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                                                Abstract 
Enterprise data fabrics enable intelligent, automated data management across an 

organization's ecosystem, delivering accurate, contextualized data at scale to support 

data-driven decisions and operations. By automating data profiling, quality gate checks, 

and remediation, these fabrics meet the core requirements of modern analytical 
environments—transparency, reproducibility, and productivity. 

Three enterprise-ready capabilities underpin this analytical automation: orchestration of 

analytical workflows, quality gates with remediation strategies, and governance. 

Workflow orchestration safeguards the confidentiality, integrity, availability, and 

performance of analytical pipelines, managing connections to diverse analytics engines 

and BI tools, integrating external data sources and services, and controlling latency, 

throughput, and security. Quality gates verify the timeliness, consistency, and correctness 

of data before it reaches downstream engines, automatically detecting issues and 

recommending remediation—whether rule-based or learning-driven. Together, these 

capabilities meet the growing demand for analytical automation, allowing organizations 
to capitalize on distributed engineering, model development, and operationalization. 
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Integration;Real-Time Data Processing;Knowledge Graphs;Machine Learning 
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1. Introduction 

Data Governance and Automation Pitfalls Enabling Next-Generation Enterprise 

Data Fabrics: Enterprise data fabrics are commonly understood as modern architectures for 

simplifying and accelerating data integration and consumption. However, such avant-garde 

ecosystems must also include advanced functionalities for intelligent governance and 

analytical automation in accordance with new standards for regulatory compliance, risk 

management, and business competitiveness. Evidence shows that dedicated research has 

yet to create detailed, integrated, and coherent frameworks describing such governance and 

analytical automation extensions. The work in this area is therefore outlined, addressing 

the following research question: How can policy frameworks for automated data 

environments, with a focus on intelligent governance and analytical automation, provide 

actionable directions for building next-generation enterprise data fabrics? Advancing 

enterprise data fabrics beyond data integration and consumption capabilities to meet next-

generation requirements for intelligent governance and analytical automation is an 

unprecedented endeavor with significant practical implications. 
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1. Data Quality Score  

𝑫𝑸𝑺 =∑𝒘𝒊

𝒏

𝒊=𝟏

𝑸𝒊 

 

Where 𝑸𝒊represents quality dimensions such as completeness, accuracy, timeliness, 

and consistency. 

Enterprise Data Fabrics Addressing Intelligent Governance and Automation: 

Clarifying Foundational Concepts: Enterprise data fabrics provide a modern architecture 

for more agile data integration and consumption across an organization. However, 

increasingly stringent requirements for enabling intelligent governance and trustworthy 

analytical automation are prompting efforts to go beyond the classical definition of 

enterprise data fabrics—often taken to be a simple composite of data fabric and feature 

store—to create next-generation fabrics capable of meeting the full spectrum of enterprise 

needs, aligned with proposals for a cloud data ecosystem. Dedicated research has yet, 

however, to offer detailed integrated frameworks that capture the data governance and 

analytical automation dimensions of such next-generation enterprise data fabrics. 

Table 1. Enterprise Data Fabric Architectural Layers 

Layer Primary Components Core Functions 
Expected 

Outcome 

Data 

Ingestion 

Connectors, APIs, 

Streaming Services 

Collect structured and 

unstructured enterprise 

data 

Reliable data 

acquisition 

Data Storage 

Data Lake, Data 

Warehouse, Object 

Storage 

Store governed enterprise 

datasets 
Scalable storage 

Data 

Processing 

ETL, ELT, Stream 

Processing Engines 

Data transformation and 

enrichment 

High-quality 

datasets 

Metadata 

Catalog 

Metadata Repository, 

Lineage Services 

Data discovery and lineage 

tracking 

Improved 

traceability 

Governance 

Layer 

Policy Engine, Access 

Control, Compliance 

Manager 

Governance enforcement 

and auditing 

Trusted 

enterprise 

analytics 

A. Feature Management and Model Deployment 
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Feature stores centralize important features, data created to address the outcome 

of machine learning models, during the training phase; formalize feature lifecycle 

management; and streamline data preparation for training and production by providing 

ready-to-use features. Fabric implementations should provide feature store capabilities. 

Versioning enables users to move back and forth in time, redoing any training or production 

step as past artefacts often define different analytical truths. Governance controls guide the 

production use of versioned artefacts by answering critical questions about which, when, 

how, and why assets should be used together. 

Table 2. Data Quality Gate Evaluation Framework 

Quality 

Metric 
Description 

Validation 

Method 
Threshold 

Remediation 

Action 

Completeness Missing records 
Null value 

analysis 
≥98% Data enrichment 

Accuracy 
Correctness of 

values 
Rule validation ≥97% Data correction 

Consistency 
Cross-system 

consistency 

Constraint 

verification 
≥95% Synchronization 

Timeliness Freshness of data 
Timestamp 

validation 

≤5 min 

delay 
Pipeline refresh 

Uniqueness Duplicate detection Hash comparison 
100% 

unique 
Duplicate removal 

 

2. Quality Gate Decision  

𝑮(𝒙) = {
𝟏, 𝑫𝑸𝑺(𝒙) ≥ 𝜽
𝟎, 𝑫𝑸𝑺(𝒙) < 𝜽

 

 

Where 𝜽is the minimum acceptable quality threshold. 

The model deployment life cycle consists of training, validation, deployment, 

and monitoring. Model training is often performed outside the fabric, as the training phase 

requires complex technical infrastructure that is fundamentally different from the one 

required by the production use of a model (fun SQL vs. heavy numerical calculations). The 

kick-off for training is regularly the introduction of a new version of a feature or a 

discussion among business users about the likelihood of change in the analytical model. It 

has specific rollback and governance requirements. The outputs of a machine learning 

model and business logic are mostly ingredients for other analytical products (for instance, 
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to enhance a reporting tool). Consequently, provenance often focuses on tracking the 

strength of the model, model decay, and the strength of the rule set behind the business-

logic engine, rather than the actual inputs and how they syntactically relate to the final 

products. Ensuring that models and rules are properly validated and up-to-date in 

production is fundamental, but the mode of execution can vary. Automated workflows are 

often overkill for consolidated models and rules, so properly defined escalation processes 

are preferred. Nevertheless, analytics engines need to have access to the model APIs and 

business rule set at all times, thereby reducing the time taken from model/rule production 

to production use to a minimum. 

3. Completeness Ratio  

𝑪 =
𝑵𝒗𝒂𝒍𝒊𝒅

𝑵𝒕𝒐𝒕𝒂𝒍
 

The integration of the output of feature stores with automated analytical pipelines 

ensures the reproducibility and traceability of results. Accurate explanations of business 

decisions are crucial for maintaining and improving business relationships. High-quality 

metadata describing the information assets consumed or produced by each analytical job 

ensure that all the original pieces of information for a decision are used as well as that the 

quality of these pieces and their origin are known. Such provenance information serves a 

secondary purpose: regulatory compliance. Different regulations require a clear 

understanding of data lineage, and the information generated in an automated fashion 

fulfills this legal obligation. 

Table 2. Data Quality Gate Evaluation Framework 

Quality 

Metric 
Description 

Validation 

Method 
Threshold 

Remediation 

Action 

Completeness Missing records 
Null value 

analysis 
≥98% Data enrichment 

Accuracy 
Correctness of 

values 
Rule validation ≥97% Data correction 

Consistency 
Cross-system 

consistency 

Constraint 

verification 
≥95% Synchronization 

Timeliness Freshness of data 
Timestamp 

validation 

≤5 min 

delay 
Pipeline refresh 

Uniqueness Duplicate detection Hash comparison 
100% 

unique 
Duplicate removal 
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2. Foundations of Enterprise Data Fabrics 

An enterprise data fabric layers governance, automation, and optimization 

capabilities into the data architecture of defined roles, processes, and technologies for 

ingesting, storing, preparing, analyzing, visualizing, and sharing trusted, currency‐aware 

data. All these activities support one or more business functions. Mapping the activities of 

intelligent governance and analytical automation to the enterprise data fabric is essential to 

both apply their concepts and reinforce the fabric. 

4. Timeliness Score  

𝑻 = 𝒆−𝝀(𝒕𝒄𝒖𝒓𝒓𝒆𝒏𝒕−𝒕𝒖𝒑𝒅𝒂𝒕𝒆) 

Five architectural layers provide an enterprise foundation for data fabrics (Data 

ingestion, Data storage, Data processing, Data catalog and Data governance). Each layer 

can support one or more business functions; together they facilitate all those functions and 

other critical capabilities like operationalization and assurance of analytics. 

Table 4. Intelligent Governance Policy Framework 

Governance 

Area 
Policy Objective Automated Control Monitoring Metric 

Data Access Least privilege 
Role-Based Access 

Control 

Unauthorized access 

attempts 

Data Privacy 
Sensitive data 

protection 
Masking & Encryption Privacy violations 

Compliance 
Regulatory 

adherence 
Policy engine Compliance score 

Lineage Provenance tracking Metadata management Lineage completeness 

Audit 
Operational 

transparency 
Automated audit logs Audit coverage 

A. Quality Gates and Remediation Strategies 

Quality gate criteria determine the acceptable state of data entering an enterprise 

data fabric. Relevant quality metrics include completeness, accuracy, timeliness, 

consistency, and business-specific dimensions. Acceptance thresholds are defined to 

trigger remediation workflows for data that does not meet minimum quality expectations. 
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5. Remediation Priority Score  

𝑹𝑷𝑺 = 𝜶𝑺 + 𝜷𝑰 + 𝜸𝑼 

 

Where 𝑺is severity, 𝑰is business impact, and 𝑼is urgency. 

These workflows specify the necessary actions, their prioritization, who is 

responsible for executing them, and how completion is verified. Audit trails ensure that 

corrective actions can be reviewed later. Quality gates are automatically enforced through 

continuous monitoring of the sources, with detection based on alerts raised when standards 

are breached. Whenever possible, problems are resolved automatically through data-

cleansing routines with published impact assessments. Remediation-forcing condition can 

also be incorporated into orchestration workflows to guarantee the required quality of 

internal or external data sources without compromising the timely provisioning of services. 

The need for these quality gates can also be addressed not in the workflow orchestration 

but in the analytics pipelines utilizing the data fabric. 

6. Workflow Latency  

𝑳 =∑𝒕𝒋

𝒎

𝒋=𝟏

 

 

Where 𝒕𝒋is execution time of each pipeline step. 

To ascertain acceptable data quality, any critical, nonrepetitive activity must be 

systematically grounded on a set of quality gates. Such gates validate external and internal 

data sources against both general data quality properties and business-relevant dimensions 

that might be specific to an organization or even a particular service process. 

Nonconformity with any of these criteria triggers remediation actions aligned with the 

policies defined in the data governance framework. 
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Fig 1: Architectural Layers (Horizontal Bar): Maps the five foundational layers of the 

enterprise data fabric — Data Ingestion through Data Governance — showing increasing 

capability maturity as you move up the stack, reflecting the paper's layered architecture 

model. 

3. Architecture of Intelligent Data Fabrics 

Architectural patterns enabling interoperability and scalability are presented, 

highlighting the trade-off between centralized and distributed designs. Increasingly 

complex enterprise analytic requirements demand greater flexibility, responsiveness, and 

scale, often beyond the capabilities of individual organizations. Distributed data and 

analytical ecosystems naturally arise, as do associated concerns of reliability, cost, and 

control. Consequently, enterprise data management architectures are evolving beyond 

traditional data warehouse and data lake concepts to en-compass data hubs and data fabrics. 

7. Workflow Latency  

𝑳 =∑𝒕𝒋

𝒎

𝒋=𝟏

 

 

Where 𝒕𝒋is execution time of each pipeline step. 

Centralized models support data ingest, storage, and analytics in a unified 

environment operated by a single organization. Such an approach reduces latency, avoids 

privacy issues, and, owing to lower data replication and movement costs, can be more cost-

effective than a distributed model. However, full data integration introduces its own 

complexities; long changes to data sources or technical metadata may break downstream 
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analytics, and the wealth of data and metadata must continue being understood as it 

evolves. 

An enterprise data fabric extends the concept of an enterprise data hub to support 

decentralized access, governance, and stewardship, thereby managing distributed data, 

analytics, and associated processes across a collection of heterogeneous systems—

potentially under different jurisdictions. Data in a fabric may be owned and controlled by 

separate legal entities within a federation or consortium, or operated in a production-as-a-

service model by a gaming provider on behalf of multiple organizations. 

 

Fig 2: Quality Gate Criteria (Radar): Visualizes the six data quality dimensions the paper 

explicitly names — Completeness, Accuracy, Timeliness, Consistency, Business 

Relevance, and Correctness — used to trigger remediation workflows. 

A. Orchestration of Analytical Workflows 

Workflows comprising dependent steps that process data and produce insights 

are important in enterprises and often executed using specialized engines. A metadata-

driven orchestration mechanism capable of ensuring provenance and reproducibility 

enables analytical pipelines to reap the benefits of orchestration while accommodating 

diverse requirements for latency, throughput, and security. Each analytical pipeline has a 

structure defined by its semantics, which prescribes the way the pipeline operates even 

though the actual implementation may vary. Most semantics impose some ordering on the 

workflow because the operations are agnostic to one another and the orchestration engine 

executes them in the specified sequence or only executes those currently producing some 

output. Dependencies between operations can also be exploited for parallelism, and the 

execution may take place across one or more machines with capability for fault tolerance. 

The orchestration framework provides rollback functionality, so analyzing a newly 

ingested data set does not affect queries and reports currently in use. 
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8. Workflow Latency  

𝑳 =∑𝒕𝒋

𝒎

𝒋=𝟏

 

 

Where 𝒕𝒋is execution time of each pipeline step 

A dedicated orchestration engine serves as the control plane. It typically 

comprises three primary components: a scheduler that determines when and which pipeline 

to invoke and in what order, an executor that manages actual execution of the steps, and a 

rules engine that specifies when and under what conditions the control plane triggers a 

particular orchestration. Workflow definitions are usually stored outside the execution 

engine in a metadata catalog and for a specific pipeline the catalog may also house the 

schedules for rule-firing conditions, manage dependencies between rule-firing events, and 

log execution details including resource utilizations, output statuses, and error conditions. 

Orchestration can also be integrated with data-analytics engines, business-intelligence 

tools, and external data sources, so that pipelines call these services as part of the execution. 

 

Fig 3: Orchestration Components (Doughnut): Breaks down the three primary 

components of the dedicated orchestration engine the paper describes: Scheduler, 

Executor, Rules Engine, and Metadata Catalog, by relative processing workload share. 

4. Governance in Automated Data Environments 

The minimization of human intervention in data environments introduces new 

risks. Without the timely deployment of the right policies and controls, these enablers of 

data-driven transformation can rapidly become operational nightmares. Within enterprise 
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data fabrics, quality-assurance procedures cannot remain exclusively indexed and policy-

driven mechanisms cannot operate just as audit trails. Yet, the adoption of a formal policy 

framework facilitates compliance and diminishes overall risk exposure. 

The initial step in this risk- and governance-management component-landscape 

specification is the articulation of policy policies—high-level declarative documents that 

stipulate how people should behaviour and what assets should be protected. Individual 

firewalls help limit loss exposure, and good practice dictates that all regulatory demands 

be translated into executable policies. These high-level policies must subsequently be made 

machine-readable, primarily using supervised or rule-based systems. Where automation 

suffices, rules translate rules; otherwise, more complex systems take over. 

9. Access Control Decision  

𝑨(𝒖, 𝒅) = {
𝟏, 𝑹𝒐𝒍𝒆(𝒖) ∩ 𝑷𝒐𝒍𝒊𝒄𝒚(𝒅) ≠ ∅
𝟎, 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆

 

The minimization of human intervention in data environments introduces new 

risks. Without the timely deployment of the right policies and controls, these enablers of 

data-driven transformation can rapidly become operational nightmares. Within enterprise 

data fabrics, quality-assurance procedures cannot remain exclusively indexed and policy-

driven mechanisms cannot operate just as audit trails. Yet, the adoption of a formal policy 

framework facilitates compliance and diminishes overall risk exposure. 

A. Policy-Driven Access and Stewardship 

A full implementation of enterprise data fabrics must also address data ownership 

and stewardship roles, along with a suitable access control model. The governance 

framework operates with a least-privilege access control principle and — in cases where 

security and compliance policies have specific requirements related to access control — 

dynamic assignment of access rights can be considered alongside a policy-driven approach 

to data stewardship. The goal is to ensure that access is granted only to the parties who 

should be able to access the data, based on the guidance they contain, throughout the 

analytical life cycle. 

10. Provenance Traceability Score  

𝑷𝑻𝑺 =
𝑵𝒕𝒓𝒂𝒄𝒌𝒆𝒅

𝑵𝒕𝒐𝒕𝒂𝒍
 

Automated policy enforcement, auditing, and reporting augment the 

corresponding elements normally found in automated data environments. The first of these 

elements makes certain that the computed access rights are respected when data is being 

accessed for analysis, that permissions for the life cycle of analytic assets are enforced, and 
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that control is exercised over the correct reruns of data-related activities. This line of 

reasoning lies at the heart of the reporting component, which forms part of the normal 

operations of automated environments. With appropriate original policies and supporting 

analysis, risk management, incident response, and resilience operations that conform to 

established security and recovery levels can also be automated. 

 

Fig 4: Governance Automation Maturity (Stacked Bar): Shows the progressive shift 

from manual to automated governance controls across four implementation phases, 

illustrating the paper's thesis on policy-driven automation reducing human intervention. 

5. Conclusion 

A comprehensive, systematic analysis of enterprise data fabrics reveals principal 

characteristics, concepts, patterns, and requirements. Data fabrics act as coherent, 

integrated frameworks for Intelligent Governance and Analytical Automation on large-

scale datasets. These frameworks enable accurate, transparent, and reproducible processing 

of data, models, and algorithms by orchestrating all data-related actions through a unified 

Control Plane. 

11. Provenance Traceability Score  

𝑷𝑻𝑺 =
𝑵𝒕𝒓𝒂𝒄𝒌𝒆𝒅

𝑵𝒕𝒐𝒕𝒂𝒍
 

As increasingly data-driven organizations seek to automate monitoring, 

reporting, and incident response in their increasingly complex data landscapes, policy-

driven automation becomes pivotal. To maintain adequate oversight with minimal 

operational friction, resources, and risk of procedure deviations, high-level governance 
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requirements must be automatically translated into low-level controls and actively enforced 

across the ecosystem. Different types of rules address data quality, provenance and 

reproducibility, analytical model lifecycle, privileges and authorizations, stewardship 

assignments, compliance, and risk. The necessity of constant scrutiny is further confirmed 

through a life-cycle perspective on DataOps, which extends Software-as-a-Service 

principles from infrastructure to business processes and organizational support services. 
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