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Executive Summary
According to Grand View Research, the globaldata observability market size is estimated to grow at a We're going to explore the core principles of data observability: what it is, why it's critical for Al and
CAGR of 12.2% from 2024 to 2030. machine learning (ML) environments, and how it can be applied in practice. Along the way, we'll see how

building a strong foundation for data observability helps identify issues early, maintain data integrity, and
create Al systems that you can truly trust. We'll also take a closer look at the core ideas behind data
observability, why it’s such a game-changer for Al, and machine learning, and how you can put it into
practice to build robust Al systems that you can truly trust.

For most businesses today, the success of Al systems depends on authentic data that they can trust.
That’s why data observability matters. It acts as a health check for your data pipelines, giving you clear
visibility into how your data moves and transforms. It helps easily identify and fix issues before they cause
bigger problems, while ensuring data integrity. As your organizations weaves Al and machine learning into
daily business operations, your data pipelines could become larger and more complex than ever.
Unfortunately, traditional monitoring tools just are not providing the depth of insight needed to truly
understand what’s going on with your data.

In such a situation, data observability provides a complete picture of organizations’ data systems, making it
easier to spot unusual behavior, trace where data comes from, and keep data quality in check across the
entire Al lifecycle. The success of Al systems depends on having reliable, high-quality data that it needs to
work upon.
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What is
Data Observability?

Data observability is the process of continuously monitoring the
health of data to ensure availability, high quality, and most
importantly, reliability. Through data observability you can study
and track the behavior and patterns of your data and proactively
take necessary steps to address issues and concerns. Doing this
helps enhance the quality of insights that your data provides.
However, you may face several roadblocks on the road to data
observability.

The Role of Data Observability
in Al/ML Ecosystems

Data observability is key to keeping Al and machine learning
systems running smoothly. It helps ensure the data feeding those
systems is accurate and dependable. When your data is clean,
consistent, and trustworthy, your data pipelines are far more likely
to perform reliably and deliver solid results.

In enterprise Al and machine learning environments, the strength
of your models is only as good as the quality of the data they rely
on. Traditional monitoring tools tend to focus on things like
infrastructure performance or application uptime, but they often
overlook a crucial piece of the puzzle: the data itself. That's where
data observability comes in. It fills this gap by giving teams the
tools to spot, alert on, and fix data issues throughout the ML
lifecycle.
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Strategic Relevance
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Model Accuracy & Stability: With observability in place, you can
make sure incoming data stays consistent with expected patterns.
That helps prevent your models from quietly going off track due to
data drift, missing values, or changes in data distribution.

@
Operational Continuity: Catching data anomalies early keeps your
pipelines running smoothly. This means fewer unexpected

breakdowns during model training or live predictions—and less
downtime overall.
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it's used. Observability provides clear data lineage and traceahili
making it easier to explain decisions-and pass audits.
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Integrations Across the
Al/ML Lifecycle

Data observability should be built into every step of the machine
learning lifecycle—from data ingestion and feature engineering to
model training and inference. At each phase, it works like a
constant quality check, helping ensure your data stays accurate,
consistent, and traceable.

Integration stages across the Al/ML Lifecycle

Retraining

During ingestion, it catches issues like missing or delayed data.
When you're transforming data or engineering features, it can spot
things like schema changes or shifts in data patterns. And as
models move into training and production, observability helps Inference
prevent data leakage, keeps features aligned, and watches for
drift in the data your models are making predictions on.

Tracks feedback loop
quality and freshness
of labeled outcomes

Monitors data quality

End-to-end, comprehensive integration enables Al systems to Model Training in real-time, flags
remain robust, auditable, and high-performing, even in the face of deviation from training

evolving data and business dynamics. patterns
Ensures label

accuracy, absence of
data leakage, and
cohort validity

Feature Engineering

Flags feature drift and
inconsistencies across
training and inference

Transformation

Validates logic
consistency, data
joins, and enrichment
steps

Ingestion

Detects volume
anomalies, schema
mismatches, and
freshness issues

Figure TIntegration Stages
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Business Outcomes of Data
Observability in Al/ML Ecosystems

Here are the key business outcomes of implementing data
observability in Al/ML ecosystems.

Faster Issue Resolution (MTTD/MTTR): With real-time alerts and
built-in diagnostics, data observability helps teams quickly spot
and fix problems in their pipelines. This means less downtime and
fewer disruptions for your Al systems.

Greater Trust in Al Results: When you check your input data for
freshness, volume, and consistency regularly, people have more
confidence in the insights your Al provides. That kind of
transparency also helps with compliance and regulatory
requirements.

More Stable Model Performance: By constantly monitoring for
things like feature drift or inconsistent labels, observability helps
prevent your models from quietly degrading over time. It allows
teams to take action early—before performance takes a hit.

Better Operational Efficiency: By catching data quality issues
early and automating alerts and fixes, observability cuts down on
manual work. Engineering and support teams can spend less time
firefighting and more time building.

Stronger Compliance and Data Governance: With tools like
automated data lineage tracking and schema checks,
observability makes it easier to stay compliant with regulations like
GDPR, HIPAA, and SOX. It also makes your data processes more
transparent and auditable.
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Faster Insights for the Business: Observability ensures
high-quality data flows into your analytics tools and dashboards,
helping teams avoid delays in data prep and make faster,
data-driven decisions.

Scalable Data Quality Across Teams: As companies move toward
decentralized data structures like data mesh, observability
empowers individual teams to monitor and manage their own data
products—ensuring reliable data across the board, even at scale.

Example in Practice

Imagine a bank deploying a credit risk ML model.

Without data observability

One day, a quiet change slips into the system—someone updates
the format of the customer income field from a number to a text
string. No alarms go off, and the model keeps running, but now it's
feeding on flawed data. As a result, the model starts generating
inaccurate risk scores, leading to delays in loan approvals and
frustrated customers.

With data observability

The moment that schema change happens, the system catches it.
An alert goes out, and the affected pipeline is momentarily paused
automatically before any damage spreads. Engineers use data
lineage and monitoring tools to trace the issue, and fix it fast,
keeping the model accurate and avoiding expensive mistakes.
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Reduced Incident Resolution
Time (MTTD/MTTR)

Improved Trust in
Al Outputs

Enhanced Model Performance
Stability

Increased Operational
Efficiency

Strengthened Compliance
and Governance

Accelerated
Time-to-Insight

Scalable Data Reliability
Across Domains

Figure 2 Business Outcomes
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Five Pillars of Data Observability Data Observability

Today'’s Al systems rely on fast-moving, high-volume data Ensuring reliable, high-quality data for Analytics and Al
pipelines—which can easily experience drift, data quality issues, or

silent breakdowns. The Five Pillars of Data Observability offer a
clear, structured approach to keeping tabs on data health at every
stage—from ingestion and transformation to final consumption.

1 Freshness

What it means: This checks how up to date your data is
based on when it's supposed to arrive.

Freshness Volume

Monitor data Tracking data amount

timelines and completeness
Why it matters: If your data is late or stale, your insights

can be off, your models might drift, and operations could N J N J
suffer.

Example: Imagine a fraud detection system that relies on
real-time behavior data—but the data’s delayed by 6
hours. Transactions get misclassified, and suspicious Data

activity might go unnoticed. Observa blllty

How it is measured: Time lag (in minutes or hours) p . p N
between data source and when it becomes available.

Lineage Distribution
Volume Tracing data origins Assessing data

What it means: This looks at whether the amount of data and transformations value frequencies
coming in is what you expect—think row counts, file sizes,
or number of records in a batch.

Why it matters: A sudden drop or spike in volume could
signal a bigger problem, like data not being ingested or
being duplicated.

Schema

Ensuring data structure
consistency

N y Figure 3 Data Observability - 5 pillars
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Example: An ecommerce pipeline shows a 40% drop in
sales data because a connector was
misconfigured—leading to misleading revenue forecasts.

How it's measured: Changes in record count compared to
normal (baseline) levels.

Distribution

What it means: This checks the shape and spread of your
data—things like averages, minimums, maximums, and
category balances.

Why it matters: If the distribution shifts too much, it might
mean your data’s being corrupted or drifting, which can
throw your models off.

Example: A churn prediction model starts missing the
mark because the 'usage_time' field becomes skewed
after a logging bug.

How it's measured: Statistical tests like the KS-test,
Wasserstein distance, or changes in standard deviation.

Schema

What it means: This keeps an eye out for changes to the
structure of your data—new fields, missing fields, renamed
fields, and so on.

Why it matters: Even small changes to schema can silently
break systems and downstream models, especially if
everything’s loosely connected.
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Real-world example: A field called customer_status gets
renamed to cust_status without notice, which ends up
breaking a feature pipeline.

How it's measured: Schema comparison reports and
field-level validation checks.

Lineage

What it means: This maps out where your data comes

from, where it goes, and what happens to it along the way.

Why it matters: Understanding data lineage is crucial for
tracking down problems, understanding their impact, and
staying compliant.

Example: A data scientist spots a strange model output
and traces it back to an upstream error in currency
conversion logic.

How it's measured: Visual lineage graphs and tracking of
transformation steps from start to finish.
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Importance of Data Observability
Pillars Across Industries Integration stages across the Al/ML Lifecycle

The importance of the Five Data Observability Pillars, Freshness,
Volume, Distribution, Schema, and Lineage, across four industries:
Banking, Healthcare, Telecom, and Manufacturing, is described
below.

Volume

How the Five Pillars of Data Observability Stack Up

Across Industries o
Distribution 5

Data observability isn't one-size-fits-all. Different industries lean on 4
different pillars depending on the challenges they face and the
systems they run. Here's a look at how the Five Pillars of Data
Observability play out across banking, healthcare, telecom, and
manufacturing. This radar chart compares the importance of the
Five Data Observability Pillars across the three key industries:
Freshness

Banking

In banking, lineage and distribution take center stage. With strict
regulations and the need for clear audit trails, banks need to know
exactly where their data comes from and how it behaves.
Real-time use cases like fraud detection and credit scoring also
make freshness a top priority. Decisions based on stale data can
be costly. Schema observability is crucial to protect sensitive
financial models from breaking due to unnoticed changes in data
structure, while volume monitoring ensures nothing slips through
the cracks in high-frequency transaction systems.

Schema

Banking
Healthcare Lineage
Telecom

Manufacturing

Figure 4 Data Observability Radar Across Industries
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Healthcare Heatmap: Data Observability Across the Al/ML Lifecycle

In healthcare, it's all about precision and compliance. Schema and

lineage are vital for keeping systems like electronic health records To implement data observability effectively, it is essential to understand where and how each observability dimension contributes to the health

(EH,RS) allgngd thh dath standards suc?h as HL7 and FHIR. Losing of AI/ML systems. The following heatmap provides a stage-by-dimension view, highlighting the relative criticality of observability elements
patient data isn’t an option, so volume is closely tracked. .
throughout the Al pipeline.

Freshness is also key when dealing with clinical interventions that
can’'t wait. While distribution matters for things like population
health insights and modeling patient cohorts, it's not always as

high on the fist. Heat Map: Data Obervability Lifecycle vs Pillars

Telecom

Telecom companies live in a world of high-speed data. Freshness
and volume are absolutely critical. Think about all the network
activity, call detail records, and real-time customer interactions
being processed around the clock. Schema and lineage help keep
complex systems like personalization engines running smoothly,
while distribution checks help spot shifts in user behavior that
might hint at churn or impact the success of a marketing
campaign.

Retraining

High)

Inference

Training
Manufacturing

For manufacturers, distribution and freshness are the name of the
game. These are essential for real-time quality control, predictive Feature Engineering
maintenance, and spotting anomalies in sensor data. Volume
observability ensures no machine log gets left behind, while

lineage helps pinpoint where a process might've gone wrong, Transformation
maybe due to a misconfigured machine or a change upstream.
Schema issues happen less often, but they're still important in

environments with evolving integrations like MES or SCADA Ingestion
systems.
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No matter the industry, each pillar tackles a different type of data
issue, such as identifying missing records, flagging bad inputs, or
tracing back root causes. But together? They create a strong

foundation for building Al systems that are trustworthy, resilient, Data Obervability Pillars

and easy to explain. Figure 5 Data Observability Heatmap

Freshness Volume Distribution Schema Lineage
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Here’s a breakdown of how observability plays out at each stage. It

is a heatmap that highlights the criticality of data observability at
each stage:

Ingestion
Top priorities: Freshness & Volume

At this first step, the focus is on making sure your data is arriving
on time and in full. Freshness and volume checks help you spot
missing batches, upstream delays, or unexpected changes in data
structure before they cause bigger issues down the line.

Transformation
Top priorities: Distribution & Lineage

As data gets reshaped and enriched, it's important to monitor how
the values are changing (distribution) and track where the data
came from (lineage). This helps ensure that your business logic
stays consistent and that any transformations are fully traceabile.

Model Training

Top priority: Lineage

When training your model, you need full visibility into where your
training data came from. Lineage is crucial for auditability and

reproducibility—and helps catch silent issues like label leakage or
outdated data that could skew your model without warning.

Inference
Top priorities: Freshness & Distribution

This is where real-time predictions happen, so having fresh,
reliable data is everything. Monitoring distribution helps you spot
sudden shifts that could throw your model’s accuracy off
track—before users feel the impact.
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Retraining

Top priorities: Lineage & Volume

When it’s time to refresh your model, you want to make sure the
new data is clean and complete. Volume checks ensure you're not

missing any pieces, and lineage lets you trace how that new data
will affect future predictions.

This heatmap provides a targeted observability blueprint for
Al/ML practitioners, allowing them to:

 Prioritize instrumentation by stage

» Allocate observability tooling where risk is highest

e Enable data reliability as a continuous capability—not a reactive
fix

By aligning observability investments with lifecycle stages,
enterprises can confidently scale Al systems that are resilient,
compliant, and performance driven. o®

Data Observability: The Backbone of Reliable Al Systems




Data Observability: The Backbone of Reliable Al Systems

Designing a Data Observability
Framework for Al

Establishing a strong data observability framework is key to
making sure your Al systems are reliable, traceable, and perform
the way they should. Unlike traditional monitoring tools that mostly
watch over infrastructure or app performance, data observability
needs to live inside your data and machine learning workflows,
watching over everything from the moment data enters your
system to when it's used for predictions.

Data Observability Framework For Al

. Metadata Data Quality Usage Metrics Lineage
When you treat observability as a core part of your Al/ML data
architecture, you're setting yourself up for success. You're able to
identify data issues early, build trust in your models, debug faster, l l l l
and keep things running smoothly, even as you scale. - N
By designing observability as a first-class citizen within the Al/ML Data Monitorin g
data architecture, enterprises can ensure data integrity at every
step, fostering trust in models, accelerating debugging, and
enabling resilient operations at scale. Schema Data Monitoring .
w o Alerting
Monitoring Monitoring Agents
Data Infrastructure Data Engineering Processes
Data Sources ML Models

Figure 6 Data Observability framework
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Core Principles of a Strong Key Components of the
Data Observability Framework Data Observability Framework

To really make data observability work, your framework should be

built on a few key ideas: Qg%? g [ />
Data-First Focus: Focused on validating data properties [ vy = @ E
g S

(freshness, volume, distribution, schema, and lineage). Keeping a
close eye on freshness, volume, distribution, schema, and lineage

@_ P
II|Il

to make sure your data stays healthy and trustworthy. Telemetry Layer Data Observability Engine Metadata Store Lineage Tracker
End-to-End Coverage: Observability shouldn't stop at one part of Captures real-time metrics, Applies anomaly detection Stores active metadata (e.g., Provides complete traceability
the pipeline. It needs to follow your data from start to finish logs, and traces across logic (statistical, rule-based, schema versions, lineage of data from source systems

' pipelines (e.qg., latency, row ML) to assess data health. graphs, data contracts). to downstream consumers.

through ingestion, transformation, feature engineering, model

training, and inference. counts, schema changes).

Integrated: It should seamlessly connect with your existing tools,

whether that'’s your data platform, orchestration tools, or ML 7 AR

lifecycle systems. \'—g

Smart and Automated: A good framework doesn’t just tell you /\/\_J

something's wrong—it catches issues in real time, sends alerts,

and in some cases, even fixes the problem on its own. Alerting & Notification Visualization & Dashboards  Integration Hooks
Triggers alerts on data quality Provides centralized views of Connects with orchestrators,
issues, integrated with tools pipeline health, anomalies, and catalogs, and MLOps tools.
like Slack, or JIRA. SLA breaches.
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How to Set Up a Data
Observability Implementation
Architecture

At a high level, a solid observability setup includes a few key
building blocks:

Pipeline Instrumentation: Start by adding touchpoints throughout
your data pipelines to collect telemetry; basically, little check-ins
that report on the pipeline’s health.

Data Profiling & Validation Engine: This is your rule enforcer. It
runs checks based on the core pillars of observability—freshness,
volume, distribution, schema, and lineage.

Monitoring Dashboards: Visual tools that help you (and your team)
see trends, spot anomalies, and track the overall health of your
data.

Lineage Mapping Services: These tools trace how data moves
and changes across your systems, helping you quickly pinpoint
where things go wrong.

API Connectors & Plugins: Integration is key. Connect
observability tools with your existing CI/CD pipelines and
cloud-based ML platforms to keep everything in sync.
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Best Practices for Deployment

Start With Critical Pipelines: Begin your rollout with
mission-critical pipelines—like those powering fraud detection,
pricing, or recommendation engines.

Define Clear Data SLAs and SLOs: Define what “good” looks like in
terms of data quality, freshness, and availability; then hold your
systems accountable.

Implement Observability-as-code: Use configuration files (like
YAML) to define data checks right alongside your pipeline code,
just like infrastructure-as-code, but for observability.

Put Insights in Everyone’s Hands: Give teams access to
self-service dashboards so they can monitor data health without
relying on a central ops team.

Keep It Evolving: Continuous
Improvement

Data observability isn't something you set once and forget. It
needs to grow with your data and models:

o Update your checks as your models and data evolve.

» Revisit your lineage maps whenever there’s a major schema or
platform change.

e Learn from real incidents to improve your rules and fine-tune
alert settings.

When done right, observability doesn’t just help you identify
problems. It helps you build confidence in your data, move faster,
and scale Al operations with peace of mind.

Data Observability: The Backbone of Reliable Al Systems

Data observability is no longer nice to have. It's a core pillar of
reliable, scalable, and trustworthy data systems. It plays a crucial
role in making sure your systems are reliable, your pipelines are
resilient, and your data is well-governed and accountable.

With strong observability in place, teams can spot and fix issues
faster, adapt to change more easily, and keep improving over time.
By weaving observability into the core of your data engineering
and ML workflows, you're not just preventing problems, you're
laying the foundation for Al systems that are transparent,
explainable, and built to scale with confidence.

The future of data observability is evolving rapidly in response to
the increasing complexity of data systems, the critical need for
data reliability, and the growing importance of Al and real-time
analytics.

About Covasant

Covasant Technologies is a technology leader in delivering Agentic Al-led
services that address complex, industry-specific challenges. Through its
pioneering Services-as-Software model, Covasant brings together capabilities in
data engineering, digital and cloud, Al engineering, and enterprise risk
management to help global enterprises automate decision-making, simplify
operations, and move faster, thus delivering measurable outcomes and
meaningful transformation. With offices in Hyderabad (India), London (UK), and
Plano (Texas), Covasant delivers scalable, autonomous solutions that intelligently
orchestrate business processes and generate actionable insights for industries,
such as banking, financial services, healthcare, manufacturing, and media and
communications.



