SJIF Rating: 6.714

ISSN: 2582-3930

Data Quality Frameworks for Fraud Detection in Financial
Reporting Pipelines

Ravi Kiran Alluri
ravikiran.alluirs@gmail.com

Abstract- Transparency, regulatory compliance, and trust in
financial ecosystems depend on the integrity of financial
reporting pipelines. Financial reporting fraud remains a
widespread problem with serious repercussions for markets
and stakeholders. Ensuring data quality at every stage is
crucial for operational efficiency and successful fraud
detection, as businesses depend increasingly on automated
data pipelines for real-time financial reporting. With an
emphasis on fraud detection capabilities, this paper
investigates the development and application of
comprehensive data quality frameworks suited to financial
reporting pipelines.

Post-hoc audits and manual checks are frequently the
mainstays of traditional fraud detection methods, which are
inadequate for managing large volumes of financial data at
high speeds. The credibility of analytics and regulatory
reporting can also be weakened by missing, erroneous, and
inconsistent data in reporting systems, which can conceal
fraudulent activity or produce false positives. Therefore, a
strong data quality framework must incorporate domain-
specific integrity constraints, anomaly detection logic,
lineage tracing mechanisms, and enforce standard data
validation rules. In line with anti-fraud goals, this study
suggests a structured framework for data quality that
combines rule-based, statistical, and metadata-driven
validation procedures.

Five essential pillars—completeness, accuracy, consistency,
timeliness, and integrity—are incorporated into the
framework presented in this paper. To identify questionable
anomalies and deviations early, each pillar is mapped to
particular validation mechanisms, including cross-ledger
balancing, reference reconciliation, threshold-based
monitoring, schema enforcement, and duplication checks. By
incorporating these dimensions into ETL pipelines,
organizations can proactively evaluate and score the quality
of incoming data and flag records that might point to
fraudulent manipulation, such as manipulated ledger entries,
underreported liabilities, or revenue misstatements.

The framework is integrated into a modular architecture that
guarantees practical applicability with contemporary cloud-
native data platforms and legacy systems. It uses tools like
SQL-based integrity rules to identify transaction
irregularities, Apache Atlas to track lineage and
transformations, and Apache NiFi to orchestrate validation

workflows. Financial controllers and compliance officers are
also given access to real-time metrics and dashboards to
monitor fraud risk indicators and data quality scores.

This study uses a synthetic financial dataset enhanced with
known fraud scenarios to assess the efficacy of the suggested
framework. The analysis shows that while low-quality data
introduces a lot of noise and lowers model reliability, high
data quality scores are strongly correlated with fewer false
positives in fraud detection models. The study also
demonstrates how incorporating data quality validation early
in the pipeline lifecycle enhances reporting output trust and
speeds up the identification of fraudulent trends.

This framework aids in the creation of safe, audit-ready, and
compliant financial reporting pipelines by coordinating data
quality assurance with fraud detection objectives.
Additionally, it fills a significant void in managing financial
data, where data quality is frequently viewed as an
operational issue rather than a security or compliance
requirement. The research's conclusions apply to financial
institutions, regulators, auditors, and tech companies who
want to improve financial reporting systems' resistance to
fraud.

This paper argues for a paradigm change in which data
quality frameworks are essential to financial reporting fraud
detection rather than being merely incidental. Adopting such
frameworks will be crucial to creating robust, transparent,
and reliable financial ecosystems as the financial sector
accelerates digital transformation. Future research could
build on this work by incorporating machine learning
methods into the data quality scoring process, enabling even
more automation and accuracy in fraud detection workflows.

Keywords: Data quality, fraud detection, financial
reporting pipelines, ETL validation, financial
integrity, data lineage, anomaly detection, audit
compliance, data governance, metadata-driven
validation.

I. INTRODUCTION

Financial reporting systems in the digital age depend more on
intricate data pipelines that combine information from various
sources for business intelligence, regulatory compliance, and
timely reporting. This evolution makes agility and scalability
possible, but poses severe difficulties in preserving data
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quality throughout the financial information lifecycle.
Financial fraud has been linked to poor data quality, from false
financial statements to the concealment of liabilities or the
artificial inflation of revenue. Strong data quality frameworks
are crucial for operational accuracy and as a first line of
defence against fraud.

Even minor errors can have serious regulatory, reputational,
and financial repercussions in the high-stakes world of
financial reporting pipelines. Financial data undergoes several
transformations, from unstructured transactional entries in
enterprise resource planning (ERP) systems to organized
records in data warehouses and formatted reports sent to
stakeholders and regulators. Data is susceptible to
unauthorized changes, omissions, duplications, and integrity
breaches during these transformations. Conventional audit
trails and reconciliation techniques frequently lack the
granularity necessary to identify problems as they emerge and
are insufficient in real time.

Moreover, fraud in financial reporting is evolving in
sophistication. Fraudsters can exploit blind spots in legacy
systems that lack adequate data validation procedures,
manipulate transactional data, or exploit flaws in data
ingestion. As a result, depending only on anomaly detection or
forensic audits during the reporting phase is reactive and
ineffective. Data quality frameworks can be conducive to early
detection and prevention of suspicious activity, so proactive
fraud prevention must start at the data ingestion and
transformation level.

Domain-specific controls and validation logic that adhere to
financial compliance standards must be incorporated into a
data quality framework for fraud detection in financial
reporting pipelines. These frameworks should validate data
syntactically (e.g., type and format checks) and semantically
(e.g., account balance consistency, accounting standard
adherence, financial statement matching with sub-ledgers). To
prevent fraud detection from falling behind data velocity, such
a framework must be flexible enough to work in batch and
real-time data processing environments.

Regulatory frameworks like the Sarbanes-Oxley Act (SOX),
the International Financial Reporting Standards (IFRS), and
regional financial compliance laws emphasize the need for
high-quality, verifiable data. In addition to results, auditors and
compliance officers call for verifiable evidence of data quality
controls incorporated into the financial reporting lifecycle.
Therefore, frameworks that enable automated, scalable, and
auditable preventive and detective controls are desperately
needed.

This paper aims to create and validate a data quality
framework to identify and discourage fraudulent activity in
financial reporting pipelines. Completeness, accuracy,
consistency, timeliness, and integrity are the five aspects of
data quality. A modular validation approach can be
incorporated into current ETL (Extract, Transform, Load)
workflows, and it is suggested that this approach be used. The

functions of tools like data lineage tracking programs,
metadata catalogs, SQL validation scripts, and Apache NiFi in
operationalizing  this  framework are investigated.

This paper is organized as follows: a thorough literature review
of current studies and industry standards about data quality and
fraud detection in financial reporting is presented in the
following section. A methodology section that describes the
suggested framework's technical implementation and
architectural design comes next. Using artificial datasets with
known fraud cases, the results section assesses the framework;
the discussion focuses on essential findings, constraints, and
implementation issues. The contributions are summed up in
the final section, which also suggests future research
directions, especially incorporating Al-driven adaptive
validation models into data quality scoring systems.

This paper highlights how financial institutions must see data
governance as a vital component of financial integrity and
compliance, rather than merely an IT function, by placing data
quality assurance at the center of fraud detection strategies.

II. LITERATURE REVIEW

The intersection of data quality and fraud detection in financial
reporting pipelines has drawn increasing attention in academic
and industry research, especially as the digitization of
monetary systems has accelerated. Numerous studies have
emphasized the pivotal role that high-quality data plays in
ensuring the effectiveness of financial controls, auditability,
and compliance with accounting standards. This review
synthesizes foundational literature on data quality dimensions,
ETL process validation, and fraud detection mechanisms,
highlighting gaps that the proposed framework aims to
address.

Early work by Wang and Strong [1] categorized data quality
into intrinsic, contextual, representational, and accessibility
dimensions, offering a foundational framework that is still
widely referenced today. In the context of financial data,
intrinsic quality—encompassing accuracy, credibility, and
objectivity—is especially relevant for fraud detection. Pipino
et al. [2] extended this classification into operational processes
by suggesting measurement procedures for various quality
metrics, paving the way for embedded quality controls in data
systems.

Rahm and Do [3] explored data cleaning techniques in the
context of data integration, highlighting challenges such as
duplicate detection, missing values, and schema inconsistency.
These issues directly impact financial reporting pipelines,
where even minor discrepancies in source data can lead to
significant reporting errors or concealment of fraudulent
transactions. Further, Batini et al. [4] discussed how data
quality assessment should be continuous and context-specific,
which aligns with the need for real-time fraud detection within
financial operations.
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A comprehensive study by English [5] introduced the idea of
Information Quality (IQ) frameworks that tie quality assurance
directly to business rules and governance policies. His work
highlighted how metadata-driven approaches can enforce
semantic integrity—a key requirement for detecting
sophisticated financial frauds such as round-tripping, income
smoothing, and false vendor invoicing.

Recent research has moved toward linking data quality with
advanced analytics and fraud detection algorithms. Aggarwal
[6] discussed how data irregularities can distort outlier
detection models and fraud prediction engines. Consequently,
many machine learning-based fraud detection models fail
when fed low-quality or unclean financial data. This aligns
with Redman's argument [7] that data quality must precede
analytics to ensure actionable insights.

From a technological perspective, Loshin [8] provided
practical methodologies for implementing data quality checks
within ETL workflows, including profiling, validation, and
monitoring. He emphasized the importance of repeatable rules,
lineage tracking, and cross-system reconciliation—all vital for
transparency in financial data pipelines. Moreover, research by
Kimball and Caserta [9] on data warehouse design reinforces
the need for strong data quality management during ETL,
particularly when dealing with ledger entries, journal records,
and sub-ledger aggregations in financial reporting systems.

In fraud detection, Albrecht et al. [10] proposed a hybrid rule-
based and anomaly-based system for flagging suspicious
transactions in real time. However, they noted that a high rate
of false positives often results from poor input data quality.
Likewise, Kou et al. [11] demonstrated how combining data
integrity validation with behavior-based pattern recognition
yields better fraud detection outcomes.

Despite the growing body of research, there is a lack of
comprehensive, integrated frameworks that tie all aspects of
data quality specifically to financial fraud detection. Most
existing work treats data quality and fraud analytics as separate
concerns, resulting in siloed implementations. Furthermore,
regulatory perspectives, such as those discussed by Power
[12], indicate that audit readiness and fraud prevention depend
heavily on embedded data pipeline-level controls—something
many financial systems lack today.

The literature supports the assertion that data quality is not
merely an operational concern but a strategic enabler for fraud
detection. This paper builds upon these foundational works by
proposing a unified data quality framework tailored to
financial reporting environments. It leverages the principles
outlined by Wang and Strong [1], integrates best practices
from metadata-driven governance [5], and incorporates
modern validation techniques from ETL management
literature [8][9], thereby addressing a critical gap in ensuring
fraud-resilient financial data pipelines.

III. METHODOLOGY

The development of the proposed data quality framework for
fraud detection in financial reporting pipelines follows a
layered, end-to-end architectural approach that embeds data
validation, monitoring, and lineage tracking mechanisms into
each stage of the ETL lifecycle. The framework supports
batch-oriented and real-time financial reporting pipelines,
consistently enforcing data quality rules across ingestion,
transformation, and reporting phases. This methodology is
structured around five core data quality dimensions—
completeness, accuracy, consistency, timeliness, and
integrity—each operationalized through rule-based validation
techniques and automation-friendly configurations. The
central hypothesis of this methodology is that embedding
targeted data quality controls directly into the data flow can
significantly reduce the incidence of undetected financial
fraud and improve audit readiness.

The framework was implemented using a modular architecture
integrating open-source and enterprise tools, ensuring
portability and compatibility across financial data
environments. Apache NiFi was chosen as the orchestration
layer for its ability to define, schedule, and monitor data flow
processes. At the same time, Apache Atlas served as the
metadata and lineage catalog to track the provenance of
financial data elements. Validation logic was embedded at
critical pipeline checkpoints using SQL scripts for structured
validation and Python scripts for statistical profiling. These
scripts were invoked through NiFi processors, enabling
validation results to be captured and stored alongside the
corresponding data batch metadata. The implementation
ensured that all data moving through the pipeline is validated
in near real-time for predefined fraud indicators, such as
negative revenue, inconsistent ledger balances, duplicated
journal entries, or mismatched account hierarchies.

Source-to-target mappings were verified using schema-based
validators and null-check processors to enforce completeness.
Accuracy was ensured through reference table lookups and
reconciliation against the general ledger and sub-ledger tables.
Consistency checks were applied through custom rules
comparing aggregated financial values across periods and
organizational hierarchies, identifying anomalies such as
income inflation or deferred expense misstatements.
Timeliness was monitored using timestamp checks against
expected processing windows, flagging data that arrived out-
of-sequence or significantly delayed. Data integrity rules,
including foreign key constraints, hash-based comparisons,
and audit trail continuity checks, were enforced to detect
unauthorized changes or missing transactional entries.

Each validation rule generated structured error logs and quality
scores routed to a central data quality dashboard. This
dashboard, built using Grafana and backed by a PostgreSQL
quality metrics store, provided compliance officers and
financial controllers real-time visibility into data quality
scores, anomaly rates, and rule violation trends. Additionally,
every failed validation triggered a notification mechanism,
sending alerts via email or Slack to responsible data stewards.
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Where configured, automated quarantining of erroneous
records was enabled, ensuring that incorrect or suspicious data
was prevented from contaminating downstream financial
reports.

A synthetic dataset emulating a corporate financial reporting
system was used to test the framework. This dataset included
general ledger entries, transactional data, journal records, and
metadata from ERP systems. It was enriched with injected
fraud scenarios such as duplicated vendor payments, revenue
overstatements, and deferred expense manipulation. This
allowed validation of the framework’s effectiveness in
identifying fraud-indicative data patterns while ensuring that
false positives remained within acceptable thresholds. The
experiment was repeated under varying data loads and
injection frequencies to test the resilience and scalability of the
validation logic.

The proposed methodology also included a continuous
improvement cycle. Domain experts periodically reviewed
validation rule performance, and feedback loops enabled the
refinement or addition of new rules based on emerging fraud
patterns. Metrics such as rule precision, anomaly-to-fraud
detection correlation, and processing latency were tracked to
evaluate and optimize the overall framework’s efficiency.
Essentially, the framework operationalizes data quality
management as an active, embedded component of financial
fraud detection, rather than a post-processing or external audit
activity. This shift ensures that data quality interventions are
timely, contextually relevant, and aligned with the business-
critical objective of securing financial reporting pipelines
against fraud.

IV. RESULTS

We tested the proposed data quality framework using a
synthetic financial dataset to mimic a real-world reporting
environment. The dataset had about 1.2 million financial
records, such as journal entries, general ledger transactions,
vendor invoices, and sub-ledger consolidations. To test how
well the framework could find unusual patterns, common
types of financial fraud were purposely added to the data
multiple times. These included inflated revenue, transactions
that were recorded twice, expenses that were classified
incorrectly, and ledger imbalances. The tests were done over
several ETL cycles using Apache NiFi pipelines with built-in
validation layers, as explained in the methodology.

The most immediate result was that the framework could find
data anomalies that suggested fraud at the time of ingestion or
transformation, not just during post-hoc analysis. Over 94% of
known fraudulent patterns were found in all test cases by
breaking the data quality rules built into the system. For
instance, consistency checks that compared transaction IDs
and payment references found duplicate vendor payments, and
integrity checks that compared sub-ledger records with general
ledger summaries found entries with inflated revenue.
Completeness and schema validation mechanisms caught
entries with account hierarchies that didn't match or null values

that weren't allowed in required financial attributes. This early
detection made it much less likely that wrong data would get
into financial statements or audit reports.

To measure effectiveness, each batch of data was given a data
quality score, which was the number of valid records divided
by the total number of records processed. A minimum
acceptable threshold of 95% was set to ensure that operations
were acceptable. In the baseline runs with clean data, the
quality scores stayed above 99.2% all the time, which shows
that the validation mechanisms did not block legitimate data.
However, when the data included fake entries, the scores
decreased to 84% and 92%, depending on how often and what
kind of counterfeit entries were made. These lower scores were
strongly linked to more fraud detection flags, showing how
sensitive the framework is to changes in quality.

Figure 1:Fraud Detection Rate by Data Quality Dimension

This bar chart illustrates how each data quality dimension,
completeness, accuracy, consistency, timeliness, and integrity,
contributes to the fraud detection rate, highlighting that
accuracy and completeness are the most impactful.

We also made a bar chart to show how well the validation
worked across the five main data quality dimensions:
completeness, accuracy, consistency, timeliness, and integrity.
The chart showed that completeness and accuracy checks
found the most fraudulent records, with rates of about 78% and
82%, respectively. This was because they were good at finding
missing fields and wrong values. Timeliness checks found less
fraud (about 44%), but they helped point out delays in data
availability, which could mean that people were trying to get
around system controls. Integrity validations, like hash-based
row comparison and ledger cross-checks, worked well and
found more than 70% of complex fraud patterns that involved
changing or deleting data.

We also looked at how well the processing worked. The
validation framework added 8-10% to the total ETL runtime.
This was seen as acceptable in financial reporting situations
where accuracy and preventing fraud are more important than
speed in real time. Additionally, false positives—records that
were not fraudulent but were wrongly flagged by the system—
remained below 5%, showing how accurate the built-in
validation rules were when used with financial data semantics.

The fraud detection model that worked with the framework
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also worked better. When data that the framework had already
checked was put into an existing machine learning model for
fraud classification, its precision went up from 71% to 87%,
and its recall went up from 65% to 82%. This showed that
clean, high-quality input data is essential for making fraud
analytics work well in the future.

In short, the results show that adding a structured data quality
framework directly to financial reporting pipelines makes the
reported data more reliable and makes it easier to find
fraudulent transactions before they happen. The framework
not only makes it easier to audit, but it also makes financial
information systems more reliable and trustworthy.

V. DISCUSSION

The results obtained from the experimental implementation of
the data quality framework reinforce the hypothesis that
proactive validation of financial data significantly enhances
the detection of fraudulent activities in reporting pipelines.
Beyond mere operational accuracy, the embedded quality
checks act as systemic barriers to propagating manipulated or
erroncous data through financial systems. This discussion
explores the implications of these findings in practical
financial environments, addresses the framework's limitations,
and outlines potential enhancements for broader applicability.

One of the most compelling observations is the strong
correlation between data quality scores and the reliability of
fraud detection mechanisms. As the results demonstrated,
lower data quality was almost always accompanied by higher
rates of fraud flags, indicating that fraudsters often exploit
poor quality control or validation blind spots to conceal their
activities. This finding challenges a common misconception
within financial organizations that fraud detection should be
the exclusive domain of forensic tools or anomaly detection
algorithms. In reality, many fraudulent patterns can be
surfaced—or even prevented—by strengthening the
underlying data pipeline with structured, context-aware
validation rules. This improves the chances of early detection
and reduces the burden on downstream analytical models,
which often struggle with noise introduced by low-quality
data.

Moreover, integrating data quality validation at multiple points
in the pipeline, especially during the transformation and
loading stages, proved crucial. Financial fraud often manifests
as subtle transformations or data manipulations that may not
be visible at the raw input stage, for example, changing a
ledger classification or altering a journal entry after initial
ingestion could bypass simplistic ingestion-time checks. The
modular placement of validation logic in the framework,
spanning schema validation, referential integrity checks, and
reconciliation processes, ensured that such transformations
were monitored, improving fraud coverage across different
manipulation tactics.

Pusiness Controflerns

Campliance

Date Crginesring

Figure 2: Stakeholder Effort Distribution in Framework
Implementation

Including real-time dashboards and feedback loops further
enhances the framework's practicality. Financial data quality is
not static; it evolves with operational changes, new
regulations, and evolving fraud patterns. Visualizing
anomalies, tracking rule violations over time, and fine-tuning
validations is critical for continuous improvement.
Compliance teams can use these metrics to intervene in
specific incidents, update internal controls, and inform audit
procedures based on recurring data quality failures.

Nevertheless, the framework is not without limitations. First,
the effectiveness of the validation rules is highly dependent on
domain knowledge. While applicable, generic rules, such as
null checks or data type enforcement, are insufficient for
detecting complex financial fraud. Effective integrity and
reconciliation rules require deep familiarity with the
organization's accounting structure, business logic, and risk
vectors. This means that the framework, though technically
reusable, must be customized extensively for each financial
context, which can slow down deployment timelines.

Secondly, while the false positive rate was maintained below
5%, some edge cases demonstrated the risk of overflagging
when business exceptions—such as legitimate journal
adjustments or backdated entries—violated predefined rules.
This raises the need for a more adaptive validation mechanism
incorporating historical behavior or contextual thresholds,
possibly using statistical baselines or unsupervised learning to
refine rules dynamically without hardcoding every exception.

Scalability is another consideration. While the framework
performed well with medium-volume synthetic datasets,
enterprise-grade financial systems may involve tens of
millions of records processed daily. Maintaining validation
performance in such environments may require optimization
techniques such as rule prioritization, sampling-based
evaluations, or distributed execution strategies. Integration
with parallel data processing frameworks like Apache Spark or
Flink could also help scale this framework across larger
pipelines without introducing latency.

Finally, from a governance perspective, the success of such a
framework depends on strong collaboration between data
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engineers, compliance officers, and business controllers.
Embedding data quality into fraud detection is not an IT
initiative alone. It must be recognized as a cross-functional,

compliance-critical activity supported by governance policies,
data stewardship roles, and periodic audits of validation logic
itself.

In conclusion, this discussion affirms that data quality
frameworks, when strategically designed and operationalized,
are technical enhancements and crucial control points for
reducing financial fraud risk. While implementation
challenges and limitations exist, the benefits in fraud
prevention, auditability, and reporting reliability far outweigh
the overhead. As financial institutions increasingly migrate to
automated, cloud-based systems, integrating such frameworks
will be indispensable for maintaining the trustworthiness and
transparency of financial operations.

VI. CONCLUSION

The study presented in this paper establishes the critical
importance of data quality as an enabler of effective fraud
detection within financial reporting pipelines. As economic
systems evolve into increasingly automated and data-intensive
architectures, the role of clean, validated, and contextually
accurate data becomes more than an operational necessity—it
becomes a security imperative. By embedding validation
checks across multiple stages of the ETL process and aligning
them with the specific characteristics of financial data,
organizations can introduce a first line of defense against
fraudulent manipulation.

The proposed framework, which incorporates completeness,
accuracy, consistency, timeliness, and integrity dimensions,
demonstrates how data quality assurance can be
operationalized in a structured and measurable manner. Unlike
traditional fraud detection models that rely heavily on
analytics at the final reporting stages, this framework
emphasizes upstream controls, detecting and preventing
anomalies at the data entry or transformation point. This shift
in focus ensures that malicious or erroneous data is filtered
before it compromises financial statements, internal controls,
or compliance outcomes.

The framework's empirical evaluation, using synthetic datasets
designed to emulate real-world financial reporting systems,
underscores its practical viability. Detection rates of over 94%
for injected fraud patterns and significant improvements in
downstream analytics precision confirm that targeted data
quality interventions can amplify the effectiveness of both
rule-based and machine learning-based fraud detection
models. Furthermore, the low false favorable rates, dashboard-
enabled visibility, and automated alerting mechanisms support
the framework’s adoption in operational environments without
overwhelming financial controllers or auditors.

Equally important is the governance model that supports the
technical framework. Data quality for fraud detection cannot
be confined to IT departments or compliance teams alone. It

must become a shared responsibility, driven by a collaborative
approach involving business stakeholders, data engineers,
internal auditors, and regulatory teams. This study emphasizes
the need for continuous feedback loops, whereby quality
metrics inform rule refinement, and new fraud trends drive the
evolution of validation logic. Such a dynamic and feedback-
driven system ensures resilience against known fraud tactics
and emerging patterns of financial deception.

From a systems design perspective, the framework's
adaptability to various data processing platforms—including
batch, streaming, and hybrid pipelines—makes it suitable for
deployment across a broad spectrum of financial
environments. Whether used within on-premise ERP systems,
cloud-based accounting platforms, or integrated compliance
reporting suites, the modular design supports incremental
adoption and scaling based on data volume, criticality, and risk
exposure.

There are strategic considerations for future enhancement. As
financial ecosystems become more complex, incorporating Al-
driven techniques into the data quality scoring process could
provide even more granular insights into potential fraud
scenarios. For instance, anomaly detection algorithms trained
on quality-flagged datasets may detect emerging fraud risks
faster than static rules. In addition, enriching validation layers
with semantic context—for example, by integrating domain
ontologies or industry-specific accounting standards—could
improve accuracy in complex reconciliation tasks or inter-
ledger integrity checks.

The insights derived from this study are especially timely for
organizations preparing for digital audits, adopting
international financial reporting standards, or undergoing
compliance transformations due to new regulatory mandates.
By positioning data quality as a technical asset and a strategic
control, the proposed framework provides a blueprint for
building fraud-resilient financial reporting systems. It also
conveys that financial data integrity is not an afterthought but
a cornerstone of sustainable, trustworthy business practices.

This paper highlights that the path to accurate, compliant, and
fraud-resistant financial reporting begins not at the dashboard
or the audit trail, but at the data itself. Organizations that invest
in data quality frameworks as part of their fraud detection
strategy will safeguard their financial integrity and enhance
stakeholder trust and long-term organizational value.
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