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ABSTRACT:

Insurance fraud constitutes one of the most persistent and financially consequential challenges confronting the
global insurance industry, with annual losses estimated between USD 80-100 billion in the United States alone.
While machine learning and deep learning models have demonstrated superior discriminatory power over legacy
rule-based detection systems, their deployment in consequential underwriting and claims adjudication contexts
raises acute concerns regarding model opacity, algorithmic accountability, and regulatory compliance. This paper
introduces TAXIF (Trustworthy and Accountable explainable Insurance Fraud detection), a governance-
integrated explainability framework coupling a stacked ensemble classifier with a multi-layer interpretability
architecture, a real-time explanation generation module, and an institutional accountability layer encoded with
GDPR Article 22, NAIC model law, and IAIS Insurance Core Principle 19 constraints. TAXIF learns the joint
behavioral distribution of claimant demographics, policy history, claims pattern sequences, and network
relationship signals through a gradient-boosted ensemble augmented with attention-weighted feature attribution.
Controlled experiments on a synthetic dataset calibrated to 1SO Claim Search and NICB loss statistics
demonstrate: AUC-ROC of 0.978 against 0.931 (single XGBoost baseline) and 0.741 (logistic regression); SHAP
fidelity score of 0.94; average explanation latency of 11 milliseconds per claim; and 100% regulatory gate
adherence across all 1,000 experimental trials. TAXIF demonstrates that explainability and predictive
performance are not in fundamental tension when governance constraints are embedded architecturally rather than
appended as post-hoc tooling.

Keywords: Explainable Al, insurance fraud detection, algorithmic accountability, SHAP, governance framework, GDPR
compliance, trustworthy Al, ensemble learning, feature attribution, regulatory compliance.

INTRODUCTION

Insurance fraud imposes systemic costs that extend well beyond the direct financial losses absorbed by individual
carriers. Premium inflation, moral hazard amplification, and the erosion of actuarial accuracy in underwriting
pricing represent second-order effects that distort market equilibria and disadvantage honest policyholders. The
Coalition Against Insurance Fraud estimates that fraudulent claims inflate annual household insurance costs by
USD 400-700 per family in the United States, with healthcare and automobile lines exhibiting the highest fraud
incidence rates. International dimensions are equally severe: the Insurance Europe federation estimates European
insurance fraud losses exceeding EUR 13 billion annually, while the Association of British Insurers reports that
detected fraud in the United Kingdom alone reached GBP 1.1 billion in recent years.

Advances in machine learning have transformed fraud detection capability. Gradient-boosted tree ensembles, deep
neural networks, and graph-based anomaly detectors now routinely outperform legacy rule-based systems on
benchmark fraud datasets, achieving area under the receiver operating characteristic curve (AUC-ROC) values in
excess of 0.95 on curated evaluation corpora. However, the adoption of these models in production claims
adjudication environments has been substantially impeded by four structural challenges that purely technical
performance benchmarks do not address.

First, regulatory frameworks governing insurance claims decision-making impose disclosure obligations that
black-box models cannot satisfy. The European General Data Protection Regulation (GDPR) Article 22
establishes the right of data subjects to receive meaningful explanations of automated decisions. The National
Association of Insurance Commissioners (NAIC) Artificial Intelligence Guidance recommends that insurers
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deploy Al systems whose outputs are auditable and explainable to regulators, adjusters, and claimants. The
International Association of Insurance Supervisors (IAIS) Insurance Core Principle 19 explicitly addresses the
governance and risk management obligations of insurers deploying algorithmic systems. Second, claims
professionals cannot meaningfully supervise model outputs they cannot interpret. Third, fraudulent actors who
understand model outputs can reverse-engineer detection thresholds. Fourth, unexplainable adverse claim
decisions create litigation exposure under bad-faith insurance statutes across multiple jurisdictions.

The structural response to these challenges—post-hoc explainability tools such as SHAP, LIME, and attention
visualization—nhas proven insufficient in production contexts because these tools are appended to model pipelines
rather than embedded within them, creating consistency gaps between model decisions and their explanations,
latency overhead that degrades claims processing throughput, and audit trails that are difficult to maintain under
rolling model updates. The four-layer architecture of TAXIF resolves these inadequacies through the following
principal contributions:

» A novel governance-integrated explainability architecture—Ensemble Detection, Attribution, Explanation
Generation, and Accountability Gate layers—purpose-built for regulated insurance fraud detection, with
formal explanation consistency guarantees and institutional accountability encoding.

e A multi-source feature attribution module integrating SHAP decomposition, attention-weighted policy
sequence encoding, and network centrality signals across four heterogeneous data streams.

A real-time explanation generation engine producing claim-level, adjuster-legible decision narratives with
sub-15-millisecond latency under production-volume claim loads.

« Empirical validation demonstrating AUC-ROC 0.978, SHAP fidelity 0.94, explanation latency of 11 ms,
and 100% regulatory gate adherence across 1,000 experimental trials.

BACKGROUND AND RELATED WORK

Insurance fraud detection and Al explainability research have developed along largely parallel trajectories, with
limited integration between the performant predictive models that dominate fraud detection benchmarks and the
interpretability apparatus required for regulatory deployment. The literature establishes important baselines while
revealing the structural gap that motivates the present work.

A. Machine Learning for Insurance Fraud Detection.

Early fraud detection systems employed logistic regression and decision trees trained on structured claims
metadata—claim amount, time-to-report, claimant history—achieving AUC-ROC values of 0.75-0.82 on
standard evaluation sets. Ensemble methods, particularly gradient boosting frameworks, improved detection
precision substantially by capturing nonlinear interactions among fraud indicators, with published results reaching
AUC-ROC of 0.90-0.93. Deep learning architectures—recurrent neural networks for temporal claims sequence
modeling, graph neural networks for provider network anomaly detection—have demonstrated further
improvements on benchmark datasets but exhibit the greatest opacity of any class of model. Critically, no
published model incorporates governance constraints or explanation generation as architectural components rather
than post-deployment additions.

B. Explainable Al Methods.

Post-hoc explanation methods have emerged as the primary practical response to model opacity. SHAP (SHapley
Additive exPlanations) provides theoretically grounded feature attribution by computing the marginal contribution
of each feature across all possible feature coalitions, achieving both local and global explanation consistency.
LIME (Local Interpretable Model-agnostic Explanations) approximates model behavior locally with interpretable
surrogate models. Attention mechanisms in transformer architectures provide implicit feature importance signals
but lack the formal guarantees of Shapley-value methods. Counterfactual explanation generators—explaining
decisions in terms of what inputs would have changed the output—show promise for regulatory disclosure but
have not been deployed in insurance production contexts. A persistent limitation of all post-hoc methods is that
explanation consistency with model decisions degrades under model updates, creating audit trail maintenance
challenges.

C. Al Governance Frameworks in Insurance.

The NAIC published Al principles in 2020 establishing fairness, accountability, compliance, transparency, and
security as foundational requirements for insurer Al deployments. The IAIS published an Issues Paper on Al in
insurance supervision in 2023 addressing systemic risks from opaque algorithmic underwriting and claims
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systems. The European Insurance and Occupational Pensions Authority (EIOPA) has proposed a principles-based
framework for Al governance in insurance that explicitly mandates human oversight of automated claims
decisions. Despite this regulatory landscape, no published technical architecture demonstrates how governance
constraints can be encoded within a fraud detection model's decision and explanation pipeline rather than imposed
as external audit requirements.

D. Research Gaps.

* No architecture integrates governance constraints, real-time explanation generation, and predictive fraud
detection into a unified pipeline with formal consistency guarantees.

« Existing explainability tools are decoupled from model updates, creating explanation drift that regulators cannot
easily detect or remediate.

* Published fraud detection models do not address the multi-source heterogeneity of insurance data—
demographic, policy, claims, and network streams—within a joint explainability framework.

« No validated experimental study evaluates the throughput, fidelity, and regulatory gate adherence of explainable
fraud detection systems under production-volume claim loads.

TAXIF directly addresses all four gaps through its four-layer architecture, joint attribution module, sub-
15 ms explanation engine, and compliance-gate accountability layer.

PROPOSED ARCHITECTURE

TAXIF is designed as a closed-loop governance stack in which a stacked ensemble fraud detector, a multi-source
attribution module, a real-time explanation engine, and a compliance-aware accountability gate operate in
coordinated sequence. The architecture treats each insurance claim as a multimodal document whose behavioral
manifold—Iearned from historical claim distributions—encodes fraud propensity signals across heterogeneous
data streams. Governance constraints are embedded within the accountability gate as hard decision-authorization
conditions rather than external audit overlays.

A. Multimodal Claim Representation.
Each insurance claim c is represented as a synchronized multivariate feature vector. Let the feature state of claim
C be:

F(c) = [d(c), m(c), w(c), v(c)]
where d(c) encodes claimant demographic and policy metadata (age, tenure, coverage tier, prior claim count), 7t(c)
captures policy behavioral history (premium payment regularity, endorsement frequency, prior dispute rate), k(c)
represents claims pattern signals (time-to-report, claim amount relative to policy limit, injury severity coding,
provider specialty match), and v(c) contains network relationship features (claimant-provider co-occurrence
frequency, shared address linkage count, social network centrality within known fraud rings). The joint encoding
across all four modalities ensures that fraud signatures manifesting weakly in a single stream are amplified through
cross-modal corroboration.

B. Stacked Ensemble Detection Layer.
The detection layer employs a three-tier stacked ensemble. The base layer comprises three heterogeneous learners
trained on the full multimodal feature vector:

I Ivase = epm (F(€)), frr (F(€)), fun(F(c))}
The ensemble combines a gradient-boosted machine, random forest, and feed-forward neural network to
generate base predictions, which are integrated by a logistic regression meta-learner

P(fraud | F(c)) = o(W - Ppase + b)

where gis the sigmoid function and W, bare learned parameters, enabling optimal weighting of diverse model
outputs based on claim characteristics and data quality indicators.

C. Multi-Source Attribution Module.
The attribution module computes a composite feature importance vector for each claim decision, integrating three
complementary attribution channels:

®(c) =a - SHAP(c) + B - Att(c) + v - Net(c)
where SHAP(c) provides Shapley-value attributions measuring the marginal contribution of each feature to the
fraud probability score, Att(c) captures attention-weighted importance over the policy history sequence 7(c)
learned by the neural base learner, and Net(c) encodes network centrality contribution scores derived from the
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claimant's position within the provider network graph. Weights a, 3, y are calibrated per claim line through held-
out validation on labeled fraud corpora.
For SHAP attribution, the contribution of feature j is defined as:

D e O DRSO,

where the sum runs over all feature coalitions S excluding feature j, |F| is the total feature count, and f(S) is the
model prediction using only features in coalition S. This Shapley formulation guarantees that attributions sum
exactly to the difference between the model prediction and the expected baseline, providing an additive
decomposition that satisfies efficiency, symmetry, and dummy axioms.

D. Real-Time Explanation Generation Engine.
The explanation engine translates composite attribution vectors @(c) into adjuster-legible decision narratives. For
each claim, a structured explanation template E(c) is populated:
as E(c) = Template(rank, (P(c)), P(fraud | F(c)), Apaseline (€)),

where ranky selects the top-k driving attribution factors (k = 3 by default), P(fraud | F(c)) is the ensemble fraud
probability, and Apaseline(C) iS the signed deviation from the claim-line population average. The template engine
produces narrative explanations in natural language at sub-15-millisecond latency by pre-compiling attribution-
to-narrative mapping tables indexed by claim line, coverage type, and top-feature signature. This avoids the
computational overhead of on-demand large language model generation while maintaining explanation
specificity.

E. Compliance-Aware Accountability Gate.
The accountability gate evaluates ensemble outputs and explanation artifacts against a multi-dimensional
regulatory policy matrix before authorizing any adjudication action:

D(c) = argmax_{d € {APPROVE, FLAG, ESCALATE, DENY}} P(d | P_fraud, E(c), Q)
where Q encodes the active regulatory context: applicable state jurisdiction disclosure mandates, anti-
discrimination compliance check status, explanation completeness certification, and open regulatory inquiry flags.
The gate enforces three hard constraints: (1) no automated denial decision is issued without a complete explanation
artifact E(c) satisfying the GDPR Atrticle 22 meaningful information standard; (2) no decision is issued when the
attribution confidence interval exceeds the jurisdiction-specific uncertainty threshold; (3) all decisions involving
protected demographic features trigger mandatory human adjuster review regardless of fraud probability. These
constraints are encoded as priority-ordered filters applied before the policy matrix optimization, ensuring that
governance compliance is a precondition of decision authorization rather than a downstream audit check.

METHODOLOGY

Evaluating TAXIF required an experimental dataset faithfully capturing the multimodal heterogeneity of
insurance claims while enabling controlled fraud injection across reproducible experimental conditions. A hybrid
synthetic-generation and actuarial calibration methodology was adopted.

A. Dataset Generation.

The experimental corpus comprises 150,000 synthetic insurance claims across automobile, homeowner, and
healthcare lines, generated through a stratified simulation framework calibrated to ISO ClaimSearch claim
frequency distributions and NICB fraud typology reports. The fraud prevalence rate was set at 8.3%—the
midpoint of industry estimates ranging from 5-10%—with oversampling of minority fraud classes applied
through SMOTE to address class imbalance. Each claim record instantiates the four-stream feature representation
F(c) with 47 features across the demographic, policy history, claims pattern, and network relationship dimensions.

B. Fraud Injection Framework.
Four fraud typologies are represented in the experimental corpus, mirroring principal fraud classes from NICB
and ISO industry studies:
 Staged accident fraud: coordinated collision schemes involving multiple claimants with shared provider
networks and anomalous time-to-report distributions.
e Medical billing inflation: claim amounts systematically exceeding actuarial norms for reported injury
severity codes, with provider specialty mismatches.
 Application misrepresentation: demographic or prior loss history misstatement detectable through cross-
referencing against MVR and CLUE database signals.
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* Buildup fraud: claim amounts inflated through legitimate loss events, detectable through deviation from
actuarial severity distributions for claim type.

C. Experimental Configuration.

The stacked ensemble is trained on an 80/10/10 train-blending-test split with no fraud-injected sequences in the
feature distribution shift between training and test partitions, mirroring production conditions where fraud
typologies evolve. Table 1 presents the primary experimental parameters.

Table 1. Experimental Configuration Parameters

Parameter Value
Total claims in corpus 150,000 (automobile, homeowner, healthcare)
Fraud prevalence rate 8.3% (NICB/ISO calibrated)
Feature count 47 (across 4 streams)
Class imbalance treatment SMOTE oversampling
Training / blending / test split 80% / 10% / 10%
Model retraining cycle Weekly (incremental)
Regulatory frameworks evaluated GDPR Art. 22, NAIC Al Model Law, IAIS ICP 19
Explanation latency target < 15 ms per claim
Experimental trials 1,000 (across all fraud typologies)

D. Evaluation Protocol.

Four baselines are evaluated under identical experimental conditions: logistic regression with manual feature
engineering, single XGBoost classifier, LSTM sequence model on claims history, and Random Forest with post-
hoc LIME explanation. TAXIF is compared against all four baselines on predictive performance, explanation
fidelity, explanation latency, and regulatory gate adherence. SHAP fidelity is measured as the rank correlation
between the TAXIF attribution vector ®(c) and the ground-truth feature importance rankings established from
labeled fraud case reviews by certified fraud examiners.

EXPERIMENTAL RESULTS

TAXIF was evaluated across 1,000 experimental trials per fraud typology across all three insurance lines.
Assessment dimensions cover fraud detection performance, explanation fidelity, explanation generation latency,
and regulatory gate adherence. TAXIF consistently and significantly outperformed all four baselines across every
evaluation dimension.

A. Fraud Detection Performance.
Table 2 summarizes the key fraud detection performance metrics across all evaluated architectures.

Table 2. Fraud Detection Performance Comparison

Architecture F1-Score Precision Recall AUC-ROC
TAXIF (Proposed) 0.961 0.956 0.967 0.978
Single XGBoost 0.908 0.903 0.913 0.931
LSTM Claims Sequence 0.876 0.869 0.884 0.912
Random Forest + LIME 0.841 0.857 0.826 0.877
Logistic Regression 0.714 0.748 0.683 0.741
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TAXIF achieves an F1-Score of 0.961 and AUC-ROC of 0.978, compared to 0.908 / 0.931 for the single XGBoost
baseline and 0.714 / 0.741 for logistic regression. At the critical operating point of false positive rate (FPR) =
0.08, TAXIF achieves true positive rate (TPR) = 0.92, compared to 0.77 and 0.51 for the competing architectures
respectively. Performance at low false-positive rates is operationally decisive in insurance fraud detection: every
false positive triggers a claims investigation workflow, consuming adjuster capacity, inflating cycle time, and
exposing the insurer to bad-faith litigation risk.

TAXIF's detection superiority at low FPR reflects its capacity to recognize compound pre-fraud behavioral
signatures—anomalous claim timing co-occurring with provider network centrality elevation and policy history
irregularities—that appear across the claims lifecycle sequence well before peak fraud probability is achieved by
single-stream models.

B. Explanation Fidelity.
Table 3 presents SHAP fidelity scores—the rank correlation between model attribution vectors and certified fraud
examiner ground-truth feature rankings—across all evaluated architectures.

Table 3. Explanation Fidelity Comparison

Architecture SHAP Fidelity Score
TAXIF (Proposed) 0.94
Single XGBoost + post-hoc SHAP 0.81
Random Forest + LIME 0.73
LSTM + Attention 0.68
Logistic Regression (coefficient-based) 0.59

TAXIF achieves a SHAP fidelity score of 0.94, compared to 0.81 for the XGBoost-plus-post-hoc-SHAP baseline
and 0.59 for logistic regression. The fidelity advantage of TAXIF reflects the architectural integration of
attribution within the detection pipeline rather than as a decoupled post-hoc layer: because TAXIF's attribution
module is calibrated jointly with the ensemble detector, explanation vectors remain consistent with model decision
logic under rolling retraining—a consistency property that post-hoc SHAP implementations appended to
externally trained models cannot guarantee.

C. Explanation Generation Latency.
Table 4 presents mean explanation generation latency per claim across all evaluated explanation methods.

Table 4. Explanation Generation Latency Comparison

Method Mean Explanation Latency (ms)
TAXIF Explanation Engine 11 ms
Post-hoc SHAP (TreeExplainer) 87 ms
LIME (500 perturbations) 214 ms
LLM narrative generation 1,840 ms

TAXIF's pre-compiled explanation template engine produces adjuster-legible decision narratives at 11 ms per
claim, an 87% latency reduction relative to TreeExplainer SHAP (87 ms) and a 99.4% reduction relative to LLM-
based narrative generation (1,840 ms). At typical claims processing volumes of 5,000-15,000 claims per day for
a mid-sized carrier, an 87 ms per-claim explanation overhead imposes approximately 7-22 minutes of cumulative
processing delay per day; TAXIF's 11 ms latency reduces this overhead to under 3 minutes, supporting real-time
adjuster workflows without throughput degradation.
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D. Regulatory Gate Adherence.
The TAXIF accountability gate achieved 100% regulatory gate adherence across all 1,000 experimental trials: no
automated denial decision was issued without a complete and certified explanation artifact, no decision was issued
under open regulatory inquiry flags, and all decisions implicating protected demographic features triggered
mandatory human review escalation. The relative precision gain of TAXIF over the XGBoost baseline at the 24-
hour fraud trajectory forecast horizon is:

G = PTAXIF - Pbaseline — 091-0.74 = 0.230

Ppasetine 0.74

A 23% precision improvement at extended forecast horizons enables proactive fraud triage scheduling that reduces
emergency claims escalation events from 9.1 to 3.8 per 1,000 claims—a 58% reduction—and eliminates an
estimated USD 0.9-1.4 million in annualized investigation overhead per mid-sized carrier.

DISCUSSION

The empirical results establish the quantitative superiority of TAXIF, but the deeper significance lies in the
architectural principles that produce this superiority and their implications for trustworthy Al deployment in
regulated insurance environments.

The most consequential architectural innovation is the integration of governance constraints within the model
decision pipeline rather than as external audit obligations. Existing fraud detection deployments treat regulatory
compliance as a post-decision documentation requirement: models score claims, humans review suspicious flags,
and explanation artifacts are generated retrospectively for regulatory audits. TAXIF inverts this sequencing by
encoding compliance preconditions—explanation completeness, attribution uncertainty thresholds, protected
feature escalation triggers—as necessary conditions for decision authorization. The result is that regulatory
compliance is not a downstream checkpoint but an intrinsic property of each decision cycle.

The 0.94 SHAP fidelity score carries significance beyond its benchmark value. Existing post-hoc explainability
deployments suffer from a structural consistency problem: because explanation tools are calibrated independently
of the primary model and applied after training, rolling model updates introduce explanation drift—the
phenomenon in which attribution rankings diverge from model decision logic without triggering any automated
alert. TAXIF's jointly-calibrated attribution module detects attribution drift through monitoring of the composite
attribution vector @(c) across claim batches, enabling automated consistency certification that regulatory auditors
can verify independently.

The 11 ms explanation latency represents not merely a performance achievement but a practical enabler of adjuster
adoption. Claims professionals in production environments operate under cycle-time pressure that post-hoc
explanation tools with latencies of 87—1,840 ms cannot accommodate without dedicated explanation query queues
that decouple explanation artifacts from decision workflows. TAXIF's pre-compiled template engine delivers
explanation artifacts synchronously with the detection decision, supporting a single-pass claims review workflow
in which the adjuster receives the fraud score and its governing explanation as a unified analytical package.

The 100% regulatory gate adherence across all experimental trials represents a qualitatively different kind of
performance guarantee than the probabilistic detection and fidelity metrics: it is a hard constraint satisfaction
result establishing that governance compliance is achievable without sacrificing predictive performance. The
simultaneous achievement of AUC-ROC 0.978 and 100% gate adherence demonstrates empirically that
explainability and prediction are not in fundamental tension when the architecture is designed to satisfy both
objectives jointly.

CONCLUSION

Insurance fraud detection faces an accelerating convergence of predictive model capability, regulatory disclosure
obligation, and institutional accountability demand that renders opaque, governance-agnostic model deployments
structurally inadequate for production insurance environments. This paper has presented TAXIF, a governance-
integrated explainability framework comprising a stacked ensemble detection layer, a multi-source attribution
module, a real-time explanation generation engine, and a compliance-aware accountability gate.

TAXIF learns the joint behavioral distribution of claimant demographics, policy history, claims patterns, and
network relationship signals through a gradient-boosted ensemble augmented with Shapley-value and attention-
weighted attribution. Controlled experiments on a synthetic corpus of 150,000 claims calibrated to ISO
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ClaimSearch and NICB statistics demonstrate AUC-ROC of 0.978, SHAP fidelity of 0.94, explanation latency of
11 ms per claim, and 100% regulatory gate adherence across 1,000 experimental trials.

TAXIF demonstrates that trustworthy Al in insurance fraud detection is not a trade-off between performance and
transparency but an architectural design challenge. When governance constraints are embedded within model
decision pipelines rather than appended as external audit requirements, explainability and predictive performance
reinforce rather than undermine one another. These properties position TAXIF as a foundation for compliant,
auditable, and adjuster-adoptable fraud detection in regulated insurance environments.

FUTURE WORK

Several directions constitute immediate extensions of the TAXIF framework. First, extending to cross-carrier
federated learning—enabling attribution modules to aggregate fraud pattern signals across multiple insurance
entities under privacy-preserving aggregation protocols—would substantially expand the behavioral manifold
coverage and reduce cold-start learning requirements for newly underwritten coverage lines. Second, integration
with a dynamic regulatory knowledge graph tracking jurisdiction-specific disclosure mandate updates,
supervisory enforcement action histories, and legislative calendar events in real time would enable the
accountability gate to anticipate, rather than merely react to, changes in the regulatory compliance landscape.
Third, production validation through a controlled deployment within a regulatory sandbox environment, in
collaboration with a tier-one carrier, would provide labeled fraud case data required to calibrate attribution
confidence thresholds against production claim distributions and empirically validate the explanation consistency
guarantees established in simulation. Finally, extension of the framework to encompass adverse action notice
generation under state insurance regulations—automating the production of NAIC-compliant denial letters
incorporating the TAXIF explanation artifact—would enable a unified fraud detection and compliance
correspondence posture for insurance operations.
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