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-xecutive summary

In today’s Al-driven business landscape, robust data governance has become a critical success
factor for organizations looking to leverage artificial intelligence and machine learning technologies.
This paper presents a comprehensive framework for modern data governance that specifically
addresses the challenges and requirements of Al readiness while establishing business as usual

and sustainable data management practices.

Poor data quality costs organizations an average of 15-25% of their revenue, while research
indicates that well-governed, high-quality data can increase data asset valuations by 50% or more.
For Al initiatives, where data scientists typically spend 60-80% of their time on data preparation,

effective governance becomes even more crucial for success.

15-29% o0% 00-80%

of an organization’s revenue is lost or more increase in data asset of a data scientist’s time is spent
due to poor data quality. valuations with high-quality, well- on data preparation for
governed data. Al projects

The framework outlined in this paper focuses on four key pillars: data observability, quality
management, standardization, and knowledge organization systems. Data observability ensures
end-to-end visibility of data pipelines and early detection of issues that could impact Al model
performance. Quality management addresses the critical dimensions of accuracy, completeness,
consistency, timeliness, and relevancy, with specific considerations for Al training

data requirements.
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Data standardization establishes the foundation for consistent data usage across the organization,
implementing technical and process standards that support scalable Al development.

The integration of knowledge graphs, taxonomies, and ontologies provides the semantic

framework necessary for advanced Al applications and improved data understanding.

The implementation strategy presented emphasizes practical measures across organizational
alignment, technical implementation, and process development. Special attention is given to
Al-specific considerations in data collection, training data management, and model governance
integration. Success measurement frameworks are provided to track progress across data quality,

operational efficiency, and business impact dimensions.

This comprehensive approach to data governance enables organizations to not only improve their
current data management practices but also build the foundation necessary for successful Al
initiatives. By following the frameworks and practices outlined in this paper, organizations can

enhance their data asset value while accelerating their journey toward Al maturity.
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'Ntroguction

Modern data governance extends beyond traditional compliance and security measures to
encompass the entire data lifecycle, from acquisition to disposal. In the context of Al development,

effective data governance becomes even more critical as the quality and reliability of Al systems

depend heavily on the underlying data infrastructure.
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Strategic Framework
for Modern Data
Governance

01 @ Vision and Objectives

Organizations must establish clear objectives for their data governance initiatives:

i
& o

Enable responsible Ensure data Maintain
Al development and quality and regulatory
deployment reliability compliance

= N N

N2

Optimize data Reduce data Minimize risks
accessibility and management associated with
usability costs data handling



Modern Data Governance: Preparing for Al-Driven Innovation 8

02 @ Key Pillars of Modern Data Governance

Data Observability

Data observability represents the ability to understand the health and state of data in your systems.

For Al readiness, this includes:

End-to-End Visibilty:

a Monitoring data pipelines from source to consumption
Implement comprehensive monitoring across the entire data lifecycle, from initial ingestion
to final consumption. This includes tracking data movement between systems, monitoring
transformation processes, and ensuring data quality at each stage. For Al systems, this visibility

Is crucial as it helps identify potential biases or quality issues before they impact model training.

9 Tracking data lineage and transformations
Maintain detailed records of how data changes as it moves through your systems.
This includes documenting all transformations, cleansing operations,
and enrichment processes. Understanding data lineage is essential for Al applications as it helps

ensure model reproducibility and supports debugging efforts when issues arise.

9 |dentifying bottlenecks and potential issues
Proactively detect performance issues, processing delays, and resource constraints that
could impact data flow. This involves monitoring system performance metrics, queue lengths,
and processing times. For Al workflows, bottleneck identification is crucial as training data

preparation often involves complex and resource-intensive operations.

e Real-time alerting for anomalies
Deploy automated systems to detect and alert on unusual patterns, data quality issues, or
system problems. This includes statistical anomaly detection, threshold-based alerts, and

business rule validation. Early detection of anomalies is particularly important for Al systems to

prevent training on corrupted or anomalous data.
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Metrics and Monitoring:

a Data freshness and timeliness:

Track how current your data is and whether it's being updated according to business
requirements. This involves monitoring update frequencies, tracking data lag times, and

ensuring data is available when needed for Al model training and inference.

Schema changes and evolution
Monitor and manage changes to data structures, including additions, modifications, or
deprecation of fields. This is critical for Al systems as schema changes can impact feature

engineering processes and model performance.

Volume and velocity patterns

Understand the patterns in data volume and flow rates across your systems. This includes
monitoring daily, weekly, and seasonal patterns, as well as tracking growth trends. For Al
applications, understanding these patterns helps in capacity planning and optimizing data

pipeline performance.

Usage patterns and access metrics
Monitor how data is being accessed and used across the organization. This includes tracking
query patterns, user access frequencies, and resource utilization. Understanding usage patterns

helps optimize data access patterns and identify potential training data sources for Al models.
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Impact Analysis:

0 Understanding downstream effects of data changes:
Analyze how changes in one part of the data ecosystem affect dependent systems and
processes. This includes mapping data dependencies, assessing potential impacts, and planning
for changes. For Al systems, this is crucial as changes in upstream data can significantly impact

model performance.

e Assessing data dependencies:
Map and maintain relationships between different data assets, systems, and processes.
This includes understanding both technical and business dependencies. In Al contexts, this
helps ensure all necessary data sources are available and consistent for model training and

iInference.

e Measuring business impact of data issues:
Quantify how data quality issues, delays, or system problems affect business operations and
outcomes. This includes tracking impact on key performance indicators, customer experience,

and business processes. For Al applications, this helps prioritize data quality improvements and

system optimizations.
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Data Quality Management

In the era of artificial intelligence and machine learning, data quality has become a critical
differentiator for organizational success. High-quality data not only serves as the foundation for
reliable Al models but also significantly enhances an organization’s data assets’ overall value.
Research suggests that poor data quality costs organizations an average of 15-25% of their revenue,
while high-quality data can increase the valuation of data assets by 50% or more when properly

managed and maintained.

For organizations preparing for Al initiatives, data quality takes on even greater significance.

Al models are fundamentally dependent on the quality of their training data - the principle of
“garbage in, garbage out” becomes exponentially more important when dealing with machine
learning systems that can amplify data quality issues across millions of decisions. Issues with training

data specifically in relation to Generative Al (GenAl) can have a massive impact on the likelihood of

hallucination events as we've seen in working on GenAl projects with clients.

Furthermore, high-quality data reduces model development time, improves model accuracy,
and decreases the resources required for data cleaning and preparation, which typically consumes

60-80% of data scientists’ time in Al projects.

A comprehensive quality management approach for Al readiness must address multiple dimensions
of data quality while establishing systematic processes for monitoring, maintaining, and improving

data quality across the organization.
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Quality Dimensions:

Accuracy

O Data correctly represents the real-world entity or event it describes.

This includes verifying values against source systems, validating calculations, and ensuring precision
levels meet business requirements. For Al applications, accuracy is crucial as incorrect training data can

lead to model bias or poor performance. Regular accuracy assessments should include both automated
validation and manual spot-checking processes.

O Completeness

Required data fields are populated with valid values.

This involves monitoring fill rates, identifying missing values, and understanding the impact of incomplete
data. For Al training, completeness is essential as missing values can bias models or require complex

imputation strategies. Organizations should establish clear thresholds for acceptable completeness levels
and specific handling procedures for missing data.

1 Consistency

Data values are uniform across datasets and systems.

This includes standardized formats, aligned definitions, and coherent representations across different
data sources. Consistency is particularly important for Al systems that combine multiple data sources,

as inconsistencies can lead to incorrect feature engineering or model confusion. Regular consistency
checks should validate both format and semantic consistency.

_ O Timeliness

Data is available when needed and reflects the current state of the business.

This involves monitoring data freshness, update frequencies, and processing delays. For Al systems,
timeliness is crucial for both training and inference, as outdated data can lead to model drift and
degraded performance. Clear SLAs should be established for data currency requirements.

{:} Relevancy
Data serves its intended purpose and provides value for specific use cases.

This includes assessing business alighment, user needs, and fitness for purpose. For Al applications,

relevancy ensures that training data actually represents the patterns and relationships the model needs

to learn. Regular reviews should validate that data remains relevant as business needs evolve.
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Quality Controls:

0 Automated validation rules
Implement systematic checks that automatically verify data quality across all dimensions.
These rules should include both technical validations (format, range, type) and business rules
(logical relationships, cross-field validations). For Al applications, additional rules should check

for bias indicators and representation issues.

e Data profiling and assessment
Regular analysis of data characteristics, patterns, and distributions to identify potential quality
Issues. This includes statistical analysis, outlier detection, and pattern recognition. For Al training
data, profiling should include specific checks for class imbalance, feature distributions,

and potential bias indicators.

e Quality scoring mechanisms
Develop comprehensive scoring systems that quantify data quality across multiple dimensions.
These scores should weight different quality aspects based on business importance and use
case requirements. For Al applications, scoring should incorporate specific requirements for

model training and validation.

e Exception handling procedures
Clear processes for managing data that fails quality checks, including quarantine procedures,
correction workflows, and escalation paths. For Al systems, exception handling should consider

the impact on model training and include specific procedures for handling edge cases.

Remediation Processes:

Define responsibilities for addressing data quality problems, including roles for
investigation, correction, and verification. This includes establishing clear handoffs
between teams and ensuring accountability throughout the remediation process.
For Al applications, include specific ownership for addressing model-related
quality issues.

Clear ownership of
quality issues

Structured processes for investigating and resolving quality issues, including root

Definedkrfelsolution cause analysis, correction procedures, and validation steps. These workflows should
workflows

include specific considerations for Al training data quality issues and their impact on
model performance.

Systematic approaches for identifying the underlying causes of quality issues,
Root cause analysis including both technical and process-related factors. This helps prevent recurring
procedures problems and improves overall data quality management. For Al applications, root

cause analysis should consider impacts on model behavior and performance.
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Regular review and enhancement of quality management processes, including
feedback loops, performance metrics, and process optimization. This includes
Continuous improvement updating quality rules, refining scoring mechanisms, and evolving remediation
procedures based on emerging needs and lessons learned. For Al systems,
continuous improvement should incorporate insights from model performance
and validation results.

mechanisms

All of the remediation processes above can be automated using Al and through
the use of Al Data Governance Agents, the application of these processes can

be automated from point of detection. Integration with Infrastructure through
Infrastructure as Code also opens up the possibility of not only automating the
response to quality issues but to then have these applied in retrospect to pipelines
that have included bad data, further minimising the impact on downstream
consumers of the data.

Al Powered
automation

Data Standardization

Standardization ensures consistency and interoperability across the organization:

Data standards

Establish unified business glossaries and data dictionaries that provide clear,

Common data consistent definitions for all data elements. This includes standardized business
definitions and terms, technical definitions, and semantic relationships. For Al applications,
terminology consistent terminology is crucial for feature engineering and ensuring models are

trained on consistently defined data elements.

Define common formats for data types, date representations, numerical precision,
Standardized formats and other technical specifications. This includes standardizing field lengths, data
and structures types, and encoding schemes. For Al training data, consistent formats are essential
for accurate feature engineering and preventing technical bias in model inputs.

Implement consistent approaches for describing and documenting data assets,
Unified metadata including technical metadata, business metadata, and operational metadata. This
management framework should support Al-specific metadata requirements such as training
data versions, feature definitions, and model lineage information.

Establish and enforce naming standards for all data assets, including databases,
Consistent naming tables, columns, and derived fields. This consistency is crucial for Al development
conventions as it enables automated feature engineering and ensures clear understanding of
data elements across teams.
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Technical Standards

Define standard interfaces for data access and manipulation, including REST APIs,
GraphQL endpoints, and other integration points. These specifications should
include security requirements, rate limiting, and documentation standards.

For Al applications, APIs should support efficient data access patterns for both
training and inference.

API
specifications

Establish standard formats for data interchange between systems, including file
formats, messaging protocols, and serialization methods. This standardization is

Data exchange crucial for ensuring efficient data pipeline operations and maintaining data quality

formats . . .. :

through transformations. Consider specific requirements for Al workloads, such as

efficient formats for large training datasets.

Define standard approaches for system integration, including ETL processes, real-
Integration time streaming, and batch processing patterns. These patterns should consider
patterns Al-specific requirements like handling large training datasets and maintaining data

lineage throughout transformations.

Implement consistent security standards across all data assets, including
Security encryption requirements, access controls, and audit logging. For Al applications,
protocols additional considerations include protecting sensitive training data and ensuring

model security.

Process Standards

Establish standardized methods for data acquisition, including data entry
Data collection guidelines, validation rules, and quality requirements. For Al applications, these
procedures procedures should ensure consistent collection of training data and prevent
introduction of bias during data gathering.

Define standard approaches for validating data quality, completeness, and
Validation consistency. This includes automated validation rules, manual review procedures,
methods and acceptance criteria. For Al training data, validation should include specific
checks for bias, representation, and statistical validity.

Specify standard documentation needs for all data assets, including technical
Documentation specifications, business context, and usage guidelines. For Al projects,
requirements documentation should include specific details about training data characteristics,
known limitations, and potential biases.

Implement consistent procedures for managing changes to data structures,
Change management definitions, and standards. This includes impact assessment, approval workflows,
processes and communication protocols. For Al systems, change management should
consider impacts on model performance and retraining requirements.
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Start with critical data elements and
expand incrementally

Monitor compliance
and adoption

Ensure strong governance and Establish feedback mechanisms for
enforcement mechanisms continuous improvement

Provide tools and templates
to support standardization
Regular review and Consider Al-specific
updates of standards requirements throughout

Best
Practices for
Implementation

Provide training and
support for teams

. Implementation Success Factors .

a=% (Q

Executive Clear Adequate Regular
sponsorship communication resources compliance
and support of benefits and tools monitoring

l O p—
—_— “-— I [
Continuous Regular Strong Integration
training and review and change with existing

education updates management processes



SECTION 04

mplementation
Strategy

O1

Organizational Alignment

Success requires alignment across the organization:

Governance Structure:

Data governance committee

Establish a cross-functional committee that includes representatives from key business units,
IT, data science, legal, and executive leadership. This committee sets strategic direction,

approves policies, and ensures data governance initiatives align with business objectives. For Al

initiatives, this committee should include Al ethics expertise and technical leadership to ensure
governance supports responsible Al development.

Clear roles and responsibilities

Define and document specific roles such as data owners, stewards, custodians, and users.
Each role should have well-defined responsibilities, authority levels, and accountability
measures. This clarity is essential for Al projects where data quality and ethical considerations
require clear ownership and oversight.

Decision-making frameworks

Implement structured approaches for making data-related decisions, including criteria for
prioritizing initiatives, evaluating tools, and resolving conflicts. These frameworks should
incorporate Al-specific considerations such as model risk, bias prevention, and ethical
use of data.

Escalation procedures

Establish clear paths for escalating issues, making decisions, and resolving conflicts.

This includes defining thresholds for escalation, identifying decision-makers at each level, and
setting response time expectations. For Al projects, these procedures should include specific
protocols for addressing model bias, performance issues, or ethical concerns.

17
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02 @ Practical Implementation Measures

Technical Implementation

Data Catalog Implementation:

ﬂ Deploy enterprise data catalog
Implement a comprehensive catalog system that serves as a single source of truth for data
assets. This should include metadata management, search capabilities, and integration with
existing tools. For Al projects, the catalog should track training datasets, model features,

and data lineage.

9 Document data assets
Create and maintain detailed documentation for all data assets, including descriptions, business
definitions, technical specifications, and usage guidelines. This documentation is crucial for Al

teams to understand data context and appropriateness for specific use cases.

@ Map data lineage
Track and visualize how data flows through systems, including transformations and

dependencies. This mapping is essential for understanding training data provenance and

ensuring model reproducibility.

9 Maintain metadata repository
Implement robust metadata management practices, including technical, business,

and operational metadata. This helps Al teams understand data context, quality, and

appropriateness for specific modeling tasks.
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Quality Monitoring System:

0 Implement automated quality checks
Deploy automated systems to continuously monitor data quality across dimensions like
completeness, accuracy, and consistency. For Al applications, these checks should include bias

detection and representation assessments.

9 Deploy monitoring dashboards
Create visual interfaces for tracking data quality metrics, pipeline health, and system
performance. These dashboards should include Al-specific metrics like training data drift and

model performance indicators.

e Set up alerting mechanisms
Establish automated alerts for quality issues, system problems, and performance degradation.

Include specific thresholds and alerts for Al-related concerns like data drift or bias detection.

9 Establish reporting procedures
Define regular reporting cycles for data quality metrics, including trend analysis and impact
assessments. These reports should incorporate Al-specific metrics and provide insights for

model governance.

Data Pipeline Management:

0 Design robust ETL processes
Create efficient, scalable data transformation pipelines that maintain data quality and lineage.
These pipelines should support Al-specific requirements like feature engineering and training

data preparation.

9 Implement version control
Apply version control practices to data pipelines, transformation logic, and configuration files.

This is crucial for reproducing Al training environments and maintaining model governance.
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e Establish testing procedures
Develop comprehensive testing protocols for data pipelines, including unit tests, integration
tests, and end-to-end validation. For Al applications, include specific tests for bias detection

and data quality requirements.

9 Monitor performance metrics
Track and optimize pipeline performance, including processing times, resource utilization,
and error rates. This monitoring is essential for maintaining efficient Al training

and inference processes.

Process Implementation

Data Quality Workflow

Define quality metrics and thresholds

Establish clear, measurable quality criteria aligned with business needs and Al requirements. Include
specific metrics for assessing training data quality and model performance.

Implement automated checks
Deploy automated systems for continuous quality monitoring, including both technical and

business rule validation. These checks should incorporate Al-specific requirements like bias detection
and representation analysis.

Set up issue detection and alerting

Create automated alerts for quality issues, with different severity levels and response procedures.
Include specific alerts for Al-related concerns like data drift or unexpected pattern changes.

Establish remediation procedures

Define clear processes for addressing quality issues, including root cause analysis and corrective actions.
These procedures should consider the impact on Al models and training processes.

Monitor and report on quality metrics

Implement regular reporting on quality metrics, trends, and improvement initiatives. Include Al-specific
metrics and their impact on model performance.
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. Al-Specific Considerations

Data Collection for Al

a Ensure diverse and representative data
Implement strategies to collect data that represents all relevant population segments and use
cases. This includes active monitoring of demographic representation, conscious sampling
strategies, and regular audits of data collection processes. Consider establishing partnerships
or data sharing agreements to fill representation gaps and ensure comprehensive coverage of

edge cases.

9 Document collection methodologies
Maintain detailed records of how data is collected, including sampling methods, selection
criteria, and potential limitations. This documentation should include details about collection
timeframes, data sources, any known biases in collection methods, and specific exclusion/
inclusion criteria. This information is crucial for understanding potential model biases

and limitations.

@ Implement bias detection
Deploy automated tools and processes to identify potential biases in data collection.
This includes statistical analysis of representation across different demographics, monitoring of
selection bias, and regular audits of collection processes. Establish thresholds for acceptable

levels of bias and clear procedures for addressing identified issues.

9 Maintain version control
Implement robust version control for training datasets, including clear documentation of
changes between versions. This includes tracking data additions, removals, and modifications,

along with the rationale for changes. Establish clear processes for dataset versioning that align

with model development cycles.




Training Data Management

ﬂ Establish data labeling standards
Create comprehensive guidelines for data labeling, including detailed criteria for classification,
annotation protocols, and quality control processes. This includes establishing inter-rater
reliability metrics, developing clear labeling instructions, and implementing validation

procedures for labeled data.

e Implement quality controls for labels
Deploy systematic processes to ensure label accuracy and consistency. This includes multiple
reviewer validation, statistical quality checks, and regular audits of labeling accuracy.

Establish clear processes for handling edge cases and resolving labeling disputes.

e Monitor training data drift
Implement continuous monitoring of data distributions and patterns to detect shifts from
baseline. This includes tracking feature distributions, monitoring label frequencies, and
analyzing relationship changes between variables. Establish clear thresholds for acceptable

drift and procedures for model retraining when necessary.

9 Maintain test datasets
Create and manage separate datasets for model validation and testing. This includes
establishing clear criteria for test set selection, ensuring proper representation in test data,
and maintaining the integrity of test sets through development cycles. Implement processes to

regularly refresh test datasets while maintaining their statistical properties.

Model Governance Integration

c Link model performance to data quality
Establish clear connections between data quality metrics and model performance indicators.
This includes tracking how changes in data quality affect model accuracy, monitoring the
impact of data updates on model behavior, and maintaining dashboards that visualize

these relationships.



Modern Data Governance: Preparing for Al-Driven Innovation 23

e Track data provenance for models
Maintain detailed records of which data was used to train each model version. This includes
documenting data sources, preprocessing steps, feature engineering decisions, and any data
transformations applied during training. Establish clear audit trails that connect model versions

to specific training dataset versions.

e Monitor model-data dependencies
Implement systems to track how models depend on different data sources and features.
This includes mapping data dependencies, monitoring feature importance, and analyzing the
Impact of data changes on model performance. Establish clear processes for managing these

dependencies through the model lifecycle.

9 Implement feedback loops
Create mechanisms to capture and incorporate model performance data back into data
governance processes. This includes tracking prediction accuracy, monitoring model behavior in
production, and using these insights to improve data quality and collection processes. Establish

clear procedures for using model feedback to enhance data governance practices.

Key Success Metrics

Data quality scores for training datasets Data drift detection effectiveness

Bias detection and remediation metrics Test dataset maintenance efficiency

Label accuracy and consistency rates Feedback loop implementation success

Model performance correlation with Governance process compliance rates
data quality
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naustry-Specific
Regulatory Considerations

The regulatory landscape for data governance continues to evolve rapidly, with new requirements
emerging across industries and jurisdictions. Organizations with mature data governance practices
consistently demonstrate greater agility in responding to regulatory changes while maintaining
lower compliance costs. According to McKinsey research, companies with robust data governance

frameworks spend 25-40% less on regulatory compliance activities compared to their peers.

Effective data governance enables proactive regulatory compliance through several

key mechanisms:

Comprehensive data inventories and Automated monitoring and reporting
1 classification systems that quickly identify 4 capabilities that reduce the manual effort
data assets affected by new regulations of compliance validation
Established data lineage tracking that Clear data ownership and accountability
2 facilitates impact analysis of S structures that streamline compliance
regulatory changes implementation

Standardized data quality controls that
3 can be adapted to new requirements with
minimal modification

For Al initiatives, proactive data governance becomes particularly crucial as regulatory frameworks
increasingly focus on algorithmic transparency and fairness. Organizations that establish strong

governance practices can:

Reduce time-to-market for Al applications
1 by addressing regulatory requirements 3
during development

Minimize the risk of regulatory penalties
through early detection of potential issues

2 Lower compliance costs through reusable 4 Accelerate adaptation to new Al regulations
frameworks and controls through established governance processes

The following sections examine specific regulatory requirements across key industries,

highlighting how robust data governance supports compliance while enabling innovation.
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D Banking, Financial Services, and Insurance (BFSI)

Key Regulations and Requirements

0 GDPR (General Data Protection Regulation)
Beyond basic data protection, financial institutions must ensure Al models are explainable and
that automated decisions can be justified. This includes maintaining detailed documentation of
model training data, feature importance, and decision logic. Specific requirements include the
right to explanation for automated decisions and impact assessments for high-risk

processing activities.

e Basel Committee on Banking Supervision (BCBS) 239
Focuses on risk data aggregation and reporting. Financial institutions must demonstrate data
lineage, ensure data quality for risk calculations, and maintain clear governance structures.
For Al applications, this means implementing robust data quality frameworks and maintaining

detailed audit trails of data used in risk models.

e Dodd-Frank Act Stress Testing (DFAST)
Requires banks to maintain high-quality data for stress testing scenarios. Data governance
must support accurate model inputs, version control of datasets, and documentation of data

transformations used in stress test calculations. Al models used in stress testing must be

validated with particular attention to data quality and bias.
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Healthcare and Life Sciences

Regulatory Framework

HIPAA (Health Organizations must implement:
- Detailed data classification systems for identifying PHI

Insurance Portability
Robust access controls and audit trails

and Accountability Act): .

_ y Act) + Secure data transmission and storage protocols
Mandates strict controls - Specific requirements for de-identification when using data
over protected health for Al training

information (PHI).

FDA Regulations for Al/ Requirements include:

- Complete documentation of training data sources
and quality measures

- Validation of data preprocessing steps

- Monitoring of data drift in production

- Regular retraining protocols based on new data

+ Change control procedures for model updates

ML in Medical Devices:

Cross-Industry Regulations

Data Privacy and Protection

California Consumer * Requires transparent data collection and usage practices
Privacy Act (CCPA)/ - Mandates documentation of Al system decisions affecting consumers
. . . . - E ish igh in Al traini
California Privacy Rights stablishes Cc.)nlsumer.rlg ts over personal data used in Al training
* Imposes specific requirements for automated
Act (CPRA) decision-making systems
EU Al Act (Proposed) + Risk-based approach to Al regulation

- Specific requirements for high-risk Al systems including:
— Detailed documentation of training data
— Human oversight requirements
— Regular quality assessmentsz
— Bias monitoring and mitigation procedures
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Industry-Specific Implementation Considerations

BFSI Sector Healthcare Sector Manufacturing Sector

Model Risk Management Clinical Data Quality Management

Requirements: Governance: Systems:

- Documentation of data - Standards for data collection y Integration with ISO 9001
sources and quality metrics and documentation requirements

* Regular validation of - Requirements for data * Documentation of
training data anonymization process data

- Monitoring for data drift and - Protocols for handling * Traceability requirements
model performance sensitive patient information o

P P - Validation of sensor data used
o in Al model
+ Clear procedures for model + Validation procedures for Al o

updates and retraining training data
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Measuring
SUCCESS

Effective measurement of data governance success is crucial for demonstrating value, ensuring
continuous improvement, and maintaining organizational support for governance initiatives. In the
context of Al readiness, these measurements become even more critical as they directly impact
model performance and reliability. A comprehensive measurement framework should balance
quantitative metrics with qualitative assessments, considering both technical excellence and

business value creation.

Success measurement in data governance requires a multi-faceted approach that considers
immediate operational improvements alongside long-term strategic benefits. Organizations must
establish baseline measurements before implementing new governance initiatives, allowing for

meaningful tracking of progress over time. The metrics chosen should align with organizational

objectives while remaining practical to collect and analyze.

For Al-focused organizations, success metrics must extend beyond traditional data governance
measures to include specific indicators of Al readiness and model performance. This includes
tracking the quality and reliability of training data, monitoring bias in data collection and processing,

and measuring the effectiveness of governance controls in supporting responsible Al development.
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The following framework organizes key performance indicators into three main categories:
Data Quality Metrics, Operational Metrics, and Business Impact Metrics. Each category provides
different insights into the effectiveness of data governance initiatives and their contribution to

organizational success, particularly in supporting Al development and deployment.

3 Key Performance Indicators

Data Quality Operational Business Impact
Metrics Metrics Metrics

- Error rates and types - Issue resolution time - Al model performance

- Completeness scores - Standard adoption rates - Decision quality
Improvements

- Consistency measures - Data usage statistics

- Efficiency gains
- Timeliness metrics - Cost savings

- Risk reduction
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Conclusion

Modern data governance is fundamental to successful Al implementation. Organizations must take a
holistic approach that combines technical capabilities with robust processes and cultural change.
By focusing on observability, quality, and standardization, organizations can build a strong foundation

for Al development while ensuring responsible and effective data management.

The key to success lies in viewing data governance not as a compliance exercise but as a strategic
enabler for Al innovation. Organizations that invest in strong data governance practices will be better

positioned to leverage Al technologies effectively while managing associated risks and maintaining

stakeholder trust.
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Start with a clear strategy aligned with

1 . o 7
business objectives

5 Implement foundational data governance g
structures

3 Focus on data quality and standardization 9

4 Build robust observability capabilities 10

O Develop Al-specific governance measures 11

6 Maintain flexibility to adapt to changing 12
needs

31

Recommendaations

Invest in training and cultural change

Regularly measure and
communicate success

Invest in knowledge organization systems

Develop comprehensive taxonomies
and ontologies

Implement and maintain knowledge graphs

Ensure integration with Al development
processes

By following these recommendations and maintaining a strong focus on data governance,

organizations can build the foundation needed for successful Al implementation while ensuring

responsible and effective data management practices.

Ciklum is a global Experience Engineering firm
that stands at the forefront of innovation,
blending next-generation product engineering,
exceptional customer experiences, and cutting
edge Al. We revolutionize the way people live by

developing groundbreaking technologies that
reimagine, reshape, and redefine the future.

Get in touch
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