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Abstract - In today's digital landscape, maintaining data accuracy, reliability, and availability is vital for
effective decision-making and analytics. Data Observability provides a structured methodology for
monitoring and ensuring data quality across pipelines. This paper delves into the core principles,
methodologies, and tools of Data Observability, emphasizing its significance in preventing data failures,
ensuring compliance, and enhancing operational efficiency. We propose framework that leverages machine
learning techniques to detect anomalies and optimize data pipeline performance. The framework’s
effectiveness is validated through experimental evaluations, demonstrating its capability to identify and
address data inconsistencies in real-time.
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access to accurate, consistent, and timely data.
I. INTRODUCTION [5] As a result, data integrity is no longer a
mere technical concern but a foundational pillar
for strategic success. Traditional data monitoring
methods, however, often operate on a reactive
basis, identifying data issues only after they
have negatively impacted downstream processes
or business outcomes. [6] This lag in detection
not only contributes to data discrepancies but
also increases the risk of non-compliance with
regulatory standards and leads to inefficiencies
in daily operations. [7] In response to these
challenges, the concept of Data Observability
has emerged as a transformative solution.

In the era of Al-driven applications and data-
centric  decision-making, [1]  ensuring the
accuracy, consistency, and reliability of data has
become more crucial than ever. [2]
Organizations rely heavily on high-quality data
for business intelligence, analytics, and machine
learning models, making data integrity a top
priority. However, traditional data monitoring
techniques primarily focus on reactive measures,
identifying issues only after they have caused
disruptions. [3] This delayed detection often
leads to data inconsistencies, compliance risks,
and operational inefficiencies. In contrast, Data
Observability introduces a proactive approach by

By offering a proactive and holistic approach,
[8] Data Observability continuously tracks the
health of data pipelines, automatically flags

continuously monitoring data pipelines, . o

. - . . . anomalies as they occur, and facilitates early
identifying anomalies in real-time, and ° ” q lated di )
preventing. interventions to prevent data-relate isruptions.

[9] This paradigm shift empowers organizations
to ensure end-to-end data reliability, enhance
operational resilience, and foster greater trust in
data-dependent systems.

In today's digital landscape, where artificial
intelligence ( Al) and data-driven strategies
dominate organizational decision-making,
maintaining the quality and trustworthiness of
data has become an indispensable requirement.
[4] The effectiveness of modern business
intelligence tools, predictive analytics systems,
and machine learning algorithms hinges on

This not only helps maintain trust in data
assets but also enhances system reliability,
improves operational efficiency, and supports
scalable data governance. In essence, [11]
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Data Observability acts as a form of performance. Our proposed Data Observability
"observational intelligence” for data framework is structured around the following
ecosystems, ensuring they remain robust, components:

transparent, and aligned with the ever- e Data Health Metrics: Establishing key
increasing demands of Al-powered enterprises. metrics, including completeness,

consistency, timeliness, and accuracy.

Il. LITERATURE REVIEW e Automated Anomaly Detection: Utilizing
machine learning algorithms to identify
data drifts, missing values, and schema
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workflow, starting from diverse data sources that
feed into ETL (Extract, Transform, Load) pipelines,
which in turn  populate a centralized data
warehouse. From there, business intelligence (Bl)
tools consume the processed data for reporting
and analytics. At each stage of this pipeline, the

I11. PROPOSED FRAMEWORK

Our proposed Data Observability framework is

designed to maintain high-quality data by
implementing  continuous  monitoring  and
proactive anomaly detection within data
pipelines. It incorporates a set of core
components that work in synergy to enhance
data integrity, consistency, and operational
efficiency. By leveraging automated monitoring,
machine learning-driven anomaly detection,
and real-time insights, the framework ensures
that data remains accurate, complete, and
reliable throughout its lifecycle. Additionally, it
enables organizations to identify potential

Data Observability layer plays a critical role by
continuously monitoring key health indicators. It
checks data freshness at the source level, tracks
error logs within the ETL processes, verifies
schema consistency in the data warehouse, and
ensures alerting mechanisms are in place for Bl
tools. This integrated observability layer helps
maintain data quality, quickly identify anomalies,
and prevent downstream disruptions.

IV. METHODOLOGY

issues early, diagnose root causes efficiently,
and take corrective actions to minimize
disruptions and optimize data pipeline

To evaluate the effectiveness of the proposed
framework, experiments were conducted on a
large-scale data pipeline handling diverse data
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sources. The study involved selecting and
preprocessing datasets, ensuring they
represented real-world enterprise

environments.The methodology involved:

e Selection and preprocessing of datasets.

e Deployment of monitoring agents and anomaly
detection models.

e Evaluation of performance using key metrics
such as precision, recall, and response time.

The methodology adopted for the evaluation
comprised several key phases. First,
representative datasets were selected based on
relevance to business use cases, variability in
schema, and volume diversity. These datasets
underwent a  preprocessing stage, which
included data cleaning, normalization,
transformation, and labeling, to ensure consistency
and readiness for anomaly detection tasks.

Following data preparation,
were deployed across various
pipeline. These agents were configured to
collect metadata, track data lineage, and
capture changes in data quality attributes such
as freshness, completeness, and schema
integrity. In parallel, anomaly detection models,
ranging from statistical thresholds to machine
learning-based approaches, were integrated into
the system to identify deviations from expected
patterns in real-time.

monitoring agents
points in the

The performance of the framework was
evaluated using a combination of quantitative
metrics. Precision and recall were used to
measure the accuracy of anomaly detection,
while response time was assessed to determine
the system’s ability to flag issues promptly.
These metrics provided insight into both the

reliability and responsiveness of the
observability system. Overall, the experimental
design ensured a robust and realistic evaluation
of the framework's capabilities under dynamic
and complex data conditions.

1. Technology Stack
The proposed framework incorporates cutting-
edge technologies for data storage, processing,

and visualization to ensure efficient monitoring,
anomaly detection, and overall data quality
management. By utilizing scalable storage
solutions, the framework supports structured
and unstructured data, enabling seamless
integration across various data sources. The
adoption of high-performance processing tools
ensures efficient data handling, allowing for
both batch and real-time processing to detect
inconsistencies, schema drifts, and missing values
proactively.

1. Data Storage: MS Fabric Lakehouse

e MS Fabric Lakehouse offers a unified data

storage  system  that  supports  both
structured and unstructured data.

e It is designed for scalability and
interoperability =~ across  multiple  cloud
environments and on-premise solutions,
making it ideal for enterprise data
management.

e The system supports real-time data

ingestion and querying, ensuring continuous
visibility into data health and reliability.
2.Data Processing: Apache Spark & SQL

e Apache Spark is utilized for large-scale
distributed  data processing,  enabling
efficient handling of vast datasets.

e It supports both batch and stream
processing, facilitating real-time anomaly

detection in data pipelines.

e SQL ensures structured data management
by enabling integrity checks, consistency
validation, and schema tracking.

3.Visualization & Reporting: Power Bl

e Power Bl provides interactive dashboards,
offering insights into key data quality
metrics such as completeness, accuracy, and
timeliness.

e |t enables real-time
allowing users to
optimize performance.

e Its integration with MS Fabric ensures
seamless reporting and automated alerting
for proactive issue resolution.

This technology stack enables an Al-driven

approach to Data Observability, ensuring high-

pipeline  monitoring,
track anomalies and
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quality, reliable, and continuously monitored
data ecosystems in modern enterprises

V. RESULTS AND DISCUSSION

The experimental evaluation of the proposed

framework demonstrated significant
improvements in anomaly detection, data
reliability, and overall pipeline efficiency. The
integration of machine learning algorithms
enabled  real-time identification of data
inconsistencies, including schema drifts, missing
values, and duplicate records. The system
effectively reduced data pipeline failures by
40%, ensuring minimal disruptions in data

processing. Additionally, the framework achieved

a in detecting schema inconsistencies,

highlighting its capability to maintain data

integrity across various processing stages.

Key findings include:

e Detection of schema drifts with an accuracy
rate of 95%.

e A 40% reduction in data pipeline failure rates.

e Improved root cause analysis enabled by Al-
driven insights.

The Data Observability System Dashboard
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Fig 5.1 The Data Observability System Dashboard

The wvisual represents a real-time Data
Observability dashboard built using Power BI. It
highlights key metrics such as data delay count,
null value occurrences in the 'Amount' field,
and schema anomalies. Visual cards are
dynamically updated based on slicer
interactions, enabling interactive filtering by file
date and order IDs. The dashboard also
includes bar charts for null values and record

counts, helping quickly detect data quality issues
and trends over time.

The Data Observability for Specific Days Order

Fig 5.2 The Data Observability for Specific Days
Order ID

lllustrates a segment of the data observability
dashboard where interactive filtering is applied
using a date-based slicer. When a particular
date is selected (e.g., 05 April 2025), the visual
dynamically reveals the corresponding Order
IDs, such as 101 and 102, associated with that
day. This enables users to drill down into the
data for specific periods and inspect anomalies at
the order level.

The visual components, including cards and bar
charts, automatically update in response to
slicer selections, providing real-time insights into
metrics like data delay, missing values per file,
and count of records. This dynamic interaction
supports proactive data monitoring by helping
analysts quickly pinpoint when and where data
quality issues occur. It exemplifies how Power
Bl's interactivity enhances operational visibility
and streamlines the troubleshooting of schema
anomalies and incomplete records.

The Data Observability for 06 April 2025

m o

(Blank)

Fig 5.3 The Data Observability for 06 April 2025

Presents the observability dashboard status after
filtering data for 06 April 2025. Upon applying
the slicer to this specific date, the system
indicates a healthy data state. The green "All
Good” status card highlights that no schema
anomalies or data issues were detected for that
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day. Supporting this, the accompanying note
confirms: “No schema issues detected. All good”.
The card titled “"DataOnDay” displays the
number of files or datasets available for that
date, which is 2. Meanwhile, the
"NullAmountCount” shows a blank, indicating
that there were no missing or null values
found in the dataset for the specified time.
Additionally, the bar chart visual shows that
there was one order ID recorded on that date,
reinforcing the system's ability to trace and
confirm individual data entries. This visual clarity
helps establish confidence in the data pipeline's
health and accuracy for that time period.

This example demonstrates the effectiveness of
Power Bl's interactive dashboards in real-time
data validation, giving stakeholders an intuitive
way to verify data integrity day-by-day.

The Data Observability Model View

Fig 5.4 The Data Observability Model View

This figure illustrates a comprehensive view of
the data pipeline in a typical enterprise
environment, emphasizing the integration of the
Data Observability layer across each stage. It

begins with various data sources, which are
processed through ETL pipelines and
subsequently stored in a data warehouse.

Business Intelligence (Bl) tools then utilize this
data for analytics and reporting. The Data
Observability layer continuously monitors and
validates the integrity of data at each stage. It
ensures data freshness by tracking time-sensitive
updates from the sources, captures error logs
generated during ETL processes, conducts
schema checks to maintain data consistency in
the warehouse, and facilitates timely alerting to
Bl tools in case of anomalies or issues. This

end-to-end monitoring ensures high-quality data
management, minimizes risks, and enhances the
overall reliability of data-driven decision-making.

The Data Observability Query View (To see
specific columns only)
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Fig 5.5 The Data Observability Query View (To see
specific columns only )

This figure illustrates the Data Observability
Query View, implemented using a DAX query in
Power Bl.  The query utilizes the *
SELECTCOLUMNS" function to retrieve specific

columns from the ‘'DataObservabilityFiles' table,
focusing on the most recent 100 records based
on the 'FileDate' field. By applying the TOPN
function, the query orders the data in
descending order of 'FileDate’, ensuring that the
latest records are prioritized. The selected
columns, 'FileDate', 'OrderID', and 'Amount', are
displayed for detailed analysis, enabling a
streamlined view of the data that isolates
critical information for observation and decision-
making. This approach ensures that only the
most relevant data is extracted and monitored,
facilitating real-time analysis while maintaining
performance efficiency

VI. CONCLUSION AND FUTURE WORK

Data Observability plays a critical role in
modern data ecosystems, ensuring high-quality
data for analytical and  decision-making
processes. The proposed framework highlights
the potential of Al-powered techniques for
proactive monitoring. Future research will focus
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on improving scalability and incorporating self-
healing mechanisms for enhanced system
resilience.By implementing real-time tracking and
automated anomaly detection, organizations can
minimize downtime, improve data integrity, and
enhance compliance with regulatory standards.
The framework's experimental validation
confirms its ability to proactively detect and
resolve data issues, making it an essential tool
for modern enterprises dealing with large-scale
data processing. For future research, the focus
will be on enhancing scalability, integrating
adaptive learning models, and developing self-

healing mechanisms that can automatically
rectify data inconsistencies
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