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Abstract

Enterprise risk coordination consumes significant resources as organizations rely on intensive effort shifts for risk
assessments. These coordinations activities often lack a continuous knowledge of enterprise-wide operational conditions
and the associated risk changes. Data-driven risk signals enable a more scalable, adaptive, near-real-time risk coordination
operated under a decision fabric. Together with a strategic enterprise risk coordination activity, these signals support the
analysis of risk and product compliance status and forecasts. The data-driven signals improve usage of data and reporting
capabilities, promoting organizational learning for governmental oversight of a real-time enterprise risk landscape. The
data signals are composed of risk tables and operational dashboards accounting for a variety of risk conditions and
scenarios in the organization.

Enterprise risk management and compliance represent burdensome operations in many organizations. The composition
and transmission of risk assessments consume considerable effort, especially around risk coordination activities dealing
with accumulated and aggregated risks. A risk signal, based on consolidated external and internal data, could facilitate a
more continuous coordination trend and even trigger alerts once tolerance limits are reached. Various triggers would
support continuous usage, possible reporting, and update-resilient decision support serving oversight and coordination.

Keywords: Correlated enterprise risk; Event-driven architecture; Data-driven risk signals; Decision fabric; Enterprise risk
coordination; Enterprise risk management; Regulatory compliance; External insurance-scoring data.

1. Introduction

A hybrid infrastructure and platform combining distributed decision fabrics with data fabrics and event-driven
architectures enables the coordination of enterprise risk and compliance analytics. Governance is often considered a top-down
monitoring of rules or established best practices. A contradictory vision would consider risk and compliance management as a
constantly evolving ecosystem in need of being monitored to detect signals rapidly enough to get adjusted in real time. To achieve
this, one should use sensors to gather exhaust data. The rationale is to extract information from data exhaust rather than an additional
explicative layer sent to a compliance engine. When sizeable and operable, the collection of these fast alerts and signals provides
a fulcrum for a change in rules or best practices. These signals should thus be monitored to provide feedback into the enterprise
risk and governance processes. Such sensors, signals, interactions, data quality, and correction all require a data-driven approach.
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Fig. 1. Risk Signal Detection Latency:
Batch Coordination vs. Distributed Decision Fabric
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Fig 1: Detection Latency: Batch coordination vs. Distributed Decision Fabric across risk categories

Data fabric and event-driven architectures piece together and coordinate a wide array of systems for the preparation of
all types of risk analytics. Real-time monitoring of such sensors form a distributed enterprise risk decision fabric that extends,
completes, and monitors the activity of the enterprise risk management organization. Distributed decision fabrics collect and
aggregate these risk signals, alarms, and alerts, sending timely advice to the monitoring function, which should provide individual
or aggregate monitoring. Real-time detection of instabilities, anomalies, crises, accidents, or fraud across business silos enables the
coordination of the risk, fraud, and governance activities of the enterprise by providing alerts that must be registered and matched
against rules defined by all enterprise processes and factors, including risk control, fraud prevention, and compliance.

1. Risk Signal Score
RS,: = W10i + WzMi + W3Li

Where 0;, M;, and L;represent operational, market, and liquidity risk indicators.

A. Distributed Decision Fabrics

Distributed decision fabrics technology provides a means to coordinate risk management activities across enterprises,
enabling agency in institutions with accountability in hosting regulated business processes. Such fabrics leverage signals from
multiple environments together with sophisticated integration and classification techniques to trigger business decisions and
orchestrate execution. Decision and operational plans are closely aligned, reducing manual effort and recognition lag between risk
events and response. Multiple compliance-related use cases are highlighted.
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Fig. 3. Monthly Volume of Enterprise Risk Signals
by Category under Continuous Monitoring
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Fig 2: Signal VVolume by Category: Monthly operational/market/liquidity signal trends

Enterprise risk is a conflation of public and private risk domains; hence effective coordination requires a shared
mechanism. Risk events in the public domain are subject to formal oversight. Institutions directly managing public risk, such as
airports, healthcare systems, and ports, are held accountable for serving risk-afflicted individuals and organizations, including the
public. Hosting regulated business processes in other industry sectors also generates specific compliance responsibilities.
Coordinating government-sponsored events, such as elections, and public sector activities, including pandemic healthcare
readiness, involves cross-institution activities that increasingly cross international boundaries. Effective government requires that
events parties exercising decision-making authority are identified, have sufficient capability, and execute necessary agency with
adequate preparedness.

2. Compliance Breach Condition

{1, RS; > T;
0, RS;<T,

Where T;is the accepted risk threshold.

2. Foundational Concepts

Multiple global crises have highlighted the inadequacy of traditional approaches to risk management and compliance.
The growth in the scale and complexity of the enterprise ecosystem demands a more coordinated, comprehensive, and convenient
approach. Adoption of an event-driven architecture, augmented by a sound data fabric and a distributed decision coordination fabric
with integrated risk signals, enables real-time risk coordination and compliance analytics. Such an approach facilitates timely
operative-level risk supervision and prioritization support for operational compliance and Risk & Control Self-Assessment (RCSA).
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Signals based on artificial intelligence (Al) techniques enable the effective monitoring and advance detection of operational
breaches and failures.

Fig. 5. Trade-off between False-Positive and
False-Negative Rates at Data Ingestion
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Fig 3: Data Quality Trade-off: False-positive vs. false-negative rates at ingestion

Current enterprise-risk management and compliance processes overlap responsibilities, lack real-time coordination,
depend on historical data, and compile operations-level assessments far from the risk-event source. The processes are therefore
costly and ineffective. A solution-oriented, augmented view of enterprise risk suggests a dramatic change in these traditional
approaches. Data conceal opportunities, sources of risks and problems, and compliance lapses more than they reveal. Currently,

the challenge is not the quantity but rather the lack of real-time integration, quality, and control of localized data.

3. Enterprise Risk Aggregation
n
ER = Z Wi RSL
i=1

Where ERis the total enterprise risk score.

A. Real-Time Risk Coordination
Risk faced by a large organization can take many forms but often falls into one of three categories: operational, market
or liquidity. Responsibilities for the risk reside with very different groups within the organization, whether operations, IT, finance,

or trading.

Table 1. Key Components of Distributed Decision Fabric
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Component Purpose Output

Risk Signals Detect changing risk conditions Alerts and indicators
Data Fabric Connects different enterprise data sources Integrated risk data
Event-Driven Architecture Responds to risk events in real time Fast notifications
Compliance Engine Checks rules and policy adherence Compliance status
Decision Layer Supports coordinated enterprise actions  Risk response plans

Identifying and analyzing risk signals across these disparate functions that indicate that risk outside of accepted
boundaries is growing, especially if the signals move beyond the “warning” stage, enables consistent and coordinated decision-
making across the organization. Examples of operational risk signals being monitored include legal proceedings and breaches of
agreed service levels; market risk signals include stressed liquidity events, and the volume of one-sided trades and spreads for
options; and liquidity risk signals include currency swaps and net outflows. Moreover, these decisions must also be properly audited
and closely monitored for adherence. And when the same decision can be approached from different functions, should not
coordination among those functions be the preferred approach? Business support functions like Risk, Compliance, and Internal
Audit must monitor the Risk Signals of the enterprise for Communication, Coordination, Collaboration, and Compliance.

4. Real-Time Alert Trigger

A; =1(RS, > T)

Where A.indicates whether an alert is generated at time t.

3. Architectural Paradigms

Business decisions concerning risk, compliance, and audit are made daily in enterprises worldwide. Due to changing
regulatory landscapes, technological disruption, and economic volatility, it can be very challenging to communicate the real-time
risk posture of the enterprise in an automated and data-driven manner so that decision makers can ensure the desired risk/return
tradeoff on their portfolios.

Table 2. Types of Enterprise Risk Signals
Risk Type Example Signals Monitoring Need

Operational Risk SLA breaches, legal proceedings Service stability
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Risk Type Example Signals Monitoring Need
Market Risk Stressed liquidity, trade spreads Portfolio control
Liquidity Risk  Net outflows, currency swaps  Cash flow safety
Compliance Risk Policy violations, audit gaps Regulatory alignment

Fraud Risk Unusual activity patterns Early fraud detection

A Distributed Decision Fabric (DDF) can help answer these questions. A DDF is an enterprise architecture approach that
allows different functions to assess the risk exposure of the enterprise for similar risk signals seamlessly using their own reporting
framework. The goal is to provide the desired Risk Signal coverage while ensuring the quality and reliability of its data. These Risk
Signals then become an intrinsic part of the functions’ real-time control systems where exceptions are highlighted for
Communication, Coordination, Collaboration, and Compliance-related decision-making when they breach established thresholds.

5. Data Quality Index

C+A+T
D=5

Where C, A, and Trepresent completeness, accuracy, and traceability.

A. Data Fabric and Event-Driven Architectures

Real-time risk coordination and compliance analytics require an enterprise architecture that facilitates complex
interactions among all sources and consumers of risk-related data and analytics. Extreme heterogeneity across data sources and
structures, along with the pathway for transformations, presents a major difficulty. A data fabric wrapping around the development
of the underlying data sources eases the integration of newly introduced sources and ensures compliance quality of the fabrics' data.
An event-driven architecture (EDA) enables all connected systems to emit and react to risk signals practically as they happen. EDA
enhances the ability of higher risk-coordination layers to rapidly assess risk situations and generates the foundation for an
intelligent-test-and-monitor-application process.

Table 3. Architecture Layers for Risk Coordination
Layer Main Function Benefit

Data Ingestion Layer Collects internal and external data ~ Continuous data flow
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Layer Main Function Benefit

Data Quality Layer Validates accuracy and completeness Reliable analytics
Event Layer Triggers alerts from risk events Low-latency response
Analytics Layer Classifies and analyzes signals Better prioritization

Governance Layer  Coordinates compliance decisions  Audit-ready control

Processing changes in data at ingestion is a separate yet thoroughly interconnected consideration. An organization's
ability to efficiently respond to these changes as data is ingested from external sources relies on the speed and quality of the data.
Applied at ingestion, data quality checks ensure that all data flowing into an organization add positive business value at the point
of origin. Maximizing positive value at all ingestion points is paramount for real-time risk coordination across departments and
enterprises. A preliminary analysis may even show that a trade-off between false-negatives and false-positives on certain change
categories allows for scaling back on quality checks, increasing both speed and value at the point of origin.

6. Risk Change Rate

ARy =Ry — R4

Where AR, measures the change in risk between two time periods.

4. Data-Driven Risk Signals

A primary response to the increased need for enterprise compliance analytics and risk coordination are real-time private
data-sharing and event-triggered risk coordinates, commonly labelled Compliance Core and Risk Core. The decision-support
relevance of these coordinates, however, largely remains to be established. Data-driven risk signals embodied in these risk
coordinates constitute high-level detection phases and coordinating patterns signalling deeper analytics spanning corporations,
financial services, consulting agencies, regulatory bodies and academia. A fundamental feature of these signals is their inherent
feedback loop which links risk signal detection to deeper analytics. Such data-driven signals retrieve data, reanalyse data and ingest
analysed data within the context of a high-level detectable coordination. In practice, the emergence of complex risk and compliance
alerts focuses attention on such analytics. Hence, the overall destination of the identified data-driven layer is not merely the real-
time Risk Core context but rather its destination in terms of true risk or compliance changes.

Table 4. Compliance Analytics Functions
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Function Description Enterprise Value
Rule Monitoring Checks enterprise policies  Reduces violations
Threshold Detection Identifies tolerance breaches Enables early action
Risk Prioritization Ranks risks by severity Improves response focus
Audit Tracking Records decisions and alerts Supports accountability
Continuous Reporting Updates risk status regularly Enhances oversight

Operationalisation of data-driven risk signals relies on data ingestion, data quality, event triggering and coordination
across different data-driven operations. The required conditions and characteristics for data ingestion within the risk signal context
are direct extrapolations from the data-ingestion principles established earlier for the Risk Core and Compliance Core contexts.
Similarly, data quality is a paramount consideration whenever risk analytics and coordination appear on the radar screen. A pivotal
data-quality condition in this regard refers to the integrity of the time and date the data detect is intended to satisfy. Event triggering
is deeply intertwined with the Risk Signal concept, being a fundamental feature of its Stockholders' Questions approach. All the

identified data-driven operations can be treated as a Data Fabric component, forming a separate decidable Data-Driven Risk
Coordinator that coordinates their stockholders' questions within an overarching Data Fabric decision-support layer.

7. Event Response Time
RT =t, —t,

Where t,is event occurrence time and t,.is response time.

A. Data Ingestion and Quality

Data ingestion into real-time risk coordination decision fabrics must ensure data quality, availability, and traceability of
data lineage. Data quality and especially ground-truth are essential for effective archiving of heterogeneous enterprise risk data and
their utilization for training artificial-intelligence-based risk-analytics models. The number of risk and compliance signals generated
may be very large, significantly taxing the ingestion and storage subsystems. Source systems producing real-time risk-monitoring
signals require low-latency assurance of data arrival and tissue. Distributed, stream-oriented archive architectures can be used to
scale ingestion as required.

8. Compliance Confidence Score

cC=1 4
- N
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Where Vis the number of violations and Nis the total compliance checks.

Fig. 6. Ingestion Throughput Scalability:
Centralized vs. Distributed Stream Architecture

175000 | —a— Centralized Batch Archive

150000 4 —=— Distributed Stream-Oriented Archive

125000 4
100000 -
75000
50000

25000 A

0] =—® —e

Sustlained Signal Throughpul (events/sec)

1 2 4 8 16 D 61
Number of Ingestion Nodes

Fig 4: Ingestion Scalability: Centralized batch vs. distributed stream throughput

Compliance-monitoring approaches utilizing command-code checks need a mechanism to ensure up-to-date code
repositories across multiple enterprise components in real-time. In the absence of such mechanisms, two original approaches have
shown promise: the automatic generation of synthetic data to monitor SOX segregation-of-duties risks by uncovering accounts
with conflicting privileges and by integrating real-time risk signals through a dedicated decision fabric with an enterprise data lake
for comprehensive compliance evaluation. Real-time data quality assurance of enterprise data archives can be addressed with
artificial-intelligence-ground-truthing-supported techniques capable of scaling to both high signal volumes and high cardinality
across enterprise dimensions.

9. Signal Reliability

TP

SR=Tp¥rp

Where TPis true positive alerts and FPis false positive alerts.

5. Conclusion

A summary of the material presented in the Distributed Decision Fabrics for Real-Time Enterprise Risk Coordination
and Compliance Analytics paper. Conclusion to the summary is that enterprise computing risk analysis, assessment, and

management is moving from a periodic batch process into real-time coordination with quality assurance, control, and compliance.
Data ingestion systems supporting event-driven architectures enable real-time signal generation and deep learning signal
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classification support a shift toward Distributed Decision Fabrics where analytics outputs drive tactical and operational coordination
across the enterprise.

Enterprise computing risk analysis, assessment, and management is moving from a periodic batch process into real-time

coordination with quality assurance, control, and compliance. Data ingestion systems supporting event-driven architectures enable
real-time signal generation, and deep learning signal classification supports a shift toward Distributed Decision Fabrics where
analytics outputs drive tactical and operational coordination across the enterprise.
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