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Abstract:

Operational Risk Management (ORM) in regulated service industries remains predominantly anchored in
static, episodic frameworks, such as Risk and Control Self-Assessments (RCSA) and retrospective loss
data analysis, which frequently fail to capture the latent vulnerabilities inherent in complex, high-
variability digital operating models. This paper proposes a novel BPM-Centric Early Signal Detection
(BESD) framework that conceptualizes operational risk not as a discrete compliance artifact, but as an
emergent process dynamic. By integrating Lean quality principles with advanced Predictive Process
Monitoring (PPM), the framework leverages high-fidelity process telemetry to identify "weak signals",
subtle, non-linear deviations in process behavior that precede manifest risk events. The framework
synthesizes state-of-the-art architectures, including Hierarchical Transformers and Reinforcement
Learning for monitoring under uncertainty, to model the temporal dependencies and stochastic nature of
service delivery. The methodology validates the BESD framework through a rigorous conceptual
evaluation anchored in established PPM literature. Expected performance outcomes, benchmarked against
standard static models, indicate that the BESD framework structurally mitigates "alarm fatigue" by
reducing false positive rates, while transforming detection latency into a tangible lead-time advantage
prior to regulatory breach. This research contributes to process science by reframing risk as a function of
process variability and behavioral degradation, enabling organizations to transition from reactive
mitigation to proactive risk sensing in environments where regulatory compliance and operational agility
are concurrently mandated.

Keywords: Operational Risk Management (ORM), Business Process Management (BPM), Predictive
Process Monitoring (PPM), Early Signal Detection, Hierarchical Transformer Models, Reinforcement
Learning for Process Monitoring, Adaptive Quality Gates (AQG), Process Variability and Behavioral
Drift.

I. Introduction

Historically, operational risk was defined as the possibility that an organization would suffer losses due to
poor internal practices, inadequate controls, poor employee behavior, system failure or other external
event. The core idea behind this definition has guided regulatory and management practices for years, with
specific implementations in the context of the Basel III/IV guidelines. However, by using this definition
as the basis for an institutionally based approach to operational risk, regulators have unintentionally
developed a static taxonomic framework for understanding operational risk. This perspective emphasizes
the importance of complying retrospectively and documenting compliance, as well as taking corrective
action after an incident occurs; however, the use of static approaches to risk assessment does little to create
timely, real-time process intelligence. In service industries characterized by a high degree of regulation
and variability, such as banking and finance, insurance and health care, the static nature of traditional
operational risk management paradigms is no longer sufficient. In such environments, the increasing use
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of digital technologies and the growing complexity of regulations create an environment in which risk
events are not singular occurrences, but rather emergent characteristics of unstable systems.

In traditional Operational Risk Management (ORM), Risk and Control Self-Assessments (RCSA), Issue
Management (IM), and historical loss-based analytical methods are the primary means of identifying and
assessing risk. Although RCSA and IM serve to document the existence of potential risks and issues and
provide evidence of a structured approach to managing risk and responding to issues, the episodic nature
of RCSA and IM, combined with their reliance on historical information and the lack of real-time
capability, make them less than ideal mechanisms for identifying and managing operational risk in today's
business environment. By the time a "near miss" or a "loss event" is recorded, the underlying process
degradation has already occurred. These lagging indicators fail to capture the stochastic variability and
behavioral drift inherent in modern service delivery. Consequently, a "detection gap" exists between the
initiation of process variance and the realization of a risk event. In contrast, viewing operational risk as a
process dynamic emphasizes the continuous monitoring of process performance and behavioral patterns.
This perspective shifts the focus from the state of control to the momentum of the process itself.

Business Process Management (BPM) provides a critical, complementary lens for bridging this detection
gap. Rather than treating risk as a static compliance artifact, BPM views it as a measurable derivation of
process behavior. BPM’s emphasis on transparency, granular measurement, and continuous optimization
makes it uniquely positioned to support the early detection of "weak signals", subtle, non-linear indicators
of process degradation that precede manifest failures. By reframing operational risk as a dynamic variable,
organizations can transition from reactive mitigation to proactive risk sensing, where process variability
is treated as a leading indicator of systemic fragility.

Research Focus

This paper introduces a BPM-Centric Early Signal Detection (BESD) framework that integrates Lean
quality principles with advanced operational risk management. The research aim is to develop and evaluate
a framework that models operational risk as a continuous process dynamic, specifically identifying leading
indicators of emerging risk in regulated service industries. By synthesizing state-of-the-art predictive
monitoring with behavioral analytics, this study contributes to the field of process science by providing a
technically grounded approach to risk transparency, enabling intervention before latent process drift
evolves into a realized financial or regulatory breach.

However, while the conceptual need for proactive risk sensing is widely acknowledged, the architectural
blueprint to operationalize this within highly stochastic environments remains a critical gap in current
process science literature, a gap this study seeks to bridge.
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Fig. 1. Detection Gap in Operational Risk Management

I1. Theoretical Foundations and the Predictive Process Science Landscape

The shift from static risk oversight to a dynamic sensing framework necessitates a convergence of
Business Process Management (BPM) and advanced computational intelligence. Central to this evolution
is the field of Predictive Process Monitoring (PPM), which seeks to anticipate future process states, risks,
and performance outcomes by analyzing historical and real-time event logs [1]. Unlike traditional risk
assessments, PPM treats every process execution, or "trace", as a rich data stream capable of revealing
latent vulnerabilities before they manifest as operational failures.

A. From Distributed Logic to Quality Assessment

The foundation of a BPM-centric risk framework rests on the integrity of the underlying process models
and their distributed logic. Early approaches to managing complexity in collaborative networks
emphasized semantic and swarm coordination to foster distributed business logic [2]. These models
established that process behavior is not a linear sequence but a collection of interacting agents and logic
gates. Ensuring the "quality" of these models is paramount, as demonstrated by Kopp et al. [3], the quality
assessment of business process models is a prerequisite for reliable risk prediction. If the underlying model
lacks structural integrity, the signals derived from it, including risk indicators, become unreliable "noise."

B. Sensor-Based Risk Monitoring and Early Signals

The transition toward real-time risk sensing was significantly advanced by the introduction of sensor-
based approaches in BPM. Conforti et al. [4] established a critical methodology for real-time risk
monitoring by treating process activities as sensors that feed into a risk-aware execution environment.
This allows for the identification of "weak signals" within the process flow, minor delays or unusual
resource allocations that, while not breaches in themselves, correlate strongly with future risk events.

C. Deep Learning and Architectural Evolution in PPM
The technical depth of early signal detection has been profoundly enhanced by the adoption of deep
learning architectures. Benchmark studies have categorized the evolution from simple remaining-time
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predictions [5] to complex deep learning models [6] capable of capturing non-linear temporal
dependencies. In the context of regulated service industries, where workflows are non-deterministic and
subject to sudden regulatory shifts, two specific architectures represent the state-of-the-art as of late 2024:

1. Transformer-Based Architectures: The application of Process Transformer and Hierarchical
Transformer models [7, 8] has revolutionized the ability to process long-range dependencies in process
logs. By utilizing self-attention mechanisms, these models can weigh the significance of distant past events
on current risk levels, providing a more granular understanding of "behavioral drift" than traditional
recurrent neural networks.

2. Reinforcement Learning (RL) under Uncertainty: Given that regulated industries operate under
high stochasticity, modelling process monitoring through Reinforcement Learning [9] allows the
framework to adapt to uncertainty. RL-based monitoring treats risk intervention as an optimization
problem, seeking the best action to mitigate a detected signal while accounting for the volatile nature of
the service environment.

By synthesizing these technical pillars, swarm-based logic, sensor-integrated monitoring, and
Transformer-based predictive modeling, the proposed framework establishes a robust scientific basis for
treating operational risk as a fluid process dynamic.

ITI. Methodology: The BESD Framework Architecture

To fulfill the research aim of modeling operational risk as a continuous process dynamic rather than a
static compliance artifact, this study proposes the BPM-Centric Early Signal Detection (BESD)
framework. The methodology translates the theoretical constructs of Lean quality management,
specifically the continuous monitoring of variance and the automated halting of defective workflows, into
a computational architecture. The framework operates as an intelligent, latency-agnostic overlay
integrated with enterprise Business Process Management Systems (BPMS) in regulated service
environments. The BESD architecture is built out sequentially through four distinct phases that are: High-
Fidelity Telemetry, Semantic Pre-processing, Dual-Stream Signal Detection, and Lean Intervention.
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Fig. 2. System architecture of the BPM-Centric Early Signal Detection (BESD) framework.
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Phase 1: High-Fidelity Data Collection and Telemetry

The foundational step in transitioning operational risk to a process dynamic is capturing the precise "digital
footprint" of workflow execution. Traditional Risk and Control Self-Assessments (RCSA) rely on episodic
sampling. In contrast, the BESD framework utilizes continuous event log extraction from the BPMS.

In a regulated context (such as financial underwriting or healthcare claims processing), a standard
timestamp is insufficient to capture systemic stress. Therefore, the ingestion layer captures a
multidimensional event vector for each process instance:

) Activity Attributes: The specific task executed.
° Resource Dynamics: The human or automated agent performing the task, including real-time
workload metrics to identify fatigue-induced variance.
° Regulatory Context: The metadata related to the level of regulatory stringency that applies to the

particular customer or transaction type.

Through tracking each dimension of this framework, the monitoring of all transactions is treated as a real-
time sensor by monitoring not just the sequence of events, but also the environment that regulates those
events.

Phase 2: Semantic Integrity & Lean Data Processing

Prior to conducting predictive analytics on the raw telemetry data, it must be processed to confirm signal
integrity. Due to the nature of distributed business logic in large regulated companies, there are usually
separate data silo's within departments for the same event (i.e., 'Identity Check' versus 'KYC Verification').
Following the principles of semantic and swarm coordination, the framework employs a Semantic
Normalization Layer. This layer maps disparate departmental terminology into a unified, enterprise-wide
process alphabet. This step is critical; without a standardized semantic baseline, the predictive engine
cannot accurately recognize enterprise-wide behavioral drift.

Furthermore, aligning with Lean principles of "defect reduction," the pre-processing pipeline includes
statistical trimming to remove systemic noise (e.g., orphaned events caused by server timeouts) and
predictive imputation to reconstruct missing data points. This ensures the detection engine analyzes a
pristine representation of the process flow.

Phase 3: The Dual-Stream Early Signal Detection Engine

The core analytical engine of the BESD framework is designed to identify "weak signals", subtle
deviations from the normative process path that serve as leading indicators of a looming risk event. To
achieve this, the methodology processes the normalized data through two parallel computational streams:
1. The Temporal Stream (Process Memory): Regulated workflows are often characterized by long cycle
times where an error in an early stage (e.g., faulty data entry on Day 1) does not manifest as a compliance
breach until much later (e.g., final audit on Day 14). To capture these long-range dependencies, the
framework utilizes a Hierarchical Transformer architecture. By applying self-attention mechanisms, this
stream evaluates the entire historical context of a process instance, assigning weighted risk scores to subtle
sequential deviations that traditional rule-based systems would ignore.

2. The Stochastic Stream (Adaptation to Environmental Factors): Operational risk is not static - it is
dynamic and fluctuates due to both internal regulatory shifts as well as external market volatility. As such,
the framework includes a Reinforcement Learning (RL) agent to model this uncertainty. The RL stream
continuously recalibrates the system's sensitivity thresholds. For example, when there is an increase in
organizational stress (i.e., a sudden surge in transaction volume or a new regulatory rollout), the RL agent
automatically decreases the threshold for alert generation, thus ensuring that the system remains highly
responsive to emergent variance.
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Phase 4: Lean Intervention via Adaptive Quality Gates (AQ0G)

This final phase of the methodology converts the detection of risk into preventative action, directly
reflecting the Lean principle of Jidoka (automation with a human touch, or stopping the line when a defect
occurs).

Traditional operational risk frameworks rely on static control gates that remain rigid regardless of the
actual risk velocity, often causing unnecessary operational bottlenecks. The BESD framework replaces
these with Adaptive Quality Gates (AQG). The detection engine continuously calculates a Risk Velocity
Index, a metric defining the speed at which a process instance is drifting toward a compliance failure.
When the Risk Velocity Index exceeds the dynamically optimized threshold set by the RL stream, the
AQG triggers an automated intervention. This intervention is tiered based on severity:

° Low Velocity Drift: Once the low velocity drift is identified by the system it will be automatically
flagged for secondary review without pausing the workflow.

° High Velocity Drift: When the AQG identifies a high velocity drift, there is an immediate “hard
stop” and the transaction is manually routed to a senior risk officer for remediation before the process hits
a regulatory boundary.

The BESD’s four-phase architecture has transformed the traditional (retrospective) way of identifying and
measuring operational risk into a real-time process with a very tangible and practical action plan.

IV. Conceptual Evaluation and Expected Performance Outcomes

To validate the theoretical efficacy of the BPM-Centric Early Signal Detection (BESD) framework, this
section presents a conceptual evaluation against traditional, static operational risk models. The evaluation
parameters are anchored in established performance benchmarks derived from recent literature in
Predictive Process Monitoring (PPM) and deep learning applications in business process management.

A. Evaluation Framework and Baseline Parameters

The comparative reference point for this study is the static control model (SCM), a model that captures
the traditional Risk and Control Self Assessment (RCSA) method as it has been utilized in regulated
services industries to date. The SCM is based upon determinate/constant criteria (i.e., maximum allowable
duration of tasks, mandatory sequential gateways, etc.) and does not have a form of context memory.
The BESD proposed herein takes advantage of the proven ability of Hierarchical Transformers to
recognize longer dependencies, and utilizes Reinforcement Learning to dynamically adapt thresholds to
meet the expected performance measures; these include predictive accuracy (AUC-ROC, false positive
rates) and detection latency (lead-time advantage).

B. Comparison Study and Expected Advantages

Drawing on benchmark studies utilizing complex, high-variability event logs (such as the standard
Business Process Intelligence (BPI) Challenge datasets), the transition from an SCM to the BESD
architecture yields significant, quantifiable theoretical improvements.

1. Predictive Accuracy and False Positive Reduction Traditional static models are structurally prone to
high False Positive Rates (FPR), often resulting in "alarm fatigue" among risk officers because they cannot
distinguish between benign process variance and malignant behavioral drift.

Accuracy (AUC-ROC): Previous studies implementing self-attention mechanisms and Transformer
architectures in PPM have consistently demonstrated substantial improvements in predictive accuracy.
Compared to baseline SCMs, the integration of the BESD's Temporal Stream is projected to improve
AUC-ROC metrics by a double-digit percentage margin, effectively capturing the non-linear correlations
that static rules miss.

False Positive Mitigation: By utilizing the Stochastic Stream (Reinforcement Learning) to dynamically
adjust the Adaptive Quality Gates based on environmental uncertainty, the framework actively filters out
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benign variance. Studies indicate that adaptive thresholding can reduce false positive alerts by upwards of
50% compared to static control environments, ensuring interventions are highly targeted.

2. The Lead-Time Advantage (LTA): The most critical limitation of the SCM is its latency; it typically
triggers an alert only upon the breach of a terminal control gate, resulting in near-zero lead time for
preventative intervention.

By modeling risk as a continuous process dynamic, the BESD framework fundamentally alters this latency
profile. The Transformer’s ability to recognize early-stage sequencing anomalies as leading indicators of
late-stage compliance failures shifts the detection point upstream. Based on temporal sequence modeling
benchmarks, this predictive capability transforms detection latency into a tangible Lead-Time Advantage
(LTA). Instead of post-event reporting, organizations gain a proactive intervention window, often
spanning hours or days, depending on the underlying cycle time of the workflow, allowing for workflow
re-routing prior to regulatory or financial impact.

C. Discussion of Theoretical Findings

The conceptual evaluation confirms that integrating Lean quality principles with advanced PPM
architectures resolves the structural deficiencies of traditional risk management. The BESD framework
effectively operationalizes Jidoka (intelligent automation) by ensuring that the "assembly line" of a digital
workflow is only halted when predictive risk velocity dictates. This establishes a mathematically sound
foundation for balancing high operational throughput with rigorous compliance oversight.

Dimension SCM (Traditional BESD Framework Expected Outcome
Model)
Detection Approach Static, rule-based Adaptive, learning-driven Context-aware dynamic risk
thresholds (Transformers + RL) detection
Predictive Moderate accuracy; Higher accuracy; adaptive Substantial performance
Performance high false positives threshold tuning improvement & reduced false
alerts
Detection Timing Reactive (post-breach Proactive (early anomaly Lead-Time Advantage for
alerts) recognition) intervention
Variance Handling Cannot distinguish Differentiates benign vs. Improved risk precision
benign variance malignant drift

Table 1: Conceptual Performance Comparison Between SCM and BESD Framework

V. Conclusion, Implications & Future Research

A. Conclusion

The management of operational risk by regulated service companies has moved beyond the episodic, static
nature of Risk and Control Self Assessments (RCSAs). In this paper, the BPM-Centric Early Signal
Detection (BESD) framework is introduced as a method to redefine how operational risk is viewed from
a static probability of loss to a continuing and measurable process dynamic. Through the integration of
Lean quality principles with advanced Predictive Process Monitoring (PPM), the BESD architecture
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allows for the measurement of stochastic variance and behavioral drift that is present within contemporary
digital workflows.

This paper also uses a conceptual review grounded in current literature on deep learning to show that by
using Hierarchical Transformers for Temporal Sequence Modeling and Reinforcement Learning for
Adaptive Thresholding, a strong means of proactively detecting risk can be provided. The Adaptive
Quality Gates (AQG) methodology for operationalizing the Lean Principle of Jidoka ensures that
workflow interventions are made in a dynamic fashion, as a function of Real-Time Risk Velocity, as
opposed to being determined by static, after-the-fact, Rules of Thumb.

B. Theoretical Implications

This research contributes to the literature at the intersection of process science, quality management, and
operational risk in three primary ways:

1. Bridging BPM and Risk Theory: It extends the utility of Business Process Management beyond
operational efficiency, positioning high-fidelity process telemetry as the foundational data structure for
enterprise risk management.

2. Digitizing Lean Principles: It provides a computational architecture for Lean quality control in
non-manufacturing environments. By translating "defect prevention" into the algorithmic adjustment of
digital workflow gates, it modernizes Lean theory for the digital service economy.

3. Advancing Predictive Monitoring: It applies the latest advancements in sequence modeling and
reinforcement learning to the specific domain of compliance and operational risk, expanding the scope of
PPM from simple remaining-time predictions to complex, uncertainty-aware risk mitigation.

C. Practical Applications

Industry professionals (Risk Officers and Operations Managers) at banks, insurance companies, and
healthcare organizations have a practical application of the BESD Framework for transforming their
organizations structurally:

Proactive vs. Reactive: Industry organizations can transform from reactive loss reporting to proactive risk
assessment, providing a significant lead-time advantage to stop or redirect faulty processes prior to a
compliance failure.

Reducing Alarm Fatigue: The BESD Framework provides context-based awareness and adaptive
thresholding to dramatically reduce false positive rates associated with static compliance environments;
this enables the focus of human oversight to be on areas with high uncertainty within the environment.
Optimizing Resources: The continuous monitoring function of the BESD Framework ensures that high-
cost manual review processes will only be activated when a process diverges from the "happy path" which
allows for an optimal balance of rigorous compliance and high operational throughput.

D. Limitations and Future Research Directions

While the theoretical architecture of the BESD framework is robust, this study is subject to limitations
that present fertile ground for future research. Primarily, the current evaluation is conceptual. The
immediate next step is the empirical validation of the framework using large-scale, real-world event logs
(such as those from the Business Process Intelligence (BPI) Challenges) to quantify the precise Lead-Time
Advantage and AUC-ROC improvements in a live production environment.

Furthermore, future iterations of the framework must address the complexities of Semantic Normalization
across increasingly decentralized organizations. Investigating how Natural Language Processing (NLP)
can automatically map disparate departmental taxonomies into a unified process alphabet will be critical
for scaling the BESD framework across global, multi-jurisdictional enterprises.
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