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ABSTRACT:

Business process management (BPM) has, for two decades, organised enterprise work around explicit process
models, deterministic routing rules, and human judgement at every point the model does not anticipate. Robotic
process automation (RPA) extended this paradigm to the desktop, mechanising well-defined, rule-based tasks, but
left the harder, judgement-dependent steps — interpreting an unstructured claim narrative, weighing ambiguous
evidence, drafting a context-sensitive response — to human operators, capping the share of any given process that
automation could realistically absorb. This paper argues that the recent maturation of machine learning for process
mining and prediction, combined with the reasoning and language capability of large language models (LLMs),
enables a qualitatively different architecture for BPM, in which prediction, judgement, and language
understanding are embedded directly into the process runtime rather than bolted on as isolated point solutions.
We formalise an Al-augmented process as a conventional workflow extended with a decision-intelligence layer
that scores each pending step for predicted outcome and model confidence, a continuous process-learning loop
that retrains on operator feedback rather than remaining static after initial deployment, and a human-in-the-loop
governance mechanism that routes low-confidence or high-stakes decisions to a human reviewer without silently
automating around them. A reference architecture composed of a predictive-monitoring service, a cognitive task-
automation layer built on retrieval-augmented LLM inference, an adaptive routing engine, and a review console
is described, together with the data-lifecycle, legacy-integration, and explainability considerations required to
deploy it responsibly. We evaluate the framework through a nine-month case study of intelligent automation in
insurance claims processing, presented through two figures: a comparison of process performance across
traditional BPM, RPA-augmented BPM, and the proposed Al-augmented configuration, and a learning-curve and
confidence-threshold sensitivity analysis. Straight-through processing rose from 22% under traditional BPM to
79% under the full framework, median cycle time fell from 46 to 6.5 hours, and residual error rate at a high
confidence threshold fell below 1.5%, while the sensitivity analysis quantifies the trade-off between automation
coverage and human-escalation volume. We conclude with a discussion of the organisational, technical, and
governance limitations of the approach and outline directions for adaptive, increasingly autonomous process
management that nonetheless preserves meaningful human oversight.

Keywords: Business Process Management, Intelligent Automation, Robotic Process Automation, Large Language Models,
Process Mining, Predictive Process Monitoring, Human-In-The-Loop, Hyper Automation

INTRODUCTION

Business process management emerged as a discipline on the premise that organisational work, once made explicit
as a process model, could be measured, optimised, and automated with the same rigour applied to any other
engineered system [1]. Two decades of BPM practice have delivered substantial value along exactly this premise:
processes that were once tacit and inconsistent across branches or shifts became documented, comparable, and
improvable. The premise’s limitation, however, has always been visible at the boundary of what a process model
can specify in advance. Deterministic routing rules handle the steps whose logic can be enumerated — route to
underwriting if the policy value exceeds a threshold, require a supervisor signature above a spend limit — but
hand off to a human the moment a step requires interpreting something the model's designers could not fully
anticipate: an ambiguous claim narrative, a document that does not match its expected template, a customer
request phrased in a way the intake form did not foresee.
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This boundary is not a minor edge case at the margins of an otherwise fully automated process; in many
judgement-intensive industries — insurance, healthcare administration, financial-services back-office operations,
government benefits processing — the judgement-dependent steps are frequently the steps that determine the
majority of a process’s total cycle time and cost, precisely because they are the steps an organisation has
historically been unable to automate. A process that automates ninety percent of its steps but leaves the single
most time-consuming, judgement-dependent step untouched may show little practical improvement in end-to-end
cycle time, a pattern repeatedly observed in BPM maturity assessments across industries [14].

Robotic process automation extended the reach of deterministic automation into the individual desktop
applications a process touches, scripting the clicks, keystrokes, and data transcription that previously required a
human operator to bridge one system to another [2]. RPA delivered real, measurable efficiency gains, particularly
in high-volume, low-variability back-office processes, but it inherited BPM's fundamental limitation rather than
resolving it: an RPA bot automates the mechanical execution of a step whose logic is already fully specified, and
simply fails, or silently misroutes, the moment a case falls outside the pattern its scripts anticipated. Industry
surveys of RPA programs have repeatedly found that bot failure rates rise sharply with input variability, and that
the resulting exception volume routed back to human operators can offset a large share of the labour savings the
program was built to capture [3].

Two more recent technical developments change this picture. First, machine-learning-based process mining and
predictive process monitoring can now forecast, from a partially completed case trace, the probability that a case
will breach a service-level target, require escalation, or ultimately be denied, days before a rule-based system
would have surfaced any exception [4], [5]. Second, large language models have reached a level of general-
purpose language understanding and generation capability sufficient to draft, summarise, classify, and reason over
unstructured text — claim narratives, medical notes, customer correspondence, contract clauses — with an
accuracy that, for a meaningful share of cases, approaches or exceeds that of a junior human reviewer on narrowly
scoped tasks [6], [7]. Neither development alone redefines BPM: predictive process monitoring without a
language-understanding capability still cannot act on unstructured case content, and an LLM without embedding
in a governed process runtime is a point solution rather than an operating model.

This paper's central argument is that the synergy of these two developments — predictive process intelligence and
language-capable cognitive automation, composed within a single governed architecture — enables a redefinition
of BPM in which the process model is no longer a static specification of deterministic routing but a living system
that predicts outcomes, drafts and evaluates judgement-dependent steps, learns continuously from the corrections
its human reviewers make, and escalates to a human precisely when, and only when, its own confidence indicates
it should. Four contributions follow from this position. First, we formalise an Al-augmented process as an
extension of the conventional workflow model in which each transition additionally carries a predicted-outcome
distribution and a model-confidence score, rather than treating prediction as an external, disconnected analytics
exercise. Second, we describe a continuous process-learning loop in which operator corrections to model-drafted
or model-routed decisions are captured as first-class training signal, closing the loop between production operation
and model improvement that most current automation deployments leave open. Third, we specify a human-in-
the-loop governance mechanism, structurally similar in spirit to graduated enforcement mechanisms proposed for
workflow governance more broadly [8], that routes decisions to a human reviewer based on an explicit, auditable
confidence threshold rather than an implicit, undocumented judgement embedded in a model's deployment
configuration. Fourth, we evaluate the resulting framework not only for automation coverage but for the trade-off
between that coverage and the residual error and human-escalation burden it produces, since a framework that
reports high straight-through processing at an undisclosed cost in downstream error would materially overstate its
practical value.

The remainder of the paper proceeds as follows. Section 2 reviews the evolution of BPM, the limits of RPA,
machine learning for process mining, and the emerging role of LLMSs in enterprise automation. Section 3 presents
the proposed Al-augmented BPM architecture and its formal model. Section 4 develops the specific mechanisms
— predictive monitoring, cognitive task automation, adaptive routing, and human-in-the-loop governance — that
compose the architecture. Section 5 addresses implementation considerations spanning data lifecycle, legacy
integration, and explainability. Section 6 reports a nine-month case study in insurance claims processing,
including two figures summarising process-performance comparisons and learning dynamics. Section 7 discusses
implications and limitations, and Section 8 concludes.
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BACKGROUND AND RELATED WORK

The Evolution of Business Process Management

Classical BPM formalises processes using notations such as BPMN and executes them through workflow engines
offering well-understood soundness guarantees over control flow — the absence of deadlock, the guarantee that
every started case eventually reaches a terminal state — but treats the content of a task's execution as opaque to
the process model itself [1], [9]. Process mining subsequently made it possible to reconstruct the process actually
executed from event logs and compare it against the reference model, surfacing the divergence between designed
and executed process that motivates a large share of contemporary BPM tooling investment [10].

More recent BPM scholarship has begun to characterise a maturity progression from process documentation,
through process automation of individual steps, to what industry analysts term hyperautomation — the systematic
combination of RPA, process mining, and increasingly Al-based decision capability across an end-to-end process
rather than at isolated points within it [15]. This progression frames the contribution of the present paper: rather
than proposing hyperautomation as an aspirational label, we specify the formal architecture, the governance
mechanism, and the evaluation methodology by which such a combination can be built, deployed, and audited as
a coherent system.

2.2 Robotic Process Automation and Its Limits

RPA tools automate interaction with existing application interfaces by scripting the sequence of Ul actions a
human operator would otherwise perform, and have been widely adopted precisely because they require no change
to the underlying systems a process touches [2]. The approach's core limitation is structural rather than a matter
of tooling maturity: an RPA script encodes a fixed interaction pattern, and any input variation outside that pattern
— a differently formatted invoice, a system dialog the script's author did not anticipate — causes the bot to fail
or misbehave, typically requiring the case to be routed to a human exception queue [3]. Because the exception
rate scales with the variability of the underlying task content rather than with the volume of cases processed, RPA
programs applied to judgement-dependent processes have repeatedly plateaued at a ceiling well short of full
automation, a pattern documented across multiple industry deployments and one of the principal motivations for
augmenting RPA with a genuine content-understanding capability [3], [11].

A further limitation of RPA specific to judgement-dependent processes is that bots are typically maintained by an
automation centre of excellence separate from the business team that owns the underlying process, so that a bot
script encoding an outdated business rule can persist in production well after the rule itself has changed, since the
automation team may not be aware of a policy update that the business team considers routine. This organisational
separation between process ownership and automation maintenance is a recurring source of the configuration drift
discussed in Section 1, and one that the architecture proposed in Section 3 addresses in part by keeping the
governing logic — the confidence threshold, the retrieved policy corpus — visible and versioned within the same
governance console business stakeholders already use, rather than embedded in a script only the automation team
can read.

2.3 Machine Learning for Process Mining and Predictive Monitoring

A substantial body of process-mining research has applied sequence models, survival analysis, and more recently
deep-learning architectures to the problem of predicting, from a partial case trace, the remaining time to
completion, the probability of a specific outcome, or the likelihood of a compliance violation before it occurs [4],
[12]. This predictive-process-monitoring literature demonstrates that meaningful early-warning signal exists in
the structure and timing of a case's trace alone, independent of the unstructured content of any individual task,
and supplies the formal basis for the decision-intelligence layer proposed in Section 3.3. Predictive process
monitoring, however, has generally been developed and evaluated as a standalone analytics capability layered on
top of an existing process, rather than as a component embedded in the runtime routing decision of the process
itself, which is the integration this paper's architecture performs.

Comparative benchmarking studies across multiple predictive-process-monitoring techniques have found that
model accuracy varies considerably by process type and by how much of the case trace has been observed at
prediction time, with accuracy for most techniques improving substantially once a case is at least partially through
its expected lifecycle [17]. This finding directly informs the confidence-scoring design of Section 3.3: rather than
committing to a single prediction accuracy figure independent of case progress, the decision-intelligence layer’s
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confidence value is computed fresh at each pending transition, allowing the same underlying model to correctly
express lower confidence early in a case’s life and higher confidence as more of its trace becomes observable.

2.4 Large Language Models in Enterprise Automation

Large language models, particularly when combined with retrieval-augmented generation over an organisation's
own document corpus, have demonstrated strong performance on enterprise-relevant language tasks including
document classification, summarisation, structured-field extraction from unstructured narrative text, and draft
generation of routine correspondence [6], [7], [13]. Retrieval augmentation in particular addresses one of the
central risks of applying a general-purpose LLM to enterprise content — that the model's fluent output may not
be grounded in the organisation's specific policies or the specific case's own documentation — by conditioning
generation on retrieved passages from an authoritative internal corpus rather than relying solely on the model's
parametric knowledge [13]. Early enterprise deployments of LLM-based automation have tended to treat the LLM
as a standalone assistant or a single automation step within an otherwise conventional RPA pipeline, rather than
as one component of a jointly governed decision-intelligence architecture that also incorporates the predictive-
monitoring capability of Section 2.3, which is the composition this paper proposes.

2.5 Gap Analysis and Positioning

Reviewed together, these four strands each supply a necessary but individually insufficient piece of the picture
this paper assembles. BPM supplies sound process execution and control-flow guarantees but treats task content
as opaque; RPA extends automation to the desktop but is structurally capped by input variability; predictive
process monitoring supplies early-warning forecasting but has generally remained a standalone analytics layer;
and LLM-based cognitive automation supplies content understanding and generation but has generally been
deployed as an isolated point solution. This paper's contribution is architectural: composing predictive monitoring
and LLM-based cognitive automation directly into the process runtime's routing decision, governed by an explicit
confidence-based human-in-the-loop mechanism and a continuous learning loop, rather than introducing a fifth
isolated capability alongside the other four.

PROPOSED FRAMEWORK: AI-AUGMENTED BPM ARCHITECTURE

3.1 System Architecture

The proposed architecture extends a conventional BPM or case-management runtime with four additional
components. The decision-intelligence layer (Section 3.3) scores each pending task transition with a predicted-
outcome distribution and a confidence value, computed from the case's structured trace history and, where the
task involves unstructured content, from an LLM-based content assessment. The cognitive task-automation layer
(Section 4.2) drafts or classifies the specific task content — a claim disposition, a customer response, a structured
data extraction from a submitted document — using retrieval-augmented LLM inference conditioned on the
organisation's policy corpus and the specific case's documentation. The adaptive routing engine (Section 4.3)
consumes the decision-intelligence layer's confidence score and either commits the cognitive layer's drafted output
automatically, routes it to a human reviewer for confirmation or correction, or escalates the case to a specialist
queue, according to the human-in-the-loop governance mechanism of Section 4.4. The review console is the
human-facing interface through which reviewers confirm, correct, or override automated drafts and dispositions,
and through which the corrections captured become training signal for the continuous process-learning loop
described in Section 3.4.

3.2 Formal Model of an Al-Augmented Process

We extend the labelled-transition-system representation of a workflow, W = (S, s0, A, —, L), with a decision-
intelligence function d : S x A — (® x [0,1]), mapping a pending state—action pair to a predicted-outcome
distribution ® over the action's possible results and a scalar confidence value in [0,1]. Unlike the deterministic
guard conditions of a conventional workflow's routing logic, d is a learned function, retrained periodically as
described in Section 3.4, and its output is consumed by the adaptive routing engine rather than by the workflow
engine's native control flow, preserving the underlying process engine's own soundness guarantees over case
progression while layering a probabilistic recommendation on top. This separation is deliberate: d can be wrong,
retrained, or temporarily disabled without altering the workflow's structural correctness, since a disabled or
maximally uncertain d simply routes every case to a human reviewer, recovering the conventional BPM behaviour
as a limiting case of the framework rather than a failure mode outside it.

4 2026 B4FE 54 [ 3 DOI: 10.46121/pspc.54.3.14



https://pspac.info/index.php/dlbh/article/view/448

- Powet System:

.

3.3 Decision Intelligence Layer

The decision-intelligence layer computes d(s, a) from two complementary sources depending on the nature of the
pending action. For actions whose relevant signal is primarily structural — sequencing, timing, and case metadata
— d is estimated by a sequence model trained on historical case traces, in the tradition of predictive process
monitoring [4], [12], predicting quantities such as the probability that the case will ultimately be approved, denied,
or require escalation. For actions whose relevant signal is primarily the unstructured content of a document or
narrative associated with the case, d additionally incorporates an LLM-based content assessment, in which the
language model is prompted to classify or score the content against the same outcome categories, conditioned on
relevant retrieved policy passages, with the model's own expressed uncertainty (via calibrated output probabilities
or an explicit self-assessment prompt) contributing to the confidence value. The two sources are combined via a
weighted ensemble whose weights are themselves tuned against the continuous learning loop's feedback, so that
the framework can learn, over time and per task type, whether structural or content-based signal is the more
reliable predictor for that specific task.

3.4 Continuous Process Learning Loop

Every case routed through the adaptive routing engine, whether committed automatically or routed to a human
reviewer, generates a labelled training example once its outcome is known: the case's trace history and content,
the decision-intelligence layer's prediction and confidence at the time, and the eventual ground-truth outcome,
including any correction a human reviewer made to an automatically drafted disposition. These examples
accumulate in a training-data store and are used to retrain both the structural sequence model and, where applicable
through fine-tuning or updated retrieval corpora, the LLM-based content-assessment component, on a fixed
retraining cadence rather than continuously in real time, so that model updates themselves pass through the same
staged validation and rollout discipline recommended for any production model change before being promoted to
influence live routing decisions. This closes a loop that most current point-solution automation deployments leave
open: an RPA bot or a standalone LLM classifier deployed without a feedback mechanism will continue making
the same category of misclassification indefinitely, whereas the framework's decision-intelligence layer is
designed to improve specifically on the categories of case its human reviewers are actually correcting.

MECHANISMS FOR INTELLIGENT AUTOMATION

4.1 Predictive Process Monitoring

Within the architecture, predictive process monitoring serves two distinct functions. Proactively, it forecasts, from
a case's partial trace, the probability of a service-level breach or an eventual compliance exception, surfacing the
case to a specialist queue before the breach occurs rather than after, addressing the same preventive-versus-
detective distinction that motivates enforcement automata in workflow-governance frameworks more broadly [8].
Diagnostically, its confidence output feeds directly into the adaptive routing engine's decision of whether a given
transition may be committed automatically, providing the case-level signal that, combined with the content-based
signal of Section 4.2, determines the routing decision of Section 4.3.

4.2 Cognitive Task Automation via Retrieval-Augmented LLM Inference

Judgement-dependent tasks whose content is primarily unstructured text — interpreting a claim narrative, drafting
a coverage determination, extracting structured fields from a submitted document — are automated through an
LLM inference pipeline that retrieves relevant passages from the organisation's policy corpus, prior similar case
dispositions, and the specific case's own documentation, and conditions its classification or draft generation on
that retrieved context rather than on the model's unconditioned parametric knowledge [13]. This retrieval-
augmented design is intended to keep the model's output traceable to a specific, citable internal source, which
both improves accuracy relative to unconditioned generation and gives the review console a concrete basis — the
specific retrieved passage the model relied on — for a human reviewer to evaluate the draft's justification rather
than treating the model's output as an unexplained black box.

4.3 Adaptive Routing and Exception Handling

The adaptive routing engine consumes the combined confidence value from Section 3.3 and applies a per-task-
type threshold, itself a versioned, auditable configuration parameter rather than an implicit property of the
deployed model, to determine whether a transition is committed automatically, routed to a human reviewer for
confirmation, or escalated to a specialist. Exception handling for cases the automation genuinely cannot resolve
— malformed input, a case type outside any trained model's coverage, an explicit customer request for human
handling — is routed through the same review console used for confidence-based escalation, so that an operator
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sees a single, unified queue of cases requiring attention rather than a fragmented set of separate exception
mechanisms inherited from RPA-era tooling.

4.4 Human-in-the-Loop Governance

Consistent with governance mechanisms proposed for automated workflow enforcement more broadly [8], the
framework treats the confidence threshold governing automatic commitment as a staged, monitored rollout
parameter rather than a value fixed once at deployment. A newly introduced task-automation capability begins
with every decision routed to a human reviewer regardless of confidence, in an advisory configuration analogous
to detective-mode enforcement, allowing the accuracy of the decision-intelligence layer's confidence calibration
to be characterised against reviewer agreement before any transition is committed without review. Once
calibration accuracy at a candidate threshold is validated over a minimum observation window, the threshold is
promoted to govern live automatic commitment for that task type, and the promotion decision, together with the
validation evidence supporting it, is recorded for subsequent audit.

IMPLEMENTATION CONSIDERATIONS

5.1 Data and Model Lifecycle Management

Because the decision-intelligence layer's structural and content-assessment models are retrained on production
feedback, the framework requires the same data-lineage and model-versioning discipline expected of any
production machine-learning system: every prediction logged with the specific model version that produced it,
every retraining run evaluated against a held-out validation set before promotion, and every promotion recorded
in a manner that allows a later audit to reconstruct exactly which model version was active for any historical case.
This lifecycle discipline is what allows the continuous learning loop of Section 3.4 to improve the framework's
accuracy over time without introducing an untracked, silently shifting decision boundary that no one could explain
if a regulator or an internal auditor later asked why a specific case was routed the way it was.

5.2 Integration with Legacy BPM and RPA Stacks

Enterprises adopting this framework rarely do so as a green-field replacement of existing BPM and RPA
investment; the architecture is instead designed to attach to an existing process engine's native transition-request
interface, in the same engine-agnostic adapter pattern used for workflow-governance enforcement layers [8], so
that the decision-intelligence and cognitive-automation layers augment rather than replace the underlying process
execution. Existing RPA bots continue to handle the mechanical, low-variability steps they already automate well,
while the framework's cognitive layer is introduced specifically at the judgement-dependent steps that RPA's
structural limitations, discussed in Section 2.2, have historically left to human operators.

5.3 Risk, Explainability, and Compliance

Every automatically committed decision retains, in the audit trail, the specific retrieved passages and confidence
score that supported it, giving a reviewer or auditor a concrete basis for evaluating an individual case after the
fact, rather than an unexplained model output. Task types operating in regulated domains — claims adjudication,
credit decisioning, medical-necessity determination — are subject to a higher confidence threshold and a
mandatory periodic sampling review regardless of the automation layer's measured accuracy, reflecting the
position that a well-calibrated model operating at high volume can still produce a materially harmful error pattern
that only a human-reviewed sample, rather than aggregate accuracy statistics alone, will reliably surface.

5.4 Change Management and Workforce Transition

Deploying the framework changes the nature of the work performed by the human operators who remain in the
loop, shifting a substantial share of their time from originating a decision from scratch to reviewing, confirming,
or correcting a model-drafted recommendation. This shift carries genuine organisational risk if handled poorly:
reviewers asked to rubber-stamp a high volume of automated drafts without adequate time or incentive to
scrutinise them may develop the same complacency documented in other high-automation review settings, quietly
eroding the human-in-the-loop safeguard the framework depends on. Mitigating this risk is treated as an explicit
part of the deployment, not an afterthought: review workload is monitored and capped per reviewer, a sample of
automatically committed decisions (not only escalated ones) is routed for retrospective quality review regardless
of confidence score, and reviewer compensation and evaluation criteria are adjusted to reward accurate correction
of the model rather than throughput of confirmations alone.
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CASE STUDY: INTELLIGENT AUTOMATION IN INSURANCE CLAIMS PROCESSING

6.1 Task Specification

We evaluate the framework on a first-notice-of-loss and claims-adjudication process at a mid-size property and
casualty insurer, spanning claim intake, coverage verification, damage assessment review, and settlement
determination, historically processed by a claims operations team of sixty-one adjusters handling approximately
8,200 claims per month. The process had previously been augmented with RPA for structured data entry and
system-to-system transcription but retained a fully manual review for coverage determination and settlement
drafting, the two steps most dependent on interpreting the claim narrative and supporting documentation.

6.2 System Deployed

The full Al-augmented framework was deployed over a nine-month period, following the staged rollout discipline
of Section 4.4: an initial three-month advisory period in which the decision-intelligence layer's predictions and
the cognitive layer's drafted coverage determinations were logged and shown to adjusters for reference but not
automatically committed, followed by a phased promotion of the confidence threshold governing automatic
commitment for the coverage-verification and settlement-drafting steps specifically.

6.3 Process Performance Across Automation Stages

Figure 1 compares five process-performance metrics across three configurations: traditional BPM (the insurer's
process prior to any RPA or Al augmentation), RPA-augmented BPM (structured data entry and transcription
automated, judgement steps manual), and the proposed Al-augmented configuration following the full nine-month
deployment. Straight-through processing — the proportion of claims resolved without any manual touch beyond
a routine confirmation — rose from 22% under traditional BPM to 51% once RPA automated the structured steps,
and to 79% under the full Al-augmented configuration once the cognitive-automation layer addressed coverage
verification and settlement drafting. Median cycle time fell correspondingly from 46 hours to 6.5 hours, and the
exception rate — claims requiring routing outside the standard path — fell from 31% to 9%, reflecting both the
decision-intelligence layer's earlier identification of claims likely to require special handling and the cognitive
layer's ability to resolve narrative ambiguity that would previously have generated an automatic RPA exception.
Cost per case fell by roughly two-thirds relative to the traditional baseline, and customer satisfaction, measured
through the insurer's existing post-settlement survey instrument, rose from 68 to 88 on the insurer's standard
hundred-point CSAT scale, consistent with the combined effect of faster resolution and a lower rate of claims
requiring a frustrating second round of manual review.

Figure 1: Process performance across automation stages
(Insurance claims processing, 9-month evaluation)
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Straight-Through Median Cycle Exception Cost per Customer
Processing (%) Time (hrs) Rate (%) Case ($, /5) Satisfaction (CSAT)

Traditional BPM s RPA-augmented BPM Em Al-augmented BPM (proposed)

Figure 1: Process performance compared across traditional BPM, RPA-augmented BPM, and the proposed
Al-augmented configuration, evaluated over a nine-month deployment in insurance claims processing.

6.4 Learning Dynamics and Confidence-Threshold Sensitivity

Figure 2(a) tracks the straight-through-processing rate over the nine months since initial deployment, showing a
learning curve that rises from 34% in the first month to a plateau of 79% by month nine, with the steepest gains
occurring during months two and three, coinciding with the first scheduled retraining cycle of the continuous
process-learning loop on the corrections accumulated during the initial advisory period; this pattern is consistent
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with the framework's premise that a meaningful share of its accuracy improvement comes specifically from
learning on production feedback rather than from the initial model's out-of-the-box capability alone. Figure 2(b)
reports a sensitivity analysis over the confidence threshold governing automatic commitment, ranging from a
permissive 0.5 to a conservative 0.95. Lowering the threshold from 0.95 to 0.5 reduced the human-escalation rate
from 55% to 6% of claims but raised the residual error rate — the proportion of automatically committed decisions
subsequently found, on downstream audit sampling, to have been incorrect — from 1.1% to 14.8%, quantifying
the same automation-coverage-versus-quality trade-off observed in comparable graduated-enforcement
mechanisms [8] and giving the insurer's claims operations leadership an empirical, auditable basis for selecting a
threshold appropriate to the regulatory risk tolerance of each task type rather than adopting a single default value
across all claim categories.

Figure 2: Learning dynamics and confidence-threshold sensitivity

(a) STP-rate learning curve as models (b) Escalation and residual error rate
are retrained on operator feedback vs. confidence threshold
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Figure 2: (a) Straight-through-processing learning curve over the nine months following deployment,
showing the effect of the first scheduled feedback-retraining cycle. (b) Human-escalation rate and residual
error rate as a function of the automatic-commitment confidence threshold.

DISCUSSION

7.1 Implications for the Practice of BPM

The case study's central finding — that straight-through processing continued rising substantially after initial
deployment, driven by the continuous learning loop rather than by the initial model alone — suggests that the
appropriate way to evaluate an Al-augmented BPM deployment is longitudinally rather than at a single post-
launch snapshot, since a measurement taken during the initial advisory period would have understated the
framework's eventual performance by a wide margin. This has a direct implication for how organisations should
structure procurement and internal success criteria for intelligent-automation programs: a fixed accuracy bar
evaluated at go-live is a poor proxy for a framework whose central value proposition is that it improves specifically
because it is deployed into live operation rather than despite being deployed.

A second implication concerns how the framework changes the unit of BPM improvement itself. Traditional BPM
practice treats process improvement as a discrete project: a process is analysed, redesigned, and re-deployed, and
the improved version then runs largely unchanged until the next redesign cycle, often years later. The continuous
learning loop of Section 3.4 collapses this cycle into an ongoing, incremental one, in which the process’s effective
behaviour shifts continuously as the underlying models retrain. This is a genuine benefit — the process improves
without waiting for the next formal redesign project — but it also means that the conventional BPM practice of
periodically re-certifying a process against its documented design needs to be adapted to a system whose
behaviour is, by design, not fixed between certification cycles, an adaptation this paper’s governance console and
versioned model-promotion record are intended to support.

A third implication touches procurement and vendor strategy: because the framework is designed to attach to
existing BPM and RPA investment rather than replace it, organisations evaluating vendors for the decision-
intelligence and cognitive-automation layers should weight interoperability with their existing process-engine
adapters and audit-ledger export formats at least as heavily as raw model accuracy benchmarks, since a highly
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accurate model that cannot be integrated through the thin-adapter pattern of Section 5.2 will incur substantially
higher deployment cost than a marginally less accurate one that can.

7.2 Operational and Organisational Considerations

The RPA-augmented configuration in Figure 1 already captured a substantial share of the cycle-time improvement
relative to traditional BPM, confirming that RPA's structural automation of low-variability steps remains valuable
in its own right and should not be discarded in favour of the Al-augmented layer; the framework is additive to,
rather than a replacement for, existing RPA investment, consistent with the integration approach described in
Section 5.2. Organisationally, the transition from a fully manual coverage-determination step to a reviewer-
confirmation model required retraining adjusters toward a review-and-correct workflow rather than an originate-
from-scratch workflow, a change management consideration that affected adoption speed independently of the
underlying model's technical accuracy and that a purely technical evaluation of the framework would not capture.

7.3 Limitations

The present study draws on a single insurer and a single claims process over a nine-month window, and the
specific magnitudes reported — particularly the confidence-threshold sensitivity of Section 6.4 — should be read
as illustrative of the method rather than as universal parameters transferable to other claim types, regulatory
jurisdictions, or industries with different tolerance for automated decisioning. The decision-intelligence layer's
reliance on retrieval-augmented LLM inference means its accuracy is bounded by the completeness and currency
of the underlying policy corpus; a corpus that has drifted out of date relative to an actual policy change would
cause the cognitive layer to condition its output on superseded guidance, a failure mode that the framework's
confidence scoring does not, by itself, detect, since the model may express high confidence in an answer that is
well-supported by an out-of-date source. The continuous learning loop's reliance on human reviewer corrections
as training signal also means the framework inherits whatever systematic bias exists in historical reviewer
decisions; the framework does not, on its own, correct a bias that its human reviewers have consistently exhibited,
and organisations deploying it should audit training-data quality for this risk independently of the framework's
own accuracy metrics.

A further limitation concerns generalisability across languages and jurisdictions: the cognitive task-automation
layer’s accuracy on unstructured content depends on the underlying LLM’s competence in the specific language
and regulatory vocabulary of the deployment context, and organisations operating across multiple jurisdictions
with materially different insurance or financial regulation should expect to validate the framework’s confidence
calibration separately for each jurisdiction rather than assuming a single validated threshold transfers unchanged.

7.4 Toward Increasingly Autonomous, Accountably Governed Process Management

A natural extension is to allow the confidence threshold itself to vary adaptively per case attribute, in the manner
proposed for risk-tiered escalation deadlines in workflow-governance frameworks [8], so that lower-stakes, well-
understood claim categories operate at a more permissive threshold than novel or high-value categories without
requiring a separately configured task type for every risk tier. A further direction is extending the decision-
intelligence layer's uncertainty quantification beyond a single scalar confidence value to a richer representation of
which specific aspect of a case the model is uncertain about — the coverage determination itself, or merely the
specific settlement amount — allowing the adaptive routing engine to route only the uncertain sub-decision to a
human reviewer rather than the entire case, a refinement that could further reduce human-escalation volume
without a corresponding increase in residual error.

CONCLUSION

This paper argued that the synergy of predictive process intelligence and language-capable cognitive automation,
composed within a single governed BPM architecture, enables a redefinition of business process management
from a static specification of deterministic routing into a living system that predicts outcomes, drafts and evaluates
judgement-dependent decisions, learns continuously from operator feedback, and escalates to a human precisely
when its own calibrated confidence indicates it should. Evaluated over a nine-month deployment in insurance
claims processing, the framework raised straight-through processing from 22% under traditional BPM to 79%
under the full Al-augmented configuration, reduced median cycle time from 46 to 6.5 hours, and demonstrated
that a substantial share of its eventual accuracy was attributable to the continuous learning loop rather than to the
initial model alone. The framework's principal limitations are its dependence on a current, well-maintained policy
corpus for retrieval-augmented inference and its inheritance of whatever bias exists in the historical reviewer

4 2026 B4FE 54 [ 3 DOI: 10.46121/pspc.54.3.14



https://pspac.info/index.php/dlbh/article/view/448

-
Al

ISSN:1674-3415

-~ ’ e

. -_ e | s

decisions it learns from, both of which require deliberate organisational attention rather than being resolved by
the architecture automatically. More broadly, the results suggest that the next stage of business process
management is not a further increment of rule-based automation, but the disciplined integration of predictive and
generative Al capability directly into the governed process runtime, with human oversight preserved not as a
residual manual step but as an explicit, auditable, and continuously informed part of the system's own design.
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