Copyright © IJCESEN

International Journal of Computational and Experimental

MCESEN

Science and ENgineering B (e
(IJCESEN) -
Vol. 11-No.4 (2025) pp. 7920-7927 —
http://www.ijcesen.com -

|§SN: 2149-9144

Research Article

Al Augmented ETL Pipelines for Automated Data Quality Anomaly Detection

and Governance
Raghu Gopa*

Wilmington University, USA

* Corresponding Author Email: ragh2u@gmail.com - ORCID: 0000-0002-5247-7890

Article Info:

DOI: 10.22399/ijcesen.4124
Received : 06 February 2025
Accepted : 25 March 2025

Keywords

Al-augmented ETL;
Anomaly detection;

Data governance;

Machine learning pipelines;
Data quality assurance

Abstract:

As enterprise businesses rely more and more on real-time, high-volume data pipelines,
it has become important to ensure data quality, integrity, and compliance. Traditional
Extract, Transform, Load (ETL) processes can be deficient in anomaly detection and
enforcement of governance, particularly at scale and speed. This article investigates the
new Al-enriched ETL pipelines and how they can become a game-changer in ensuring
regulatory compliance and automation of data quality assurance. Incorporating machine
learning models in data workflows, organizations will enable their processes to
dynamically identify anomalies, implement data governance verification, categorize
sensitive data, and establish audit traces. Case studies across various industries show an
increase in the accurate detection of targets, fewer cases of false positives, and better
rates of compliance. The paper also addresses such topics as architectural
considerations, major issues related to federated learning (including model drift and
explainability), and future research in federated learning and explainable Al. These
smart pipelines focus on a transition from reactive observing to highly autonomous,
data management structures.

1. Introduction

Although the pandemic world is a world of data-
based decision-making, ETL pipelines are the
backbone of digital companies because they allow a
smooth flow of data across multiple sources to
analytics and reporting tools. The increasing rate of
data volume, velocity, and variety has, however,
rendered the definition of the traditional ETL
pipelines ineffective due to the challenges in
sustaining a high standard of data quality, anomaly
detection, and governance standards. The use of
more real-time and distributed systems has brought
in the challenge of schema inconsistencies, data
unavailability, outliers, and late-arriving records,
leading organizations to make inaccurate insights,
face regulatory risks, as well as performance
slowdowns [1, 2]. The Al-enhanced ETL pipelines
are becoming the revolutionary paradigm to address
these challenges. The direct implementation of
artificial intelligence (Al) and machine learning
(ML) models in pipeline layers will enable the
automated monitoring, data anomaly detection, and
response without operator interaction. These smart
pipelines can not only enhance real-time profiling

of data quality, but also dynamic enforcement of
rules and adaptation of policies, as well as proactive
governance mechanisms across data lifecycles [3,
4]. Anomaly detection and data governance have
always been considered after-proc or distinct
disciplines. This is redefined with the integration of
Al, where anomaly detection can be carried out
simultaneously with the data movement and
transformation. With the use of | models, it is
possible to extract patterns using historical data and
deduce the expected distributions, and raise an
alarm when they occur. Tagging, classification, and
lineage tracking are also automated, which is also
important with regard to compliance in regulated
industries [5]. This paper explores how Al
technologies are revolutionising classic ETL
pipelines to become intelligent systems that
monitor abnormalities and automatically provide
governance. The following pages will look into
trends of ETL processes, issues in modern data
quality activities, the construction of Al-augmented
pipelines, ML models that can help detect
anomalies, the governance implications of all that,
the experimental findings of implementations, and
what the future holds.
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2. Evolution and Limitations of Traditional
ETL Pipelines

To appreciate the value Al brings to ETL, one must
understand how conventional ETL systems operate,
as shown in Figure 1. Traditional ETL workflows
involve extracting data from structured or semi-
structured sources, transforming the data to match
target schemas or business logic, and loading it into
data warehouses or lakes. These flows are typically
scheduled in batch cycles and rely on deterministic
scripts or rules for transformation and validation [6,
7]. However, such pipelines struggle with
adaptability. As data schemas evolve and sources
become heterogeneous, fixed transformation logic
often breaks or leads to poor data quality.
Moreover, conventional ETL tools lack the
capability to detect subtle anomalies such as
distribution shifts, inconsistent aggregations, or
time-based drifts, especially in real-time streaming
environments. These weaknesses have spurred the
need for Al-driven interventions that can enhance
ETL robustness. Another limitation lies in the
rigidity of data validation logic. Most pipelines use
simple checks like null detection, value ranges, or
type conformity. While useful, these checks cannot
detect contextual anomalies, such as a drop in
transaction volumes on a major shopping holiday or
a temperature sensor reporting values within range
but inconsistent with regional trends. Al and ML
models overcome these limitations through pattern
recognition and probabilistic modeling. Given these
constraints, the move toward Al-enhanced ETL is
not just an innovation but a necessity. The next
section explores the conceptual shift from
traditional rule-based validation to Al-augmented
guality assurance.

3. AI-Augmented Data Quality Monitoring:
Concepts and Architecture

Al-augmented ETL pipelines integrate learning
algorithms at various stages of data processing.
These models learn normal behavior from historical
data and flag deviations during extraction,
transformation, or load. This architecture ensures
continuous monitoring and dynamic quality control,
moving beyond rule-based validation toward
adaptive intelligence [8, 9]. The architecture of
such a system typically involves a layered design
where ML models are placed alongside
transformation rules. The first layer performs raw
extraction from diverse sources such as databases,
REST APIs, 10T devices, or flat files. During this
phase, anomaly detection models monitor for
schema changes, field mismatches, and extract time
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outliers. The transformation stage includes
regression or classification models that validate
data distributions, detect drift, and classify
anomalies. Finally, before data is loaded, another
layer ensures referential integrity, duplication
checks, and governance tagging based on learned
rules.

Importantly, these layers are in communication
with a centralized monitoring and feedback
platform, which stores model results, sets alerts,
and refreshes data quality dashboards. Such closed-
loop feedback allows retraining of models on false
positives and feeds into governance and compliance
modules. It is also the case that Al-augmented
pipelines can give higher priority to anomalies. All
the data deviations are not equal in terms of
business impact; in other words, a missing ZIP code
could not be so important compared with the
missing transaction ID in a financial application.
Anomaly severity scores can be assigned with L
models and prioritise response and remediation
actions. This adaptive evaluation cannot be made
when using hard-coded regulations. Moving on, it
is important to clarify what kinds of ML algorithms
were applied to ML in anomaly detection as part of
ETL flows.

4. Machine Learning Models for Anomaly
Detection in ETL Pipelines

With the use of Al to discover anomalies in ETL
pipelines, machine learning models play an
important role because they are more applicable to
certain data and anomaly types, as shown in Figure
2. These models can be categorized into supervised,
unsupervised, and semi-supervised learning. The
supervised models depend on labeled data and are
very suitable where previous anomalies are known.
They are logistic regressions, decision trees, and
neural networks learned to distinguish normal and
anomalous records [10, 11].

Labeled anomalies are not necessarily very
common in practice, so unsupervised methods tend
to be more common. Clustering algorithms can be
used, such as DBSCAN and K-means, as well as
dimensionality reduction, such as PCA and t-SNE,
to identify patterns and outliers that do not fit the
pattern. Autoencoders, Deep neural networks
trained to learn the input data reconstruction, are an
effective way of detecting such outliers based on
reconstruction error. Similarly, Isolation Forests
recursively partition the data, and anomalous data
end up in smaller partitions. To handle any time-
series anomalies that may be the case often in
streaming ETL, a temporal model will be needed,
like an ARIMA model, Prophet, or LSTM network.
The models allow picking up trends, detecting



Raghu Gopa / IJCESEN 11-4(2025)7920-7927

seasonal behaviors, and reporting abrupt changes.
As an illustration, a sales stream observed in one
hour can be identified as not acting according to a
previously learned behavior, and an alert of
anomaly can be produced accordingly.

A newer approach is the use of hybrid models that
combine multiple algorithms for higher accuracy.
These ensembles use voting mechanisms or
weighted confidence scores to consolidate
predictions. Moreover, models are often deployed
in an online learning mode, where they update
continuously with new data to adapt to evolving
patterns. The effectiveness of these models depends
on feature engineering that extracts meaningful
variables such as ratios, time lags, and categorical
embeddings. Feature drift detection is another
concern; if input distributions shift significantly,
retraining is triggered to maintain accuracy. With
intelligent anomaly detection in place, the next
layer of value is in enforcing governance, ensuring
data usage complies with policy, security, and
regulatory standards. The following section
discusses how Al enables automated governance
within the same pipeline. Continuing from our
detailed discussion on Al-based anomaly detection,
we now explore how Al augments data governance
within  ETL pipelines, ensuring compliance,
transparency, and security through automation.

5. AI-Driven Data Governance in ETL
Pipelines

As organizations continue to move towards the
data-dependency arena, the requirement to have
powerful governance frameworks cannot be wished
away. Data governance term is used to denote the
procedures, policies, and mechanisms that ensure
data is correct, secure, obtainable, and matching
within  the company, as well as external
compliance. Still, traditional ETL governance is
mostly manual and error-prone, with much of the
process being post-execution-based. By introducing
automation, intelligence, and context awareness to
this framework, Al-driven governance provides the
capability to act proactively when enforcing
privacy [12, 13], instead of applying these measures
in a post hoc manner through auditing. Automated
data classification is one of the major applications
of Al in governance. NLP models will be able to
analyze column names and values as well as
metadata to determine data types: PII, sensitive
financial data, intellectual property, etc. When these
are classified, they can be automatically tagged
with sensitivity levels, and subsequent masking,
encryption, or access control policies can be
triggered automatically. Data lineage tracking is
another important element. Knowledge of how the
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data has been transformed between the source and
the target is very important to auditability and
debugging. Lineage can be developed by
correlating  metadata, query  logs, and
transformation logic, resulting in a visual and
queryable lineage graph. These models are capable
of detecting discrepancies between schema
transformations and source schemas that may not
be identified through static rules. In terms of
compliance, Al systems can map data policies to
pipeline components, ensuring each data asset
passes through validation steps appropriate for its
classification. For example, GDPR-mandated
retention policies can be enforced by auto-expiring
datasets with identified personal data after a certain
period, based on model-driven classification.
Moreover, Al enables context-aware anomaly
handling. When anomalies are detected, governance
systems can determine whether the deviation is
benign or harmful based on historical context and
risk models. A deviation in test environment data
might be ignored, while a similar deviation in
production with customer records would be
escalated. All of this relies on integrating Al
governance components as microservices or APIs
into ETL platforms. These services expose
interfaces for classification, risk scoring, policy
enforcement, and audit logging, turning governance
into a continuous, integrated process rather than a
fragmented overlay.

To visualize how anomaly detection and
governance functions align in the architecture, we
provide a consolidated system view in the table 1.
With both anomaly detection and governance
effectively integrated, the next critical step is
evaluating the impact of these systems in practice.
The following section details experimental setups,
performance benchmarks, and observed benefits
from deploying Al-augmented ETL in real-world
environments.

6. Experimental Evaluation and Case
Studies

To measure the effects of Al-augmented ETL
pipelines, we considered a row of real-life case
studies related to the spheres of healthcare, finance,
and e-commerce. The cases were narrowed down to
implementing ML models in the ETL pipelines to
identify anomalies and execute governance, where
results were compared to those of traditional
pipelines. The metrics used were anomaly detection
accuracy, false positive/negative rates, policy
coverage, and performance under production-sized
data loads [16, 17].Within a financial transaction
processing system, historical transfer logs were
used to train a supervised anomaly detection model,
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based on features of the transaction amount,
location, frequency, and time-of-day. Results
showed that this model identified 97 percent of the
erroneous or fraudulent entries with a false positive
rate of less than 2 percent. When applied in the
ETL transformation layer, it cleaned up the bad
data before reaching reporting systems and, so
reduced errors in reconciliation by 48 percent in 3
months. Without any supervision, an unsupervised
autoencoder was applied to one healthcare data
warehouse, which aimed to find anomalies in
updating patient records. The missing diagnosis
codes, multiple entries on a single diagnosis, and
unlikely combinations (e.g., pediatric dosage of a
senior patient) were captured as anomalies in the
model. Simultaneously, a governance classifier
labeled fields that contain PIl and forced it to be
anonymized prior to being used to generate
research analytics. The percentage increment in the
compliance audit scores was 23 when compared to
legacy systems. In the e-commerce analytics
pipeline, Al governance services enforced data
usage policies that depended on sensitivity and
access roles. Data records of sales, including
promotional codes and customer IDs, were
automatically classified and stored on encrypted
storage systems. Anomaly models also indicated
abrupt changes in inventory levels that indicated
upstream lag in data feeds. MTTD decreased by
more than 60% and thus enhanced the
responsiveness of operations.These empirical
findings reinforce the feasibility and value of
incorporating Al at multiple touchpoints within
ETL workflows. However, these results also
highlight some limitations, particularly around data
drift, explainability of ML models, and the need for
continuous retraining. These themes become
especially critical when considering the future of Al
in data pipelines. Continuing from the previous
evaluations, we now explore the key challenges,
future prospects, and implications of scaling Al-
augmented ETL pipelines across organizations and
industries.

7. Challenges and Future Directions

Even Although clearly beneficial, Al-augmented
ETL pipelines bring in some practical and technical
concerns. Among the biggest problems is model
drift-the predictive performance of the model will
degrade due to a shift in the distributions of the
inputs over the initial period. In interactive systems
such as e-commerce or loT systems, behavioral
patterns change rapidly, and it is necessary to either
constantly retrain or adapt learning processes. In
their absence, the models can give a false-positive
result or will not reveal anomalies, which can lead

7923

to losing trust in automated systems [20, 21]. The
other difficulty is explainability; compliance teams
and business stakeholders often need explanations
as to why certain anomalies or data policy-enforced
data were flagged. Nevertheless, certain machine
learning models (particularly deep learning-based
models such as autoencoders or LSTMs) are highly
opaque by nature. The challenge of Al
explainability (or XAl) is a pending issue, which is
prompting developers to seek ways to augment
black-box models with interpretable features like
using SHAP values, LIME, or rule-based overlays
[22-24].There are also limitations with respect to
data availability and labeling. In supervised models,
known anomalous datasets are quite scarce and
costly to generate. This is mitigated to an extent by
unsupervised models, but in exchange, they tend to
have high false-positive rates unless carefully
tuned. Weakly-supervised and semi-supervised
learning methods are under investigation to strike a
compromise between accuracy and constraints on
data. Non-trivially, from a systems perspective,
legacy ETL systems can be difficult to integrate
with [25, 26]. Nonetheless, the vast majority of
ETL platforms were not meant to be used with Al
and model-serving. There must be some type of
middleware between ETL engines and model APIs
to bridge this gap, and also make data formats
compatible with each other and facilitate real-time
feedback loops. Mapping of governance policy is a
developing field, whereas classification models can
tag the appearance of sensitive data; each policy
may apply differently across regions, industries,
and business units, and involve complex and
context-specific logic to interpret. Further studies
are expected to apply knowledge graphs and
semantic reasoning engines to match data attributes
with regulatory and organizational policies on the
fly [27-30]. Looking ahead, several future
directions hold promise. Federated learning could
allow cross-organization training of governance and
anomaly detection models without exposing
sensitive data, ensuring better generalization.
Reinforcement learning agents may be used to
optimize data flows in real-time, balancing anomaly
response  time  with  pipeline  throughput.
Meanwhile, graph-based models are being explored
for detecting relational anomalies, e.g., broken links
in complex entity hierarchies or inconsistent
relationship mappings. As Al continues to evolve,
so too will its role in redefining how data quality
and governance are enforced. These trends position
Al not as an add-on, but as an integral engine for
the future of data infrastructure.

A summary of these experiments is presented in
table 2.
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EVOLUTION AND LIMITATIONS or
TRADITIONAL ETL PIPELINES
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Figure 1: Diagram illustrating the evolution and limitations of traditional ETL pipelines, highlighting key
advancements like batch processing and structured data, alongside challenges such as high latency, inflexibility, and
limited scalability.
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Figure 2: The diagram showcasing various machine learning models, supervised, unsupervised, semi-supervised, and
reinforcement learning used for anomaly detection within ETL pipelines

Table 1: Functional Alignment of Al Modules in ETL Pipelines Source: Synthesized from observed Al pipeline
architectures in industry applications [14][15].

Pipeline Stage Al Functionality Governance Role Anomaly Detection Role

Schema drift detection, Data source verification,
source profiling metadata validation

Missing or delayed data

Extraction identification

Statistical and contextual
anomaly detection

Value classification, P1l detection, rules

Transformation A
feature engineering enforcement

Policy compliance check, Role-based access,
data tagging retention rules

Duplicate and integrity

Load error checks

Prioritization and

Monitoring Layer

Real-time anomaly scoring

Alert routing based on data
sensitivity

feedback-based correction
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Table 2: Experimental Results Across Sectors Source: Aggregated results from enterprise-scale ETL implementations

[18][19].
Domain Use Case Al Technique Impact Metrics
Finance F_raut_julent transaction Supervised ML (Random 97% detection accuracy,
filtering Forest) 2% FPR
Healthcare Pqtient data integrity & Autoencoder + Classifier _23% governance score
privacy enforcement improvement
E-commerce Policy-based access control | Rule-based classifier + 60% reduction ip MTTD,
& anomaly alert LSTM 35% less downtime
Domain Use Case Al Technique Impact Metrics

4. Conclusions

As digital enterprises grow, the cost of ensuring the
accuracy, reliability, and compliance of data
becomes a mission-critical task. Legacy ETL
systems are effective, but can no longer keep pace
with more demanding data requirements in terms of
speed and complexity of real-time data processing
and governance. In this regard, Al-enhanced ETL
pipelines provide a paradigm-flipping approach-
incorporating Al into data workflows to detect
anomalies, classify and categorize the data, and
enforce policies. These pipelines also perform
schema validation, outlier detection, and pattern
recognition through machine learning models,
therefore finding data problems before they
propagate elsewhere in the pipeline. At the same
time, continuous compliance can be achieved by
automating the classification of sensitive data, data
security policy enforcement, and data lineage
through Al-powered components of governance.
The empirical findings in real-world deployments
in three sectors (finance, healthcare, and e-
commerce) indicate the practical advantage of Al-
augmented pipelines in terms of enhancing data
quality and speed of resolving anomalies, as well as
compliance with policies. Although the problem of
model drift and explainability, as well as the
complexity of integrating such systems, seem to
exist, there are still developments in an
interpretable Al, federated learning, and semantic
policy mapping, which show promise in making
these systems more resilient and scalable in the
future. Finally, as the ETL process becomes Al-
assisted, a static data engineering process
transitions into a dynamic and intelligent process of
data infrastructure, which is necessary to make any
company truly data-driven, trusted, and compliant
in a complex digital world. Al applied in different
fields as reported in the literature [20-31].
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