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CHAPTER 01

Data Quality Monitoring Tools:
Complete Comparison 2026
Maintaining data quality in today's complex data ecosystems is not merely a best

practice; it's a critical foundation for reliable analytics, effective AI/ML models,

and sound business decisions. As data volumes explode and pipelines become

more intricate, the challenge shifts from simply detecting issues to managing the 

noise of detections – a phenomenon known as alert fatigue. This guide provides

an objective, technical comparison of leading data quality monitoring tools,

focusing on their ability to handle high-volume data, detect subtle issues like

schema drift and latency spikes, and critically, to mitigate alert fatigue.

The Core Challenge: Alert Fatigue and High-Volume
Data

Modern data platforms ingest, transform, and serve petabytes of data daily. This

scale inherently introduces numerous potential failure points: upstream source

changes, pipeline logic errors, network latency, and schema modifications. While

monitoring is essential, a poorly configured system can flood data teams with

thousands of alerts for minor or non-actionable issues. This "alert fatigue" leads

to ignored warnings, missed critical incidents, and ultimately, a breakdown in

trust in the data.

Effective data quality monitoring in 2026 must address:

High-Volume Data Processing: Efficiently profile and monitor vast

datasets without becoming a performance bottleneck or resource hog.

Schema Drift Detection: Automatically identify and alert on unexpected

changes in data schemas, which can break downstream processes.

Latency Spike Monitoring: Track the freshness and arrival times of data,

alerting on delays that impact real-time analytics or operational systems.

Duplicate Detection: Identify and manage redundant records across large

datasets.

Alert Throttling & Prioritization: Intelligently group, suppress, and

prioritize alerts to ensure that data teams focus on the most impactful

issues.

• 

• 

• 

• 

• 
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Resource Efficiency: Operate cost-effectively, especially in cloud

environments where compute and storage are billed.

Selected Tools Overview

We will compare three prominent data quality monitoring tools, each representing

a different approach or strength in the market:

Atlan: A comprehensive data catalog and governance platform with

integrated data quality and observability. Known for its strong metadata

management and collaborative features.

Monte Carlo: A leading data observability platform focused heavily on

automated, end-to-end data quality monitoring, emphasizing incident

resolution and alert fatigue reduction.

Great Expectations: An open-source framework for data testing, profiling,

and validation. Offers extreme flexibility and control, often integrated into

data pipelines.

Summary Comparison

This table provides a high-level overview of how each tool approaches core data

quality challenges.

• 

• 

• 

• 
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Criterion Atlan Monte Carlo Great

Expectations

Primary Focus Data Catalog,

Governance, Quality

Data Observability,

Incident Mgmt

Data Validation,

Testing

Deployment

Model

SaaS, Hybrid SaaS Self-hosted, Library

Data Volume

Handling

High (via connectors) Very High (scalable

architecture)

Varies (depends on

integration)

Schema Drift

Detection

Automated, integrated

with catalog

Automated, lineage-

aware

Rule-based,

explicit

expectations

Latency Spike

Monitoring

Yes, data freshness

metrics

Yes, end-to-end pipeline

health

Custom metrics via

expectations

Alert Fatigue

Strategy

Contextual alerts,

workflow integration

ML-driven, incident

grouping, impact

Custom logic

within pipelines

Integration

Ecosystem

Broad (BI, ETL, Cloud

DWH)

Modern data stack

(Snowflake, Databricks)

Any Python-

compatible env

Learning

Curve

Moderate Low-Moderate Moderate-High

(code-centric)

Deep Dive: Core Monitoring & Detection

Understanding how each tool approaches the fundamental aspects of data quality

monitoring reveals their underlying philosophies.

Atlan: Catalog-Driven Quality

Atlan integrates data quality directly into its active metadata platform. This

means quality checks are contextualized with lineage, ownership, and usage

information. It excels at showing why a data asset is critical and who is impacted

by its quality issues.

Strengths:

Active Metadata Integration: Quality issues are directly linked to data

assets, lineage, and user context.

Collaboration: Strong features for data stewards to investigate and resolve

issues collaboratively.

• 

• 
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Automated Profiling: Discovers data types, distributions, and identifies

potential anomalies.

Weaknesses:

Observability Depth: While strong on quality, its real-time observability

for deep pipeline health might be less granular than specialized platforms.

Setup Complexity: Initial setup and integration with a large data estate

can be involved.

Code Example (Conceptual Atlan Rule Definition): Atlan typically uses a UI-

driven approach for defining rules, but these translate to underlying

configurations. For programmatic definition, APIs are used.

{
"ruleName": "Order_ID_Uniqueness",
"description": "Ensures Order_ID column is unique in the 'sales_orders' 

table.",
"targetAsset": {

"type": "Table",
"qualifiedName": "snowflake.mydb.myschema.sales_orders"

},
"metrics": [

{
"type": "Uniqueness",
"column": "order_id",
"threshold": {

"operator": "EQ",
"value": 100.0,
"unit": "%"

}
}

],
"alertConfig": {

"severity": "High",
"channels": ["slack", "email"],
"alertGrouping": "by_asset"

}
}

Monte Carlo: End-to-End Observability

Monte Carlo focuses on providing a comprehensive view of data health across the

entire data estate. It uses ML to learn data patterns and detect anomalies,

reducing the need for extensive manual rule creation. Its strength lies in

automated discovery and proactive incident management.

• 

• 

• 
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Strengths:

Automated Anomaly Detection: Leverages ML to detect data freshness,

volume, schema, distribution, and lineage changes without explicit rule

definition.

Incident Management: Strong workflows for triaging, assigning, and

resolving data incidents.

Lineage-Aware Monitoring: Understands data dependencies and

propagates impact analysis.

Weaknesses:

Custom Rule Flexibility: While ML-driven, highly specific business rules

might require more effort to configure compared to rule-centric tools.

SaaS-Only: No self-hosted option, which might be a concern for strict data

residency requirements.

Code Example (Conceptual Monte Carlo Integration/Rule): Monte Carlo is

primarily UI-driven for rule configuration. Integration often involves connecting to

data sources and then letting the platform auto-discover and monitor. Custom

rules can be defined via their platform or APIs.

# Monte Carlo's approach is more about configuration than coding for rules.
# This is a conceptual snippet showing how to define a custom metric via API.

import montecarlo_sdk

mc = montecarlo_sdk.Client(api_key="YOUR_API_KEY")

# Define a custom data quality monitor
monitor_config = {

"name": "High_Value_Customer_Check",
"description": "Ensure high-value customers have recent activity.",
"type": "custom_sql",
"dataset_id": "your_dataset_uuid", # Identified by Monte Carlo
"query": """

        SELECT COUNT(*)
        FROM your_schema.customer_transactions
        WHERE customer_tier = 'Premium' AND transaction_date > CURRENT_DATE - 
INTERVAL '7 days'
    """,

"threshold": {
"type": "less_than",
"value": 1000 # Alert if less than 1000 premium customers active in 

last 7 days
},
"alert_channels": ["slack_channel_id"]

}

# mc.create_monitor(monitor_config)
print("Monitor configuration would be sent to Monte Carlo API.")

• 

• 

• 

• 

• 
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Great Expectations: Code-Centric Validation

Great Expectations (GX) is an open-source Python framework that allows data

teams to define "expectations" about their data. These expectations are

assertions that data should meet (e.g., "column user_id  should be unique"). It's

highly flexible and designed to be integrated directly into data pipelines.

Strengths:

Extreme Flexibility: Data teams have full control over defining granular

expectations.

Open Source: No vendor lock-in, highly customizable, strong community.

Documentation: Generates data documentation (Data Docs) from

expectations and validation results.

Weaknesses:

Operational Overhead: Requires engineering effort to integrate, maintain,

and scale within pipelines.

No Centralized UI: Lacks a single dashboard for monitoring across the

entire data estate out-of-the-box, requiring custom development.

Alert Fatigue Management: Requires custom implementation for

advanced alert throttling and prioritization.

Code Example (Great Expectations Expectation Suite):

import great_expectations as gx

# 1. Get a DataContext
context = gx.get_context()

# 2. Get a Data Source and Data Asset
# Assuming you have configured a datasource like 'my_snowflake_datasource'
batch_request = gx.data_context.get_datasource("my_snowflake_datasource").get_
asset("sales_orders").build_batch_request()

# 3. Create an Expectation Suite
validator = context.get_validator(

batch_request=batch_request,
expectation_suite_name="sales_orders_quality"

)

# Define expectations
validator.expect_column_to_exist("order_id")
validator.expect_column_values_to_be_unique("order_id")
validator.expect_column_values_to_not_be_null("customer_id")
validator.expect_column_values_to_be_between(

column="order_total", min_value=0.01, max_value=100000.00
)
validator.expect_column_distinct_values_to_be_in_set(

• 

• 

• 

• 

• 

• 
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column="order_status",
value_set=["PENDING", "COMPLETED", "CANCELLED", "RETURNED"]

)

# Save the Expectation Suite
validator.save_expectation_suite(discard_failed_expectations=False)

# 4. Validate data (typically run as part of a data pipeline)
# results = context.run_validation_operator(
#     "action_list_operator",
#     assets_to_validate=[validator]
# )
print("Expectation suite 'sales_orders_quality' created and saved.")

Conceptual Data Quality Monitoring Architecture

This Mermaid diagram illustrates a common architecture for modern data quality

monitoring, integrating various components.

Combating Alert Fatigue: Strategies & Tool
Capabilities

Alert fatigue is a significant challenge. Tools employ different strategies to reduce

noise and highlight critical issues.

Alert Throttling & Prioritization

Atlan: Leverages its data catalog context. Alerts can be prioritized based on

asset criticality, downstream impact (via lineage), and ownership. It allows

for grouping alerts by asset or type, preventing floods for a single

underlying issue.

Monte Carlo: Employs sophisticated ML algorithms to group related

incidents, identify root causes, and suppress redundant alerts. It prioritizes

alerts based on learned patterns of impact and severity. Offers incident

dashboards for quick triage and assignment.

Great Expectations: Requires manual implementation. Teams typically

build custom logic around validation results, using tools like Apache Airflow

or Prefect to aggregate and throttle alerts before sending them to

notification systems.

• 

• 

• 
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ML-driven Anomaly Detection

Atlan: Offers anomaly detection for data profiles (e.g., sudden changes in

column distribution, null rates). It uses historical data to establish baselines.

Monte Carlo: This is a core strength. Its ML models continuously learn

normal data patterns (volume, freshness, schema, distribution) and flag

deviations as anomalies. This significantly reduces the need for static

thresholds and manual rule tuning.

Great Expectations: Does not have built-in ML-driven anomaly detection.

Users would need to integrate with external ML libraries (e.g., Prophet,

ARIMA) and build custom expectations based on their output.

Advanced Features & Alert Management

Feature Atlan Monte Carlo Great

Expectations

ML-driven

Anomaly

Detection

Yes (profiling,

distribution)

Yes (volume, freshness,

schema, distribution,

lineage)

No (custom

integration

needed)

Alert Grouping &

Correlation

Yes (by asset,

type)

Yes (ML-driven incident

grouping, root cause)

Manual/Custom

Impact Analysis

(Lineage)

Yes (integrated

with catalog)

Yes (automated, critical for

prioritization)

No (requires

custom

integration)

Customizable

Alert Channels

Email, Slack,

Webhooks

Email, Slack, PagerDuty,

Webhooks

Any (via custom

code)

Incident

Management

Workflow

Basic (task

assignment)

Advanced (triage,

assignment, resolution

tracking)

External (JIRA,

custom)

Alert

Suppression/

Muting

Yes (scheduled,

manual)

Yes (granular, contextual) Manual/Custom

Automated

Remediation

No (facilitates

manual)

No (facilitates manual) No (facilitates

manual)

• 

• 

• 
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Performance and Scalability for High-Volume Data

Handling massive datasets efficiently is crucial to avoid adding to the operational

burden.

Resource Efficiency

Atlan: Optimized for querying metadata and running quality checks against

connected data sources. Its resource usage scales with the number of

connections and the depth of profiling/monitoring configured. It leverages

cloud-native architectures for efficiency.

Monte Carlo: Designed from the ground up for large-scale data

observability. It uses a non-intrusive architecture, often querying metadata

and samples rather than full datasets for every check, which minimizes

impact on underlying data warehouses. Its SaaS model abstracts

infrastructure concerns.

Great Expectations: Resource usage is entirely dependent on how and

where it's deployed. When integrated into Spark jobs or dbt tests, it

leverages the underlying compute resources. For very large datasets,

careful optimization of batch processing and sampling is required.

Latency Spike Detection

Atlan: Monitors data freshness by tracking the last update time of tables

and partitions. Alerts can be configured if data is not updated within

expected windows.

Monte Carlo: Offers robust freshness monitoring, detecting delays in data

arrival across entire pipelines. It can infer expected update frequencies and

alert on deviations, providing a comprehensive view of pipeline health and

potential latency issues.

Great Expectations: Can be used to check data freshness by adding

expectations on timestamp columns (e.g., 

expect_column_max_to_be_between ). However, it requires explicit

definition and integration into a scheduling system to monitor continuously

for spikes.

• 

• 

• 

• 

• 

• 
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Performance & Scalability

Criterion Atlan Monte Carlo Great Expectations

High Volume

Data Strategy

Metadata-centric,

distributed checks

Non-intrusive,

sampling, ML-

optimized

Batch processing,

user-defined scope

Real-time

Monitoring

Near real-time

freshness

Near real-time across

pipeline

Batch (can be

frequent)

Resource

Impact on DWH

Moderate (depends

on profiling depth)

Low-Moderate

(optimized queries)

High (if full scans,

unoptimized)

Incremental

Checks

Yes (for specific

metrics)

Yes (ML-driven,

adaptive)

Manual

implementation

Scalability

Model

Cloud-native SaaS Cloud-native SaaS User-managed

infrastructure

Latency Spike

Detection

Data freshness, last

update

End-to-end pipeline

freshness

Custom timestamp

expectations

Ecosystem Integration & Extensibility

A data quality tool is only as good as its ability to integrate with the rest of the

data stack.

Atlan: Integrates with a wide array of data sources (databases, data

warehouses, lakes), ETL/ELT tools, BI tools, and data governance platforms.

Its API allows for extensive customization and integration into existing

workflows.

Monte Carlo: Focuses on the modern data stack, with deep integrations for

cloud data warehouses (Snowflake, Databricks, BigQuery, Redshift),

orchestration tools (Airflow, dbt), and BI platforms. Its API supports custom

data source integration and alert routing.

Great Expectations: As a Python library, it integrates seamlessly into any

Python-based data pipeline (e.g., with Apache Spark, Pandas, dbt, Airflow,

Prefect). It's highly extensible, allowing users to write custom data

connectors and validation methods.

• 

• 

• 
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Cost Considerations

Atlan: Typically priced based on user count, data sources, and data volume/

metadata objects. Enterprise-focused, so costs can be significant for large

organizations.

Monte Carlo: Priced based on data volume (e.g., terabytes scanned or

processed) and potentially user count. Also targets mid-market to

enterprise, with costs scaling with data estate size.

Great Expectations: Open source, meaning no direct licensing cost.

However, it incurs significant indirect costs related to engineering effort for

deployment, integration, maintenance, and custom feature development.

This can be substantial for large-scale production use.

Decision Framework: Choosing the Right Tool

Selecting the optimal data quality monitoring tool depends heavily on your

organization's specific needs, existing data stack, team's technical capabilities,

and budget.

• 

• 

• 

Data Quality Monitoring Tools: Complete Comparison 2026 13



Factor Choose Atlan If... Choose Monte Carlo

If...

Choose Great

Expectations If...

Primary

Need

Integrated data

catalog, governance,

and quality.

Automated data

observability, incident

management, ML-driven.

Granular, code-driven

data validation within

pipelines.

Team

Size/Skill

Data stewards,

analysts, engineers

seeking collaboration.

Data engineers, platform

teams needing automated

insights.

Data engineers, data

scientists comfortable

with Python.

Data

Stack

Diverse, complex data

estate, need for unified

metadata.

Modern cloud data stack

(Snowflake, Databricks,

dbt).

Python-heavy

pipelines, custom

environments.

Alert

Fatigue

Concern

High, but also need

rich context for alerts.

Extremely high, need

intelligent grouping and

prioritization.

Willing to build custom

alert logic and

throttling.

Data

Volume

High, but also value

metadata context.

Very high, demanding

low-overhead, scalable

monitoring.

High, but with careful

batching and

optimization.

Budget Enterprise budget for

comprehensive

platform.

Enterprise budget for

specialized observability.

Cost-sensitive, strong

engineering resources

available.

Control &

Flexibilit

y

Good balance of

configurability and

managed service.

High automation, less

direct control over ML

models.

Maximum control, full

customization via

code.

Real-time

Needs

Freshness monitoring,

near real-time.

End-to-end pipeline

freshness and anomaly

detection.

Frequent batch runs

can simulate near real-

time.

Final Recommendation

For organizations grappling with severe alert fatigue and managing high-

volume data across a modern cloud data stack, Monte Carlo stands out. Its

focus on ML-driven anomaly detection, automated incident grouping, and end-to-

end pipeline observability directly addresses these pain points, allowing data

teams to focus on critical issues rather than sifting through noise. Its non-

intrusive, scalable architecture is well-suited for large data estates.
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If your primary need extends beyond just data quality to encompass a unified

data catalog and comprehensive data governance, with data quality as an

integrated component, Atlan is an excellent choice. Its ability to contextualize

quality issues with rich metadata, lineage, and collaborative features empowers

data stewards and improves overall data literacy.

For teams with strong engineering capabilities, a preference for open-source

solutions, and a need for granular, code-driven validation integrated directly

into their data pipelines, Great Expectations offers unparalleled flexibility.

However, be prepared for the significant engineering effort required to build out

the operational aspects, including robust alert management and a centralized

monitoring dashboard.

Ultimately, the best tool is one that seamlessly integrates into your existing data

ecosystem, empowers your team, and proactively maintains trust in your data

without overwhelming you with alerts.

References
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"Alert Fatigue Is Killing Your Data Quality Strategy. Here's How To Fix It."

Monte Carlo Blog. [https://montecarlo.ai/blog-alert-fatigue-monitoring-

strategy](https://montecarlo.ai/blog-alert-fatigue-monitoring-strategy)
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Transparency Note

The information provided in this comparison is based on publicly available

documentation, product features, and industry analysis as of 2026-06-18. While

every effort has been made to ensure accuracy and objectivity, product features

and pricing models can evolve rapidly. Readers are encouraged to consult official
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vendor documentation and conduct their own evaluations for the most current

and specific information relevant to their use cases. This comparison aims to

provide a technical guide rather than an exhaustive feature list.
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