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ARTICLE INFO ABSTRACT

High-throughput data streams are used to process transactions, detect fraud,
resolve reconciliations, manage customer relationships and generate compliance
Revised: 20 Oct 2026 reports in the financial sector. Traditional monitoring approaches primarily rely on

rule-based alerts and thresholds to detect anomalies without providing explanations
Accepted: 30 Oct 2026 of potential impact and regulatory significance. This can slow down investigations
and overwhelm analysts. To overcome this problem, this paper introduces a new
data quality governance framework enhanced with Large Language Model (LLM)
mechanism that integrates anomaly detection, context-aware reasoning,
confidence-based prioritization, schema drift intelligence, and governance
reporting. The architecture combines transaction monitoring systems with a Large
Language Model (LLM)-based reasoning engine to provide actionable insights on
the basis of alerts. Anomalies are augmented with metadata lineage, historical
patterns, structural relationships, and criticality to predict impact, determine the
cause, and suggest fixes. A schema drift analyzer assesses structural drift and its
impact, and an automated reporting engine produces human-friendly reports for
auditors and governance. In experimental testing using the Credit Card Fraud
Detection, PaySim data sets and synthetic schema use-cases, metadata and system
logs, the proposed approach yielded 96.8% precision, 95.1% recall and 95.9% F1-
score, with reports 10% better (94%) than previous methods (84%). The findings
demonstrate that the proposed approach establishes a connection between technical
and business anomalies and offers a practical approach towards next-generation
trustworthy financial intelligence systems.
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1.0 INTRODUCTION

The digitisation of finance has elevated data pipelines to the lifeblood of organisations. Veracious data is the
lifeblood of financial institutions as immense flows of information travel through payment and customer channels,
fraud and trading systems, credit and regulatory databases every second. These data pipelines must run accurately,
swiftly, and continuously because a small error can result in big problems. An entry of a transaction twice will
disrupt settlements; a null value will undermine risk computing and a structural change identified by default might
disrupt compliance reporting. In these settings, the data quality has evolved to go beyond a technical back-end
operation and emerged as a key cornerstone of financial governance. Most governance approaches emphasise the
use of validation rules, threshold settings, reconciliation, profiling and dashboard reporting. These measures are
helpful in detecting anomalies, but they are often limited to detection. They might tell you that there is an error, but
not what caused it, what the impact is, what downstream processes are impacted, or what to do. As a result, the
investigation teams have to manually examine logs and compare schemas, trace dependencies, and translate the
technical findings into the language comprehensible to the auditors or management. This manual dependency
enhances operation delays, cost of investigation, and uncertainty in decision making. This is more of a challenge in
high volume financial ecosystems where structural changes occur regularly. The introduction of new digital
offerings, changes to customer-facing services, third-party partnerships, and regulatory changes all impact data
models. Changes in schema such as renaming of attributes, datatype mismatches, field reordering or changes in
mappings can cause downstream reporting and analytics processes to malfunction. There are numerous tools
available today that are able to identify drift, but very few are able to make decisions about business impact or the
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urgency of governance. This means that the impact of these problems may only be fully realized in the event of
service or reporting outages.

Recent advancements in Large Language Models (LLMs) provide a new opportunity to address this governance
challenge. These models can interpret and reason about context, represent and summarize structure, and generate
natural language. Their combination with trusted metadata, e.g. lineage records, schema history, execution logs,
and quality metrics can be used to provide an intelligent reasoning layer on top of existing monitoring systems.
They do not substitute the existing controls: they augment them with the translation of alerts into a comprehensible
explanation, with an estimate of the impact of operations, with the ranking of remediation priorities and with the
generation of governance evidence readable by humans. This research presents a very novel Large Language Model
(LLM)-Augmented Data Quality Governance Framework for financial pipelines. The framework combines three key
features: semantic anomaly understanding, schema drift impact intelligence and audit narrative generation. By
doing so, technical alerts and system signals are converted into useful insights to contribute to effective governance
decisions. It is proposed to shift the paradigm of financial institutions from a reactive data monitoring to a
proactive data governance, so now models not only monitor but also understand, explain and audit them in real-
time. This can enhance trust, accountability, compliance, and efficiency in today's financial environments.

2.0 RELATED WORKS

Large Language Models (LLMs) have evolved from generating text to intelligent data management, governance,
and decision support, thanks to recent advancements in enterprise data engineering. Research has shown that
LLMs can be used to interpret metadata, orchestrate workflows, and perform enterprise-scale analytics, all while
being more context-aware. In the recent study on cyber threat intelligence and AI powered data pipelines, it has
been shown that context can go a long way to improve the ability to detect anomalies, monitor systems and make
adaptive decisions in large-scale operational environments [1], [2], [3], [9], [12]. Meanwhile, the use of LLMs has
introduced new challenges in areas such as governance, trustworthiness, data provenance, privacy, and compliance,
which have prompted the establishment of principles for responsible AI use and the importance of evidence-based
data stewardship [4]—[7]. Recent studies highlight the importance of validation and quality assessment for Al-
driven insights in business-critical processes [5], [13].

Another research field is the deployment of LLMs in a domain-specific manner to serve enterprise applications.
Prompt engineering techniques have been proven to be helpful in enhancing contextual understanding and decision
support in financial and cloud applications [8]. Previous research has also investigated hybrid systems comprising
of rule-based validation and machine learning or LLM-based reasoning for data quality assurance, anomaly
interpretation, and operational monitoring respectively [10]-[12]. Additionally, in the regulated environments,
transparency, human supervision, and decision making based on confidence [11, 14] are emphasized by the quality
assurance frameworks that could be explained and the models of Trust, Risk and Security Management (TRiSM).
Although these strides have been made, there is little focus in the literature on bringing together semantic anomaly
interpretation, schema drift reasoning, confidence-based governance and automated audit reporting in high
volume financial data pipelines. This is a deficiency that makes the proposed data quality governance framework
with LLM more attractive.

Data quality verification has been addressed mainly through declarative constraints and statistical profiling. Deequ
expresses data quality requirements as unit tests that run on large datasets and computes the underlying metrics
incrementally [15], and the data validation component of a production machine-learning platform checks incoming
data against a schema to detect anomalies, skew and drift [16]. Both approaches are effective at detecting violations,
but they leave the interpretation of a violation, including its likely cause and its significance for downstream
reporting, to the engineer.

Schema evolution has been studied from the database perspective. Curino et al. propose schema modification
operators and automated query rewriting to support migration between schema versions [17]. Such formal
approaches determine how queries and data can be adapted to a new schema, but they do not rank changes by
business impact or compliance exposure, which is the question addressed by the drift risk index in this paper.
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Large language models are increasingly applied to data management tasks. Liu et al. use LLMs to generate realistic
errors for benchmarking data cleaning techniques [18]. Retrieval-augmented generation grounds model output in
retrieved documents [19], a principle that the proposed framework applies by supplying lineage, schema history
and incident records to the model as context. Because LLMs can produce fluent but unsupported statements,
surveys of hallucination catalogue its causes and mitigation strategies, including retrieval grounding [20]; in this
work, grounding is combined with confidence-based routing and human review. For the evaluation of generated
text, LLM-based judging has been widely surveyed [21]. Among classical detectors, Isolation Forest isolates
anomalies by random partitioning and is a common baseline for transaction monitoring [22].

3.0 PROPOSED SYSTEM ARCHITECTURE

The proposed system design is to transform the existing alerts-based monitoring into a high-volume financial data
stream based smart governance system. The framework integrates with existing observability tools and employs
Large Language Model (LLM) reasoning to automatically identify and report semantic anomalies, analyze the
effects of schema drift, and ensure data is compliant with the latest standards. The overall structure of the proposed
system is shown in Fig. 1.

Enterprise pipelines receive the incoming data, which is ingested, transformed, validated, stored and delivered
downstream to analytical systems. Current observability and monitoring solutions are also alive in this phase and
they are doing rule-based validation, reconciliation monitoring, threshold monitoring, statistical profiling and
machine-learning-driven anomaly detection. These instruments are useful to identify the presence of the operation
abnormality, yet they cannot usually answer how the problem occurred, which business functions were impacted,
and how the effects could be severe. To handle this semantic gap, the proposed framework presents an LLM-based
reasoning layer to work on the top of traditional monitoring engines. Upon the detection of an anomaly, the
operational context including the lineage of the source, the changes, the patterns of past incidents, dependencies of
the transformation, and the business criticality labels are obtained out of the metadata repository and delivered to
the model. The LLM then processes the anomaly by estimating the likely root causes, determining the affected
downstream systems, assigning levels of severity and remediation recommendations. To use the example, a sudden
shift in the values of null transactions can be viewed as an upstream API mapping failure in the reconciliation
processes, and not just as an indication of a missing-value warning.

The reasoning layer uses GPT-40 to analyze anomalies detected from the contextual data gathered from the
governance repository. Anomaly metadata includes lineage, schema history, historical incidents, business criticality
labels and downstream dependencies and are added to the prompt context for each anomaly.
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Fig. 1: Overall architecture of the proposed LLM-augmented data quality governance framework
for financial data pipelines.
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The model is operated at 0.3 temperature for consistent responses. The framework includes the characteristics of
the anomaly, as well as metadata related to operations and compliance to facilitate root cause identification, impact
assessment, and recommendation for remediation. This helps decisions to be made based on organisational
evidence, not on knowledge of generic models, which enhances the reliability and traceability of governance
outcomes.

The framework is also equipped with a smart schema drift analysis tool that is applicable to dynamic financial
ecosystems in which data structures are regularly changing. The proposed system assesses these changes based on
dependency graphs, lineage paths and business metadata to identify the downstream systems that are likely to be
impacted. Moreover, risk scores are also allocated in a way that the organizations can prioritize corrective actions
according to the business sensitivity and exposure to compliance.

The score of the anomaly severity in the framework is mathematically expressed as:
Sa=oaE+ Bl +vyC (1)

S, denotes the score of the anomaly severity, E represent event magnitude (e.g. null spike or volume deviation), I is
the estimated downstream impact and C reflects business criticality of the affected data set. The weighting factors
(coefficients alpha, beta and gamma) are chosen based on institutional priorities (alpha + beta + gamma = 1). An
increased severity score suggests that the anomaly needs to be investigated or escalated.

To assess changes in the structural schemas, the framework computes a drift risk index as:

Rq = " @
R4 is the schema drift risk index, N, is the number of impacted downstream assets, N.. is the number of compliance-
sensitive dependencies, N, is the number of connected downstream entities and A is a regulatory weighting factor.
When the drift risk index surpasses a pre-determined limit, it escalates the event to be reviewed by humans. Such
formulation allows the system to differentiate between high-impact and low-impact changes in the structure and
those changes that can interfere with the mission-critical processes of reporting.

4.0 RESULTS AND DISCUSSION

The following section discusses the performance of the suggested LLM-enhanced financial data governance
framework with the help of the chosen transaction data along with the generated governance scenarios. The
assessment was crafted to not only gauge the performance of detecting anomalies, but also gauge the patterns of
fraud behavior, decision support of confidence, and downstream compliance. In contrast to traditional research
which focuses on accuracy of classification, the current research paper examines how irregularities that are detected
may be converted to practical intelligence to be used by monitoring teams, auditors, and governance managers. The
results show that the suggested framework is able to successfully integrate statistical anomaly discovery with
interpretable prioritization and business-impact awareness.

In order to give a clear evaluation, the evaluation was divided into six steps. The behavior of datasets was initially
analyzed using the amount of transaction distribution. Second, the patterns of frauds were observed in terms of
time to determine weak operating periods. Third, amount and velocity features were used to analyze anomaly
separation. Fourth, the concentration of fraud was calculated between the intervals of the transaction value. Fifth,
confidence levels of the models were assessed to promote credible automation. Lastly, compliance sensitivity at the
downstream was evaluated to gain insights into the impact of data quality problems on dependent systems. All of
these experiments provide technical and governance-focused evidence of the suitability of the framework to be used
in practice.

4.1 Datasets and Metrics

The framework is evaluated on two public transaction datasets and a set of synthetic schema-drift cases. The Credit
Card Fraud Detection dataset contains transactions made by European cardholders over two days in September
2013, with 492 frauds among 284,807 transactions [23]. PaySim is a synthetic mobile money simulator whose data
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are generated from a sample of a real transaction log [24]. Performance is measured with precision, recall and F1-
score for anomaly detection and with the Report Quality Score for report usefulness.

4.2 Detection and Reporting Results

Null Value Spike
1.0

Amount Outher
0.8
Velocity Anomaly IL

Schema Mismatch

e
=)

Temporal Pattern

Anomaly Type

Attention Weight

e
IS

Reconciliation Failure

Duplicate Records se'x. 55%
o Illlr il!ll
b s

x4

0.2

o
=)

>
.1.0"@'*
E
R

&
@“5’6‘@&“ \hz ?50

Input Features
Fig. 2: LLM Attention Heatmap for Explainable Anomaly Interpretation

Fig. 2 shows the focus on attention produced by the LLM reasoning layer in understanding various types of
anomalies. All the types of anomalies focus on various contextual inputs. As an example, amount outliers are highly
dependent on the value of the transactions, velocity anomalies are driven by the movement score, schema
mismatch events are supported by the schema version and lineage, and null spikes are focused on the percentage of

missing values. This transparency improves the level of trust, interpretability and audit readiness in the proposed
framework.

The performance of the conventional baseline model and the proposed LLM-augmented framework in terms of
ROC are compared in Fig. 3. The two approaches have high levels of classification, and the proposed system has
excellent true positive rates in a variety of false positive ranges. The curve close to the upper-left area attests to the
high sensitivity of fraud detection with few false alarms. This result shows that semantic reasoning does not have a
negative impact on the basic predictive performance, since it can improve anomaly prioritization.
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Fig. 3: ROC Curve Comparison Between Baseline and Proposed Model

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 221

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management
2026, 11(4S8)

e-ISSN: 2468-4376

https://www .jisem-journal.com/ Research Article

Report Quality Score (RQS) is a measure of the value and utility of the reports for governance, assessing three
attributes, clarity, completeness and actionability. The final score is represented in a normalized percentage with
higher scores representing more informative and decision-supportive reports.

Table 1: Performance Comparison Between Baseline and Proposed Framework

Metric Baseline (%) Proposed (%) | Improvement
Precision 91.2 96.8 +5.6
Recall 88.5 95.1 +6.6
F1-Score 89.7 95.9 +6.2
Report Quality Score 84.0 94.0 +10.0

Table 1 shows the proposed framework in comparison to the traditional baseline approach. The proposed model
demonstrated a higher accuracy and reliability in anomaly detection, with an increase in precision (96.8%), recall
(95.1%) and F1 score (95.9%) compared to the baseline. In addition, there was a significant increase in Report
Quality Score from 84.0% to 94.0% indicating improved clarity and actionability of governance reports. To sum up,
the results demonstrate the effectiveness of the suggested smart financial data governance framework and the LLM.

Overall, the proposed framework is more than a typical fraud detection pipeline. These systems commonly provide
binary labels or stand-alone anomaly scores, which are not particularly helpful to governance. Conversely, This is
especially important in the modern financial settings, in which quick operations, trustworthiness of stakeholders,
and unending audit readiness are all necessities. The experiments demonstrate not only the ability of the system to
detect anomalies but also to transform the very basic anomalies into governance insights. The system provides an
opportunity to move towards the next generation of financial surveillance systems that require explainability, value
the importance of events and guarantee audit readiness. Thus, the practicality and need for the proposed approach
have been confirmed by the results, which can be implemented in enterprise sized systems.

4.3 Limitations and Threats to Validity

Several limitations should be considered when interpreting the results. First, the schema-drift cases are synthetic
and the transaction datasets are public benchmarks, so the results do not establish performance on production
pipelines with proprietary lineage and incident histories. Second, the evaluation does not include component-level
ablations or a comparison across different language models, so the contribution of individual components and the
dependence on GPT-40 remain to be established. Third, LLM output can be fluent but unsupported [20]; the
framework reduces this risk by grounding each prompt in retrieved metadata [19], by using a low sampling
temperature and by routing high-severity items to human review, but it does not eliminate it. Fourth, repeated calls
to the same model may not return identical text, so generated reports may vary between runs. Fifth, sending lineage
and schema metadata to an external model has privacy and cost implications that institutions must evaluate against
their own policies, and latency may limit use in strictly real-time settings. Finally, the assessment of report quality
is inherently subjective. Future work should address these limitations through evaluation on production data,
ablation studies, comparison across models and a more detailed reporting of the scoring procedure.

5.0 CONCLUSION AND FUTURE ENHANCEMENTS

This paper has introduced the LLM supported data quality governance structure for high volume financial
pipelines. The proposed architecture includes the following components: Anomaly detection, Contextual reasoning,
Confidence based decision routing, Schema drift analysis and Automated audit reporting in one governance
environment. The framework will enable organisations to leverage operational metadata, lineage data and
governance intelligence to make the monitoring process more interpretable and actionable, rather than being an
alarm raising event. Results of the experimental evaluation on financial transaction datasets and governance
scenarios resulted in good performance of precision of 96.8%, recall of 95.1%, and F1 of 95.9%, and an
improvement of the quality of governance reports by increasing the clarity and actionability. Future work will
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include: integration of graph-based behavioral analytics to identify more complex fraud patterns, federated
learning to enable institutions to share and collaborate while preserving privacy, and multimodal governance
inputs including logs, documents and customer interactions. In addition, blockchain technology could improve
traceability, transparency and governance efficiency in financial ecosystems and web-of-trusts even more in large-
scale financial systems and their web-of-trusts.
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