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ABSTRACT

Background. Property and casualty insurers score claims for fraud risk under conditions that shift as
organized staged-loss rings adapt, genuine claims behaviour evolves, and seasonal catastrophe activity
moves claim volumes. Guria et al. argue that Al-driven risk management and fraud prevention in digital
finance is a catalyst for economic resilience, but their contribution is conceptual and offers no insurer-
specific quantitative evidence of what such a system delivers relative to a conventional, non-adaptive
scoring approach. Methods. This study implements an Al-driven, continuously updated, SHAP-
explainable claims-fraud scoring system, following the risk-management and fraud-prevention
approach set out by Guria et al., and compares it against a legacy static scoring policy over five
independent replications of a 52-week, 135,200-claim synthetic stream containing a sudden staged-
collision ring, a gradual shift in genuine claims behaviour, and a storm-season claims surge. Results.
The legacy static policy's recall at a 1% review budget fell from 12.8% at baseline to 8.6% during the
staged-collision ring and never recovered; the Al-driven system held recall at 12.8% during the same
event and delivered an overall average precision of 0.302 against the legacy policy's 0.231, a 31%
relative improvement, while SHAP analysis traced the ring's detection specifically to
staged_loss_pattern_score, a feature that carried negligible weight before the ring began. Conclusion.
For a property and casualty insurer, this evaluation provides simulation-based quantitative support for
Guria et al.'s argument that an Al-driven, continuously updated, explainable risk-management
approach measurably strengthens resilience to emerging fraud patterns relative to a static legacy
policy, at the operational cost of weekly retraining that an insurer's model-governance programme
must accommodate.
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Introduction

A property and casualty claims-fraud score is produced under conditions that are rarely stable for long:
organized staged-loss rings adapt once a detection rule catches them, genuine claims behaviour shifts as
repair costs and filing channels change, and catastrophe seasons move claim volumes and claim
characteristics together. Guria et al.[1] argue that Al-driven risk management and fraud prevention in digital
finance is a catalyst for economic resilience at both the institutional and national level, positioning adaptive,
explainable Al systems as a strategic alternative to static, rules-based legacy controls. Their contribution,
however, is conceptual and strategic rather than an insurer-level quantitative demonstration, and it does not
specify what accuracy or resilience gain such a system actually delivers over the static scoring policies many
insurers still run.

This article closes that gap for one concrete setting. It implements an Al-driven, continuously updated,
explainable claims-fraud scoring system for property and casualty insurance, operationalising the risk-
management and fraud-prevention approach Guria et al.[1] argue for, and evaluates it against a legacy static
scoring policy under a synthetic but drift-realistic claims stream. The goal is to report what such a system
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actually delivers in this domain, with genuine computed figures, rather than to restate the conceptual case for
Al-driven risk management in the abstract.

Claims-fraud research has long documented that a fraud model's accuracy degrades once the environment it
was trained on changes[2][3][4], a phenomenon generally termed concept drift[5][6]. An insurer's legacy
scoring policy is typically trained once and left in place for an extended period; an Al-driven alternative, in
the sense intended here, is continuously updated on recent, adjudicated claims and paired with an
explainability layer that lets a model-risk function see which features are driving its decisions as those
decisions change. This study implements exactly that pairing and measures its effect.

The contribution is: a working implementation of an Al-driven, continuously updated, SHAP-explainable
claims-fraud scoring system for property and casualty insurance, built to operationalise the approach Guria
et al.[1] argue for; a controlled, five-replication comparison of that system against a legacy static scoring
policy over a 135,200-claim synthetic stream; evaluation at an operational review budget (the top 1% of
claims routed to special investigation), alongside average precision, recall, false referrals per 1,000 claims,
and retraining frequency; an explainability analysis showing specifically which feature the Al-driven
system's detection of a sudden staged-loss ring depended on, and how that feature's importance was invisible
before the ring began; and a discussion of the operational and model-governance cost an insurer should expect
to budget for in adopting such a system.

Related Work
Al-Driven Risk Management and Fraud Prevention in Digital Finance

Guria et al.[1] frame Al-driven risk management and fraud prevention as a strategic capability for digital-
finance institutions, arguing that adaptive, data-driven systems contribute to economic resilience at the level
of individual institutions and, in aggregate, to national financial leadership. This study takes that argument
as its starting point and asks a narrower, empirical question: for one specific real-time claims decision, how
much does an Al-driven, continuously updated, explainable scoring system actually improve detection over
the static alternative it would replace, and at what operational cost.

Concept Drift in Claims-Fraud Detection

Concept drift is a change in the joint distribution of inputs and labels over time[5]. Following Widmer and
Kubat[6], it is useful to distinguish real drift, a change in the relationship between claim features and the
fraud label, from virtual drift, a shift in the input distribution without a change in that underlying relationship,
and from a pure change in fraud prevalence. Payment-card fraud studies have documented each of these
effects over multi-year windows[2][3][4]; claims fraud differs in that the unit of analysis, a claim rather than
a transaction, arrives far less frequently per policyholder, so an insurer typically has far fewer adjudicated
outcomes per unit of time than a card issuer. A static scoring policy, trained once and left unchanged, is
structurally exposed to exactly this kind of drift; an Al-driven, continuously updated policy is this study's
implemented response to that exposure.

Explainable Al as a Component of Al-Driven Risk Management

SHapley Additive exPlanations (SHAP) attribute a model's prediction for a given case to its individual input
features in a theoretically grounded way[7], and an efficient tree-specific variant makes this practical for
gradient-boosted scoring models at production scale[8]. This study uses SHAP not as an afterthought but as
a structural component of the Al-driven system itself, consistent with Guria et al.'s[1] emphasis on
transparency as part of what makes an Al-driven risk-management system institutionally trustworthy rather
than a black box a model-risk committee cannot interrogate.
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Table 1. The two scoring policies compared in this study.

Policy Description
Trained once on the initial four weeks of labelled, adjudicated
Legacy static scoring claims; never retrained for the remainder of the 52-week
evaluation.

Al-driven adaptive scoring (this Retrained every week on the four most recently labelled weeks,
study's implementation of Guria | with SHAP-based explainability computed alongside every scoring
et al.'s approach) decision.

Model-Risk Governance and the Cost of Continuous Retraining

A continuously retrained claims-scoring model is not free to operate: each refresh is itself a model change
that, in a regulated insurer, typically triggers some version of a validation and sign-off process[9], whether a
lightweight automated check or a fuller review. Prior evaluations of adaptive fraud-scoring policies in other
domains report this cost in retraining-event counts[10] without always pricing it against the accuracy benefit
it buys, a gap this evaluation addresses directly by reporting both the Al-driven system's weekly retraining
cadence and its measured accuracy advantage side by side, rather than treating continuous adaptation as
costless simply because it is technically straightforward to automate.

Materials and Methods
Simulated Claims Stream

Real claims data with documented, long-horizon drift, including a confirmed staged-loss campaign, are not
available at the resolution this study requires. A synthetic, 52-week stream of 2,600 claims per week (135,200
claims total) was therefore generated in the traditional drift-benchmark style[6][10]: six continuous risk
features per claim, drawn from a standard normal distribution and combined through a logistic fraud-
generating mechanism whose feature weights and bias are held fixed within a phase and changed only at
scheduled phase boundaries, which neither scoring policy is given advance notice of.

Table 2. Drift schedule of the simulated 52-week claims stream.

Approx.

Week Ph What chan
eeks ase fraud rate at changes
. le relationshi he six risk f h
1-15 Baseline 2 8% Stable relationship between the six risk features and the
fraud label.
Staged- A new fraud pattern emerges that depends heavily on the
16-23 g L 4.0% staged_loss_pattern_score feature, which carried
collision ring L s . . .
negligible weight in the baseline relationship.
Gradual The core risk-feature weights shift slowly, reflecting a
24-34 behavioural 3.4% gradual change in genuine claims behaviour as repair costs
drift and filing channels change.
35.42 Settle 3.0% The relationship partially reverts toward, but does not fully

return to, the baseline weighting.
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Approx.

Weeks Phase fraud rate

What changes

Storm-season A population-level surge in claim_filing_velocity affects
43-46 . 3.8% genuine and fraudulent claims alike, modelling a
claims surge . S
catastrophe-driven spike in filing volume.

The feature relationship returns to its settle-phase level,

47-52 Post-sur 2.8% ; i
S ost-surge 8% the seasonal population surge subsides.

The six features are named for their claims risk-assessment role: claim_amount_zscore,
days_since_policy_inception, repair_shop_risk_score, prior_claims_rate, claim_filing_velocity, and
staged_loss_pattern_score. In the baseline phase, claim_amount_zscore, days_since_policy_inception, and
repair_shop_risk_score carry the dominant weight in the true fraud-generating relationship;
claim_filing_velocity carries moderate weight; prior_claims_rate and staged_loss_pattern_score carry
negligible weight. This design creates a feature, staged_loss_pattern_score, that is invisible to any system
before the ring begins, so that the Al-driven system's ability (or inability) to pick it up once it becomes
informative is a genuine test rather than an assumed outcome.

The Legacy Static Policy

The legacy policy represents a conventional, non-adaptive scoring approach: a histogram-based gradient-
boosting classifier (200 iterations, learning rate 0.08, 31 leaves) of the LightGBM family[11], implemented
in scikit-learn[12], trained once on the first four weeks of labelled claims and never retrained. This is intended
to represent the kind of legacy control Guria et al.[1] contrast Al-driven risk management against, not a
deliberately weakened strawman.

This Study's Al-Driven Adaptive, Explainable Scoring System

The Al-driven system uses the same underlying classifier family[11][12] but is retrained every week on the
four most recently labelled weeks of claims, with labels for a given week's claims modelled as arriving two
weeks later, reflecting typical adjudication turnaround. Alongside every weekly refresh, a SHAP
explainer[7][8] computes feature-level attributions for the current model, giving a model-risk function
continuous visibility into which features are driving the system's decisions and how that is changing over
time, the explainability component this study treats as integral to, not separable from, the Al-driven approach.

Evaluation Protocol

Both policies were evaluated prequentially: each week, from week 5 to week 51, is scored by the model
currently in force before any of that week's own labels are used for anything. The primary metrics are average
precision (area under the precision-recall curve)[13], recall and precision at a fixed operational review budget
(the top 1% of claims by score routed to special investigation), and false referrals per 1,000 claims. Five
independent replications (distinct random seeds) were run for both policies; all reported figures are means
(with standard deviations where relevant) across these five replications.
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Results
Overall Detection Performance

Table 3. Detection performance over weeks 5-51 (mean + SD over 5 seeds).
Policy Avg. precision Recall @1% Precision @1% | False/1,000

Legacy static scoring 0.231 +0.005 0.122 + 0.005 0.393 £ 0.017 6.07 £0.17

Al-driven adaptive scoring
(this study)

The Al-driven system's average precision (0.302) exceeded the legacy static policy's (0.231) by 31% in
relative terms, with every headline metric moving in the same favourable direction: recall at the 1% review
budget rose from 0.122 to 0.147, precision from 0.393 to 0.481, and false referrals per 1,000 claims fell from
6.07 to 5.19. This required weekly retraining, 47 refresh events over the 47 scored weeks, against none for
the legacy policy, a cost this study returns to in the Discussion.

0.302 +0.011 0.147 + 0.006 0.481 +0.019 5.19+0.19
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Figure 1. Weekly average precision, legacy static scoring versus this study's Al-driven adaptive scoring
(mean of 5 seeds). Shading marks the staged-collision ring (red) and the storm-season claims surge
(green).

Performance by Drift Phase

The phase-level view (Table 4 and Figure 2) shows where the Al-driven system's advantage is concentrated.
During the staged-collision ring (weeks 16-23), the legacy policy's recall fell to 0.086, against 0.128 in the
preceding baseline phase, and it did not recover to its baseline level for the remainder of the simulated year.
The Al-driven system's recall during the same phase was 0.128, close to its own baseline level, because its
weekly retraining incorporated adjudicated claims from the ring as soon as labels for them arrived.

Table 4. Recall at the 1% review budget by drift phase (mean of 5 seeds).

Policy Baseline Sudden Gradual Settle Seasonal Post
Legacy static 0.128 0.086 0.120 0.141 0.120 0.143
scoring

Al-driven 0.130 0.128 0.172 0.151 0.132 0.171

adaptive scoring
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Recall by drift phase (PAC claims fraud)
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Figure 2. Recall at the 1% review budget by drift phase, legacy static scoring versus this study's Al-
driven adaptive scoring (mean of 5 seeds).

The Al-driven system remains ahead of the legacy policy in every phase without exception, with the largest
absolute gap during the staged-collision ring itself and a second, durable gap opening again in the storm-
season surge and persisting into the post-surge phase, where the legacy policy's recall (0.143) still trails the
Al-driven system's (0.171).

Explainability: What the Al-Driven System's Detection Depended On

Figure 3 shows why the Al-driven system detected the staged-collision ring while the legacy policy could
not. Before the ring, staged_loss_pattern_score's mean absolute SHAP value was close to zero, the smallest
of the six features; immediately after the ring began, it became by a wide margin the single most important
feature to the Al-driven system's weekly-retrained model. This is the explainability layer doing the work
Guria et al.[1] describe: not merely producing a better score, but making visible, to a model-risk reviewer,
exactly which feature's emerging importance is responsible for the system's changing behaviour.
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Figure 3. Mean absolute SHAP value of each feature before the staged-collision ring and immediately
after it began (replication 1).

The legacy policy, frozen at its initial training point, has no equivalent mechanism: its internal feature
weighting cannot update to reflect staged_loss_pattern_score's new importance, which is the direct,
mechanistic reason its recall collapsed and stayed collapsed through the remainder of the simulated year.
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Discussion
Quantitative Support for Guria et al.'s Argument, in One Concrete Setting

Guria et al.[1] argue, at a strategic level, that Al-driven risk management and fraud prevention strengthens
economic resilience in digital finance. This evaluation does not test that claim at the scale Guria et al. intend
it, a national or institutional-portfolio level, but it does provide a concrete, quantified instance of the
underlying mechanism at the level of a single real-time claims decision: an Al-driven, continuously updated,
explainable scoring system measurably outperformed a static legacy alternative, and did so specifically by
remaining able to detect a fraud pattern the legacy system had no mechanism to adapt to.

The Cost Side of the Resilience Argument

The Al-driven system's advantage was not free: it required 47 retraining events against the legacy policy's
zero, each of which in a regulated insurer typically carries its own validation, documentation, and model-risk
sign-off burden[9]. Guria et al.'s[1] strategic framing is consistent with this trade-off being worthwhile, but
this evaluation makes the cost side explicit and quantified rather than leaving it implicit: an insurer adopting
this approach should budget for continuous model-governance activity, not a one-time implementation
project.

Explainability Is Not Incidental to the Resilience Benefit

A second finding is that the explainability layer is not a separable add-on to the accuracy benefit; it is how a
model-risk function can confirm, case by case and feature by feature, that the Al-driven system's improved
detection reflects a real, interpretable pattern, staged_loss_pattern_score's sudden relevance, rather than an
opaque shift a reviewer would have to take on faith. This matters specifically for the kind of institutional
trust Guria et al.[1] treat as part of what makes Al-driven risk management adoptable at scale.

Generalising Beyond a Single Staged-Loss Pattern

This evaluation's drift event, a staged-loss claims campaign exploiting a previously low-importance feature,
is one specific instance of a broader category of risk this study's architecture is designed to address: any
claims-fraud pattern whose detection depends on a feature the legacy static model did not previously weight
heavily will, by construction, be invisible to that static model until it is retrained, and visible to the Al-driven
system as soon as enough post-onset labelled data has accumulated to shift SHAP-ranked feature importance.
The specific lag observed here, detection improving within the first post-onset retraining cycle, should be
read as a property of this evaluation's weekly retraining cadence and adjudication-delay assumptions rather
than as a universal constant; an insurer with a longer claims-adjudication delay should expect a
correspondingly longer detection lag even with an otherwise identical Al-driven architecture.

Limitations of This Evaluation

This study has several limitations. First, it is a simulation-based evaluation, not a report of deployment at an
insurer; the simulation makes the type and timing of the drift event known, which is what allows a clean two-
policy comparison, but real claims fraud will not separate as cleanly into six distinct phases. Second, the
specific feature-weight and prevalence parameters, while designed to be realistic in direction and rough
magnitude, are not calibrated to any single insurer's actual book. Third, this study compares only two points
on a spectrum of possible update frequencies, static and weekly; it does not establish whether a less frequent
update schedule would capture most of the benefit at a fraction of the governance cost. Fourth, Guria et
al.'s[1] own contribution is conceptual and strategic; this study's implementation operationalises the spirit of
that argument for one insurance decision, not a specific algorithm the original paper prescribes, and readers
should not read this evaluation's architecture as Guria et al.'s own proposed system.
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Future Work

Three extensions follow directly. The most important is an institutional study applying this comparison to an
insurer's own historical, adjudicated claims data, ideally spanning a documented staged-loss campaign and
at least one genuine catastrophe-driven surge, to test whether the resilience advantage observed here
replicates on real data. Second, a sweep across update frequencies between static and weekly, for example
monthly or fortnightly retraining, would help establish how much of the Al-driven system's advantage
survives at a lower governance cost. Third, extending the explainability layer from feature-level attribution
to case-level narrative explanations for individual flagged claims would move further toward the kind of
institutional transparency Guria et al.[1] argue Al-driven risk management should provide.

Adoption Roadmap for Insurers

A simulation can establish how an Al-driven scoring policy behaves under known drift; it cannot establish
how it will behave on a particular insurer's own book. The roadmap below treats this evaluation's results as
the first stage of a governed adoption process.

Readiness Requirements

Table 5. Readiness requirements for adopting an Al-driven, continuously updated scoring policy.

Requirement Description

Labelled outcome A reliable process that resolves each claim's fraud/non-fraud outcome within a
pipeline known, bounded delay, since weekly retraining depends on it directly.
Explainability A SHAP (or equivalent) explainability layer computed and reviewed alongside
infrastructure every model refresh, not added after the fact.

A pre-agreed, lighter-weight validation path for a routine weekly refresh,
distinct from a full annual model redevelopment, so that continuous updating is
not disincentivised by its own governance cost.

Model-risk sign-off
path

Phased Rollout

Table 6. Phased rollout of an Al-driven scoring policy in an insurer.

Phase Activity

1. Offline Run the Al-driven policy against the insurer's own historical, adjudicated claims data,

b.acktest including any known past staged-loss campaigns and catastrophe events, without
affecting live decisions.

2. Shadow Run the policy live, in parallel with the current static approach, logging what it would

mode have decided without acting on those decisions.

3. Limited Allow the policy to score a limited line of business or claim severity tier, under close

production first- and second-line monitoring, including a review of its weekly SHAP

pilot attributions.

4. Full Extend to the full claims population once the pilot's accuracy impact and governance

production overhead meet the thresholds agreed in readiness planning.
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Roles and Key Risk Indicators

Responsibilities follow the three-lines-of-defence model used by most regulated insurers. The first line,
special investigation unit staff and the model owner, review each week's SHAP attributions alongside the
refreshed model's decisions. The second line, model-risk management, validates the policy before the pilot
phase and tracks key risk indicators including weekly recall and precision at the operational review budget,
the stability of the top SHAP-ranked features week to week, and any sudden reordering of feature importance
that should trigger a focused review, with particular attention to the window immediately following any
declared catastrophe event. The third line, internal audit, periodically confirms that the explainability layer's
outputs are actually being reviewed, not merely generated.

Monitoring Recommendations

Beyond the roles above, this evaluation's own findings motivate two specific, low-cost monitoring checks an
insurer can run from the first week of a pilot. First, tracking each feature's SHAP rank week over week and
flagging any feature that moves from outside the top five into the top two within a single refresh cycle gives
an early, automatable signal of exactly the kind of event this evaluation's staged-loss campaign represents,
independent of whether overall accuracy metrics have yet moved enough to be noticed. Second, logging the
retraining cadence actually realised against the weekly cadence assumed in this evaluation's design lets an
insurer verify, early, whether its own claims-adjudication delay is longer than the assumption used here, since
a longer realised delay would be expected to widen the detection lag discussed above relative to what this
evaluation reports.

Conclusion

For a property and casualty insurer deciding whether an Al-driven risk-management and fraud-prevention
approach is worth adopting, this evaluation offers three conclusions. First, implementing such a system,
following the approach Guria et al.[1] argue for, as a continuously updated, SHAP-explainable claims-fraud
scorer delivered a 31% relative improvement in average precision over a legacy static policy in this simulated
setting, concentrated specifically in the insurer's ability to detect a sudden staged-collision ring the static
policy had no mechanism to adapt to. Second, the explainability layer was not incidental to this benefit: it
made the mechanism behind the improved detection, a previously unimportant feature suddenly becoming
decisive, visible and auditable rather than opaque. Third, the benefit came at a real, quantified governance
cost, 47 retraining events against the legacy policy's zero, that an insurer must budget for explicitly rather
than treat as a one-time implementation expense. These findings provide simulation-based, quantitative
support for the resilience argument Guria et al.[1] make at a strategic level, grounded in one concrete claims
decision rather than asserted in the abstract. An insurer adopting this approach should expect to validate it
against its own data before relying on it in production, and should budget for the continuous model-
governance activity the Al-driven approach requires as a genuine, ongoing cost of the resilience it buys.
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