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Abstract 

Data governance strategies based on artificial intelligence are urgently needed to meet financial 

regulations that require authorities to track and control transactions and flows. Recent events 

have demonstrated the severe consequences when such regulations are not fulfilled. AI 

technologies can help close the gap between the high level of regulatory risk and the maturity of 

compliance and audit governance. Implementing AI techniques in data governance to improve 

regulatory-ready reporting, audit, and compliance can be mapped to various frameworks. The 

necessary components and connections can be expressed through the lenses of data lineage and 

provenance, metadata management and regulation language adapters, natural language 

processing systems for extracting governance policies from natural language documents, and 

machine-learning models for monitoring data quality. 

New regulatory imperatives are piling pressure on institutions that already run overloaded 

production systems. High levels of regulatory risk require institutions to secure and map their 

governance processes and controls. Most of the recent regulatory breaches can be traced to poor 

data quality, weak data flows, and insufficient controls. Data sources and flows are seldom 

documented, and no system manages data quality in an integrated way. Regulatory stress tests 

have also led supervisory authorities to seek holistic risk evaluations instead of using the usual 

isolated pillar assessments. The aim is to have a clear view of the institution's credit risk in order 

to assess capital needs in extreme scenarios. For many institutions, such assessments require a 

monumental amount of additional infrastructure and resources because the required reporting 

does not flow naturally from their business-as-usual processes. 
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Mapping, Enterprise Data Controls, Regulatory Infrastructure Modernization, Intelligent 

Compliance Architectures. 

1. Introduction 

The rapid advancement of artificial intelligence technology is transforming the way 

organizations do business. Organizations across all industries are taking advantage of machine 

learning to increase sales, improve customer service, streamline operations, and minimize risk. 

Successful applications of AI require enormous amounts of data for training, and organizations 

are leveraging external sources that often have little income attached. Without formalized 

control, this data pollution can flow unnoticed into internal systems and processes. If undetected, 

such mistakes can lead to unintentional false reporting to regulators. Data investors cannot afford 

unregulated chaos nor the penalties of incorrect reporting. AI can provide the solutions for data 

governance and compliance. There is little debate about the need for strong governance, 

supervision, and control. The International Association of Insurance Supervisors, Oracle White 

Paper, and the Basel Committee on Banking Supervision have all identified a lack of sound data 

governance as a key risk. 

Imposing stricter and more frequent regulatory reporting requirements is the response by 

regulators and supervisors to reduce financial sector risks. Meeting these demands is placing 

increasing strain on organizations, particularly the compliance functions. Consequently, the 

board of directors has called for a broader review of the risk profile to ensure sufficient controls 

are in place for governance, risk and compliance, and not just for regulatory reporting. An 

attestation that the compliance function is capable of successfully meeting obligations set by a 

multitude of regulatory authorities across the globe is valuable. Organizations are continually 

investing to strengthen their governance capability. A number of well-recognized data 

governance maturity frameworks, such as the Data Management Association’s Data 

Management Capability Assessment Model and the Positive Impact Data Maturity Framework, 

have been aligned to the Basel principles. Nevertheless, consideration of AI and machine 

learning as supportive techniques for enhanced governance is largely absent. 

1.1. The Role of AI in Transforming Data Governance for Enhanced Compliance 

AI and intelligent automation are reshaping the concept of data governance, specifically 

the role of data governance team in providing automated management and monitoring of data 
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quality, authorities, policies, controls and sovereignty to ensure that data remains accurate, 

consistent and trustworthy for the regulatory reporting. The demand for such capabilities is 

fueled by the regulatory pressures to report on ever-increasing data requirements that cut across 

the organization, the ever-increasing risks that require strict risk-based assessments of regulatory 

reporting obligations and the continuous striving for a mature governance framework. An AI-

driven data governance for data quality ensures that data is correct, up-to-date and trustworthy, 

while a data foundation focused on comprehensive lineage enables better understanding, 

confidence and preparedness for audit, thus minimizing time and cost implications of audits. The 

described operational capabilities are applicable to all parts of an organization’s data landscape 

and are thus not specific to any one regulatory reporting framework. Rather, they constitute the 

core enabling capabilities for any organization. 

A Data Governance framework represents a systematic approach to managing, protecting 

and enhancing the value of an organization’s data assets through a set of policies, processes, 

roles and responsibilities and technology tools. A key function of the Data Governance 

framework is to implement and maintain data quality, in other words to ensure the fitness for 

purpose of data used across the organization. A Governance Framework can therefore help 

organizations comply with Internal Controls over Financial Reporting such as Sarbanes-Oxley or 

with regulatory compliance across jurisdictions, such as the Basel Accord, Solvency II, the 

Federal Reserve Board of Governors Risk Data Aggregation Standards, Dodd-Frank or AIFMD. 

Data Stewards are the Data Governance counterpart that provides the expertise and 

enhancements of these capabilities through Data Quality Management, Data Lineage 

Management, Derivation and Source of Authority for Policies Implementation to enable not only 

maintenance, but also the proper facility of an organization regulatory reporting ecosystem audit 

space–assure readiness, execute audits with confidence and minimize the time and cost to 

remediate. 
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Fig 1: Autonomous Stewardship: Leveraging AI-Driven Data Governance for Cross-

Jurisdictional Regulatory Resilience and Audit Optimization 

2. The Imperative for AI-Driven Data Governance in Regulatory Reporting 
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Gaps in Data Governance make automated Regulatory Reporting unachievable at best. It 

is a tick box exercise at worst. Regulatory Authorities require organizations to manage risk 

across their franchises, balancing Business, Risk, Compliance, and Audit objectives. Regulatory 

Reporting is not for the Business - risk decision and reporting, information for Regulators, audit 

and proof of audit trails, compliance, failure to comply consequencesâ€"iles have been 

categorized. Regulatory Reporting is the oldest of Data Governance models. AI-driven strategies 

will be a prerequisite for organizations under significant scrutiny from their Regulators. It would 

be shocking to discover that embellished Regulatory Reporting for organizations under intense 

Regulatory scrutiny is still being carried out using blinds. The Managing Directors and Executive 

Committees bear the ultimate responsibility for all forms of Regulatory Reporting, encompassing 

all aspects of Regulatory submissions, filed with the appropriate local Regulatory Authorities. 

Organizations running Regulatory Reporting commented that their data was good 

enough; others considered it not fit for purpose. Either entrant was courting Disaster, with Data 

Governance levels below the levels required for Automated Testing and Systems Generated 

Reporting. Diligence and Rigor exercised through all Project Cycles, including Reg Testing and 

DR Testing As well as Quality Control Processes and Assurance Models Incidents in Data 

Provider and Consumer Systemsensitivity of the data, be it Personally Identifiable Information or 

Financial Data, warranted objectives well beyond day-to-day Business Operations. Four 

frameworks of increasing Detection Build, Resources, Work Procedure, and Testing 

Differentiation Levels provided a recognized blueprint covering all possible completion 

scenarios. Organizations that managed the Regulatory Reporting Data Governance Maturity 

Model using external Functions Meeting or Beating the Previous Year's Records enjoyed 

Governance and Surveillance Assurance distinctly better than their competitors. The AI-driven 

strategies are anticipated for organizations with high Business, Operational, Regulatory, and Tax 

advancement scrutiny. 
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Equation A. Data Quality Score (DQS) for regulatory-ready reporting 

Step 1: Define the dataset 

Let the reporting dataset be 𝐷 with: 

 𝑁 rows (records), indexed 𝑖 = 1. . 𝑁 

 𝑀 fields (attributes), indexed 𝑗 = 1. . 𝑀 

Step 2: Define “completeness” 

Let 𝑚𝑖𝑗 = 1 if field 𝑗 is missing in row 𝑖, else 0. 

Total missing values = ∑ ∑ 𝑚𝑖𝑗
𝑀
𝑗=1

𝑁
𝑖=1 . 

Total values = 𝑁𝑀. 

𝐶  =  1 −
∑ ∑ 𝑚𝑖𝑗

𝑀
𝑗=1

𝑁
𝑖=1

𝑁𝑀
 

So: 

 if nothing is missing → numerator = 0 → 𝐶 = 1 
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 if everything is missing → numerator = 𝑁𝑀 → 𝐶 = 0 

Step 3: Define “validity” 

Let 𝑣𝑖𝑗 = 1 if the value satisfies domain/range/type rules (e.g., currency code, date format), else 

0. 

𝑉  =  
∑ ∑ 𝑣𝑖𝑗

𝑀
𝑗=1

𝑁
𝑖=1

𝑁𝑀
 

Step 4: Define “consistency” 

Let 𝑘𝑖 = 1 if record 𝑖 passes cross-field constraints (e.g., “settlement_date ≥ trade_date”), else 0. 

𝐾  = 
∑ 𝑘𝑖
𝑁
𝑖=1

𝑁
 

Step 5: Define “timeliness” 

If each record has an age 𝑎𝑖 (time since last update), and a required max age 𝐴max: 

𝑇  = 
1

𝑁
∑max

𝑁

𝑖=1

(0,1 −
𝑎𝑖

𝐴max
) 

Step 6: Combine into a single Data Quality Score 

Choose weights 𝑤𝐶 , 𝑤𝑉, 𝑤𝐾, 𝑤𝑇 summing to 1: 

DQS  =  𝑤𝐶𝐶 + 𝑤𝑉𝑉 + 𝑤𝐾𝐾 + 𝑤𝑇𝑇 

2.1. The Necessity of Implementing AI-Based Strategies for Effective Compliance 

Management 

Effective management of compliance obligations is crucial for all organizations; these 

activities require substantial investment of time and human resources, and regulatory updates are 

often difficult and time-consuming to implement. Failure to abide by these obligations exposes 

organizations to costly penalties, reputational damage, and loss of business. Therefore, 

monitoring for compliance with applicable obligations must be established as a routine function 

throughout the entire organization. An effective strategy would involve establishing such a 

process for each domain and integrating the required input into the compliance Management 
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System (compliance update, compliance assessment, and ongoing monitoring). A systematic and 

regular review of compliance with applicable obligations provides boards, management, and 

stakeholders with the assurance that the organization is undertaking appropriate actions to meet 

its compliance requirements. This approach would maximize the benefits of compliance, 

minimize time and resources spent on regulatory compliance, and reduce the risks of 

noncompliance. Although it is common, many organizations underestimate the value of a well-

implemented process for Managing Regulatory Compliance. 

Ensuring compliance with regulatory reporting obligations, particularly those stemming 

from anti-money laundering legislation, is considered the minimum acceptable effort required. 

More mature organizations take it further and invest additional time and effort in detection, 

analysis, and internal-resolution processes. Organizations that address regulations 

comprehensively, taking into account confidentiality, data protection, and IT governance, not 

only reduce the risks of receiving regulatory fines and penalties but also demonstrate to 

regulators that they are committed to ensuring Regulatory Compliance across their entire 

business operations. Although achieving a fully sustainable status is the ultimate goal, the 

maturity gap between organizations that can readily demonstrate that their entire business is 

being conducted in compliance with Regulatory Obligations and those that cannot is equally 

significant. Such differences, however, can be mitigated by adopting a risk-management-led 

approach in areas such as Regulatory Reporting. 

3. Core Concepts and Definitions 

The term “data governance” refers to the policies, strategy, and processes put in place by 

senior management to manage data risk and compliance obligations. The term “data 

stewardship” refers to the execution of operational processes that support data governance 

commitments. While the focus of data governance is ensuring the right actions are taken also by 

third parties who interact with the data of the organization and have been entrusted to use it, data 

stewardship focuses on the operational execution of data-related tasks—specific activities and 

roles, including data quality monitoring, parental care and data delivery—those activities where 

the lacking of a clearly accountable and responsible party leads to material issues, very often 

translating into the inability to build trust in data. Important components of data governance are 

data quality, provenance, and lineage. Also, the data stewardship model that is deployed by an 

organization is a very important part of the data quality strategy. 
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Data governance commitments usually become obligations when they are formalized 

through contracts and agreements. However, new compliance obligations under the regulation of 

modern economies increase the need for organizations to guarantee controls, processes, and 

documentation of fulfilment of the obligations and ensure that all the information is available in 

a concise and defined format when needed. All offerings of organizations that have branches in 

multiple jurisdictions must also consider the largest compliance obligations, in order to define 

the by-default rules to reduce the effort to cover other regulations. These compliance obligations 

are then divided into regulatory reporting requirements—providing information to the external 

world—and compliance obligations—obtaining permission to operate, often done at predefined 

intervals. The regulatory reporting requirements are the ones that most help organizations 

consolidating the information. They are applied to financial institutions such as banks, insurance 

companies, and pension funds, for which the financial information is of high interest to investors 

and requires to be monitored with an external granularity that goes beyond what is supplied by 

the market. 

3.1. Data Governance and Data Stewardship 

In the context of data-related regulatory reporting requirements, data governance and 

stewardship require specific attention. First, data governance has to do with the strategic 

oversight of data-related activities. Second, that oversight is intended to ensure that the laws and 

regulations governing a jurisdiction’s data assets (in whatever form) are complied with. In that 

context, data governance and related processes help to define, assign, and oversee the roles, 

responsibilities, and activities that ensure the quality of data and its proper use within the 

jurisdiction. The term encompasses those data-related areas of activities on which the jurisdiction 

has to report, such as data flows, data quality, and the correspondence of jurisdictional systems 

with laws and regulations. The maturity of a jurisdiction’s data governance model and its 
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supporting processes and technology have a direct link with observed risk behaviours. ).

 

Fig 2: Navigating Regulatory Compliance: A Unified Framework for Data Governance, 

Stewardship, and Lineage in Jurisdictional Reporting 
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Data stewardship entails all the activities required to comply with the requirements of 

data governance. Data governance is the navigation function; data stewardship is the ground 

crew. Data stewards carry out the roles defined by the data governance function in the different 

functional areas and business units. Data stewards are responsible for the availability, 

discoverability, usability, quality, and security of the data flows within their area. Data 

governance defines the quality metrics, standards, and controls required by the jurisdiction’s data 

flows; data stewards monitor compliance and raise alerts when these controls are exceeded or 

breached. Data-lineage models provide the data-governance function with an overview of these 

data flows. 

Data quality refers to the subject of how good the data are. Data-lineage models help the 

stewards of the data flows understand and report how good (or bad) the data are. The following 

sections discuss how these two concepts evolve in the context of regulatory reporting. Data 

lineage or provenance is about knowing where the data come from—what systems, people, and 

processes created, transformed, aggregated, and loaded the data. Data-lineage models define the 

different stages through which experimental and production data pass. These stages can include 

creation, cleaning, augmenting, labelling, integration, and loading (for experimental data) or 

creation, publication, and distribution (for production data 

Maturity_Level Detection_Build Resources Work_Procedure 

1 1 1 1 

2 2 2 2 

3 3 3 3 

4 4 4 4 

3.2. Regulatory Reporting Requirements and Compliance Obligations 

Accounting, financial, and other related sectors are regulated globally. However, the 

oversight regime varies by jurisdiction and risk management requirement. The obligations to 

submit reports to various regulatory agencies based on the activities account for a substantial 

oversight cost, among other resource demands. The scope of such regulatory reporting varies 

according to the data reported, ranging from daily technical report submissions by financial 

services institutions to annual reports covering the full year. However, regulators often do not 

audit each report but sample selected reports for audits or require validation by reserve bank-
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approved external auditors. Regulatory reporting requirements teach a wide range of disciplines; 

for example, the DNB, Nederlandsche Bank (Netherlands Bank), requires a full GIPS-compliant 

Asset Management Compliance Overview Report audit. 

Reports to the Reserve Bank of India, RBI, are often covered by similar regulatory audit 

obligations as defined in the financial institution inspection manual (FIIM). The RBI has 

prescribed a facility for banks and select non-banking finance companies to submit a self-

declaration certifying audit arrangements. Based on the quality of past submissions, the quality 

of certification, RBI inspection findings, and other information, RBI’s approach would be to 

grant leniency for these certifications but remain alert for any discontinuity or signs of falling 

short. A guidance note describes the basis point uniform guidelines for the reviews undertaken as 

part of RBI’s AML-CFT framework. 

4. Architectural Patterns for AI-Driven Governance 

Data lineage and data provenance are fundamental concepts in data governance. Data 

lineage refers to the ability to trace the flow of data through its lifecycle, from the original source 

(often referred to as the system of record) through to its final destination. Data lineage can be 

captured manually or automatically. Manual capture is typically performed by data stewards or 

data owners who are knowledgeable about the data and how it flows from system to system, 

whereas automated capture uses metadata collected from the systems to determine where the 

data comes from and the transformations it undergoes as it flows through the various systems 

involved. Automated lineage capture is usually executed by dedicated tools that tap into system 

connections, logs, workflows, ETL processes, replicators, and the like. 

Traceability—in other words, the ability to trace the flow of data through its various 

lifecycles—affects accountability. If issues with a dataset arise, the various people or teams 

involved in its preparation for reporting can be traced back through the lineage of the data and 

potentially held accountable for any issues. This is particularly important for auditors, as having 

a clear audit trail for the data used for reporting is a critical aspect of any audit. Origin data is 

also essential in determining whether data quality issues occurring upstream will impact key 

datasets used for reporting and, if so, at which point in the reporting process those issues would 

be expected to arise. 
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Equation B. Data lineage completeness + provenance confidence (LC / PC) 

Step 1: Model lineage as a graph 

Let lineage be a directed graph 𝐺 = (𝒱, ℰ) 

 nodes 𝒱: systems/tables/jobs 

 edges ℰ: transformations/flows (ETL, replication, workflows) 

Step 2: Define lineage completeness 

Let ℰ𝑒𝑥𝑝 be expected edges for a reporting pipeline (from architecture/design). 

Let ℰ𝑐𝑎𝑝 be captured edges (from metadata/logs/tools). 

𝐿𝐶  =  
|ℰ𝑐𝑎𝑝|

|ℰ𝑒𝑥𝑝|
 

 Manual lineage capture exists, but the paper strongly points to automated capture using 

metadata/logs . 

Step 3: Provenance confidence 

Often each captured edge 𝑒 has a confidence score 𝑝(𝑒) ∈ [0,1] (e.g., inferred vs directly 

observed). 
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For a given data element’s path 𝑃 = {𝑒1, … , 𝑒𝐿}: 

𝑃𝐶(𝑃)  = ∏𝑝

𝐿

ℓ=1

(𝑒ℓ) 

4.1. Data Lineage and Provenance 

Data lineage refers to the tracing of data elements throughout their lifecycle, capturing 

their origins, underlying transformations, and current state. Related to data lineage, provenance 

indicates where a data element originates, whether it was generated internally or acquired 

externally. Understanding lineage and provenance is essential for data discovery, analysis, and 

operational decision-making. Despite its importance, data tracing at the macro level (for entire 

data flows) or the micro level (for granular architectural patterns) is challenging, and AI can 

improve the detection of lineage and provenance footprints within data flows by identifying the 

first and last capturing points for each data element. 

Several AI patterns are instrumental in enabling these architectural dimensions. The 

tracing of data provenance generally relies on metadata, and the evolution of data lineage as a 

metadata-driven process can also be combined with analysis of the metadata itself. AI systems 

capable of analyzing complicated chains of causation can broaden the detection of natural 

language patterns pertaining to data flow. Such patterns of data transport can facilitate not only 

the comprehension but also the full automation of complete traces of data flows, supporting the 

scrutiny and auditing of data processing activities in real time. Furthermore, advanced AI 

systems with lifelike cognition can essentially possess semantic abilities able to access the same 

kinds of knowledge and data description available to humans, enabling and extending AI-based 

natural language procedure analysis. 

The ability to build knowledge networks supporting causation detection can completely 

automate dynamic knowledge graph production and update. This level of causation analysis can 

be leveraged to automatically detect data flows (where data elements travel across systems or 

services) and end-to-end data lineage. Capturing data lineage and provenance is instrumental for 

ensuring accountability and for establishing solid audit trails between data flow occurrences and 

associated regulatory requirements. 

4.2. Metadata Management and Registry Design 
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Effective metadata management is critical in regulatory reporting environments. It 

enables organizations to track the schema of information assets, automated regulatory reports, 

and audit requirements. A metadata repository, populated with data from various sources, 

constitutes a metadata registry. The metadata management strategy encompasses the entire 

lifecycle of metadata within the organization, defining how metadata is sourced, enriched, 

consumed, and governed. Metadata used for regulatory reporting is governed according to a 

clearly defined process. Configuration data for data acquisition, testing, and operational pipelines 

is managed through an agreed-upon change control process. Any related obligations identified 

during a risk assessment are fulfilled. 

A metadata repository supports a number of specific behaviours and use cases, including: 

storing all schemas of information assets and automated reports; capturing the lifecycles of 

schemas, including created, modified, or deleted indicators; recording information on the 

documentation status of schemas and the latest available version; tracking all information assets 

used within automated reports; providing a traceability mechanism to identify the information 

asset that originated the data; recording all applicable regulatory obligations; managing metadata 

for regulatory testing; managing metadata for regulatory audits; serving as a reference for data 

availability status; and managing a centralized metadata provisioning mechanism. These aspects 

should make use of state-of-the-art metadata provisioning facilities across the different cloud 

providers. 

Whenever confidential or sensitive data is stored in the repository, appropriate access 

controls must be applied to restrict the visibility of the sensitive information to authorized roles 

only. Consideration should also be given to the handling of personally identifiable information 

(PII) and sensitive PII. In addition, whenever metadata is made publicly consumable, only the 

information that can be exposed publicly should be included. 

5. AI Techniques Supporting Governance 

Natural language processing techniques hold the potential to automate extraction of 

regulatory obligations from articulated policies, supervisory expectations, and standards. Large 

language models can translate unstructured regulations into machine-readable formal language or 

ontology-based definitions. The output of this processing can be used for automatic extraction of 

rules, which may then be consolidated and organized into relevant information categories, 

providing a new mechanism for production of policy documents. Technology-assisted controls 
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and supervision can support resourcing either directly against the use of machine learning 

models that detect qualitative anomalies impacting compliance and threaten fulfilment of 

respective requirements and obligations of data providers and users. 

Errors in the use of data by federation users can have significant consequences associated 

with any of the models of federated architecture and for any of the architectures of data hubs. 

The establishment of an independent office or area of data quality, utilising either external 

consulting services or operating as a dedicated internal team separate from the federated model 

community of users but with advisory, educational, control, and validation roles, should be 

considered to detect anomalies in the data flows and related products, warn of potential quality 

loss in the data context, and monitor the calibration of data with respect to the assumed quality 

statuses as also expressed by the governance. Such a design could also extend to threat detection 

generated by the articulation of specific business metadata translations in relation to the data 

flows received from the federated sources. Associated data could then be collated and analysed 

to identify trends and incidents across broad datasets. Detection of anomalies, including 

variations from quality parameters or expected occurrence frequencies, could also be 

incorporated in the model. 

5.1. Natural Language Processing for Regulation Translation 

Current evidence challenges the claim that Artificial Intelligence (AI) can automate Data 

Governance for compliance with increasingly stringent Regulatory Reporting requirements. 

Processes that underwrite Regulatory Reporting and fulfil Compliance obligations are 

intrinsically concerned with ensuring the quality and fitness-for-purpose of – and the 

identification of de facto authoritative – organisational data. AI in general – and, in particular,  
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Fig 3: Beyond the Automation Myth: NLP-Driven Regulatory Ontology Mapping and the 

Realities of AI-Augmented Data Governance 

Natural Language Processing (NLP), Machine Learning (ML) and knowledge graphs – are 

indeed being applied to numerous aspects of Regulation and to data classification. Yet these AI 

techniques are currently neither well-advanced nor sufficiently accurate to – even in a narrow 
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application domain – fully automate Data Governance for Regulatory Reporting. Instead, AI-

Based Data Governance is urgently required to address the challenges arising from cumulative 

Regulatory Reporting requirements imposed by G20-driven agendas on countries subject to 

Basel III, FATF and other international bodies. International and regional Regulatory 

Authorities, such as the Basel Committee, Financial Action Task Force, European Banking 

Authority and Securities Commission Malaysia, have recommended a more facility-wide 

approach to compliance obligations, against the backdrop of a rapidly evolving digital landscape 

that broadens the threat landscape, radically reduces the time available for compliance, and 

exposes greater volumes of sensitive data to cyber threats.10–13.  

Natural Language Processing (NLP) is increasingly applied to the translation of text, 

including regulatory texts. Such scientific literature assumes sufficient robustness but, in reality, 

NLP currently has significant limitations, including in accuracy, especially when applied to 

areas, such as technical regulations with a high proportion of expert knowledge and low 

prevalence of textual heritage, where the training data set is relatively small. Its major 

applications in the compliance domain are the alignment of national regulation to an Ontology 

covering the full domain of international, regional and national obligations and the extraction of 

an enterprise-specific policy from the combined rule set to articulate a precise compliance 

obligation statement for an enterprise. 

5.2. Machine Learning for Anomaly Detection in Data Flows 

Machine learning techniques detect anomalous behavior in regulatory reporting or audit-

related data flows, supporting alerting, auditing, data quality assessments, and the identification 

of potential threats against the data resources involved. Although the underlying algorithms do 

not depend on specific data types, supervised models require labeled training datasets, which 

may be unavailable or become stale and, thus, less valuable as an indicator of normal behavior. 

Label-free modeling approaches aim to automatically sense normal behavior based on 

generalization from training data and inject ML-based capabilities into the AI-driven processes 

governing data pipelines. 

The rules defined in the data governance framework express the policies and quality 

requirements for the data involved in regulatory reporting processes or audit scopes. In the 

presence of matching metadata contexts, semantic-based rule-executors automatically compare 

actual data and its behavior against those policies and trigger alerts upon detection of non-
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conformance. When rule violations tend to recur frequently, the alert can be subsequently 

optimized to work as an auto-remedy or create a Service Desk ticket automatically requesting the 

resolution of the detected anomaly. A generic architecture for information security threat 

detection couples existing platform mechanisms performing anomaly detection on audit and 

relevant data access logs with the data governance framework. It leverages historical log content 

to create “known-good” behavior models and alerts whenever statistically relevant deviations 

take place. 

6. Data Architecture for Regulatory Reporting Ecosystems 

Data hubs and federated models are established architectural patterns that conventional 

organizations use to consolidate and integrate data. The former are used primarily where data 

resides in diverse systems, and the latter where it is generated by distinct data producers. In both 

cases, data ingestion patterns facilitate data centralization for reporting, analytics, or other 

purposes. Access patterns control which users or functions consume the integrated data, e.g. data 

owners or stewards for assurance functions that operate an approved data repository or asset. 

Specialized integration can also support transaction activity between various parties, as seen in 

assisted regulatory reporting for instance. A data governance framework centered on a data hub 

may remain valid in these circumstances, and the major governance stories addressed in it can 

also be applied for a federated model enabled by alternative integration patterns. 

Beyond functional access, the efficiency and effectiveness of automated reporting—

which processes often comprise a data factory for the consuming business or service area—can 

be enhanced by establishing and applying a dedicated data standard. Enterprises in Financial 

Services and other regulated sectors are accustomed to this practice. An umbrella schema, often 

termed canonical, enables deal flow generation by multiple producers with diverse tech stacks. A 

domain-specific committee designs both standardized data structures and domain vocabularies, 

ensuring that the latter are precise enough to minimize the overhead of data harmonization in 

actual use. Data producers and consumers normally underline in their regulatory or statutory 

writing that transactions are Sterling deal flows. Correspondingly, data harmonization translates 

any qualitative descriptions to this canonical format. 
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Equation C. Regulatory obligation extraction coverage (RCC) from NLP policy translation 

Step 1: Define extracted obligations 

Let the NLP pipeline extract a set of obligation statements: 

𝒪 = {𝑜1, 𝑜2, … , 𝑜𝑅} 

Step 2: Define mappings to controls/data assets 

Let a mapping function 𝑚(𝑜𝑟) link each obligation to: 

 controls/tests 

 datasets/fields 

 lineage segments 

Define: 

𝐼𝑟 = {
1 if 𝑜𝑟 is mapped to an implemented control and data evidence

0 otherwise
 

Step 3: Coverage metric 
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𝑅𝐶𝐶  = 
∑ 𝐼𝑟
𝑅
𝑟=1

𝑅
 

6.1. Data Hub and Federated Models 

Two distinct architectural patterns capable of addressing the data flow, analytics, 

consumption, and distribution challenges for regulatory reporting, audit readiness, and 

compliance remain to be considered. The first adopts a central Data Hub (or Bank Data 

Warehouse) model, whereas the second relies on a decentralized Federated pattern. 

Centralized Data Hub. The central data hub model follows the standard ETL flow for 

data integration: Extract, Transform, and Load. Trusted and economical data sources and flows 

are identified; data are converted into a consistent canonical format and stored within the central 

bank data warehouse (the Data Hub), allowing regulators and interested external parties to 

retrieve the data needed. The benefits of a centralized Data Hub include the cost efficiency of 

data preparation, integration, standardization, and refinement into Gold Copies, and the 

guarantee of consistent data delivery to meetings, governance decisions, and scheduled reports. 

The downsides are the considerable effort required to design, build, and run a trusted Data Hub 

that everyone in the enterprise agrees to use, and the risk that if no one actively steers the 

operation, the costs will outweigh the benefits and usage will dwindle or disappear. 

Maturity_Level DQS LC RCC 

1 0.55 0.4 0.35 

2 0.7 0.6 0.58 

3 0.82 0.78 0.75 

4 0.92 0.9 0.88 

6.2. Data Standardization and Interoperability 

Data standardization and interoperability ensure efficient data integration and sharing 

across systems, facilitating the processing of regulatory reporting and audit requests. A common 

schema defines a set of mandatory fields to be provided by all stakeholders, allowing ingestion 

of data from multiple sources and reducing the costs of onboarding new sources via streamlined 

data transforms. At the data hub level, the schema ensures that data ingested from multiple 
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sources can occur without requiring complicated data merges. A canonical data model provides a 

representation of key concepts used in regulatory reporting. Such concepts may include legal 

entities, parties, accounts, portfolios, products, transactions, and trades. For more complex 

regulation, a canonical data model may define key attributes related to the regulatory 

requirements such as locations, currencies, asset classes, classifiers, and other relevant attributes. 

Compatibility with the canonical data model should be a requirement for organisations supplying 

regulatory reporting data through a data hub. Any compound flows submitted to the data hub 

should contain data that matches the canonical data model. 

In situations where data is required to be accessible through several data sources, a 

federated model can complement a central data hub such that data does not have to be moved, 

but processing can still take place. In such cases, when requirements are defined, work should 

also be done to develop a certain level of standardisation that enables the joining and 

recombination of data from multiple sources. A harmonisation process can support 

interoperability. The result can be a collection of community data standardisation projects, 

focused primarily on the commonly used and traded instruments and assets across the business 

domain. 

7. Conclusion 

To remain competitive, companies must manage growing inventories of structured, 

unstructured, and semi-structured data with emerging technologies such as artificial intelligence 

(AI) and machine learning (ML). These technologies play a role in every aspect of data and 

analytics, including data governance, data quality, and data management. AI-based data 

governance has become a focus in recent years, driven not only by regulatory pressures, but also 

by the need to mitigate risks to the quality and security of sensitive data assets. Many companies 

are struggling to reach a level of maturity needed to ensure proactive data risk management and 

improve resiliency. Regulatory obligations are also becoming difficult to manage because 
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compliance must now be validated by third parties such as auditors prior to launch. 

 

                      Fig 4: Governance Operating Model Load Distribution 

Key data regulatory requirements are also beginning to appear in jurisdictions across the 

world. Many companies remain ill-prepared for these obligations, and an ongoing lack of trust in 

data and data-reliant processes results in audits that are still not past-ready and that continue to 

consume significant time and resources, even in the best-case scenarios. All these pressures 

indicate a need to scale data governance across the enterprise. It is no longer sufficient for a 

small team to monitor a small set of crown jewels; businesses need a comprehensive strategy 

supported by a comprehensive AI-driven operating model. Advanced Operating Model for 

Governance Maturity provides guidance in this area, outlining the organizational structure, roles, 

responsibilities, processes, and supporting technologies required to enhance the maturity of data 

governance across both the first and second lines of defense. 
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7.1. Summary and Future Directions for AI-Driven Data Governance 

AI creates transformative opportunities to evolve data governance processes and 

supporting technologies that drive regulatory reporting and audit readiness. The development and 

maturing of advanced machine learning and natural language processing techniques enable 

organizations to increasingly automate the governance of data that fall under inspection by 

regulators. The supporting processes can become AI driven, evolving AI capabilities and 

supervised machine learning techniques. 

Future research can evaluate architectural decisions, mappings of regulatory demands to 

technical implementations, and supporting governing processes. Organizations facing increasing 

scrutiny from regulators can drive alignment between data governance practices and preservation 

of audit trails for readiness and resilience-demanded investigations. Payment Providers and 

Financial Services Firms undergoing scrutiny from the Financial Action Task Force and Security 

Exchange Commission require AI-driven, continuously updated data governance processes able 

to show how client data constitutes an ongoing risk to reputation and license to operate. 
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