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Abstract 

Real-time compliance requirements pose considerable challenges to service-oriented, cloud-

based regulatory technology (RegTech) systems. The volume, variety, velocity, and variability of 

adverse events often necessitate rapid action. High-frequency trading systems, for example, may 

have to react to changes in government policy markets within milliseconds. Other triggering 

events might require a risk-based response to data on machine-to-machine fraud at an 

appropriate decision time horizon. Information security threats demand constant vigilance and 

prompt countermeasures. 

While regulatory compliance is primarily enforced via laid-down policies, lifecycle monitoring 

of the policy-defined controls is often considered neither formal nor critical for compliance. 

Dynamic policy enforcement, however, renders this choice invalid. Latency requirements for the 

governance of RegTech systems must therefore extend beyond the immediate-response horizon 

to include compliance-related data processing, storage, and data quality management. Such 

requirements are applicable to both the optional compliance checks that stop short of automatic 

intervention and to the auxiliary non-functional compliance triggers such as privacy or security 

by design. 
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1. Introduction 

Compliance with ever-evolving financial regulations requires that the dynamic 

compliance obligations of a system be fulfilled with low latency. The operationalization of 

compliance must ensure that validated compliance conditions are met when regulatory triggers 

occur. Enriching real-time transaction-validation pipelines with additional context provided by 
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regulatory metadata enables rapid identification of potential compliance breaches based on 

established, emergent, or ad hoc policies. Individual data elements must be actively correlated 

with relevant channels, sectors, geographies, and roles. Risk metrics of controlled elements, 

triggered components, and overall accuracy must be continually produced and monitored. 

The governance of regulating technology (RegTech) systems must safeguard the 

processing integrity, data quality, privacy, and security of the data. A continuous, automated 

approach is required due to the dynamic nature of such systems. Governance must therefore be 

considered a first-class service, aligning DevSecOps principles with Policy-as-Code 

implementation, continuous compliance testing, deployment drift detection, and active 

governance using machine learning and artificial intelligence. The policies spearheading these 

automation efforts must leverage internal compliance evidence but also include third-party 

reporting streams. Regulatory-enforced data-sharing frameworks allow the composition of 

compliant data products. 

2. Foundations of Intelligent Data Governance 

Data governance is foundational to any critical information system. An intelligent data 

governance framework establishes principles, controls, and services that ensure the integrity of 

all data exposed to end users and the quality, reliability, and trustworthiness of data products, 

services, and outputs created by the system. Such a framework defines the levels of data quality 

required to comply with the system’s risk appetite and regulatory obligations. Data quality can 

be summarized in terms of observable dimensions, related Key Performance Indicators (KPIs), 

monitoring cadences, and workflows for remediation. It encompasses the presence and integrity 

of required metadata (e.g. authorisation and sufficiency statements) as well as the observability 
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of data lineage and provenance.

 

Fig 1: RegTech Transforms Compliance Landscape in Digital Era 

Detecting the occurrence of integrity violations is mandatory, but merely identifying 

threats or even preventing them is not sufficient; it is equally important to validate the absence of 

violations. A continuous and automated lifecycle-level end-to-end verification of data integrity 

must therefore be complemented by the capture and validation of data provenance. It provides 

the evidence needed to demonstrate compliance with the requirements for the integrity of 

financial data products and services established by applicable regulations, standards, and risk 
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guidelines. Data provenance describes who created a data item, when and where it was created, 

how it was derived or transformed, what other data were used in the creation process, which 

policies were enforced, and who validated the final product, thereby supporting the elemental 

business principle of least privilege. 

2.1. Data Quality and Lineage 

A comprehensive data governance framework must first define the dimensions of data 

quality and provenance to reduce compliance risk. Quality indicators and key performance 

indicators highlight the aspects of quality that matter the most for organizations. Testing 

cadences and remediation protocols help diminish the impact of data quality issues. Visualizing 

data lineage increases transparency and, ultimately, helps compliance. 

Data quality in real-time compliance systems is vital. Because such systems usually 

qualify for reporting obligations associated with mitigating actions under law enforcement 

sanctions regimes, organizations should expect high data quality at all times. A quota on data 

quality drift probably underpins such requirements. Exceeding that quota, even temporarily, 

might trigger law enforcement interest. The organization’s response could become a public 

announcement if sanctions are imposed or maintained. Consequently, organizations 

institutionalize data quality controls, directly specifying quality frameworks with indicators, 

exhaustiveness frequencies, and remediation workflows. 

Data lineage relates to provenance, which tracks the origin of data, as well as the systems, 

processing steps, and transformations that have occurred. Capturing and visualizing provenance 

along all data lifecycles increases data transparency and allows data users to judge the reliability 

and trustworthiness of data. That capability represents a strong interest in compliance as it makes 

it possible to define, compute, evaluate, and visualize the governance impact of compliance-

sensitive data quality indicators. 

2.2. Metadata Management and Sovereignty 

Metadata represents data about data. Systematic management and upkeep of the meta-

layer is essential for ensuring compliance, privacy, and ethical operations because it can provide 

context when needed. Metadata management enables governance distribution among multiple 

domains. Governance authorities within different technological domains create their metadata 

catalogs to control the data and services under their purview. Regulatory and other relevant 
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metadata is stored by controllers and maintainers in specific technology domains (e.g., a cloud 

domain maintains ML model metadata, a network domain specifies routing metadata, etc.). 

Cross-domain data/data service access requires the presence of appropriate metadata in the 

respective domains and systems. Metadata exchange among domains is arranged via a federation 

system allowing sharing and cross-domain operations. 

Sovereignty compliance depends on the adherence of control authorities to boundary 

conditions and policy specifications. Such conditions are requested, accepted, and continuously 

validated with mitigative actions taken when violations are detected. The process is commented 

on in the Policy as Code section. Chartered confidential data belonging to specific parties cannot 

exit the nation; sensitive data must have anonymized attributes while in transit or use in non-

native jurisdictions; and data from different cloud domains must never cross those boundary 

conditions that are coded, tested, deployed, and drift-detected. 
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Equation 1: Precision 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Step 1: Define the prediction set 

Suppose the compliance engine marks some transactions/events as positive, meaning: 
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 suspicious, 

 non-compliant, 

 risky, 

 or requiring intervention. 

The total number of predicted positive cases is: 

Predicted Positives = 𝑇𝑃 + 𝐹𝑃 

because every predicted positive is either: 

 True Positive (TP): correctly flagged, or 

 False Positive (FP): incorrectly flagged. 

Step 2: Ask what fraction were correct 

Precision measures: 

Of everything the system flagged as positive, how many were actually positive? 

So: 

Precision =
Correct positive predictions

All positive predictions
 

Step 3: Substitute the confusion-matrix terms 

Correct positive predictions are 𝑇𝑃, and all positive predictions are 𝑇𝑃 + 𝐹𝑃. Therefore: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
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Step 4: Interpretation 

 If 𝐹𝑃 increases, precision falls. 

 If 𝐹𝑃 = 0, then: 

Precision =
𝑇𝑃

𝑇𝑃
= 1 

which is perfect precision. 

Step 5: Example 

If the system flags 100 transactions and 85 are truly problematic: 

𝑇𝑃 = 85, 𝐹𝑃 = 15 

then 

Precision =
85

85 + 15
=

85

100
= 0.85 = 85% 

3. Methodology 

To ensure safeguarding of data integrity and provenance, automatic validation steps can 

be defined for explicitly identified data sources. In perfect information and detection spaces, 

stronger-than-necessary forms of integrity protection (e.g., watermarking, MACs with mandatory 

access controls, and Pub/sub management) may not be necessary. Likewise, redundant 

provenance capture points may mirror, rather than mitigate, risk. For higher-risk sources, 

enabling redundancy may be more appropriate; for resources-with-sensitive-latency or –

monitoring situations, managing explicit detection may be sensible. Real-time compliance and 

risk-assurance situations inducing redundancy on-line or forensics situations inducing 

redundancy off-line remain essential shields. 

Clearly visible during analysis, design, and longitudinal evolution periods, these 

explicitly targeted advances safeguard the integrity and provenance of a multinational RegTech 

system operating in a novel configuration that emulates a cloud-native service-based 

architecture. The particular focus of the intelligent data-governance perspective is automation by 
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detecting, predicting, and correcting information drift in cloud-regulatory-resilience systems; on 

Bandura’s principles of matching affect and behaviour; and on AI ALIGNMENT. The landscape 

of the overall endeavour, real-time latency, the intelligence-of-automated-reasoning approach, 

and the data-stewardership automation of capture-enhancing-and-budgeting methods are 

expressed clearly. 

3.1. Safeguarding Data Integrity and Provenance 

Data integrity is paramount for compliance-relevant data that requires capture for any 

regulatory scrutiny. Deliberate and non-deliberate threats targeting compliance data need to be 

identified, and integrity controls designed using standard security principles to protect against the 

identified threats. Non-deliberate threats reduce integrity without malicious intention. 

Provenance and impact of updates must be captured proactively for such data to maintain 

compliance readiness throughout the data life cycle. For compliance data, provenance 

mechanisms incorporate not only capture of primary provenance but also allow for querying 

through ad-hoc mechanisms at controlled granularity in case of any alterations. Maintenance of 

such provenance becomes essential due to its impact on compliance processes. 

The analysis of captured provenance necessitates development of appropriate validation 

workflows to ensure continued reliability before final submission to regulators. Architectures 

must ensure that these data strands support data copies available at dedicated time windows with 

reliance on the captured provenance only for audit trails. This maintains the real-time compliance 

nature of the architecture. All captured provenance records must also be structured to meet the 

needs of internal audits and regulators to ensure the organization remains prepared for any 

scrutiny. Compliance data thus represent a special class of data with additional monitoring, 

provenance capture, and validation requirements relative to other classes. The additional controls 

add a minor increment to the overall operational overhead of the system and its governance since 

regulators often demand scrutiny of a small and well-identified subset of all captured data. 
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Table 1. Core framework components 

Component Purpose Main Inputs Main Outputs 
Real-time 

relevance 

Data 

Integrity 

Assurance 

Ensure 

compliance 

data is not 

corrupted or 

altered 

improperly 

Transaction 

data, source 

records, 

control logs 

Integrity status, 

exceptions, evidence trails 

Prevents false 

compliance 

decisions 

Data Quality 

Monitoring 

Measure 

completeness, 

correctness, 

freshness, 

consistency 

Streaming 

records, KPI 

thresholds, 

validation 

rules 

Quality KPIs, alerts, 

remediation triggers 

Supports 

accurate low-

latency 

decisions 

Data 

Lineage / 

Provenance 

Track origin, 

movement, 

transformation, 

and validation 

history 

Metadata 

events, 

pipeline 

stages, 

ownership 

data 

Lineage graph, 

provenance records, audit 

evidence 

Enables 

regulator/audit 

traceability 

Metadata 

Management 

Maintain 

schema, 

domain, policy, 

and sovereignty 

context 

Catalogs, 

policies, 

taxonomies, 

domain 

metadata 

Federated metadata views, 

policy context 

Needed for 

cross-domain 

governance 

Policy-as-

Code 

Encode 

governance and 

compliance 

rules for 

automatic 

enforcement 

Regulatory 

rules, internal 

controls, test 

policies 

Machine-readable 

policies, compliance 

checks 

Enables 

continuous 

compliance 
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Component Purpose Main Inputs Main Outputs 
Real-time 

relevance 

AI-driven 

Anomaly 

Detection 

Detect drift, 

outliers, 

unusual data 

movement, 

lineage 

anomalies 

Historical 

behavior, 

metadata 

profiles, 

current events 

Anomaly flags, 

explainability outputs 

Improves 

monitoring in 

dynamic 

environments 

Security & 

Privacy by 

Design 

Protect 

confidentiality, 

access, 

sovereignty, 

and 

accountability 

Access 

requests, 

cryptographic 

controls, 

identity data 

Access decisions, 

encrypted/pseudonymized 

flows 

Required for 

regulated 

environments 

4. Objectives of the Study 

The study contributes an integrated framework that enables real-time, intelligent, data-

driven governance for highly regulated cloud-native systems by consolidating the corresponding 

requirements formulated. The framework encompasses a service-oriented governance layer with 

federated cross-domain capabilities and four vertically aligned capacities: assurance of data 

integrity for financial compliance; monitoring of data quality during operational service; 

lifecycle tracing of data lineage; and assessment of governance maturity. 

Success is determined according to three criteria-oriented questions: (i) Is it possible to 

jointly assure data integrity for financial compliance in cloud-native systems?, (ii) Can cross-

domain data quality be monitored without human intervention during system operation?, and (iii) 

Is it feasible to continuously assess the maturity of a governance regime embedded in such a 

highly regulated, dynamic environment? The specific contribution focuses on facilitating 

governance in regulatory technology domains requiring real-time validation of data-centric 

business decisions. 
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4.1. Goals and Aims of the Research Study 

Within the context of maintaining compliance in real-time financial markets—where 

service volume recorded during any position is potentially subject to regulatory scrutiny—

successful development of a cloud-native financial compliance system must allow agile response 

to edge cases. Given that regulatory responsibilities are distributed across multiple agents, 

applied fraud and risk detection models must assess the real-time data associated with this 

service volume, then correlate it with the placed demands, at least on the relevant short time 

windows. Vital monitor-and-response triggers for the key players in the financial landscape 
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include immediate positions of evident fraud or risk, associated operational and impact 

predictions either with high probability, or failure to satisfy an appropriate filter set, 

Transactions. Trigger criteria and penalties must be tested against a representative threat model. 

While cloud-native infrastructure simplifies the incorporation of proactive security and 

privacy mechanisms, these features need to operate in harmony with all such latency-triggered 

and request-response requirements in an efficient solution. Data source and destination 

obligations form another vital regulatory overlay on the governance and data-sharing 

architecture. Foreign system interaction can be further modeled with the additional objectives 

and treatments when business-level agreements and products are being offered. The associated 

cross-domain policy enforcement and their impact on risk and fraud detection need to be 

explored. The scripts, forms and provisioning supporting such domain connections can add 

further operational latency layers, but need to remain within reasonable bounds. 

 

Fig 2: Data Governance Objectives for Enterprises 

5. Research Summary 



 
 

14 | P a g e  
 

Real-time compliance for various regulatory obligations has become imperative for 

financial market participants, and cloud-native regulatory technology platforms can assist them 

in fulfilling these obligations. Such systems face the challenges of being able to detect, report, 

and respond to regulatory triggers with the required latency while providing assurance of 

compliance over the decision horizons defined by the regulators. Applying established instances 

of data governance to this context focuses on directly guaranteeing the integrity of all data 

processed by the system over its entire lifetime using a combination of design-for-integrity, 

continuous end-to-end provenance capture, design-for-correctness and independent verification. 

Combining these capabilities with a service-oriented architecture and a data-mesh 

concept with decentralized data ownership supports federated governance and enables the real-

time validation of compliance control conditions. Likewise, migrating from batch- to stream-

processing architectures enables near-real-time detection of compliance-control violations, 

allowing remediation prior to reporting using automated-playbook responses. The proposed 

approach supports the top-down instantiation of the dynamic compliance-validation pipelines 

demanded by the applicable legislation while embedding the usual left-to-right view focused on 

threat mitigation and operational risk control. 

5.1. Real-Time Compliance Dynamics in Cloud-Native Regulatory Technology 

Cloud-native regulatory technology is a new generation of software solutions, 

specifically designed to assist financial institutions in complying with regulations, standards, and 

frameworks in a more effective way, mitigating the workload and effort required for formal 

compliance assurance and validation, and relieving business units and information technology 

and information security function teams from the manual work undertaken to achieve the formal 

compliance requirements. Users of cloud-native regulatory technology solutions benefit from 

automatically managing the formal compliance evidence for their own organizations. The 

effectiveness of compliance with all requirements is continuously validated in real time and any 

incident detected is transformed into an actionable alert. 

The regulatory compliance dynamics can be broken down into two interleaved processes, 

the triggering of a detected event by a specific regulation and its latency with respect to a 

mandatory detection, reporting, or evidencing deadline. The nature of cloud-native regulatory 

technology solutions, and the fact that compliance is automatically managed in near real time by 

the users, enforce always-on formal compliance automation and testing processes within 
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institutions’ environmental boundaries. The introduction of a cloud-native, regulatory-

compliance-as-a-service model also enriches compliance provision with regression testing, 

maintenance, and proof quality factors, resulting in an always-on formal compliance automation 

process for participating institutions. 

Equation 2: Recall 

The defines recall as: 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Step 1: Define the actual positive set 

The total number of cases that are actually positive is: 

Actual Positives = 𝑇𝑃 + 𝐹𝑁 

because every real positive case is either: 

 True Positive (TP): detected correctly, or 

 False Negative (FN): missed by the system. 

Step 2: Ask what fraction were detected 

Recall measures: 

Of all the real positive events, how many did the system actually catch? 

So: 

Recall =
Detected actual positives

All actual positives
 



 
 

16 | P a g e  
 

Step 3: Substitute confusion-matrix terms 

Detected actual positives are 𝑇𝑃, and all actual positives are 𝑇𝑃 + 𝐹𝑁. Hence: 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Step 4: Interpretation 

 If 𝐹𝑁 increases, recall falls. 

 If 𝐹𝑁 = 0, then: 

Recall =
𝑇𝑃

𝑇𝑃
= 1 

which is perfect recall. 

Step 5: Example 

Suppose there were 120 truly suspicious events, but the system caught only 90: 

𝑇𝑃 = 90, 𝐹𝑁 = 30 

then 

Recall =
90

90 + 30
=

90

120
= 0.75 = 75% 

6. Real-Time Compliance Requirements in Cloud-Native RegTech 

Several factors can necessitate rapid regulatory compliance, including in-region market 

entry or exit, customer onboarding, exposure events, risk threshold overruns, discovery of data 

leaks, and sudden changes in regulatory guidance. Although these compliance triggers are rare, 

fulfilling them usually requires system modifications with situational availability rather than 

continuous operation. Nevertheless, some regulations impose real-time compliance requirements. 

Recent OpRisk and CyberRisk events indicate that insufficient investment in detection and 

remediation can result in critical business and reputational impact; as a result, aligning 
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operational and compliance costs with the risk of reoffending is becoming an increasing 

imperative. Since any such risk breach must be immediately detected, the adoption of real-time 

controls is considered a mature objective. System elasticities enable the rapid introduction of 

corrective controls by EM operators. Once introduced, violations must be caught with minimal 

detection time, necessitating real-time monitoring not only for forensics but also for risk 

assessment and quantification. 

The capital market pillar of the Basel III framework demonstrates this need by specifying 

compliance during operational times. Operational Loss databases must therefore be up-to-date 

and accurate during processing and ready for aggregation at a moment’s notice to facilitate 

disclosures and reporting processes. Real-time availability is thus a core requirement. The need 

to map all operational risk loss events into the respective categories, ensuring inclusion in the 

corresponding databases supported by the risk taxonomy and sufficient coverage to enable 

credible KRI and KPI measures for risk monitoring, increases the maturity-level expectations 

from these databases and ultimately impacts investment decisions and business opportunities. 

New guidance for financial institutions published shortly after the start of the COVID-19 

pandemic includes cyber risk management and presents a key supervisory engagement area for 

operational resilience, including the need for firms to accelerate cyber resourcing and implement 

the requisite security controls. Large-scale operational outages and severe service disruptions are 

similarly emphasized by the Financial Stability Board, demanding that both institutions and 

third-party providers validate their cyber resilience through targeted, scenario-based pen tests. 

Detection and mitigation strategies for such risks are consequently gaining importance, with 

semiotic compliance to gaps and oversights identified by supervisory authorities or major testing 

failures now expedited to reestablish credibility and compliance. 

6.1. Regulatory Landscape and Obligations 

The regulatory landscape governing real-time compliance in cloud-native Regulatory 

Technology (RegTech) solutions encompasses various laws, standards, and reporting 

requirements. These obligations are mapped to the system's capabilities using a Regulatory 

Requirements-to-System Capabilities Overview Table (Table 6.1). Due to resource limitations, 

surfaces for which compliance latency is significantly larger than the time needed to react to a 

regulatory trigger are detected by a regulatory trigger-detecting component connected with a risk 

management module, piloting a colored line in a colored-dot convention with hiding, 

emphasizing and displaying elements whenever applicable. 
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In terms of risk management, supervisory regulators explicitly mandate a forward-

looking view of risks, extending beyond the mere risk level associated with the financial 

institution. More generally, supervisory authorities require assessment of risks to the business, 

for instance, escalation of Counterparty Credit Risk due to events in the market or at specific 

countries. Typologies can also influence risk escalation; for instance, days linked to the highest 

incident concentrations must be identified, with a review of the related financial positions, also in 

a forward-looking manner, if major counterparties are in ping-pong with opposite but correlated 

positions. Latency for such evaluations cannot be too long; it is advisable to go days further than 

the last incident threshold with a two-business-day horizon. 

Table 2. Data lifecycle and governance actions 

Lifecycle 

Stage 
Governance Action What should be captured 

Generate Identify source and owner Source ID, creator, time, domain 

Collect / 

Ingest 

Validate incoming structure and 

integrity 

Ingestion timestamp, schema check result, 

source trust status 

Store Preserve secure and compliant 

state 

Storage location, encryption state, 

retention tag 

Process Track transformations and policy 

enforcement 

Transformation steps, model/rule version, 

policy ID 

Consume Record access and decision usage Consumer identity, use purpose, output 

version 

Archive Preserve audit trail Validator identity, archival timestamp, 

evidence pointer 

Destroy Record governed deletion Deletion rule, approval, destruction 

timestamp 

6.2. Threat and Risk Modeling for Real-Time Validation 

To identify the adversary models that could affect the RegTech data processing 

environment, the attack techniques and motivations of the various actors targeting the banking 

sector were examined. The APT29 attack group, known for targeting organizations in the US and 
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globally, stands out among the cyber threat actors. It has technical capabilities to compromise 

United States government organizations in several areas of focus, is particularly active and 

globally influential in leveraging cloud infrastructure, and carries out attacks with diverse 

motives. A less-privileged threat actor could be a criminal, while one possessing a high stake 

could act as a national sponsor. Closely related to a bank’s political sphere is organized crime. 

Although possessing varying capabilities and aims, these three attack models have a principal 

common target: the sensitive economic, private, financial, or intellectual property data of banks 

and their clients. 

The variety of risk metrics considered for real-time validation was based on existing 

knowledge and practice. Real-time risk scoring methods were recycled from academic research 

and practitioner advice presented in various publications. The latest GARTNER risk 

management sample reports were used to assess risk from a banking perspective. Further 

analysis focused on critical incident priorities—such as zero-day attacks, risk avoidance, and risk 

treatment limits—emphasizing that detection and responding to such incidents must be 

prioritized and risk tolerance adapted. Focusing on emerging trends within the cyber-threat-

adversary landscape, the threat landscape for the banking sector was broadened with insights 

from Kaspersky Lab’s pointers, covering private financial organizations, international payments, 

payment systems, and stock exchanges. 
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Fig 3: Risk-Adaptive Data Governance Framework for Modern Digital Ecosystems 

7. Architectural Principles for Cloud-Native RegTech 

Service-Oriented Governance Layer: Governance services form a logically distinct layer 

that interacts with the RegTech system’s business logic. Their orchestration enables compliance 

at all owned services but not at external services or during cross-border data exchanges involving 

non-compatible data-sharing regulations. Governance services expose well-defined interfaces 

that abstract away the underlying implementations and can be composed, substituting any 

interacting service or performing partial mockups. Security, privacy, and compliance governance 

services control data at-rest and in-motion. Identity and access management supports 
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authentication, authorization, and accountability across RegTech components. Other services do 

not belong to the governance layer but still contribute to security and privacy. Data 

anonymization happens before data sharing to data providers and consumers within the same 

federation, encryption takes place during data sharing with data consumers outside a federation, 

and risk detection and mitigation employ ML models. Services manage test data required for 

policy-testing pipelines but do not test policies themselves. Changes in business operations, data 

demand, or system resources may invalidate policies’ assumptions, leading to their drift, which 

testing pipelines can detect and signal. 

Data Mesh and Federated Governance: The RegTech system adopts a data mesh, 

enabling domain-oriented data ownership and enabling regulation-first compliance. Data 

proposal templates allow external data providers to offer data for processing or exploitative 

purposes. Governance policy templates support federated governance beyond the RegTech 

system boundaries. Policies governing access to a domain’s data are defined in situ, by the 

domain’s owner or a trusted third-party auditor. Policy properties supported by the domain’s 

owner enable automated policy selection, steering, and testing for data access and sharing across 

domains, and variation points enable sharing with partners holding unfavorable risk ratings. 

Stage-specific properties support data retention and design retention, include control, and 

regulation compatibility for cross-domain data sharing. 

7.1. Service-Oriented Governance Layer 

Governance services, such as lineage capture, contextual tagging, ontology mapping, data 

quality assessment, and threat modeling, provide the foundational layer for the other governance-

related components in the system. Their interfaces are declared in a composable manner to 

facilitate the construction of more sophisticated services, such as real-time validation. The 

underlying implementation of these services is federated, with individual teams responsible for 

the correctness of their code and configuration, whether the service is executed in-band with the 

service doing the compliance-sensitive processing or in-band with the event source. Independent 

third parties ultimately provide assurance that compliance requirements, traditional or regulatory, 

are appropriately enforced across administration domains. 

Decentralized ownership within a data mesh governance model, with federated policy 

enforcement and auditing across administration domains using a suppression-based approach, is 

a workable model for enforcing security, privacy, and compliance controls even in real-time 
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validation and other low-latency scenarios. The component providing cross-domain data sharing, 

especially by enabling access to enriched copies of the data, is also a requisite part of the overall 

governance layer, albeit an optional part from a data management operations perspective. 

7.2. Data Mesh and Federated Governance 

Decentralized data ownership facilitates federated policy enforcement across regulatory 

domains and enables seamless data sharing. 

Data ownership must span domains and policy enforcement be federated to accommodate 

diverse regulatory requirements. Regulatory Technology solutions must provide mechanisms to 

support privacy, security, and data sovereignty demands while enabling seamless data exchange 

to support indirect compliance. A federated approach decouples the evolution of data acts and 

streaming source systems. Gaps in policy enforcement can thus arise across domains if the data 

owners do not adopt or enforce appropriate controls. A governance overlay service encapsulating 

the relevant policies for every domain, both from a privacy and security standpoint, can help 

safeguard the sharing of sensitive data across regulatory jurisdictions. Such an orchestration 

capability allows monitoring and enforcement of cross-domain compliance requirements 

managed by external actors on behalf of other data owners. 

Data sharing agreements such as Secure Multi-Party Computation (MPC) can be 

implemented across any sensitive data-interdependent domains to preserve privacy and data 

confidentiality. A federated control layer that focuses on supervision, logging, and reporting of 

the shared data operation can be leveraged to prevent cross-domain data leakage and ensure that 

privacy guidelines for these data transfers are not violated. Mechanisms enabling transparent 

data sharing, without the need for a central repository, can address data quality and availability 

issues inherent in cross-domain data-dependent compliance. 
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8. Data Stewardship and Provenance Mechanisms 

Provenance and Data Quality Metrics 

Resilience against data integrity threats depends critically on trustworthy provenance 

records. These records must reveal how data were collected and how they have changed from 

creation to consumption. Data can be associated with a trail of events by capturing lineage 

information across the different stages of the data lifecycle. By doing so, it is possible to reason 

about the accuracy and reliability of data elements, ascertain changes introduced in transit and 
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understand their impact on data accuracy. Captured lineage information could also be visualized 

for clarity. Typical stages spanning data lifecycles are: data generation (i.e., reading data from a 

source system), data collection (i.e., ingestion into the data mesh system), data storage (i.e., 

persisting in the processing systems), data processing (i.e., transformation and business logic 

execution on data), data consumption (i.e., delivery of data to an end system). 

At each stage, an event can be created cataloging the action’s type, the participating data 

objects within the participating systems, and the operating domains. Events are stored in a 

centralized repository and made available for visual analytics. When end-users consume data 

from the system, they should be able to visualize the lineage involved in the particular data 

package being consumed. This view provides an understanding of the data’s reliability since they 

can inspect those responsible for the data preparation. In order to ensure the integrity of the 

lineage trail, all events should be created automatically — with a low-level framework 

component being responsible for publishing them consistently. 

Data quality affects financial compliance operations at three levels: the decision-making 

process, the analysis of the rules and monitoring frameworks, and the specific implementation of 

the rules in the monitoring system. Defect KPIs define how well the data match the quality 

expectations and whether a remediation process needs to be triggered. Each KPI acts as a quality 

gate, determining whether the quality expectations are fulfilled. Quality of service requirements 

drive the monitoring cadence; monitoring processes that guarantee data quality in near real time 

are preferable. 

Equation 3: Precision and Recall together 

Using the same confusion matrix: 

Actual / Predicted Positive Negative 

Positive TP FN 

Negative FP TN 

we get: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
  and  Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
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Key difference 

 Precision penalizes false alarms (𝐹𝑃) 

 Recall penalizes missed detections (𝐹𝑁) 

In real-time RegTech: 

 High precision reduces unnecessary investigations. 

 High recall reduces missed compliance breaches. 

8.1. Data Quality Frameworks and KPIs 

A data governance framework for real-time financial compliance in cloud-native 

Regulatory Technology (RegTech) systems proposes implementing the concept of impact 

definitions in addition to threat models. The definition constitutes the regulatory perspective on 

the compliance capability of the environment, specifying high-level aspects of the compliance 

freshness and completeness requirements for untrusted data flows. Analogous to a threat model, 

a data governance impact definition describes compliance risk and relevant risk indicators. 

Various literature uses the term data (quality) management to refer to not only data quality 

assessment but also data quality monitoring and remediation, as well as data management KPIs 

such as monitoring cadence and remediation workflows. In the context of the proposed 

governance framework and the analysis of compliance freshness, completeness, and risk 

monitoring, the focus is on data quality management for external data sources and feeds not 

controlled by the organization. 

Similar to a threat model, a data quality framework captures the most relevant aspects of 

assurance for data not controlled by the organization in graphical form and serves as a concise 

foundation for data quality assessment, testing, and usage. Several stages of the data lifecycle are 

identifiable, as well as useful data quality indicators for each particular stage. Metrics that 

combine a set of dimensions to express overall quality also appear in the literature, either related 

to the context or purpose of the data, or derived by data quality assessment, monitoring, or 

testing mechanisms. The monitoring cadence depends on the characteristics of the data and the 

business, and appropriate remediation workflows need to be specified for anomalies detected 

during monitoring or assessment. 
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Fig 4: Data Quality Framework 

8.2. Lineage Capture Across Data Lifecycles 

A multitude of data traits progressively deteriorate during a data set's life cycle. The 

recognized data life cycle, which consists of stages such as plan, create, store, use, share, archive, 

and destroy, is frequently employed. Organizations should also distinguish between the creation, 

usage, distribution, and archival life cycle phases in order to define moments during which a data 

set's lineages must be recorded. Standard data lineage trails typically depict the origin of the data, 

its destination at rest, the internal transformations undergone during processing, and the mapping 

of its attestation destination. The constituents of the data governance ecosystem are responsible 

for the generation of lineages across the data life cycle. 

Computing three "states" of any data gets directly aligned with aspects of the final 

visualizations used by data stewards. These three states might be "who-sent-what-where" for 

data-in-motion, "who-wrote-what-where" for data-at-rest, and "who-validated-what" for data-in-

archive. The service-oriented governance layer and the metadata management layer interact 

closely to assure that lineages recorded for these three states meet the native needs of the 

constituents of the data governance ecosystem. In terms of data-at-rest lineages and lineage 

visualization patterns, the structural alignment dimension of data-time and data-domain gets 
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exploited. An aligned lineage-ordering facilitates the identification of the data-at-rest lineages 

that present a potential issue or suspect. 

9. Real-Time Data Processing and Compliance Pipelines 

The intelligent data governance framework supports operation in cloud-native regulatory 

technology systems capable of fulfilling multi-regulatory compliance obligations in real time. 

Latency requirements for the various compliance decision engines and regulatory triggers are 

mapped against the properties of existing stream processing engines and associated approaches. 

Advisory decisions regarding service-level objectives are presented. A data transformation 

pipeline specification has been defined to ensure that data entering the compliance engines 

comply with the expected semantic and syntactic formats. 

Data provenance considerations remain a critical aspect in the context of real-time 

validation either through the use of data directly ingested as part of the service demands for the 

cloud-native regulatory technology solution or as possible sources of forensic information when 

regulatory compliance evidence is validated after execution. Traditionally, every step in the 

transformation of the data has been included during the data lineage capture, enabling a very 

granular view. Capturing stream meta-information enables focus on information of real interest 

during the compliance processing: which source is providing the information, the phase of the 

information, who is requesting the information, and when the information is processed. Systems 

supporting data lineage provide this capability but remain more complex. 

Stream processing technologies are designed for situations in which the data is flowing 

continuously, which is a typical scenario to fulfil the requirements of the cloud-native regulatory 

technology. Once the data has been split by type, the chosen data can be discarded, stored, or 

processed at that moment. Options for both batch and streaming processing exist, and an initial 

evaluation of the alternatives has been conducted. The main decision drivers remain latency and 

support for event-time processing. The goal is to make all the regulatory validation decisions at 

the earliest possible moment and, preferably, as the data is ingested into the system. 
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Table 3. Real-time compliance pipeline latency budget (illustrative) 

Pipeline Stage 
Illustrative Latency 

(ms) 
Why it matters 

   

Ingestion 90 Input acquisition must be fast and reliable 

Schema validation 110 Reject malformed records early 

Standardization 140 Convert heterogeneous data to canonical form 

Policy evaluation 180 Check compliance rules in near real time 

Risk scoring 160 Detect fraud/risk indicators rapidly 

Provenance 

capture 

80 Preserve traceability without blocking 

pipeline 

Alerting / action 60 Trigger response before deadline 

Total 820 Below the article’s stated sub-1-second target 

9.1. Stream Processing Architectures 

Flow-processing engines based on a stream-oriented computation model, such as Apache 

Flink and Google Dataflow, support data-processing pipelines on data streams. These 

architectures allow event-time processing through timestamps such as ingestion time, event time, 

and processing time in combination with supporting algorithms for out-of-order handling (early 

and late data). The execution of sub-pipelines terminated by an output sink is accomplished in a 

per-window manner, employing windowing strategies to address requirements on processing 

latency and resource consumption. For analytical use cases, a predefined stream-processing 

topology ensures accurate deliverables within a designated window duration; excess latency 

during actual execution results in missed real-time SLAs. Shortest-triggered and continuous 

SLAs further mitigate latency trade-offs for informative outputs. 

Real-time compliance pipelines are a specific subset of data-processing pipelines that 

ensure regulatory obligations are fulfilled within the mandated latency. These can reside — at 

least partially — in any real-time data-processing architecture: single engines like Apache Flink 

or Google Dataflow can support all data-processing pipelines, while non-stream-oriented 
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systems must employ an elastic-service approach with supporting near-real-time execution 

caches. In a reactive cloud-native RegTech system, non-stream-oriented data-processing 

pipelines are typically triggered based on asynchronous events. 

9.2. Data Transformation and Standardization 

Cloud-native regulatory technology (RegTech) systems acquire data from multiple 

heterogeneous sources that often use different formats, taxonomies, and ontologies. Before being 

stored in compliance repositories, data need to be transformed and standardized to a canonical 

schema. Data Ingestion and Processing Pipelines must therefore incorporate processes for format 

translation, schema transformation and validation, normalization, and semantic alignment. 

Compliance reporting requirements typically necessitate the mapping of actual data fields 

to a format defined by some standard or regulatory body. Mapping rules implementation may 

leverage industry-specific data templates as reference documents. A catalogue of correlation 

rules between the ingested data schema and the canonical schema must be developed and 

regularly updated based on the evolution of the reporting obligations. The catalogued correlation 

rules can subsequently support the automated and dynamic transformation of data into the 

canonical data model. Data validation rules must also be defined to ensure that the conformed 

data is normalized, cleansed, and semantically aligned prior to its storage in the compliance 

repository. 

Equation 4: Latency 

Step 1: Define start and end time 

Let: 

 𝑡𝑠 = time when data enters the compliance pipeline 

 𝑡𝑒 = time when compliance result is produced 

Then latency is the elapsed time: 

Latency = 𝑡𝑒 − 𝑡𝑠 
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Step 2: Multi-stage derivation 

If the pipeline has 𝑛 stages with stage delays 𝐿1, 𝐿2, … , 𝐿𝑛, total latency is: 

Latency
total

=∑𝐿𝑖

𝑛

𝑖=1

 

For example, with seven stages: 

Latency
total

= 𝐿ingestion + 𝐿validation + 𝐿standardization + 𝐿policy + 𝐿risk + 𝐿provenance + 𝐿alert 

Using the illustrative values from the table: 

Latency
total

= 90 + 110 + 140 + 180 + 160 + 80 + 60 Latency
total

= 820 ms 

Step 3: Compare to requirement 

If the threshold is 1000 ms: 

820 < 1000 

10. Security, Privacy, and Regulatory By Design 

Fundamental security, privacy, and regulatory considerations demand attention 

throughout the design process of a cloud-native RegTech system. Addressing these matters after 

development may be insufficient or impractical. Building systems securely requires foundational 

knowledge of the system infrastructure and business context. Security-by-design principles 

ensure the safety and privacy of sensitive data while permitting protection evaluation with 

minimal additional effort. 

Data protection requirements can be managed by implementing encryption, 

anonymization, and pseudonymization where appropriate. Encryption guarantees secrecy; 

dealing with data in encrypted form requires specific operations, which may not all be feasible or 

optimal. Cryptographic key management defines potential data leakage through exposure of 

secret keys. Anonymization techniques can mitigate exposure and are often supported by legal 

frameworks. While pseudonymization is a reversible process that reduces rather than eliminates 
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identification risk, it is nonetheless valuable for enabling data processing without revealing 

sensitive attributes. 

Security and privacy mechanisms usually incorporate access governance and identity 

management. Fair distribution of assets and services dictates their association with least-privilege 

models, which enable an organization to restrict access to its machinery and resources. 

Regulatory requirements focused on information systems demand verifiable methods for relating 

actions to entities. Audit trails form the basis for authentication and non-repudiation services, 

which preserve responsibility in the event of security failure or regulatory breach. 

10.1. Encryption, Anonymization, and Pseudonymization Techniques 

Encryption constitutes the primary instrument to protect data confidentiality, being 

particularly necessary when data leaves the networks or systems governed by an organization’s 

security policies and capabilities. In transit, the use of protocols such as TLS is expected, while 

for data at rest the protection of data stored in databases usually relies on Transparent Data 

Encryption (TDE) functionalities. However, TDE comes with some limitations, including the 

difficulty in renewing the encryption keys, and therefore more customized approaches based on 

encryption libraries are increasingly being adopted. Nevertheless, encryption impacts the data 

usefulness, thus reducing or nullifying the possibilities of outsourced analysis, such as 

aggregation. 

Besides encryption, which protects data confidentiality, anonymization, and 

pseudonymization (sometimes called tokenization) are alternative techniques to disassociate 

identities from data values. Anonymization achieves this goal by removing or modifying 

personal identifiers within a personal data set so that individuals cannot be readily identified. The 

first step is usually to remove obvious identifiers such as name, address, social security number, 

and so forth. Demographic data can also be removed to help avoid identification, by combining 

general information into larger groups (age groups, income groups, etc.). Another widely used 

method of anonymization is generalization, which replaces real values by ranges. For example, 

the date of birth may be generalized into the season of birth. All the values of a column with the 

same generalization would constitute one equivalence class. After such generalization, at least k 

individuals would have the same value of that column, thus preventing privacy violations. 

Anonymization is a one-way process that irretrievably modifies data for their own protection. 

Even breaking the anonymity without any risk for the individual will still keep the data useless. 
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Unlike anonymization, pseudonymization allows re-link the identity of the personal data 

set and it is reversible using a protected "mapping" key stored separately. Personal data sets can 

be partially pseudonymized by removing identifiers of direct identification, but allowing for the 

possibility of re-identifying data by means of additional information which is held separately. 

Pseudonymization is also used to fulfil the regulation's criteria of anonymization, if the picture of 

the data is not obviously unwanted or irrelevant for the purpose of the processing, or if the 

agency does not wish such personal data to be disclosed or used for purposes other than those for 

which they were collected. For personal data sets that are not stored in encrypted mode, 

pseudonymization can be used as other security measure. However, this technique involves some 

costs; thus a careful analysis should determine if the benefits justify the added costs. 
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Fig 5: Encryption, pseudonymization, tokenization, and anonymization 

10.2. Access Governance and Identity Management 

Authentication governs access and establishes end-user identities. Decisions may allow 

or deny user entry and grant or restrict access to resources such as systems, servers, applications, 
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and databases. An access governance model implements technical measures to undertake 

decisions satisfactorily, allowing for system use without compromising security, privacy, or 

compliance. Two main threats related to authentication identify adversarial schemes attempting 

to exploit weaknesses. Username/password authentication is most common in enterprise services 

despite being the easiest to compromise. These systems are vulnerable to credential stuffing, 

phishing, keylogging, and guessing. Risk increases with weak passwords and greater reuse of 

passwords across services. MFA mitigates this risk: when enabled, attackers need username, 

password, and additional information to gain access. Service providers still collect all 

credentials, and phishing remains possible if the right service is imitated and an MFA code is 

requested. Significantly, MFA is useless for insiders or legitimate users; indeed, it can increase 

exposure (delivering a working username and password to the intruder) and greatly reduces cost 

for administrators. 

Detecting unwanted access by establishing whether a user should have access to a system 

and the resources available requires managing access rights. A least-privilege model grants the 

minimum access required, ensuring trust in requested access and limiting exposure. A user 

requires both attributes that define its identity and capabilities, such as roles that define 

responsibilities and responsibilities. Policies sometimes specify security clearance, especially for 

confidential information, and possibly for all data. Through regular audits of users and 

privileges, it is possible to revoke user access not required for work. Supporting audits is an 

access history trail that records requests for access and whether granted or denied. These audits 

often cause users to refrain from requesting access unless truly needed (known as 

accountability). An access governance model establishes measures to carry out these decisions 

and others defined in the policies. 

11. Governance Automation and AI Alignment 

Policy as Code and Continuous Compliance: codified policies, testing pipelines, and drift 

detection. AI-Driven Anomaly Detection and Explainability: ML/AI methods for governance 

monitoring, explainability requirements, and evaluation. 

Governance frameworks that fail to properly assess and address data-related requirements 

are not truly aligned with the principles of continuous compliance. For example, the ongoing 

compliance testing of financial models must include dedicated steps as part of the model 

lifecycle to test compliance with the governance framework. Policy codification has emerged as 
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an essential means for implementing continuous compliance for cloud-native systems, yet such 

an approach is not normally generalized or extended to formal data governance policy 

definitions. Governance-as-code approaches can simplify the integration of engineering testing 

and compliance testing into a single continuous pipeline. Any drift from formal data governance 

policies during the normal operation of services should be detected and reported as an anomaly. 

A governance monitoring workstream may leverage either established ML algorithms 

trained primarily on historical data or ad hoc ML/AI systems designed to detect outliers in low-

volume datasets. Such ML/AI techniques might be applied to a specific governance 

subcomponent not directly covered by existing security tools, such as ML-driven monitoring of 

the quality of data lineage capture. For example, a visual inspection of the resulting lineage 

might be a highly challenging and time-consuming test for model evaluation. In such cases, the 

existence of many unlinked nodes in the lineage graph could be a symptom of drift that requires 

testing attention. Furthermore, formal evaluation criteria in terms of test precision and recall may 

be defined, with respect to anticipated future anomalies, to measure the system performance over 

time. 

11.1. Policy as Code and Continuous Compliance 

Policies governing the operation of systems and their data should be expressed in 

machine-readable formats as code. Such policies can be tested for syntactic and other errors 

before deployment, and subsequently against open-source testing frameworks. Since they reside 

in source code control systems, they can be monitored for drift. Drift can be either change in the 

underlying infrastructure and platform or decommissioning of the system components. Drift can 

also be deemed as Mutually Agreed Ugliness (MAU) with feedback from business stakeholders. 

MAU drift can also be detected and surfaced. 

In the case of data governance, drift is the evolutionary change in business and regulatory 

policies, which may require amendments to data security and governance policies in RegTech 

systems. Scalability requires data governance for dedicated, point solutions, one for each data 

domain, product, and service. Such dedicated governance solutions can be federated for scale. 

Data governance policy drift can be detected using natural language processing. Historical 

detection of MAU can surface areas of concern, high noise and workload locations, and 

stakeholders who tend to generate the most changes. Root cause analysis on such MAU can also 
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be surfaced. Continuous Compliance-as-Code surfacing of detection points for business approval 

often lowers the noise of false positive alerts and hence lowers the compliance workbench risk. 

Equation 5: Coverage 

Step 1: Define monitored and total relevant items 

Let: 

 𝑁𝑣 = number of items actually validated 

 𝑁𝑡 = total relevant items that should have been validated 

Coverage is: 

Coverage =
𝑁𝑣
𝑁𝑡

 

Step 2: Express as percentage 

To express coverage as a percent: 

Coverage (%) =
𝑁𝑣
𝑁𝑡

× 100 

Step 3: Example 

If 9,500 transactions are validated out of 10,000 relevant transactions: 

𝑁𝑣 = 9500, 𝑁𝑡 = 10000 

then 

Coverage =
9500

10000
= 0.95 Coverage (%) = 0.95 × 100 = 95% 

11.2. AI-Driven Anomaly Detection and Explainability 
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AI-driven ML/AI algorithms can enhance monitoring and detection of anomalies by 

exploiting metadata-defined profiles and expected data flows. Requests for data or services that 

deviate significantly from established patterns should be flagged for review. Data movement 

across domains can be evaluated against established thresholds for cost, time, and risk. Changes 

in data quality dimension scores should be detected and explained. Insufficient validation 

coverage or success rates should also be identified. Anomalies detected by ML/AI methods 

should be presented to datasets owners and stewards for validation and remediation, while 

explanations are essential for understanding detected violations. 

All ML/AI algorithms must be explicitly defined, evaluated, and aligned with the intent 

of an Intelligent Data Governance Framework. Explanations are crucial to the trusted adoption of 

Machine Learning. The presence of checks and balances to ensure that detected violations are 

reviewed and remediated is essential to eventual adoption. AI-driven anomaly detection should 

thus be illustrated via domain classrooms mapping supply to demand in terms of data requests. A 

data catalogue profiling expected behaviour can be discussed. Data Crime metrics profiling 

costs, time, and risk for cross-domain data flows will be evaluated. 
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12. Evaluation, Metrics, and Maturity Models 

Real-time monitoring and validation of data and system behaviour provide the foundation 

for real-time compliance management. Such monitoring mechanisms support compliance with 

policies and regulations through automated remediation of non-compliance events and drift 

detection. However, it is essential to establish a measurable framework to assess the 

effectiveness of these validation mechanisms. For a given data processing or operational 

pipeline, the following metrics can support the determination of overall compliance 

effectiveness: detection precision (ratio of true positives to true and false positives), detection 
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recall (ratio of true positives to all positive cases), average detection latency for the real-time 

validation, validation coverage (percentage of data that undergo the specific validation pipeline), 

and number of undetected non-compliance events. 

To provide an assessment of the overall compliance capabilities of a system or service, 

additional metrics can be incorporated, including the number of security incidents, privacy 

breaches, system downtimes, and suboptimal usage incidents. 

An alternative approach to evaluate compliance in a cloud-native setup is to leverage a 

maturity assessment based on a reference model, such as the Data Governance Maturity Model 

for RegTech Solutions. This model follows a five-stage assessment structure, where each stage is 

divided into different capability categories and sub-categories, defining detailed conditions for 

progressing to the next maturity stage. For each sub-category, respondent organizations indicate 

the degree of implementation according to a scoring scheme. 

Table 4. Metrics explicitly supported 

Metric Formula / Basis Meaning 

Precision TP / (TP + FP) Share of predicted positives that are truly 

positive 

Recall TP / (TP + FN) Share of actual positives detected by the 

system 

Latency End time − Start time Time taken to produce compliance result 

Coverage Validated items / Total relevant 

items 

Portion of regulated activity actually 

monitored 

Incident 

rate 

Incidents / Observation window Frequency of missed or failed compliance 

outcomes 

12.1. Compliance Effectiveness Metrics 

Compliance effectiveness metrics are designed to quantify the capability of a RegTech 

system to meet imposed compliance requirements in real time while operating under normal 
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conditions. The family of metrics includes precision, recall, latency, coverage, and compliance 

incident rates. 

Precision addresses the rate at which the RegTech system produces false compliance-

positive classifications. Review work in banking regulatory compliance provides a sample of 

possible sources of failure. The intended result of a detection process is that it produces no false 

positives—hence, it qualifies the precision metric. As the objective of normal operation is to 

satisfy the requirements of the regulation business domains, only the processing data attributed to 

these normal operation labels will allow an accurate precise assessment. Hence, different 

precisions can be computed not only for every business domain, but also for every normal 

operation class. The following formula describes the overall computation of precision: 

\[ 

Precision = \frac{TP}{TP + FP} 

\] 

Recall measures the RegTech system’s ability to detect all conditions when the abnormal 

operations of the business domains are indeed triggered. A completely different sample of tests is 

used, which is the set of known abnormal operations that have occurred together with the 

respective labels they triggered. These labels aggregate the actual triggered events from the 

normal operational point of view and are used for the recall score computation. The recall 

metric’s former success characteristics is the ability to have a recall of 100%—that is, detecting 

all issues/conditions—and to quantify the coverage rate of the RegTech system over these 

abnormal operations/conditions. The following formula describes the overall computation of the 

recall: 

\[ 

Recall = \frac{TP}{TP+FN} 

\] 

Latency refers to the maximum time it takes for the RegTech system to produce a 

compliance check result. The overall latency is an essential metric since the requirement imposed 
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is to perform the entire compliance checks of a financial transaction in less than 1 second. 

Coverage quantifies the segment of the regulated business domains being effectively monitored. 

It defines a type of completeness quality KPI. Compliance incident rates are also tracked, as 

these indicate that required compliance checks are not proper and hence require attention. 

12.2. Data Governance Maturity Assessments 

A maturity model evaluates an organization's data governance capabilities, assesses 

initiative progress, and informs investment priorities. Data governance maturity evolves through 

defined stages: initial – ad hoc and occasionally chaotic activity without an established direction; 

developing – installation and support of essential but basic governance controls; defined – 

implementation of formal controls proven to support business objectives; sustaining – specific 

oversight to identify and address governance weaknesses; and optimizing – continual cross-

domain improvement and an emphasis on automation. 

Assessment criteria encompass data governance scope, data management functions, data 

processes, business priorities, business involvement, and information quality. Pathways for 

improving data governance maturity span skill augmentation, investment in data management 

infrastructure, budgetary support for business-as-usual data quality activities, broader oversight 

for other data management functions, and expansion of foundational data quality and data 

protection management capabilities to other key domains. 
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Fig 6: Data Governance in Ensuring System Success and Long-Term IT Performance 

13. Results 

Requirements for real-time financial compliance in cloud-native regulatory technology 

seem to be fulfilled. Regulatory triggers can be mapped to changes in the status or properties of 

the regulated entity. The conditions for real-time confirmation of these obligations are enabled 

by low-latency data processing pipelines powered by appropriate stream-processing 

technologies. Technology adoption trends in the wider threat and risk landscape allow for 

assessment of specific risks in near real time using historic incident data. A service-oriented 

architectural style aligned with a data mesh pattern with federated governance enforces 

regulatory rules and data sovereignty dynamically, allowing for real-time compliance to be much 

more than just an implementation short cut. 

Dynamic policy enforcement for regulatory responsibilities associated with classified 

sensitive events together with real-time anomaly detection technologies for continuous 

monitoring of policies and controls deployed in the environment complete the requirements for 

real-time compliance. With all these moving parts in place from a technology perspective, the 

next step is to consider the capabilities needed to ensure compliance is effective from a data 

perspective. It is also important to note that the system does not need to provide a real-time 

position for every control or regulatory obligation at every moment in time, only for those 

obligations that are triggered by a change in the environment. Thus, the associated service line 

does not need to be active at all times. 

14. Conclusion 

Legal and other requirements for the real-time detection and prevention of financial 

compliance breaches determine the technical data management and processing properties of 

cloud-native RegTech systems. Recent developments within these compliance domains are 

creating a dynamic and uncertain operational landscape. Emerging regulatory requirements 

increase the urgency of addressing cloud-native concerns; other regulatory developments widen 

compliance obligations and sources of operational risk. Solutions must address the full range of 

risk failure modes and threats while achieving compliance goals. Dynamic policies enable the 

real-time detection and remediation of new or unanticipated risks, addressing concerns expressed 

by multiple stakeholders. 
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To fulfil these requirements, cloud-native, service-oriented, data-centric solutions must 

be constructed using a proven architecture aligned with principles for the end-to-end 

management of compliance-sensitive data, enabling a mesh of data service providers and 

consumers to jointly satisfy real-time requirements. The preservation of data integrity and 

provenance safeguards compliance processing pipelines against sources of false negatives and 

excessive false positives. All three categories of compliance processing pipeline must perform 

their function in real-time to satisfy execution deadlines, require data transformation and 

standardisation techniques to align semantically heterogeneous datasets, and follow service-

oriented design considerations that promote reuse, efficiency, and maintainability. 
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