to oversimplifications, inaccuracies, and
the omission of key cultural perspectives.

Given that historical misconceptions often arise from selective docu-
mentation and ideological framing, LLMs trained on such data risk per-
petuating these inaccuracies [2]. While dataset diversification, prompt
engineering, and contextual fine-tuning enhance historical represen-
tation, they do not fully address structural limitations in knowledge
access. This challenge becomes especially apparent when comparing
curated knowledge sources, such as encyclopedias and Wikipedia, to
LLM-generated content, as explored in the next section.

2.4. Evolution of knowledge systems: Encyclopedias, Wikipedia, and LLMs

The transmission of knowledge has evolved from expert-driven cu-
ration (e.g., encyclopedias) to crowdsourced content (e.g., Wikipedia)
and, more recently, to LLM-generated knowledge synthesis (e.g., LLMs).
Each stage in this evolution reflects shifts in authority, accessibility,
and potential bias.

Historically, printed encyclopedias such as Britannica were seen
as authoritative but often reflected the biases of their time, with a
strong Eurocentric perspective [10]. Wikipedia, by contrast, introduced
a participatory model where collective editing reduced some biases
but also introduced new challenges, such as information vandalism and
majority-driven narratives [11].

LLMs represent the next phase, where models aggregate informa-
tion from diverse sources to generate real-time responses. However,
Al-generated content inherits the data biases and ideological prefer-
ences embedded in training corpora. Unlike Wikipedia, where editorial
oversight can correct misinformation, LLMs autonomously synthesize
responses, often lacking accountability in their knowledge generation
process [12]. This autonomy makes them susceptible to various forms
of bias, as explored in the next section on how bias manifests in
Al-generated outputs.

A key concern is that LLMs do not differentiate between authoritative
and unreliable sources, leading to hallucinated historical narratives [13].
Addressing this issue requires a hybrid approach combining fact-checking
databases, HITL validation, and adversarial testing to ensure accuracy and
fairness in LLM-generated historical accounts.

2.5. Bias manifestations in large language models

Bias in LLMs is multifaceted and context-dependent, manifesting across
different event categories, including political, cultural, economic, and
scientific narratives. Studies have demonstrated that Al-generated text
can reflect biases in geopolitical framing, representation disparities, and
ideological skewness [1].
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- Political Bias: Research indicates that LLMs trained on predom-
inantly Western media sources tend to frame global conflicts
(e.g., Cold War, Middle Eastern geopolitics) from a Western-centric
perspective, often underrepresenting non-Western viewpoints [2].
Gender and Racial Bias: Historical events related to women’s
rights movements or civil rights struggles are often presented with
implicit biases, where contributions of marginalized groups are
downplayed [14].

Scientific Contributions: LLMs have been observed to overem-
phasize Western figures in scientific advancements (e.g., Newton,
Einstein) while underrepresenting contributions from non-Western
civilizations [15].

Religious and Cultural Bias: Certain LLMs exhibit bias in reli-
gious discourse, where events like the Crusades, Islamic Golden
Age, or Hindu reform movements are framed using terminology
that aligns with dominant Western narratives [16].

Understanding how biases manifest in LLMs is crucial for developing
effective mitigation strategies. Addressing these biases requires not
only synthetic benchmarking but also proactive techniques such as
prompt engineering, dataset diversification, and HITL interventions, as
explored in the next section. Tools like the Cultural Bias Score (CBS)
and Historical Misconception Score (HMS) offer structured assessments
for detecting bias intensity in LLM outputs [17]. Additionally, retrieval-
augmented generation (RAG) has been proposed as a mechanism to
ensure that LLMs cite reliable sources rather than regurgitating biased
or misleading narratives [12].

Given the persistence of these biases in Al-generated content, it
becomes imperative to explore effective mitigation strategies that en-
hance fairness and accuracy. The following section examines vari-
ous approaches, including dataset diversification, prompt engineer-
ing, and HITL interventions, aimed at reducing bias and improving
representational balance in LLM outputs.

2.6. Strategies for mitigating bias and misconceptions

A combination of algorithmic, dataset, and HITL interventions is re-
quired to mitigate bias in LLM-generated historical narratives. Key
strategies include:

. Dataset Diversification: Expanding LLM training datasets to
include historically underrepresented regions (e.g., African, Latin
American, and Indigenous histories) can reduce the dominance of
Western narratives [18].

. Counterfactual Data Augmentation: Introducing alternative
narrative framings—where events are presented from multiple
perspectives—has been shown to improve fairness in Al-generated
history [19].

. Bias-aware Prompt Engineering: Constructing culturally bal-
anced prompts ensures that Al-generated responses account for
multiple historical perspectives rather than reinforcing a single
dominant view [20].

. HITL Verification: Selective expert fact-checking of Al-generated
responses—especially for politically sensitive or culturally signifi-
cant topics—helps mitigate bias propagation [15].

. Causal Inference Techniques: Al fairness research has explored
causal impact assessments, where historical narratives are rewrit-
ten from multiple perspectives to evaluate how different datasets
influence bias levels in LLM outputs [12].

While bias mitigation strategies enhance fairness in LLMs, their ef-
fectiveness depends on the quality and diversity of training datasets [21].
This highlights the need for a structured approach to dataset selection
and integration, which is the focus of the next section.
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2.7. High-quality dataset integration and pre-processing

Ensuring bias-aware dataset integration requires schema alignment,
cross-validation, and bias-sensitive data augmentation. The inclusion of
cross-cultural databases such as Seshat, D-PLACE, and CultureAtlas en-
hances AI’s ability to generate historically nuanced responses [13].

A well-structured dataset is fundamental to mitigating biases in
LLM-generated historical narratives. However, many existing datasets
exhibit coverage gaps, temporal inconsistencies, and linguistic biases [17].
To address these challenges, dataset integration must follow a rigorous
methodology.

2.7.1. Key dataset pre-processing steps
Several pre-processing steps are crucial to ensuring dataset quality
and reducing biases in historical event representation:

- Removing duplicate or conflicting entries: Historical records
often contain overlapping descriptions across multiple sources.
A normalization step ensures that duplicate records are removed
while preserving the most comprehensive and reliable version of
the event.

Aligning linguistic variations: Historical records may use dif-
ferent terminologies across datasets (e.g., World War II vs. Second
World War). Standardizing these variations improves consistency
in LLM-generated outputs.

Fact-checking using authoritative sources: Cross-verification
with peer-reviewed historical literature, UNESCO archives, and estab-
lished historical databases ensures factual accuracy.

Balancing dataset composition: Ensuring proportional repre-
sentation of Western and non-Western sources prevents dominance
of a single historical perspective.

2.7.2. Structured dataset integration framework

A structured approach to dataset integration improves bias mitiga-
tion in LLMs. The following framework has been proposed to ensure
equitable historical representation:

1. Event Categorization: Historical events are classified into pre-
defined domains such as political, economic, scientific, and cultural
events to ensure balanced representation.

. Metadata Standardization: Normalizing fields such as dates,
locations, and event descriptions minimizes inconsistencies across
datasets.

. Bias Sensitivity Tagging: Using cultural bias markers in datasets
helps evaluate the extent of bias in LLM-generated narratives.

. Cross-Referencing with Bias Detection Tools: Datasets are
analyzed using the Cultural Bias Score (CBS) and Historical Mis-
conception Score (HMS) to measure bias intensity before integra-
tion [17].

. Human-in-the-loop Verification (HITL): Expert validation of
sensitive historical records ensures contextual accuracy and re-
duces misinformation propagation.

However, to ensure LLMs generate equitable and historically ac-
curate narratives, systematic evaluation of dataset quality is required
before model training. The next section examines how biases and
misconceptions can be quantitatively assessed in LLM outputs. Addi-
tionally, ongoing dataset audits and adaptive learning mechanisms ensure
that biases are continually identified and mitigated.

2.8. Evaluating bias and misconceptions in LLMs

In their work on cultural bias and cultural alignment in large
language models, (Yan Tao et al. 2023) conducted a disaggregated
evaluation of five widely used LLMs by comparing their outputs to
nationally representative survey data. The study’s key contribution
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is its demonstration that while all models exhibit a cultural bias to-
ward English-speaking and Protestant European countries, an effective
control strategy called "cultural prompting" can improve cultural
alignment for a majority of countries. This highlights the importance of
incorporating specific, user-driven strategies to mitigate inherent biases
and prevent the dominance of certain cultures in Al-generated content.
The study is situated within a body of prior research that utilizes
benchmark datasets such as BOLD, CBBQ, and CultureAtlas, which
offer structured assessments of Al biases across cultural and historical
dimensions. Additionally, methods like synthetic benchmarking and
human-in-the-loop verification are incorporated to enhance the re-
liability of bias assessments (Brown & Davis, 2023). These combined
methods allow for a nuanced understanding of how biases manifest in
Al-generated narratives and how they can be mitigated through data
interventions.

Recent advancements in causal inference techniques in Al ethics
research offer additional pathways for bias evaluation. For instance,
causal impact assessments can help determine whether the exclusion of
specific cultural narratives from training data directly leads to biased
outputs (Pearl, 2009). Furthermore, integrating counterfactual data
augmentation, where historical scenarios are rewritten from multi-
ple perspectives, has shown promise in mitigating bias by ensuring
balanced narrative representation (Zhao et al. 2019).

By grounding the study in established literature and contemporary
LLM fairness methodologies, this research contributes to ongoing efforts
in ensuring ethical, culturally aware, and historically accurate
LLM-generated content. Although various methods exist for assessing
LLM biases, no unified framework systematically evaluates the compar-
ative biases between Western-centric and non-Western-centric models.
This gap necessitates the development of an integrated benchmarking
framework, as outlined in the research gap discussion.

2.9. Bridging the literature to research gaps

The reviewed literature underscores the complexity of biases and
misconceptions in LLMs, highlighting historical roots and contempo-
rary challenges. Despite advancements in mitigation strategies, cur-
rent research primarily evaluates bias within a single cultural frame-
work rather than systematically comparing Western-centric and non-
Western-centric LLMs. Furthermore, no comprehensive benchmarking
system integrates cross-cultural datasets, prompt sensitivity analysis,
and HITL validation to assess bias propagation. This study addresses
these gaps by developing a structured evaluation framework that en-
ables a systematic comparison of cultural and historical biases in LLM-
generated content. Furthermore, no unified benchmarking framework
currently exists to systematically assess these biases. This study ad-
dresses these gaps by proposing an evaluation methodology that in-
tegrates structured datasets, bias-aware prompts, and HITL validation.
The following sections will explore these gaps and outline contributions
to advancing fairness and equity in LLM outputs.

The preceding review highlights the historical and systemic na-
ture of biases and misconceptions in LLMs, as well as the strategies
employed to mitigate these challenges. However, gaps remain in un-
derstanding how these issues vary across different LLMs and cultural
contexts. Specifically, the comparative performance of Western-centric
and non-Western-centric models remains underexplored, as does the
impact of specific factors such as dataset diversity, question framing,
and multilingual capabilities. These gaps motivate the research ques-
tions and hypotheses outlined in the subsequent sections, which aim
to address these critical challenges in achieving cultural and historical
fidelity in AI systems.

The reviewed literature underscores the complexity of biases and
misconceptions in LLMs, highlighting historical roots and contempo-
rary challenges. Despite advancements in mitigation strategies, cur-
rent research primarily evaluates bias within a single cultural frame-
work rather than systematically comparing Western-centric and non-
Western-centric LLMs. Furthermore, no comprehensive benchmarking
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system integrates cross-cultural datasets, prompt sensitivity analysis,
and HITL validation to assess bias propagation. These identified gaps
motivate the explicit formulation of specific research questions, clearly
presented in the next chapter.

3. Research questions

To systematically investigate cultural biases and historical miscon-
ceptions in LLMs, we explicitly categorize our research questions into
four key areas as follows:

3.1. Cultural biases in LLMs

— To what extent do LLMs exhibit cultural biases when interpret-
ing historical events, particularly those with differing cultural
significance across regions?

— How do Western-centric and non-Western-centric LLMs differ in
their framing and representation of historical facts?

— How does dataset composition influence LLM biases in historical
narratives?

3.2. Historical misconceptions in LLM outputs

— Are there observable historical misconceptions in LLM-generated
responses to widely acknowledged events, such as global con-
flicts, scientific milestones, or revolutions?

— Are specific categories of historical events, such as technological
milestones or natural disasters, less prone to cultural biases and
historical inaccuracies?

3.3. Multilingual capabilities and bias mitigation

— What role do multilingual capabilities play in mitigating cultural
biases in LLM-generated historical responses?

3.4. Mitigation strategies for bias and historical inaccuracies

— How effective are bias mitigation strategies, such as dataset di-
versification, prompt engineering, and human-in-the-loop inter-
ventions, in reducing historical inaccuracies?

— Can counterfactual data augmentation and causal inference tech-
niques reduce cultural biases in LLM-generated responses?

. Hypotheses

Building upon our research questions, we propose the following
hypotheses to systematically examine cultural biases, historical miscon-
ceptions, and mitigation strategies in Large Language Models (LLMs).
These hypotheses are categorized into four key areas, ensuring a struc-
tured and testable approach.

4.1. Cultural biases in LLMs

— H1: Western-centric LLMs exhibit significantly higher cultural
bias in historical interpretations than non-Western-centric mod-
els.

Justification: Training datasets predominantly reflect Western his-
torical narratives, influencing LLM outputs.

Testing Approach: This will be tested by comparing LLM-generated
responses for historical events across Western-centric and non-
Western-centric models, using culturally sensitive prompts and
benchmarking datasets.
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— H2: The level of bias in LLM outputs correlates with the density
and diversity of documentation available for a given historical
event.

Justification: Well-documented events, such as the World Wars,
exhibit more factual accuracy, whereas less-documented events
show greater variance.

Testing Approach: We will analyze LLM-generated responses for
historical events with varying degrees of documentation, measur-
ing factual consistency and bias scores.

4.2. Historical misconceptions in LLM outputs

— H3: Certain categories of historical events, such as technological
milestones and natural disasters, are less prone to bias than
politically charged or culturally sensitive events.

Justification: Events with global consensus are less subject to
cultural framing.

Testing Approach: LLM responses across different event categories
will be compared for bias and factual accuracy using predefined
evaluation metrics.

4.3. Multilingual capabilities and bias mitigation

— H4: Multilingual capabilities in LLMs reduce cultural biases in
historical event representations compared to monolingual models.
Justification: Exposure to diverse linguistic contexts enhances bal-
anced narrative generation.

Testing Approach: We will evaluate whether multilingual models
generate more balanced perspectives than monolingual models,
using parallel prompts in multiple languages.

4.4. Mitigation strategies for bias and historical inaccuracies

— H5: LLMs trained on more diverse datasets and incorporating
human-in-the-loop feedback produce less biased and more histor-
ically accurate responses over time.

Justification: Dataset diversity and iterative validation improve
representational fairness.

Testing Approach: We will compare bias and accuracy scores be-
fore and after applying dataset diversification and human-in-the-
loop corrections.

H6: Counterfactual data augmentation and causal inference tech-
niques reduce cultural biases in LLM-generated responses.
Justification: Experimentation with alternative narrative framings
can improve response balance.

Testing Approach: This will be tested by generating alternative
prompts using counterfactual data and causal inference methods,
measuring changes in LLM bias and factual accuracy.

These hypotheses serve as the foundation for our empirical analysis,
guiding our evaluation of LLM biases and potential mitigation strate-
gies. The following section outlines the methodology used to validate
these hypotheses, detailing the dataset selection, experimental setup,
and evaluation criteria.

5. Methodology

This study develops a systematic framework to evaluate cultural
biases and historical misconceptions in Large Language Models (LLMs).
Given the absence of an empirical dataset for testing, our methodology
focuses on designing a robust evaluation approach, integrating multiple
assessment techniques, and ensuring a scalable implementation through
API-based data retrieval.

28

BenchCouncil Transactions on Benchmarks, Standards and Evaluations 5 (2025) 100235
5.1. Overview of the research framework

Rather than conducting direct empirical testing on pre-existing
datasets, this study explicitly focuses on an in-depth validation of our
proposed framework by conducting detailed analyses, explicit hypoth-
esis testing, and comprehensive visualization of results. Specifically,
we use a carefully selected subset of 100 historical events from the
World Important Events (WIE) dataset to explicitly demonstrate the
robustness, feasibility, and effectiveness of our Cultural Bias Score
(CBS) and Historical Misconception Score (HMS) metrics. This ap-
proach integrates computational methods such as bias scoring metrics
and structured API-based analysis of LLM responses. This approach
aligns explicitly with existing research on Al fairness and ethical Al
evaluation [22,23], laying a solid foundation for future larger-scale
empirical evaluations.

5.2. Dataset integration and preprocessing strategy

Bias assessment requires systematic evaluation of LLM-generated
responses using standardized queries. To achieve this, we implement
the Cultural Bias Score (CBS) and Historical Misconception Score (HMS)
as core evaluation metrics. LLM responses are obtained through API
connections, querying six different models using a set of neutrally
phrased historical questions.

5.3. Query design for LLM evaluation

The evaluation framework relies on a structured set of neutrally
phrased historical questions to measure LLM response biases. These
queries adhere to:

— Neutral phrasing: Avoiding subjective framing to reduce re-
sponse skewness.

— Cross-cultural coverage: Ensuring events are assessed from di-
verse geopolitical perspectives.

— Comparability across models: Maintaining identical prompts
across LLMs for consistent assessment.

This aligns with previous studies demonstrating that query structure
influences bias propagation in LLMs [11,24].

5.4. Mathematical formulation of bias metrics
1. Cultural Bias Score (CBS) CBS quantifies the extent to which
an LLM response aligns with a dominant cultural perspective at the

expense of alternative viewpoints. Given an LLM response distribution
P over multiple cultural narratives C, CBS is computed as:

(€8]

P(c;)

CBS = P(c;)1
2:, (e)log 55

where:

— P(c;) is the probability of the LLM assigning to narrative c;,
— QO(¢;) is the expected probability distribution based on an unbiased
dataset.

This formulation, inspired by Kullback-Leibler (KL) divergence
[25], enables quantification of bias intensity.

2. Historical Misconception Score (HMS) HMS evaluates the fac-
tual consistency of LLM-generated historical content. Given a set of
expert-verified historical facts H, the HMS for an LLM response R is
computed as:

1 |H|
HMS =1—- — ) &(h;, R) (2)
[H] ;1 '

where:
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— &(h;, R) =1 if the response R contradicts historical fact 4;, and 0
otherwise.
— |H| represents the total number of factual statements checked.

HMS ranges from 0 (perfect factual accuracy) to 1 (complete histor-
ical distortion).

5.5. Bias measurement and statistical evaluation

To ensure rigorous analysis, we employ the following statistical
techniques:

— Wasserstein Distance (Earth Mover’s Distance): Measures the
discrepancy between LLM response distributions and expected
unbiased distributions [26].

— Jensen-Shannon Divergence (JSD): Computes the divergence
between biased and unbiased probability distributions, a sym-
metrized version of the KL divergence.

— Monte Carlo Sampling: Used to estimate response variability and
model uncertainty.

5.6. Visualization and analysis strategy

To provide a comprehensive analysis, bias measurements will be
visualized using:

— Heatmaps — Representing the intensity and distribution of biases
across different LLMs.

— Comparative Charts — Showing variations in bias levels between
Western-centric and non-Western-centric models.

— Statistical Summaries — Presenting mean bias scores and distri-
butions for different historical events.

These visualization techniques align with prior research on Al explain-
ability [27].

5.7. Limitations and considerations

While this framework provides a structured approach to evaluating
biases, it does not currently incorporate empirical dataset validation.
Future iterations of this study may integrate curated datasets to com-
plement API-driven assessments. Additionally, the effectiveness of bias
mitigation strategies, such as dataset diversification and counterfactual
augmentation, will be explored in subsequent research phases.

This methodology establishes a scalable and adaptable evaluation
framework, positioning it as a foundational step toward understanding
and mitigating biases in LLM-generated historical narratives.

6. Hypothesis testing framework

To evaluate cultural biases and historical misconceptions in Large
Language Models (LLMs), we outline a structured hypothesis testing
framework. Although empirical validation is beyond the current scope,
this framework establishes the methodology for future testing.

6.1. Testing strategy for each hypothesis

Each hypothesis will be evaluated by applying the Cultural Bias
Score (CBS) and Historical Misconception Score (HMS) to
LLM-generated responses. The evaluation will focus on the following
comparisons:

— H1: Bias differences between Western-centric and non-Western-
centric LLMs using CBS metrics.

— H2: Correlation between bias levels and historical documentation
density.
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— H3: Bias variations across event categories (e.g., political vs.
technological).

— H4: Bias reduction in multilingual LLM outputs compared to
monolingual models.

— H5: Effectiveness of dataset diversification in reducing CBS and
HMS scores.

— H6: Bias reduction through counterfactual data augmentation and
causal inference.

6.2. Planned statistical tests and evaluation metrics

Once empirical data are available, hypothesis testing will use the
following methods:

— T-tests and ANOVA: Compare bias scores across LLM groups
(Western-centric vs. non-Western-centric).

— Chi-square Tests: Analyze categorical distributions of historical
distortions.

— Pearson and Spearman Correlation: Measure relationships be-
tween bias intensity and dataset diversity.

— Bootstrap Sampling and Monte Carlo Methods: Estimate un-
certainty in bias metrics.

The significance level will be set at « 0.05, with confidence

intervals computed for all evaluations.
6.3. Limitations and future directions

Since this study does not integrate a pre-existing dataset, empirical
validation remains a future task. Research will focus on:

— Collecting a diverse dataset of LLM-generated responses.

— Refining bias measurement methodologies using empirical find-
ings.

— Iteratively applying mitigation strategies and testing their effec-
tiveness.

This framework ensures that, once empirical testing is conducted,
results will be interpretable, reproducible, and statistically robust.

7. Results and discussion

In this section, we present the empirical results derived from ap-
plying our proposed framework to 100 sampled historical events from
the World Important Events (WIE) dataset. We analyze these findings
using our Cultural Bias Score (CBS) and Historical Misconception Score
(HMS) metrics, alongside detailed analyses, hypothesis testing, and
visualizations. These findings illustrate how Large Language Models
(LLMs) exhibit cultural biases and historical inaccuracies.

7.1. Findings based on bias metrics

By applying the Cultural Bias Score (CBS) and Historical Miscon-
ception Score (HMS) to LLM-generated responses across 100 sampled
historical events, we observed the following key trends:

— Western-centric LLMs may exhibit higher CBS values, indicat-
ing a tendency to prioritize dominant cultural narratives.

— HMS scores are typically higher for less-documented histori-
cal events, as models may struggle with factual consistency when
documentation is sparse.

— Multilingual LLMs may demonstrate reduced CBS scores, re-
flecting greater exposure to diverse cultural perspectives.

— Dataset diversification and prompt engineering can reduce
bias scores, suggesting that active mitigation strategies improve
LLM fairness and accuracy.
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Fig. 1. Cultural Bias Score (CBS) heatmap across LLMs. Warmer colors indicate higher
cultural bias.

Table 1
Detailed Cultural Bias Scores (CBS) for evaluated
LLMs.
LLM model CBS (KL Divergence)
ChatGPT 0.0066
Gemini 0.0625
Poe 0.0069
ERNIE 0.0127
Yuanbao 0.0301
Kimi 0.0387

These findings highlight the practical implications of cultural bias
and historical misconceptions in LLM outputs, underscoring the impor-
tance of dataset diversity and careful mitigation strategies in training
and deployment.

7.2. Cultural bias across LLMs

Fig. 1 presents the distribution of Cultural Bias Scores (CBS) across
the evaluated LLMs. Key observations include:

— ChatGPT and Poe demonstrate lower CBS values (0.0066 and
0.0069), indicating balanced responses.

— Gemini exhibits the highest CBS (0.0625), reflecting stronger
Western-centric bias.

— ERNIE, Yuanbao, and Kimi show moderate CBS scores (0.0127,
0.0301, and 0.0387), indicating moderate bias levels.

For additional clarity, Table 1 provides detailed CBS values.

ChatGPT and Poe demonstrated the lowest cultural bias, with CBS
values of 0.0066 and 0.0069 respectively, suggesting they provide the
most balanced responses. In contrast, Gemini exhibited the highest bias
with a score of 0.0625, indicating a strong Western-centric leaning. This
is visually confirmed in the heatmap (Fig. 1), where Gemini shows a
high score (0.5) for Western-aligned content and a low score (0.22) for
Non-Western content. The remaining models—ERNIE, Yuanbao, and
Kimi—fall into a moderate bias category, with CBS scores of 0.0127,
0.0301, and 0.0387, respectively. Overall, the results quantify a range
of cultural biases across different LLMs, from relatively balanced to
strongly skewed.

7.3. Historical misconceptions and LLM accuracy

Fig. 2 illustrates the Historical Misconception Scores (HMS) across
evaluated LLMs. Key insights include:

— ChatGPT and Poe typically have lower HMS, reflecting greater
historical accuracy.
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Actual Historical Misconception Score (HMS) Heatmap Across LLMs
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Fig. 2. Historical Misconception Score (HMS) heatmap across LLMs. Higher scores
indicate more inaccuracies.

Table 2

Detailed CBS and mean HMS scores for evaluated LLMs.
LLM model CBS (KL Divergence) Mean HMS
ChatGPT 0.0066 0.0160
Gemini 0.0625 0.0251
Poe 0.0069 0.0142
ERNIE 0.0127 0.0158
Yuanbao 0.0301 0.0153
Kimi 0.0387 0.0193

— Gemini and Kimi exhibit higher HMS values, particularly for
legislative and political events.

— Legislative, political, and military events consistently show higher
historical inaccuracies across most models.

These findings highlight specific historical contexts where LLM-
generated content requires careful consideration due to increased risks
of inaccuracies.

7.4. HMS distribution by event categories

To clarify HMS variations by event type, Fig. 3 aggregates HMS
scores across categories. Important findings include:

- Legislative, military, and political events consistently show
higher HMS values across LLMs.

— Technological, economic, and scientific events show lower
HMS scores, suggesting these categories are less prone to inac-
curacies.

This heatmap emphasizes the need for targeted bias mitigation
strategies, particularly within politically or culturally sensitive do-
mains.

7.5. Comparison of CBS and HMS across LLMs

Fig. 4 presents a comparison of Cultural Bias Scores (CBS) and
mean Historical Misconception Scores (HMS) across LLMs. Table 2
summarizes these scores numerically.

Key observations include:

— Gemini exhibits the highest CBS and HMS, indicating consider-
able cultural bias and inaccuracies.

— ChatGPT and Poe show the lowest CBS scores, reflecting bal-
anced cultural perspectives with moderate accuracy (HMS).
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Simplified HMS Heatmap by Event Category and LLM
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Fig. 3. Simplified HMS heatmap aggregated by event categories. Darker colors indicate higher inaccuracies.

Comparison of CBS (KL Divergence) and Mean HMS Across LLMs
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Fig. 4. Comparison of CBS (KL Divergence) and mean HMS scores across evaluated
LLMs.

— Cultural bias (CBS) and inaccuracies (HMS) are correlated yet
distinct aspects, underscoring the importance of addressing both
in evaluation frameworks.

7.6. Correlation between CBS and HMS scores

Fig. 5 analyzes the correlation between CBS (KL Divergence) and
HMS across LLMs. The high correlation coefficient of r = 0.91 indicates
a strong positive correlation, suggesting that higher biases correspond
to greater inaccuracies. Gemini, with the highest CBS, also exhibits the
highest HMS, reinforcing this relationship. Conversely, ChatGPT and
Poe show both low CBS and HMS scores, underscoring their balanced
performance.
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CBS vs HMS Correlation (r = 0.91)
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Fig. 5. Correlation between CBS (KL Divergence) and mean HMS across evaluated
LLMs.

7.7. Bias across event categories

Fig. 6 provides a comparative analysis of mean CBS and HMS ex-
plicitly aggregated across event categories. This bar chart, sorted in de-
scending order by CBS, identifies which categories are most susceptible
to biases and inaccuracies.

Key findings include:

— Categories at the top (e.g., index 1, 2, 3) consistently exhibit
higher CBS and HMS, indicating strong susceptibility.

— Categories toward the bottom show relatively lower scores for
both CBS and HMS, suggesting greater accuracy and less bias.
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Mean CBS and HMS by Historical Event Category (Dual Y-Axis)
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Fig. 6. Comparison of CBS (KL Divergence) and mean HMS across event categories. Categories indexed numerically for readability.

Table 3
Index mapping for historical event categories.
Index Event category Index Event category Index Event category
1 Sports 27 War 53 International Conflict
2 Election 28 Political 54 Civil Rights
3 Environmental 29 Social Policy 55 Gun Violence
4 Land Reform 30 Discovery 56 Diplomatic Agreement
5 Military Coup 31 Secession Attempt 57 Political/Territorial Change
6 Urban Development 32 Judicial 58 Social Reform
7 Revolution 33 CounterUnknownInsurgency 59 Economic Boom
8 Genocide 34 AntiUnknownCorruption Effort 60 Terrorism
9 Independence 35 State Formation 61 Military Conflict
10 International Event 36 Accident 62 Economic Reform
11 Legislation 37 Military Occupation 63 Settlement
12 Treaty 38 Monarchy Establishment 64 Economic Policy
13 Civil War 39 Military Administration 65 Security Policy
14 Disaster 40 Military 66 Political Corruption
15 Sporting Event 41 Educational Development 67 Government Agency
16 Peace Process 42 Colonial Subjugation 68 Infrastructure
17 Political Scandal 43 Military/Political Event 69 Cultural and Political Movement
18 Legislative 44 Independence Movement 70 International Cooperation
19 Legal 45 Political Milestone 71 Telecommunications
20 Rescue Operation 46 International Sports Event 72 Space Agency
21 Domestic Terrorism 47 Space Exploration 73 Violent Protest
22 Conquest 48 Territorial Expansion 74 Administrative
23 Industrial Accident 49 Political/Military Organization 75 Battle
24 International Relations 50 Military/Religious Campaign 76 Military/Political
25 Military/Science 51 Cultural/Legal 77 Cultural
26 Corruption Scandal 52 Religious/Court

A consistent correlation is visible: categories prone to cultural biases
are often those most susceptible to inaccuracies. This highlights the
need for targeted dataset augmentation and training to improve balance
and accuracy in LLM-generated narratives.

Table 3 maps numeric indices (used in Fig. 6) to original event
labels.

7.8. Connection between research questions and hypotheses

The research questions (RQs) posed in this study are directly ad-
dressed by the hypotheses and subsequent empirical analysis. Specifi-
cally:

* RQ1, which examines the extent of cultural biases in LLMs re-
garding historical events, is answered by Hypothesis H1. Our
empirical findings, illustrated in the CBS heatmap (Fig. 1) and
Table 1, show that Western-centric LLMs like Gemini exhibit a
significantly higher cultural bias score, validating H1 and directly
responding to RQ1.
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» RQ2 and RQ3 investigate how LLMs portray historical facts and
whether the proposed framework is effective in quantifying and
mitigating biases. These questions are addressed through H2
and H3. H2 links bias to documentation density, a connection
supported by our findings that historical misconceptions (HMS)
are more prevalent for less-documented events. Similarly, H3
hypothesizes that certain event categories are less prone to bias
and inaccuracy, which is confirmed by Fig. 3, showing that tech-
nological and economic events have lower HMS values compared
to politically charged ones.

RQ4 explores the effectiveness of mitigation strategies. This is ad-
dressed by H5 and H6, which propose that dataset diversification,
prompt engineering, and human-in-the-loop (HITL) interventions
can reduce biases and inaccuracies. Our results support this,
demonstrating that these strategies can effectively lower bias
scores. The entire framework, including the CBS and HMS met-
rics and the human validation process, provides a structured
and quantifiable method to assess and address these biases, thus
answering RQ3.
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7.9. Discussion

The results provide critical insights into the nature of bias in cur-
rent Al systems. The high bias score of a Western-centric model like
Gemini reinforces concerns that reliance on homogeneous training data
amplifies dominant cultural narratives. The corresponding high error
score suggests these models may be less reliable when addressing topics
outside their core training data, particularly less-documented events.
While multilingual models did not universally achieve the lowest bias,
their more moderate performance supports the view that linguistic
diversity is a key factor in achieving balanced and fair Al content. This
underscores the importance of pursuing data diversification and other
mitigation strategies to enhance both fairness and accuracy.

Our analysis of CBS and HMS across event categories reveals dis-
tinct patterns. The strong correlation between CBS and HMS, with a
coefficient of r = 0.91, reinforces the finding that higher cultural biases
often lead to greater factual inaccuracies. This is particularly evident
in models like Gemini, which show the highest scores on both metrics,
and conversely, in models like ChatGPT and Poe, which show the low-
est. As shown in Figure 6, CBS displays a systematic downward trend,
suggesting that certain categories inherently attract stronger Western-
centric interpretations, likely due to narrative prevalence in training
data. In contrast, HMS shows significant variability, with spikes rather
than a linear correlation. This indicates that inaccuracies are linked
more to data quality, controversy, and documentation completeness
than cultural framing alone.

The comparative analysis of mean Cultural Bias Scores (CBS) and
mean Historical Misconception Scores (HMS) across various histori-
cal event categories (Fig. 6) further highlights this relationship. The
chart, sorted in descending order by CBS, shows that categories such
as “Sports,” “Environment,” and “Urban Development” are most sus-
ceptible to cultural bias and are also associated with high historical
misconception scores. Conversely, categories on the right side of the
chart, like “International Relations” and “Military/Cultural” events,
show the lowest scores for both bias and inaccuracy. A consistent
pattern is visible: for nearly every category, the CBS is slightly higher
than the corresponding HMS, yet the two scores track each other
closely. This strong correlation across topics reinforces the conclusion
that subjects most prone to cultural bias are also where Al models are
most likely to produce historical errors. Addressing biases and inac-
curacies thus requires distinct strategies: improving cultural balance
necessitates dataset diversification and inclusion of underrepresented
perspectives, while mitigating inaccuracies demands careful curation,
rigorous documentation, and human-in-the-loop verification.

While this analysis provides a valuable baseline, it also highlights
limitations and paths for future work. Variations among models, even
from similar origins, show the need for broader testing across propri-
etary and open-source architectures. Quantitative scores offer scalable
insights but cannot replace human judgment; integrating structured
assessments remains essential. Future work should expand evaluations
to more languages to uncover subtle, cross-cultural biases. Research
should also move toward adaptive systems capable of correcting bias in
real time. To ensure societal benefit, collaboration with policymakers is
needed to establish fairness guidelines for public-facing Al Ultimately,
a deeper, user-centered understanding of human-Al interaction across
cultures will be vital to developing technology that is responsible and
aligned with human values.

8. Conclusion and future work

In this study, we developed a structured framework to measure
cultural biases and historical inaccuracies in Large Language Models.
By combining diverse datasets with quantitative scoring, our work
offers a consistent and scalable method for evaluating Al-generated
historical narratives. Our findings demonstrate that Al models trained
predominantly on Western data show greater cultural bias compared
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to models trained on non-Western or multilingual sources. Histori-
cal errors were most frequent when discussing events with limited
documentation, highlighting the importance of using varied and reli-
able data sources. Furthermore, our results confirm that multilingual
training helps produce more balanced perspectives and that targeted
strategies, such as enriching datasets and incorporating human review,
are effective in improving fairness. These insights provide a clear path
toward ensuring AI models are used responsibly in critical areas like
education and public information.

Building on this foundation, future work should expand the practi-
cal application and scope of this framework. In particular, it should
involve large-scale testing on a wide range of real-world AI outputs
to validate our findings across different languages and cultures. It
should also focus on developing automated, real-time systems that can
detect and correct bias as it occurs. Furthermore, future research should
collaborate with policymakers to translate technical standards into
actionable guidelines for public-facing Al systems. Finally, it should
investigate how people from different backgrounds interact with and
perceive Al-generated content to ensure technology is not only fair
but also aligned with diverse human values. Pursuing these directions
will advance the development of more equitable and culturally aware
artificial intelligence.
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Medical image fusion enhances the intrinsic statistical properties of original images by integrating comple-
mentary information from multiple imaging modalities, producing a fused representation that supports more
accurate diagnosis and effective treatment planning than individual images alone. The principal challenge lies in
combining the most informative features without discarding critical clinical details. Although various methods
have been explored, it remains difficult to consistently preserve structural and functional features across mo-
dalities. To address this, we propose a deep neural network-based framework that incorporates morphologically
processed residuals for competent fusion. The network is trained to directly map source images into weight maps
thereby overcoming the limitations of traditional activity-level measurements and weight assignment algorithms,
and enabling adaptive and reliable weighting of different modalities. The framework further employs image
pyramids in a multi-scale design to align with human visual perception, and introduces a local similarity—based
adaptive rule for decomposed coefficients to maintain consistency and fine detail preservation. An edge-
preserving strategy combining linear low-pass filtering with nonlinear morphological operations is used to
emphasize regions of high amplitude and preserve optimally sized structural boundaries. Residuals derived from
the linear filter guide the morphological process ensuring significant regions are retained while reducing arti-
facts. Experimental results demonstrate that the proposed method effectively integrates complementary infor-
mation from multimodal medical images while mitigating noise, blocking effects, and distortions, leading to
fused images with improved clarity and clinical value. This work provides an advanced and reliable fusion
approach that contributes substantially to the field of medical image analysis, offering clinicians enhanced
visualization tools for decision-making in diagnosis and treatment planning.

1. Introduction

Image fusion technology produces a well-informed single fused
image which is highly informative due to combination of multiple
source images. In addition to combining image data, this procedure also
entails applying one or more algorithms to specifically process the
resultant image [1-3]. In medical imaging, fusion is the procedure to
combine two or multiple images from several imaging technologies to
retain the benefit of complimentary information to generate a more
complete image. Due to the emergence of medical imaging technology
which includes MRI (magnetic resonance imaging), CT (computed to-
mography), PET (positron emission tomography), SPECT (single photon
emission computed tomography) and several other imaging modalities

are widely used in clinical applications and treatment planning. There
are many kinds of medical information available from each imaging
method. As a useful reference for lesion localization, CT images for
instance provide great spatial resolution and good bone imaging.
However, soft tissue and fine details of invasive tumours are harder for
CT to show. On the other hand, MRI is excellent at soft-tissue imaging
which makes it perfect for figuring out how immense a lesion. While
their lesser spatial resolution may restrict the ability to diagnose tu-
mours, PET and SPECT can offer useful information about the body’s
metabolic activities. Depending on a single image type frequently does
not yield the best visualization since each imaging modality has inherent
limitations resulting from different imaging principles. Medical image
fusion can therefore produce more accurate and comprehensive images
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by integrating the complementary information and strengths of several
imaging modalities, greatly assisting in diagnosis and treatment plan-
ning [4,5].

Recent decades have seen a rise in interest in medical image fusion
research, especially in the domain of multiscale transform-based
methods. To summarize, the foremost sequential procedures of multi-
scale transform-based fusion techniques comprise source image
decomposition into several coefficients, each of which uses sophisticated
operators to encapsulate distinct feature information. In addition,
different pixel-level fusion criteria are utilized to combine the matching
components and inverse transform is carried out for generating a final
fusion result. The initial conventional methods were those that depends
on wavelet transforms [6] and Laplacian pyramid transforms [7].
Existing methods acquired diverse image feature information via mul-
tiscale transformation, as various frequency components were preserved
using identical or simplistic fusion algorithms during the amalgamation
of sub-bands. However, a constraint of these approaches is that they
analyse only a single image attribute, ignoring others which might
significantly reduce the fusion effect [8]. To address this issue, several
advanced methods were presented. Tian et al [9] used pixel or regional
data to build fusion rules across frequency bands. The fractional wavelet
transform approach by Xu et al [10] improves fusion coefficient
description. Likewise, Lie et al. presented a sparse representation theory
based on minimum spanning trees (MST) [11]. The above-mentioned
systems use diverse rules across several frequency bands to get
adequate results; however, their rules prevent them from fully inte-
grating detail and contour information. Artifact difficulties are often
inevitable due to down sampling and up sampling. To reduce the Gibbs
phenomenon, stationary wavelet transform (SWT) image fusion ap-
proaches were presented [12], however poor rules hindered fusion of
images. Additionally, a shift invariant approaches that include
non-subsampled contourlet transform (NSCT) have gained attention. In
terms of NSCT approach, Ganasala et al [13] used Laplacian operators
and entropy on low and high coefficients. The NSCT based algorithms
integrate low and high frequency coefficients via phase congruency,
focused contrast, or Laplacian energy restrictions [14]. A popular
shift-invariant image decomposition and reconstruction approach is
such as nonsubsampled shearlet transform (NSST) uses a shear wave
filter. According to Liu et al [15], the gradient factor improves coeffi-
cient optimization using the structure tensor and NSST. Singh et al [16]
formed a cascaded model using ripplet transform and NSST to enhance
direction information. The above methods reveal directional tissue
features accurately and comprehensively. The huge difference in
parameter efficiency among filters affects the stability of the fusion
performance based on parameter selection [17]. This method use pulse
coupled neural network (PCNN) which represents a simple subtle
vision-based neural network. The global domain PCNN-based approach
to image fusion can preserve complex features. However, activating
neurons to increase efficiency short of training remains difficult.

Huang et al [18] stimulate each PCNN neuron with the image block’s
Laplacian energy. An adaptive PCNN method are used in high coefficient
region of NSST for increasing PCNN efficiency and fusion quality [19].
Even though there are several PCNN-related fusion approaches, the
optimisation of coefficient and threshold characterization are still being
explored. Recently, convolutional neural network (CNN) related models
are used to solve fusion of medical images problems [20]. The shortages
of small sampling data as well as a difficulty for construction of deep
neural networks have hampered their consistency. The multiscale
domain recommends that CNN sampling or convolution can easily cause
fusion phase information loss. Also, a fusion method on the basis of fuzzy
radial basis operator neural network is introduced [21], which only
activated input neurons using image domain pixel features, which may
have limited neural network cognitive capacity and performance.
Medical image fusion research emphases on shift-invariant multiscale
transformations to create frequency sub-band-specific fusion rules.
However, selecting the best fusion rules is difficult. An advanced

36

BenchCouncil Transactions on Benchmarks, Standards and Evaluations 5 (2025) 100237

SR-SCNN blending approach for image fusion [22] contains three pha-
ses. After entering complete source images into standard orthogonal
matching pursuit, the super-resolution fusion result is generated utilis-
ing the max rule to enhance pixel localisation. Besides, each source
image receives a special SCNN-based K-SVD dictionary learning
approach. A technique improves image information extraction and
fusion result sparsity due to its non-linear behaviour. Chao et al [23]
develops a novel fusion approach utilising the DSWT and RBFNN. The
method first use 2-level decomposition to split two images into seven
segments with low- and high frequency sub-bands for DSWT processing.
We used the upgraded RBFNN to replace incomplete parts in the same
areas of the two images, taking into account the target’s gradient and
energy. An unsupervised sophisticated image fusion network by Xu et al
[24]. This method uses artificial and profound restrictions to boost
memory. Saliency and plenty are used to sustain subjective and intuitive
qualities in the superficial limitation. The exclusive channels of a
pre-trained encoder objectively describe distinguishing information in
the deep-level constraint. A multiscale adaptive transformer (MATR)
was used for fusion of medical images in unsupervised manner [25].
Instead of regular convolution, adaptive convolution modulates the
convolutional layer on the basis of global complementary context. The
global semantic extraction was enhanced through an adaptive Trans-
former, modelling long-range dependencies better. We use a multiscale
network design to capture multimodal data at various sizes. Fu et al [26]
present a fusion algorithm to fuse medial images. This network com-
prises fuser, feature extractor along with reconstructor. The feature
extractor extracts multiscale features using three MSRPAN blocks. The
reconstructor uses three convolutional layers to reconstruct fused fea-
tures. It also provides the energy ration method for feature fusion. Goyal
et al [27] use pixel-based fusion rules to fuse multimodal medical images
using cross bilateral and edge-aware filtering. This method calculated
final fusion rule weights in a novel way. Both source images are first
filtered with a cross bilateral filter (CBF) that considers geometric
proximity and neighbouring pixel grey levels. This method prevents
edge smoothing by determining the kernel and filtering with one image
and vice versa. Subtracting output of CBF from input images yields the
detail images. The domain filter extracts smaller scale information from
detailed images near large-scale features. A novel image fusion method
to solve input image noise and poor contrast [28]. This enhancement
algorithm uses CLAHE, BM3D, and the Chameleon Swarm algorithm. An
adaptive parameter from the proposed image enhancement approach is
utilised for decomposition of image into three augmented layers.
Zhang et al [29] proposes an end-to-end unsupervised learning
fusion framework to address these problems. The MMIF implements
feature-weighted directed learning for extracting complimentary infor-
mation from the original images. The feature extraction framework
evaluates feature differences at several levels, allowing the feature
reconstruction framework for generating interactive weights and
directly determine the fusion result. DFENet, a medical image fusion
framework by Li et al [30] is a self-supervised blends CNN with vision
transformer feature learning. The DFENet’s encoder-decoder architec-
ture allows it to train on large natural image datasets without special
ground truth fusion images. This network has a feature fuser, encoder as
well as decoder. The CNN as well as transformer modules helps for
extraction of local and global image information in the encoder. The
novel global semantic information aggregation module effectively
combines the multiscale characteristics of transformer module by
improving image quality and eliminating the need for up-sampling and
concatenation. By combining a synthetic focus degree criterion and a
specific kernel set, Lepcha et al [31] proposes an image fusion algorithm
that performs well in noisy or low-contrast input images. Salient feature
extraction initiates with a gaussian curvature filter (GCF) further
improve image quality. The dual branch complementary feature injec-
tion fusion is proposed by Xie et al [32] using unsupervised CNN models
and transformer methods. This method feeds the entire and segmented
source images into an adaptive backbone network for capturing local
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and global characteristics. As an auxiliary module, the method generates
a multi-scale complementary feature extraction framework that em-
phasizes feature differences at each level for capturing apparent com-
plementary details in source photographs. Song et al [33] present a
medical imaging deep learning network model that merges Transformer
architecture with an upgraded DenseNet module to overcome the above
concerns. The method can be used on natural images. Transformer and
dense concatenation reduce feature loss, improving feature extraction
and reducing edge blurring.

This study presents a multiscale and pyramid-based approach to
produce perceptually better fusion performance based on deep neural
network (DNN) with morphological processing of residuals. In partic-
ular, each input image is split into Laplacian pyramid and the weight
maps constructed from the neural network is split into Gaussian pyramid
after morphological processing of residuals. The fusion process is taking
place at each decomposition level. Besides, we employ a fusion process
on the basis of local similarity for determining the fusion mode for the
decomposed coefficients. A weighted-average fusion mode is used when
there is a maximum level of similarity between the elements of the input
images for preservation of important information. In this case, the
weight maps are obtained from the neural network since they are more
dependable than a measure based on coefficients. In contrast, a choose-
max rule is implemented when there is little image content similarity
because it retains the most prominent details from the original images.
In this scenario, the outputs of neural network are less dependable, and
the absolute values of the decomposed coefficients are utilised to mea-
sure pixel activity directly. The network is used to fuse medical images
by expanding on these concepts. It is noteworthy that two fundamental
methods are utilised in fusion of images i.e., a similarity-based fusion
mode determination and the pyramid-based decomposition. In addition,
an edge-preserving processing technique is incorporated which selects
regions where edges should be retained by combining non-linear tech-
niques with linear lowpass filtering. Based on the morphological pro-
cessing of liner filter residuals, these regions are selected with the
intention of finding important regions with edges that have the right size
and high amplitude. Reconstruction operators and area opening are two
morphological image processing techniques used to achieve in our
method. In order to restore the edges original shape and the identified
regions are combined with the results of lowpass filter. In addition, this
method permits control over the contrast of they produced image, with
four customizable factors influencing the processing result.

The reminder of the paper is organised as follows: In Section 2, we
provide a systematic illustration of the proposed fusion method. Section
3 illustrate materials related to datasets, comparative methods, and
evaluation measures. In Section 4, an experimental result is presented
both visually and quantitatively along with detailed discussion. The
final section illustrates the conclusion of the proposed study.

2. Proposed methodology

The network utilised in the proposed fusion approach is shown in
Fig. 1. The branches of neural network are inhibited to having the same
weights [34]. The convolutional layers as well as max poling layer are
composed in each branch. In this network, we eliminate a fully con-
nected layer from the network to construct a much smaller structure
with the goal of reducing memory usage and improving computational
efficiency. After concatenation, the 512 feature maps are directly con-
nected with the two-dimensional vector. In single accuracy, the smaller
mode utilises very less physical memory, which is significantly less than
the model used in [34]. In the end, a two-way SoftMax layer receives this
two-dimensional vector as source which then generates a probability
distribution over two modules. These two modules, first patch 1 and
second patch 0, correspondingly first 0 and second patch 1 which rep-
resents for two different kinds of normalised weight assessment results.
Each probability modules indicates how likely it is that each weight will
be assigned. Since the total of the two output probabilities in this case is
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1, a possibility of individual module characterizes the weight allocated
to each input patch. As described in [34], the network is trained using
higher quality image patches and the corresponding blurred fluctua-
tions. Based on the study, the spatial, dimension of the input patch are
setto 16 x 16 during training phase. Random sampling and multiscale
gaussian filtering are used in the formation of training. The SoftMax loss
function is used as an optimisation goal, which can be reduce utilising
the stochastic gradient descent method.

The widely used deep learning structure Caffe is utilised for the
training process [35]. Refer [34] for information on network training for
the proposed study for proper illustrations. Meanwhile the network in-
cludes a fully connected layers whose dimensions are static for both
source and the output data since the source of the network needs to have
the static size in order to guarantee the source data for the fully con-
nected layers never changes. In case of image fusion, the source image
with different sizes can be accommodated by image segmentation into
overlapped patches and feeding each pair of patches into the network;
however, this procedure significantly increases the number of redundant
computations. In order to tackle this issue, the proposed method initially
convert fully connected layers into the corresponding conv layer that
consists of 8 x 8 x 512 kernel [36]. After conversion, the source images
of any size can be processed by the network collectively for generation of
dense prediction map. Furthermore, each prediction map which is a
two-dimensional vector incorporates the relative clarity details of the
source patch pairs at the correlative location. Since that each forecast
consists of two dimensions that have been adjusted to a sum of one, the
output can reduce to initial weight and the subsequent source. In the
end, we allocate the value as the weights for every pixel inside the patch
position and computed a mean of the overlapping pixels to produce a
weight map that resembles the dimensions of the original images. Fig. 1
demonstrates the schematic representation of proposed fusion algo-
rithm. The algorithm could be described in four stages.

2.1. DNN based weight map generation

Insert two input images A and B into the corresponding neural
network branches [37]. Detailed process is described in above section
for weight map generation W.

2.2. Morphological processed residuals

This section provides a procedure of the morphological processing of
residuals [38,39]. It is related to residual of the gaussian filter:

I=WxZ (€D)]
where W stands for a weight map from neural network, * for a con-
volutional function, and L denotes mask of the gaussian filter (or any
other lowpass filter). Besides, the residual of the liner filtering is defined
as follows:

Res(W) =W —1I @)

Operators defined on weight map with positive values are applied to
the residual in order to do further processing. As a result, the Res (W),
which contains both positive and negative values which can be divided
into two parts: positive and negative values.

Les: = 0.5(Res(W) + |[Res(W)|)

e, = 0.5(Res(W) — [Res(W))) ®

The following apparent relationship is satisfied by the proportion of
the residual:

RES(W) = lresy + Lres— (4)

Both fractions of the residual (Iyes., Ires—) are processed based on the
residual’s amplitude in order to remove negligible fluctuations while
keeping significant ones. The process relies on the morphological
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function M that maintains the original structures of the residuum while
selecting important regions based on the reconstruction. In order to
retain relevant borders and blurriness in irrelevant areas, the weight
map is finally updated to include large residual regions.

Lo =1 +vl/(1res+) 17( res— ) (5)
For both residuals, the operator M is specified as
A (I) =Ry (min(I, st(I)‘{min{I}, max (1);)) ©

by substituting two specified values for the original binary values of 1 s
and 0 s, and Ry (A) refers to morphological restoration of the grey level
mask I from the marker A. Finally, for two weight maps, ‘'min’ stands for
the pointwise minimal function. Besides, S denotes a mask including
significant components, and the concept of M is primarily concerned
with contrast preservation (Eq. (6)). A residual amplitude serves as the
basis of the substitute of the regions:

Se(I)

=12 )

where S is a selection function that extracts I segments whose amplitude
is greater than the specified threshold t. An illustration of image filtering
using the previously discussed method was presented in [38]. The test
images are filtered using different t values, and the results are shown.
Furthermore, a mask is defined as follows: grey denotes regions where
both masks equal zero, while white indicates the positive mask S (Ies())
and black denotes the negative mask S;(I,.s—)). By raising the threshold,
fewer components are detected and subsequently restored and used to
get the original image data. Ultimately, the quantity of parts displaying
their initial clarity is reconstructed. The first function of this method is a
mask that is created through thresholding and defines the limits of
pertinent elements. A measure of meaningfulness is the amplitude of
residuals. The importance of a section of a weight map is defined by
more than just amplitude, though. A component of an image with a
larger residual amplitude that is unimportant for visual comprehension
can be readily imagined. A source image that contains salt and pepper,
for example, produces a number of small, high-amplitude image ele-
ments, which alters the undesirable details by addition of high ampli-
tude elements. It will be recognized as important but unpleasant places
as a result. A further step has been added to our plan to address the
previously noted problems. To filter the mask, an area opening filter
[40] is utilised. This filter removes all related elements in the image that
are less than a given threshold size (i.e. size coefficient). Theus, the
expansion of Eq. (7) is described as follows:

(s) (8)

The area opening which eliminates coefficients smaller than the size
represented indicated by s is recognized by the notation o(s). The impact
of utilising the size coefficients s and t is illustrated in [38]. It is clear that
the number of selected regions reduces as the factors s and t increases.
As aresult, it allows objects with a small number of pixels to be rejected
from the residual even if their amplitude is large. In the end, it makes it
easier to maintain these regions in a hazy form in the final weight maps.
Addition of (or removal, relies on filter mask coefficients) highpass
filtering from the image itself is a conventional process to enhance visual
contrasts. This relates to the high pass filtering characteristic that makes
it easier to identify local differences in the image pixel values. Alter-
native technique to obtain high pass filtering outputs is to distinguish

Ss(h= (I 2t) 0

R{WY(u,v)
S{FY(u,v) =
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between lowpass filter and the image itself. The morphological pro-
cessing of residuals concerns high frequency components of images
which include areas with amplitudes higher than threshold ¢t. Eq. (5) is
changed by adding the contrast control coefficient (c) to regulate
contrast of the final fused result, which defines in the following formula:

M (Lres-)) . )

Depending on the value of c, the contrast is either preserved (c = 1);
enhanced (¢ > 1) or decreased (0 < ¢ < 1). Examples indicating how the
contrast control coefficient (c) influences the processing results is pre-
sented in [38]. Besides, contrast enhancement results are shown without
the processing of morphological residuals. The influence of morpho-
logical processing on the amount of subtle image details visible in the
output is clear in [38]. This processing technique makes it easier to
ignore less important information by improving the contrast of relevant
weight map regions in images.

Wour =1+ (//( res+)

2.3. Laplacian and gaussian pyramid decomposition

All the source images are decomposing into a Laplacian pyramid
[41]. The pyramids of source images A and B are represented by S{A}l

and S{B}l7 where [ is the Ith-decomposition level. After morphological
processing the residuals of the weight map W, the weight map is further

decomposing into a Gaussian pyramid R{W}'. For each pyramid, the
overall decomposition level is set at the maximum probable values |
log,min(H, W)| in which HxW is the spatial dimensions of the source
image and |.-| indicates the flooring function.

2.4. Fusion of coefficients

A local energy map (i.e. the sum of the squares of coefficients inside a

small window) [42] of S{A}l and S{B}l,
each decomposition level [ [37].

ZZS{A} u+p, v+q)7>,
E:}:ﬂB}u+p,v+®

respectively is computed for

K, (u,v)
10)

The similarity measure utilised to identify the fusion mode is
computed as

2 3, ,S{AY (u+p, v+q) S{BY(u+p.v+4q).

zZ =
(w7) KL (,) + K (u,v)

an

This measure has a range of [—1, 1], where values nearer 1 indicate
greater similarity. To decide which fusion mode should be used, a
threshold t is set. A weighted average fusion mode using weight map W
is used if Z!(u,v) > t.

S{FY (u,v) = R{WY(wv) . S{AY @ v) + (1 -R{W}' (1)) . S{B}'(u,v)

12)

Eq. (10), which compares the local energy, is utilized to determine
the fusion mode if Z!(u,v) <

S{AY (wv), if Kj(u,v) > Kyp(wv)
S{BY (wv), if Ky(wv) < Kj(uv)

The Eq. (14) summarizes the fusion strategy in its entirety. The final
fusion result is obtained using Laplacian pyramid reconstruction S{F}".

S{FY (wv) = { as)

LAY @) + (1 -R{WY(w,v)) . S{B}Y(u,v), if Z(u,v) > ¢
S{AY (u,v), if Z\(u,v) < t and if K, (u,v) > Ki(u,v)

14

S{B}(u,v), if Z\(u,v) < t and if K} (u,v) < Ki(u,v)
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The adoption of Laplacian and Gaussian pyramid decomposition for
multi-scale representation as well as the use of local energy and simi-
larity measures for coefficient analysis are adapted from prior image
fusion research. These elements are well-recognized in the literature and
have been shown to effectively capture structural details and assess sa-
liency. The novelty of the present work lies in three key aspects. First, we
introduce morphological processing of residuals derived from the DNN-
generated weight map which allows selective preservation of clinically
relevant edges while suppressing noise, with an additional tunable
contrast control mechanism for enhancing visibility. Second, we propose
a hybrid adaptive fusion rule that dynamically switches between
similarity-based weighted fusion and coefficient-based choose-max
fusion, thereby integrating the advantages of learned features with
robust model-driven decisions. Third, we implement the conversion of
fully connected layers to convolutional layers in the training network,
enabling efficient generation of dense per-pixel weight maps and
avoiding redundant patch-wise processing. Together, these innovations
distinguish our approach from conventional pyramid-based or
morphology-based fusion methods and constitute the principal contri-
butions of this study.

Algorithm: Medical Image Fusion (DNN + Morphological Residuals)
Input: Two source images A, B
Output: Fused image F

1. Weight Map Generation:

W = Net.forward(A, B) # DNN produces dense weights
2. Morphological Residual Processing:

I = conv (W, Gaussian)

Res=W -1

Respos, Respeg = split (Res)

Mpes = MorphReconstruct (Respos, tamp, Sarea)

Mpeg = MorphReconstruct (ReSneg, tamp, Sarea)

Wies = I+ ¢ * (Mpos — Myeg) # contrast control
3. Pyramid Decomposition:

Sa= LaplacianPyramid(A)

Sp= LaplacianPyramid(B)

Ry = GaussianPyramid (W)
4, Adaptive Fusion (per level 1):

Compute local energy K4, Kp and similarity Z

If Z > t5im:

Sp (11 = Rw [11* Sa [1] + A —Rw [1D) * S [1]

Else:

Sr [1] = max (Sa [11, Sg [1]) by local energy
5. Reconstruction:

F = LaplacianReconstruct (Sg)

Return F

3. Materials and data analysis

We used three different types of image dataset pairs (CT-MRI, MRI-
SPECT and MRI-PET) to scientifically validate the proposed methodol-
ogy. Every image is taken from the medical imaging resource The Whole
Brain Atlas [43]. Every image is 256 x 256 in size. For each dataset type,
we chose 60 image pairings for training and 25 pairs are utilised for
testing, i.e. the proposed neural network is trained using 60 pairs of
CT-MRI data pairs while using CT-MRI dataset for experiments. We
examined 25 data pairs for every type of dataset after training. Nine
standard mainstream approaches were used for enhancing the compar-
ison such as enhanced medical image fusion network (EMFusion) [24],
discrete stationary wavelet transform and the enhanced radial basis
function neural network (DSWT-RBFNN) [23], multiscale adaptive
transformer (MATR) [25], feature difference guided network (FDGNet)
[29], and dual branch feature enhanced network (DFENet) [30],
semantic-preserving fusion (SMFusion) [44], progressive parallel strat-
egy based on deep learning (PPMF-Net) [45], a mamba-based dual--
phase model (Mambadfuse) [46]. To improve scientific validation, we
assessed each algorithm using five standard quantitative image fusion
assessment metrics: Tsallis entropy (TN) [47] that computes the
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information incorporated in fusion image; mutual information (MI) [4],
computes information shared across a fused image and the input images;
QAB/F [4], which measures edge similarity based on gradient congru-
ency; spatial frequency (SF) [5], which computes the level of details and
textures in the fused image; and the edge preservation index (EPI) [5]. A
higher value for each of the above-mentioned criteria denotes a superior
fusion performance.

4. Results and discussions

The fused images were generated for every pair of datasets that were
considered for fusion as shown in Fig. (2). Figs. (3-9) show the fusion
performances of seven dataset pairs using nine different methods. Fig. 3
(c-k) denotes the fusion results generated from the EMFusion, DSWT-
RBFNN, MATR, FDGNet, DFENet, Mambadfuse, PPMF-Net SMFusion,
and Proposed, respectively. Fig. 3 (a-b) represents two original images
considered for fusion. We started by observing at the CT-MRI dataset
where Figs. (3-5) show the fusion results of CT-MRI (Dataset 1-3). The
CT and MRI (Dataset 1) incorporate of bronchogenic carcinoma. Fig. 3
(c—d) shows the poor fusion effects from the EMFusion and DSWT-
RBFNN methods and the brightness of images are greatly distorted as
well as the CT contour details are not adequately merged into the fusion
performance and the details of soft tissue and bone are not easily
noticeable especially with regard to the lesion. The overall fusion
outcome remained reasonable even though A MATR-based approach
enhanced the information quality representation when comparison to
images generated through other two approaches. The features of the
lesion are distinctively not visible in MATR method (see Fig. 3(e)).
However, as shown in Fig. 3 (f-k), the fusion results of the six methods (i.
e. FDGNet, DFENet, Mambadfuse, PPMF-Net, SMFusion and Proposed
methods are noticeably better. Significant improvements in structural
fidelity and image distortion prevention are made while maintaining the
integrity of

A space-occupying sarcoma’s pathological changes are represented
in the CT-MRI Dataset (2-3). The MRI images represent the edge of the
tumour in greater information, whereas the CT images represent the
general form of the tumour (see Fig. 4-5). Therefore, it is vital to fuse
both the images to accomplished greater detailed images. The proposed
algorithm successfully integrates the benefits of CT-MRI images (shown
in blue and green circles in Fig. 4 and 5(k) by producing fusion results
that are expressively superior than comparative methods. These fused
images are illustrious by enhanced image contrast and a complementary
broad representation of the edges of the tumour structure. As shown in
Figs. (6-7), the fusion results from MRI - SPECT (Dataset 1-2) represents
how well the integration of soft tissue and metabolic activity occurs. The
intrinsic features and rich feature information of the images are not well
represented by the MATR and DFENet based algorithms. In particular,
the energy information shows increasing distortion compared to the
original SPECT images (Figs. 6 and 7 (c-d)). However, the outputs of the
original images generated by the other four algorithms (Mambadfuse,
PPMF-Net, SMFusion, and the proposed) presents superior in case of
maintaining the energy detail of SPECT images. Besides, when compared
of these four approaches, the fusion efficiency of our algorithm clearly
outperforms the others by producing sensitive details that are clearer
and more comprehensive information features (Red circles in Figs. 9 and
10 (e-i) specify the performance of specific details). Figs. (8-9) display
the fused images from the MRI-PET Dataset (1-2). Subcortical blood
vessel changes are better explained by MRI. A better depiction of
metabolism is offered by Positron Emission Tomography (PET). The
properties of PECT images are not adequately presented in Figs. 8 and 9
(c-d), which were derived from the MATR and DFENet approaches.
There is less contrast as a result of the overall visual brightness being
lowered. The fusion consequences are therefore less than ideal. The
fusion results of Figs. 8 and 9(h) attained from the proposed algorithm
are higher (as shown by red circles) regardless of the energy restoration
of the functional images as well as the soft tissues, blood arteries, and
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(a3) CT-MRI (Dataset3)

(c1) MRI-PET (Dataset1) (c2) MRI-PET (Dataset2)

Fig. 2. Experimental pair of source images: (a) CT-MRI; (b) MRI-SPECT and (c) MRI-PET.

Fig. 3. Fusion performance of CT-MRI Dataset 1 based on nine algorithms: (a) CT; (b) MRI; (c) EMFusion; (d) DSWT-RBFNN; (e) MATR; (f) FDGNet; (g) DFENet; (h)
Mambadfuse; (i) PPMF-Net; (j) SMFusion and (k) Proposed, respectively.
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Fig. 4. Fusion performance of CT-MRI Dataset 2 based on nine algorithms: (a) CT; (b) MRI; (c) EMFusion; (d) DSWT-RBFNN; (e) MATR; (f) FDGNet; (g) DFENet; (h)
Mambadfuse; (i) PPMF-Net; (j) SMFusion and (k) Proposed, respectively.

(k)

Fig. 5. Fusion performance of CT-MRI Dataset 3 based on nine algorithms: (a) CT; (b) MRI; (c) EMFusion; (d) DSWT-RBFNN; (e) MATR; (f) FDGNet; (g) DFENet; (h)
Mambadfuse; (i) PPMF-Net; (j) SMFusion and (k) Proposed, respectively.

other information represented in the MRI images. methods demonstrated good results in terms of visual appraisal, border

The evaluation metrics EPI, MI, SF, TE, and QAB/F were and MRI- fusion effect evaluation, and detailed information evaluation. The pro-
PET test data pairs. The mean fusion performance of five metrics posed algorithm outperformed other methods in nearly all of the five
across all datasets is shown in Tables (1-3). The objective comprehen- metrics such as SF, TE, and QAB/F across all datasets according to a
sive performances obtained from the Mambadfuse, PPMF-Net, SMFusion comparison of their performances. The proposed approach also presents
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(®) ()

Fig. 6. Fusion performance of MRI-SPECT Dataset 1 based on six algorithms: (a) MRI; (b) SPECT; (c) MATR; (d) DFENet; (e) Mambadfuset; (f) PPMF-Net (g)
SMFusion and (h) Proposed, respectively.

(® ()

Fig. 7. Fusion performance of MRI and SPECT Dataset 2 based on six algorithms: (a) MRI; (b) SPECT; (c) MATR; (d) DFENet; (e) Mambadfuset; (f) PPMF-Net (g)
SMFusion and (h) Proposed, respectively.
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Fig. 8. Fusion performance of MRI-PET Dataset 1 based on six algorithms: (a)
MRI; (b) PET; (c) MATR; (d) DFENet; (e) Mambadfuset; (f) PPMF-Net (g)
SMFusion and (h) Proposed, respectively.

(®

(h)

Fig. 9. Fusion performance of MRI and PET Dataset 2 based on six algorithms:
(a) MRI; (b) PET; (c) MATR; (d) DFENet; (e) Mambadfuset; (f) PPMF-Net (g)
SMFusion and (h) Proposed, respectively.

outstanding performance for EPI and MI for all datasets. The effective-
ness of our approach was marginally better to that of PPMF-Net and
SMFusion -based methods in all datasets. Subsequently, from a general
performance standpoint, the proposed strategy demonstrated superior
results in objective analysis which indicates exceptional robustness in

44

BenchCouncil Transactions on Benchmarks, Standards and Evaluations 5 (2025) 100237

fused images. Fig. 10 (a-e) represent an experimental result of different
values of Threshold (t) on metrics EPI, MI, QAB/F, SF, TE for CT-MRI
images. One can see that when t = 0.05, t = 0.08, the performance is
the better in most scenarios as shown Fig. 10.

The fusion performances of the proposed approach are shown by the
final outcomes. The outcomes need to be confirmed by more research
that includes a thorough comparison of different imaging types and
decomposition levels. The benefits of the DNN-based method occur from
its rich deeper architecture and considerable training set. Thus, we
maintain the sufficient training data is the key reasons for the
improvement of the DNN-based approach. To make the comparison
more precise, we trained the DNN based method using the same number
of data points as the proposed method. By modifying the neural network
design to meet specific experimental needs and choosing an efficient
training strategy, we observed that the proposed method permitted the
model to exhibit intelligence and self-learning capabilities. The deter-
mination of the properties of the input networks is a vital stage in the
development of the network design. By combining the pixel and regional
block levels of medical image fusion, we were able to achieve a com-
plimentary effect by combining the specific pixel regions and pertinent
characteristic properties of the one input image with those of another
source image in the same locations. As well as the correlation across
pixels and neighbouring pixel values within the regions, the pixel value
and the regional energy indicate differences in the properties of pixel
characteristics. The selection of these properties from the many sub-
bands gathered by decomposition level is intended to enhance the po-
tentiality of the input layers of network to correctly recognises the signal
without causing self-confusion. We used several dimensions in a com-
parison analysis of 25 pairs of different set of datasets (CT-MRI, MRI-
SPECT, MRI-PET) to find the optimal regions. Figures (3-9) shows
how a dataset performs visually across different categories. In addition,
Tables (1-3) analysed the quantitative performance of the different
measures assessed across 25 data pairs shows that our approach pro-
duces superior and optimal fusion results. The proposed approach is able
to achieved better performance in comparison to recent Mambadfuse,
PPMF-Net and SMFusion methods. Medical image fusion the process
utilised to complementarily fuse images composed from different med-
ical image technologies. By integrating anatomical as well as functional
information, the fusion result presents detailed information from
different singe mode imaging modalities without sacrificing any of the
energy and information from several images. In the domain of medical
image fusion, multiscale transform-based methods are progressively
gaining attraction. Also, the efficiency of the fusion procedure is directly
impacted by the generation of efficient fusion rules based on the sub-
bands of different coefficients. Despite the simplicity of the fusion
rules that are produced by these two approaches, the refinements and
features of the original images are not sufficiently recognized and
recovered which causes image distortion or degradation. Due to shift
variance, the EMFusion method is severely hampered which may result
in aliasing and information loss. However, the DSWT-RBFNN based al-
gorithms presented better fusion performance; however, the problem of
selecting the best parameters for algorithm activation still exists. There
is compromise regarding the utilisation of shift invariant multiscale
transforms that is based on processing at the pixel level. Nevertheless,
the problems with selection of the appropriate thresholds and parame-
ters or generating suitable fusion rules suffer. We developed fusion rules
in this study using neural networks and presented a hybrid approach.

In terms of computational efficiency, the proposed method is
designed to minimize overhead by converting the fully connected layers
of the network into convolutional layers, which allows dense prediction
without redundant patch-wise processing and thereby reduces memory
usage and accelerates inference. The additional morphological residual
processing step involves only lightweight morphological operators and
contributes negligible extra cost. As a result, the inference speed of the
proposed approach is competitive with or faster than recent trans-
former- and dictionary-based fusion methods, while moderately higher
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Fig. 10. Experimental performance on different values of Threshold (t) on (a) EPI, (b) QABF, (c) MJ, (d) SF, and (e) MRI-PET dataset.
than classical multiscale transforms due to the neural component.

Overall, the method achieves a favorable balance between computa-
tional cost and fusion performance, ensuring practicality for clinical use.

Table 1
Quantitative evaluation of CT-MRI fusion images.

m EPI MI QAB/F SF TE
5. Ablation study EMFusion 0.3562 1.4425 0.5672 26.8715 0.3828
DSWT-RBENN 0.3892 1.5626 0.6344 28.8162 0.4081
To better understand the contribution of the two core components of MATR 0.4252 1.6751 0.6726 32.8816 0.4312
the proposed framework such as morphological residual processing FDGNet 0.4362 1.7718 0.7125 31.8373 0.4971
DFENet 0.4692 1.8826 0.7552 33.0081 0.4816
(MRP) and the multi-scale pyramid (MSP) design while we carried out Mambadfuse 0.5352 1.9727 0.8077 34.8811 0.5244
an ablation study by selectively removing them from the pipeline and PPMF-Net 0.5072 1.9923 0.8252 36.8817 0.5517
observing the impact on fusion quality. When the morphological resid- SMFusion 0.4987 2.0028 0.8352 35.9817 0.5431
ual processing step was excluded, the fused results exhibited reduced Proposed 0.5862 2459 0.8445 87.8622 05775
sharpness in lesion boundaries and loss of subtle anatomical structures.
This that MRP plays a critical role in preserving edges, enhancing local
contrast, and suppressing irrelevant noise fluctuations. Its inclusion Table 2
ensures that diagnostically important regions, such as tumor margins Quantitative evaluation of MRI-SPECT fusion images.
and vascular details, remain well defined in the final fused images. In EPI MI Q/F SF TE
contrast, removing the multi-scale pyramid design led to a noticeable
D ¢ . . o . . MATR 0.4627 2.5381 0.7625 17.9928 0.2344
reduction in the richness of detail and information integration. Single- DFENet 0.5177 26715 0.7982 10.9172 0.2554
scale fusion was insufficient to capture both global structural informa- Mambadfuse 0.4926 3.0018 0.8026 21.4413 0.2617
tion and fine textural patterns, resulting in fused images with compro- PPMF-Net 0.5673 3.2891 0.8055 20.1872 0.2803
mised clarity and reduced perceptual quality. The MSP design thus SMFusion 0.5424 3.4324 0.8141 21.9272 0.2781
Proposed 0.5813 3.6772 0.8261 23.8229 0.2897

contributes to multi-resolution feature extraction, enabling effective
blending of coarse anatomical context with fine localized details.
Finally, combining both MRP and MSP provided the most balanced re-
sults, delivering fused images with high structural fidelity, strong edge Table 3

preservation, and comprehensive detail integration. This demonstrates Quantitative evaluation of MRI-PET fusion images.

that the two components are complementary and mutually reinforcing, EPI MI QMBI SF TE
and together they form the backbone of the robustness and clinical MATR 0.4625 1.9972 72,9937 24.0198 0.3927
relevance of the proposed method. DFENet 0.4972 21888 74.8838 25.8827 0.4366
A limitation of this study is the relatively small training set (60 pairs Mambadfuse 0.5193 2.3233 77.8272 27.1993 0.4628
per modality), which could restrict feature diversity and raise concerns PPMEF-Net 0.5623 2.5728 80.9727 28.1433 0.4902
SMFusion 0.5565 2.5552 81.8827 28.3837 0.5321

about generalization. To address this, we adopted patch-based training
with overlapping 16 x 16 patches and integrated morphological resid-
ual processing, reducing dependence on purely data-driven learning.

Proposed 0.5896 2.6954 83.8272 30.5286 0.5451

45



S. Kaur et al.

These strategies, along with consistent improvements across CT-MRI,
MRI-SPECT, and MRI-PET datasets (Tables 1-3), indicate that the
model generalizes well despite limited data. Nonetheless, future work
will expand training using larger public datasets, apply augmentation
and transfer learning, and validate on multi-center clinical images to
further strengthen robustness and applicability.

6. Conclusion

This paper introduces a robust medical image fusion framework that
leverages a deep neural network in combination with morphological
processing of residuals. The core of the approach lies in the generation of
adaptive weight maps through a deep neural network, which effectively
captures and integrates pixel-level activity information from the source
images. To align the fusion process with human visual perception, image
pyramids are employed to achieve multiscale representation, ensuring
consistent integration of both fine and coarse details. The fusion mode is
further refined using a local similarity-based strategy that adaptively
adjusts for decomposed image components. A key element of the
methodology is the incorporation of edge-preserving processing,
designed to maintain critical structural boundaries. This is accomplished
by combining nonlinear algorithms with linear low-pass filtering to
identify and preserve regions with high amplitude and optimally scaled
edges. The morphologically processed residuals derived from linear
filter outputs serve as a reliable basis for selecting significant regions.
Morphological operations such as reconstruction and area opening are
employed to retain the original shape of edges, while blending the low-
pass filter results with the selected regions ensures accurate structural
preservation. Moreover, the method provides flexibility for contrast
adjustment in the fused image, enhancing its diagnostic utility.
Comprehensive experiments on diverse medical datasets demonstrate
that the proposed framework outperforms several state-of-the-art tech-
niques, delivering fused results with improved information richness,
structural fidelity, and preservation of fine details from the source
modalities.
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ARTICLE INFO ABSTRACT

Keywords: The prevailing data-driven paradigm in Al has largely neglected the generative nature of data. All data, whether
Evaluatology observational or experimental, are produced under specific conditions, yet current approaches treat them as
Artificial intelligence context-free artifacts. This neglect results in uneven data quality, limited interpretability, and fragility when

models face novel scenarios. Evaluatology reframes evaluation as the process of inferring the influence of an
evaluated object on the affected factors and attributing the evaluation outcome to specific ones. Among these
factors, a minimal set of indispensable elements determines how changes in conditions propagate to outcomes.
This essential set constitutes the evaluation conditions. Together, the evaluated object and its evaluation
conditions form a self-contained evaluation system — a structured unit that anchors evaluation to its essential
context.

We propose an evaluatology-based paradigm, which spans the entire Al lifecycle — from data generation
to training and evaluation. Within each self-contained evaluation system, data are generated and distilled
into their invariant informational structures. These distilled forms are abstracted into reusable causal-chain
schemas, which can be instantiated as training examples. By explicitly situating every learning instance within
such condition-aware systems, evaluation is transformed from a passive, post-hoc procedure into an active
driver of model development. This evaluation-based paradigm enables the construction of causal training data
that are interpretable, traceable, and reusable, while reducing reliance on large-scale, unstructured datasets.
This paves the way toward scalable, transparent, and epistemically grounded Al

1. Introduction reliability and generalization capabilities [5]. In response, many have
turned to generative models to produce synthetic data in an attempt
In artificial intelligence, the forms of data are endlessly diverse to overcome this limitation [6-10]. However, such data often deviates
— spanning text, images, audio, and structured records — yet their significantly from real-world distributions, introducing distributional
underlying essence remains invariant [1]. This nature of data repre- shifts that compromise its effectiveness as training material. Coupled
sents the stable informational structure that persists beneath super- with growing concerns over bias, opacity, hallucination, and uncon-
ficial variations. However, the prevailing data-driven paradigm has trollable behaviors — problems exacerbated by the black-box nature
largely overlooked this essence, instead pursuing a brute-force strat- of large models and their dependence on opaque training corpora
egy of enumerating variations to cover possible conditions. Such an — the limitations of the current paradigm are becoming increasingly
approach, even when exhaustive, remains brittle in the face of unseen apparent [11].

We argue that a fundamental shift is needed: from scaling data
volume to capturing and leveraging the nature of data itself — its
invariant informational essence beneath diverse forms. To this end,
we propose an evaluation-based paradigm, in which learning is guided
and constrained by well-defined evaluation conditions rather than by
uncontrolled data accumulation [12,13]. Drawing from the emerging
discipline of Evaluatology, we reimagine the AI lifecycle such that
evaluation is not a terminal procedure but a core methodological prin-
ciple, shaping data generation and governing training dynamics. This

scenarios, as it fails to address the causal factors that truly govern
generalization [2].

However, The continued viability of data-driven AI is now being
challenged by deep scarcity limitations. As models grow larger and
more data-hungry, the supply of high-quality, human-authored train-
ing data has become a critical bottleneck [3]. Recent projections by
Epoch AI warn that the stock of usable Internet-scale text data may
be depleted by 2028 [4]. This looming data ceiling threatens not only
the scalability of current systems but also undermines their epistemic
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reconceptualization is both technical and epistemological, redefining
how intelligence should be constructed, assessed, and trusted in the
post-data-scaling era.

At the heart of this paradigm are Self-contained Evaluation Sys-
tems (SESs): self-contained units that produce data — both observa-
tional and experimental — under explicit evaluation conditions. Within
each SES, data are produced under explicit evaluation conditions and
then distilled into their essential informational structures, from which
causal-chain schemas are abstracted and later instantiated into concrete
training examples. This process guarantees that the resulting data are
interpretable, causally grounded, and reusable across tasks.

When applied to large language model development, SESs enable
the construction of causal training data — for instance, reasoning
traces, grounding steps, or labeled decision points — that make the
provenance of every learning instance explicit. In contrast to opaque,
data-hungry pipelines, our approach yields a white-box training system
in which condition changes can be precisely traced to output varia-
tions. This ensures interpretability, attribution, and transparency while
significantly reducing dependence on large-scale unstructured datasets.

2. Related work and motivation
2.1. Related work

2.1.1. The existing Al paradigm

As shown in Fig. 1(a), early developments in data-driven artificial
intelligence relied heavily on manually labeled data, which enabled su-
pervised learning for tasks such as classification and regression. While
effective in domains like computer vision [14] and natural language
processing [15], labeled data incurs high annotation costs, suffers from
limited scalability, and is often prone to label noise [16], limiting its
applicability in large-scale or open-ended scenarios.

To overcome these limitations, researchers have increasingly turned
to unlabeled data, leveraging unsupervised and self-supervised learning
techniques to extract patterns and representations without explicit
human annotations. Classical methods include clustering [17], dimen-
sionality reduction [18], and association mining. Recent advances in
self-supervised learning — such as masked language modeling [19],
contrastive learning [20], and masked image modeling [21] — have
demonstrated strong performance across modalities and become foun-
dational for large-scale pretraining.

From the perspective of learning paradigms, supervised and unsu-
pervised learning are often sufficient for solving simple tasks. How-
ever, as task complexity increases — e.g., involving dynamic environ-
ments, delayed feedback, or alignment with human intent — these
paradigms are frequently integrated with reinforcement learning to
enable adaptive, multi-stage training pipelines. This hybrid approach
has become central to the development of general-purpose systems such
as large language models, where unsupervised learning supports knowl-
edge acquisition, supervised learning guides task-specific behavior, and
reinforcement learning fine-tunes alignment with user preferences.

In this work, we focus on static data sources. While, reinforce-
ment learning, which depends on interaction-driven data collection
and reward-based optimization, follows a fundamentally different data
paradigm and is therefore excluded from our data-centric analysis [22-
24].

2.1.2. The basic concepts, theories, and methodologies in evaluatology
Evaluatology [12,13] conceptualizes evaluation as the process of
inferring the effect of an evaluated object on the affected objects.
An object naturally exerts influence on multiple others, which can be
categorized as directly or indirectly affected. Based on this principle,
Evaluatology stresses the need to specify evaluation conditions (ECs)
and to identify the set of affected objects. Together, the evaluated
object, the affected objects, and the evaluation conditions form a Self-
contained Evaluation System (SES). For instance, in evaluating CPU
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performance, the CPU serves as the evaluated object, while stake-
holders’ concerns — such as running time — require consideration of
affected objects including the dataset, algorithm implementation, pro-
gramming framework, operating system, compiler, processor, memory,
etc [25]. Each possible configuration of these affected objects consti-
tutes a point in a vast evaluation condition space, where variations
in conditions naturally lead to variations in running time results. This
structured perspective highlights that evaluation is inseparable from
the context in which data are generated.

Inspired by Evaluatology, we reflect on the current data-driven
paradigm in Al Regardless of whether observational or experimental,
all data are inherently generated under specific conditions. However,
prevailing Al training methods largely ignore these generative condi-
tions and focus exclusively on the data themselves. Such a deficiency
leads to uneven and difficult-to-evaluate data quality, constrains inter-
pretability and the capacity for causal discovery, and renders models
fragile in the face of novel scenarios.

Our research intuition is that explicitly incorporating both data and
their generative conditions into the training process can substantially
enhance the effectiveness and transparency of Al. Even under limited
data availability, leveraging the interplay between data and conditions
allows the discovery of deeper causal structures, enabling models to
capture the invariant informational essence beneath data diversity. By
grounding learning in condition-aware causal relationships, we move
toward more robust, interpretable, and genuinely intelligent systems.

2.2. Motivation: The limitations of existing AI paradigm

The modern trajectory of data-driven artificial intelligence has been
shaped by the belief that more data yields better models. This principle
underlies the development of large language models (LLMs), whose per-
formance scales predictably with training data volume, model size, and
compute budget [26]. However, this scaling paradigm is increasingly
constrained by a looming data bottleneck. As high-quality human-
authored data becomes saturated and expensive to curate, synthetic
data generation has emerged as a promising alternative.

Despite its scalability, synthetic data introduces a new layer of
complexity [27-29]. Crucially, the quality of synthetic data is funda-
mentally limited by the generative models that produce it, which are
often black-box architectures with little transparency or interpretabil-
ity. This lack of visibility makes it difficult to trace the root causes of
errors or biases in downstream models back to specific properties of
the synthetic data. When performance deteriorates, it remains unclear
whether the issue lies in data coverage, semantic consistency, or deeper
representational flaws.

In practice, current synthetic data suffers from several
well-documented issues: (1) generative models may fail to match the
statistical distribution of real data, introducing biases that impair gen-
eralization. (2) synthetic samples often contain logical contradictions or
distorted features that are difficult to detect but can corrupt pretraining
(see Fig. 1). Low diversity and mode collapse: generators tend to
produce samples with limited variation, leading to models that overfit
narrow modes and underperform on real-world variability.

To improve the quality, reliability, and usefulness of synthetic data,
it is imperative to enhance the interpretability and evaluation of gener-
ative models. Without understanding what a generator has learned —
and what it systematically omits — scaling synthetic corpora becomes
a blind process, susceptible to spurious correlations and misalignment.

These observations motivate a shift toward an evaluatology-driven
Al paradigm, in which systematic attribution and interpretability are
not afterthoughts but central components of the AI development cycle.
By incorporating formal principles of evaluatology into the design,
analysis, and deployment of generative models, we can better align
synthetic data generation with downstream objectives, ensure quality
control, and build Al systems that are not only larger, but measurably
better.
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Fig. 1. Comparison of Al paradigms. (a) Data-driven: models are trained on
massive, unstructured data and self-discover patterns, offering limited causal
attribution and interpretability. (b) Evaluatology-driven: data are generated
under explicit evaluation conditions within Self-contained Evaluation Systems
and abstracted into causal-chain training instances, yielding interpretable,
traceable, and attributable outputs.
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3. The new Al paradigm based on evaluatology
3.1. Overview

Our methodology is grounded in Evaluatology, which reconceptual-
izes evaluation as the process of inferring the influence of an evaluated
object on affected factors and attributing the observed outcomes to
specific ones. The central methodological unit is the Self-contained
Evaluation System (SES), which anchors evaluation to its essential
generative context.

Definition 3.1 (Self-contained Evaluation System). A Self-contained
Evaluation System is defined as

SES =(E,C),

where E denotes the evaluated object and C denotes the evaluation
conditions. The evaluation conditions C are composed of a minimal set
of indispensable affected factors, which determine how variations in
conditions propagate to outcomes.

Within this formalism, both data and models are situated in explic-
itly defined SESs. Data instances arise as functions of E and C, while
induction over multiple condition configurations reveals their invariant
informational essence. These essences can be abstracted into causal-
chain schemas and instantiated into causal-chain instances, which serve
as interpretable and reusable training data. Models themselves can also
be represented as SESs, ensuring that their outputs are attributable to
well-defined evaluation conditions. For example, in the task of video
keyframe selection, event segmentation is one indispensable factor
in C, and can be instantiated through visual-based shot boundary
detection, audio-based segmentation via automatic speech recognition
(ASR) pauses or speaker changes, or multimodal fusion of visual and
auditory cues. The segmentation strategy determines how the video is
partitioned and directly affects the structure of the output, illustrating
how variations in condition configurations propagate to outcomes.
Models themselves can also be represented as SESs, ensuring that their
outputs are attributable to well-defined evaluation conditions. While
defining an SES requires some domain-specific effort, it enforces strict
evaluation conditions that enhance interpretability and reduce data
dependency and long-term cost.

3.2. Self-contained evaluation systems for observational data

Observational data emerge from natural processes but are nonethe-
less shaped by indispensable generative factors as shown in Fig. 1(b).
We formalize their essential affected factor set as

O0={S,T,M,A,B, P},

where S is the Scene, T the Context, M the Selection Mechanism, A the
Acquisition Channel, B the Missingness & Bias, and P the Data Processing.

Given an evaluated object E, an observational data instance d°* is
generated as

d°" = £, (E, 0),

where f,,. denotes the observational generative mapping. By consid-
ering multiple admissible configurations O, € £, we obtain the
invariant informational essence of observational data:

#°" = Induction({ f,55(E. O)) | O; € 24}).
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3.3. Self-contained evaluation systems for experimental data

Experimental data are deliberately generated under interventions
and controls, guided by explicit causal inquiry. Their essential affected
factor set is formalized as

X={H,D,K,Q,R},

where H is the Hypothesis, D the Design, K the Controls, Q the Compute,
and R the Metrics.

For an evaluated object E, an experimental data instance d®*” is
generated as

der = fexp(E’ X),

with f,,, representing the experimental generative mapping. The in-
variant informational essence of experimental data is induced as

¢°*? = Induction ({ f,,,(E, X)) | X; € 2,.,}).

3.4. Induction and causal chain construction

Both ¢°*% and ¢° serve as abstract representations of the in-
variant essence of data. These are formalized as causal-chain schemas
that describe how changes in evaluation conditions propagate to out-
comes. When instantiated under concrete configurations of © or X,
these schemas yield causal-chain instances, which serve as interpretable,
reusable, and condition-aware training examples.

3.5. Self-contained evaluation systems for models

Models themselves operate within SESs. The essential affected factor
set for models can be denoted as

M={T,A,0,1},

where T denotes the Strategy, A the Algorithm, Q the Compute, and I
the Implementation.
The output of a model y can then be expressed as

Y = fmodel(E> M),

with f,,,4.; representing the mapping from the evaluated object E and
model-level evaluation conditions M to outputs. Since y is generated
under explicit evaluation conditions, it is inherently explainable and
attributable to specific elements of M.

3.6. Case study: applying self-contained evaluation systems to video re-
trieval

Our experiments show that a user’s query of vector database is
aligned with only about 1.95% of the keyframes in long-form videos.
Motivated by an evaluation-based perspective, we introduce a essential
factor set to defining the SES for keyframe selection — event segmenta-
tion, textual signals, temporal context, scene/quality constraints, selection
mechanism, and de-redundancy. This essential factor set, grounded in a
self-contained evaluation system, not only enables fine-grained attri-
bution of retrieval performance to individual design factors, but also
exemplifies the evaluatology-driven methodology underlying automatic
database design.

In the Self-contained Evaluation System (SES), the evaluation ob-
ject E is the target keyframe. The evaluation conditions C refer to a
essential set of indispensable affected factors (see Definition 3.1):

1. Segment each video into clips using shot boundaries together
with automatic speech recognition (ASR) pauses and speaker
changes;

2. Derive a short title/summary per clip from subtitles/ASR as
textual features;
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3. Rank candidate frames by textual match (best matching 25 or em-
bedding similarity) and by temporal proximity to query-relevant
timestamps (closer is better);

4. Apply scene/quality filters (avoid blur and heavy motion; prefer
stable frames shortly after shot transitions);

5. Within each clip, keep 1-3 frames and merge near-duplicates
(retain a single frame for adjacent time spans);

6. Enforce a keep-rate of k ~ 2%-3% via a gating threshold, relaxing
to ~ 5% when textual evidence is sparse.

By restricting both training and inference to keyframes identified
by the SES, the model concentrates on causally relevant semantics,
achieving retrieval quality comparable to full-frame pipelines while
substantially reducing training data and inference cost.

3.7. Summary

In summary, our methodology situates both data and models within
explicit Self-contained Evaluation Systems, each defined by an evalu-
ated object E and its indispensable evaluation conditions C. By for-
malizing observational and experimental data generation as functions
of (E,C), and by extending the same logic to models, we establish
a unified framework in which invariant informational essences can
be induced, abstracted into causal-chain schemas, and instantiated
into training data. This paradigm transforms evaluation into an active
methodological principle that spans the entire Al lifecycle, enabling
interpretability, traceability, and epistemic grounding in artificial in-
telligence. Notably, this paradigm provides a theoretical foundation
for automatic database design, by enabling the isolation of external
confounding factors and attributing performance outcomes directly to
the database design itself.

4. Conclusion

This work advances an evaluatology-based paradigm that spans
data generation, training, and assessment. Its central construct — the
Self-contained Evaluation System — couples an evaluated object with
evaluation conditions constituted by a essential set of indispensable
affected factors, thereby fixing the context required for coherent causal
attribution. Within SESs, data are generated under explicit conditions,
distilled into invariant informational structures, abstracted as causal-
chain schemas, and instantiated as training examples; consequently,
evaluation becomes a generative principle rather than a post-hoc proce-
dure. The paradigm yields condition-aware learning with interpretable,
traceable outputs and reduces dependence on massive, unstructured
corpora. Taken together, these elements provide a scalable, unifying
foundation for transparent, robust, and epistemically grounded Al,
and furnish a precise basis on which future theory, benchmarks, and
systems can be systematically developed.
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