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Abstract—Insurance fraud constitutes a significant
financial burden on the healthcare sector, yet traditional
heuristic-based audit systems are increasingly incapable
of detecting the non-linear patterns of modern
fraudulent claims. While ensemble machine learning
methods offer enhanced predictive capabilities, their
"black-box" nature and susceptibility to severe class
imbalance issues present significant barriers to
enterprise adoption in heavily regulated environments.
This paper proposes a novel, hybrid Explainable AI
(XAI) framework that integrates SMOTE-balanced
ensemble classifiers with a deterministic Business Rules
Engine to ensure both predictive accuracy and absolute
policy compliance. We demonstrate that by embedding
real-time SHAP (Shapley Additive explanations)
visualizers within an interactive Streamlit-based
dashboard, the system effectively bridges the gap
between algorithmic probability and human operational
trust. Experimental results indicate that this approach
achieves a stabilized accuracy of 86.82% while
maintaining high Recall (83.20%)—a critical metric for
fraud detection. By providing claims adjusters with
instantaneous, plain-English justifications for risk alerts,
this research provides a scalable, legally defensible, and
high-speed triage system that shifts the paradigm from
opaque automation to transparent, '"Human-in-the-
Loop" adjudication.

Index Terms—Insurance Fraud Detection, Machine
Learning, Fraudulent Claims, Supervised Learning,
Classification Algorithms, Data Pre-processing, Feature
Selection, Imbalanced Data, Predictive Analytics, Risk
Management Insurance, Fraud Detection; Explainable
Al (XAI); SHAP; Class Imbalance; SMOTE; Ensemble
Learning; Hybrid Adjudication; Streamlit; Human-in-
the-Loop.
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L INTRODUCATION

The health insurance industry serves as a critical
financial safety net for individuals facing medical
emergencies. However, as the volume of global health
insurance claims expands, so does the sophistication
of insurance fraud, which imposes a massive financial
burden on the economy and drives up premiums for
honest policyholders.  Traditionally, insurance
companies have relied on manual auditing by Special
Investigation Units (SIUs) and rigid, rule-based
systems to detect these anomalies. While functional,
these manual and heuristic processes are highly
resource-intensive, slow, and increasingly incapable
of identifying the subtle, complex, and non-linear
patterns characteristic of modern financial fraud.
Consequently, the industry is undergoing a paradigm
shift towards integrating Machine Learning (ML) to
automate risk assessment and expedite the approval of
legitimate claims. However, deploying predictive
models in the highly regulated healthcare sector
presents significant systemic challenges, namely
extreme class imbalance and a lack of algorithmic
transparency. This research bridges the gap between
theoretical data science and practical enterprise
application by developing a hybrid automated triage
system. By combining high-performance ensemble
models with a deterministic business rules engine and
Explainable AI (SHAP) inside an interactive frontend
dashboard, this study delivers a legally defensible and
highly transparent risk assessment tool for claims
adjusters.
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Problem Statement

Despite the promise of machine learning in fraud
analytics, standard algorithms face two massive
roadblocks when deployed in real-world healthcare
environments:

The Accuracy Paradox (Class Imbalance): Fraudulent
claims typically constitute a very small minority of
total claims, often representing less than 1% of the
dataset. Standard ML algorithms inherently struggle
with this skewness, over-fitting the majority class to
achieve an artificially high global accuracy (>99%) by
simply predicting all claims as "legitimate". This
entirely fails the primary objective of fraud detection,
resulting in a high rate of costly false negatives.

The Black Box Dilemma: In heavily regulated
financial and medical environments, an Al that simply
outputs a probabilistic "Fraud" or "Not Fraud" verdict
is legally and operationally insufficient. Claims
adjusters and legal frameworks require transparent,
feature-level justification for adverse financial
decisions. Furthermore, purely probabilistic machine
learning models cannot inherently comprehend
absolute contractual limitations (e.g., claiming a
monetary amount that strictly exceeds the policy
limit), making pure ML models prone to violating
absolute corporate policies.

The Role of Machine Learning

Machine learning transforms fraud detection from a
reactive, manual task into a proactive, automated, and
predictive workflow. Unlike traditional heuristic
systems that rely on manually predefined thresholds,
supervised ML algorithms can ingest vast amounts of
historical claims data to identify hidden correlations
and adapt to evolving fraud tactics.

Specifically, advanced ensemble methods like
Random Forest and XGBoost (Extreme Gradient
Boosting) excel at capturing the multidimensional,
non-linear relationships between patient profiles,
medical providers, and claim histories. When coupled
with algorithmic balancing techniques like the
Synthetic ~ Minority =~ Over-sampling  Technique
(SMOTE), machine learning can mathematically
synthesize  plausible  minority-class instances,
allowing the classifier to genuinely learn the statistical
boundaries of fraudulent behaviour rather than
memorizing a biased dataset. By automating the initial
screening process, machine learning empowers
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investigation units to focus their human capital
exclusively on complex, high-risk claims.

Scope of the Research

This study is confined to the analysis and real-time
evaluation of structured, tabular health insurance
claims data, focusing on key quantitative and
categorical parameters (e.g., patient age, sum insured,
claim amount, prior claim history, and provider
network status). The technical scope encompasses the
development of a bifurcated, end-to-end architecture:

Offline Training Pipeline: The application of SMOTE
exclusively to the training dataset to resolve class
imbalance, followed by the training and deliberate
hyperparameter-pruning  of ensemble  models
(Random Forest and XGBoost) to prioritize Recall
over standard accuracy.

Real-Time Inference Dashboard: The deployment of
the serialized models into an interactive, real-time web
application utilizing Streamlit and Plotly.

Hybrid Adjudication & XAI: The integration of a
deterministic Business Logic Engine to enforce
absolute contractual clauses, operating simultaneously
with a SHAP (Shapley Additive explanations) module
to visually render human-readable algorithmic
transparency.

Limitations: The primary limitation of this research is
its reliance on historical, structured actuarial data. To
comply with strict healthcare privacy laws (e.g.,
HIPAA), the system utilizes synthetically balanced
demographic data rather than live, un-anonymized
hospital records. Furthermore, the scope does not
include the analysis of unstructured data, such as raw
medical imaging (MRIs) or natural language physician
notes, nor does it feature live API integrations with
third-party banking systems.

Here is the drafted Literature Review section,
synthesized from the established research context and
structured to build a strong argument for your hybrid,
dashboard-driven architecture.

1L LITERATURE REVIEW

The application of Artificial Intelligence (AI) and
Machine Learning (ML) in the financial and
healthcare sectors has fundamentally transformed risk
management. This section reviews the trajectory of
fraud detection from traditional auditing to
sophisticated algorithmic systems, highlighting the
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persistent challenges of class imbalance, model
interpretability, and practical deployment.

The Evolution from Heuristics to Machine Learning
Historically, the detection of fraudulent insurance
claims has been a reactive, labour-intensive process.
Early defence mechanisms relied heavily on manual
audits by Special Investigation Units (SIUs) and the
implementation of deterministic, rule-based expert
systems. While these systems successfully digitized
workflow by flagging claims over specific monetary
thresholds, they proved highly rigid and were easily
bypassed by sophisticated syndicates who learned to
manipulate claims just below the triggering limits.
The transition to machine learning marked a paradigm
shift, allowing systems to autonomously learn non-
linear, complex behavioural patterns from historical
data. A comparative study by Varmedja et al. (2019)
demonstrated that while traditional "white-box"
models like Logistic Regression serve as strong
statistical baselines due to their interpretability, they
struggle to capture the non-linear complexities of
modern fraud patterns. Subsequent research has
heavily favoured ensemble learning. Owolabi et al.
(2023) evaluated multiple algorithms for auto
insurance fraud, finding that Random Forest (RF)
consistently achieved the highest overall classification
accuracy, while XGBoost achieved superior precision
and F1-measure scores, making it highly effective at
minimizing false positives. This superiority of
gradient boosting was corroborated by Dhanasekar et
al. (2024) in the health insurance domain, where
optimized XGBoost models reached 98% accuracy,
vastly outperforming Logistic Regression. Similarly,
Njeru (2025) emphasized that Logistic Regression
lacks the predictive power required for sophisticated
fraud schemes compared to ensemble methods.
Addressing the Class Imbalance Problem Despite the
predictive power of ensemble models, their
application to financial data is severely complicated by
the "Class Imbalance Problem". Fraudulent claims
typically represent a minuscule fraction—often less
than 1% to 5% —of total claims. Researchers
extensively document the resulting "Accuracy
Paradox," wherein standard ML algorithms lazily
classify every claim as legitimate to achieve over 99%
accuracy, entirely failing to detect actual fraud.

To combat this mathematical skewness, algorithmic
data balancing is required. The Synthetic Minority
Over-Sampling Technique (SMOTE), introduced by
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Chawla et al. (2002), is widely recognized as a robust
solution. Rather than simply duplicating existing
records, SMOTE synthesizes new, plausible minority-
class instances, enabling classifiers to map the actual
statistical boundaries of fraudulent behaviour without
severe overfitting.

The "Interpretability vs. Accuracy" Trade-off and XAl
While ensemble models excel at predictive accuracy,
their adoption in heavily regulated industries is
hindered by the "Black Box Dilemma". Legal
frameworks and corporate compliance standards
demand those adverse financial decisions—such as
denying a medical claim—be highly interpretable and
justifiable. Bieber et al. (2020) highlighted this
"interpretability vs. accuracy" trade-off, noting that
while simple Decision Trees offer clear, justifiable
rule sets for claims adjusters, they underperform in
raw predictive metrics compared to black-box models
like XGBoost.

To resolve this dilemma, recent literature has shifted
focus toward Explainable Al (XAI). Lundberg and
Lee’s (2017) introduction of Shapley Additive
explanations (SHAP), rooted in cooperative game
theory, provides a foundational methodology. SHAP
allows data scientists to mathematically deconstruct
complex ensemble predictions, visually demonstrating
the exact local, feature-level contributions driving the
algorithmic risk score.

The Gap: Hybrid Architectures and Interactive
Deployment Despite these advancements, existing
academic research exhibits notable limitations. First,
purely probabilistic ML models lack the contextual
awareness to enforce strict corporate policies or legal
boundaries, such as a claim amount mathematically
exceeding the total policy coverage. To mitigate this,
state-of-the-art fraud architectures propose a hybrid
approach that fuses probabilistic algorithms with
deterministic Business Rules Engines (heuristics) to
handle absolute policy violations.

Second, while XAI is frequently discussed
theoretically, very few applied academic studies
successfully bridge the gap between backend scripting
and frontend usability. Machine learning models are
rarely deployed into interactive, enterprise-style
dashboards where human operators can actively test
inputs and view real-time SHAP justifications. This
present study directly addresses these gaps by
aggressively mitigating data imbalance, fusing ML
with deterministic rules, and deploying the
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architecture into a fully interactive, XAl-driven
enterprise dashboard.

I1I. METHODOLOGY

This study employs a quantitative, applied research
methodology aimed at designing, training, and
evaluating a robust machine learning architecture for
predictive risk analysis. To effectively handle both the
mathematical complexity of data balancing and the
operational need for low-latency predictions, the
procedural framework is structured into a bifurcated
pipeline: a backend model-training phase and a real-
time frontend inference phase. This separation ensures
that computationally heavy tasks are executed entirely
offline.

Data Pre-processing and Balancing

Data pre-processing was a critical phase for ensuring
model reliability and mitigating algorithmic bias.
Subjective or "leaky" features were deliberately
excluded to ensure the system makes decisions purely
on objective mathematical parameters. Missing values
were systematically imputed: continuous variables
utilized the median, while categorical variables
utilized the mode.

To prevent data leakage, the dataset was partitioned
using an 80/20 Train-Test split with stratification.
Crucially, the Synthetic Minority Over-sampling
Technique (SMOTE) was applied exclusively to the
training subset. This ensured the testing subset
remained a pure representation of the naturally
imbalanced claim distribution, guaranteeing unbiased
performance evaluation.

Model Implementation and Regularization

A Random Forest ensemble model was selected to
process the balanced data. Because standard accuracy
is a fundamentally flawed metric in highly imbalanced
fraud datasets, the evaluation criteria strictly
prioritized Recall (Sensitivity) and the F1-Score. High
Recall ensures the model successfully catches the
maximum number of true fraudulent claims.

To prevent the model from merely memorizing the
synthetic SMOTE data, deliberate hyperparameter
constraints were applied (e.g., max depth=3 and
min_samples_leaf=25). The trained model, alongside
its specific StandardScaler and LabelEncoder, was
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then serialized into .pkl artifacts using joblib to
facilitate rapid, real-time frontend inference.

Deterministic Business Logic Overrides

While machine learning excels at identifying
probabilistic behavioural patterns, probabilistic
algorithms cannot comprehend absolute corporate
contracts. Therefore, the methodology incorporates a
deterministic Business Rules Engine as an overriding
mechanism. This engine evaluates inputs against
hardcoded heuristics, including:

Financial Limit Breach: If the claimed amount
mathematically exceeds the total sum insured.
Medical Implausibility: If the claimed days
hospitalized exceeds medically plausible limits (e.g.,
>365 days).

Vendor Blacklist: If the medical provider submitting
the claim is actively blacklisted.

If any of these absolute policies are breached, the
system bypasses the machine learning probability and
immediately flags the claim as a Critical Risk.

Explainable Al (XAI) Integration

To resolve the "Black Box" nature of ensemble
learning and ensure legal defensibility, Explainable Al
was embedded directly into the inference pipeline.
Utilizing Shapley Additive explanations (SHAP) via
the Tree Explainer module, the system uses
cooperative game theory to compute the exact
marginal contribution of each input feature for every
individual claim analysed.

Interactive UI and Risk Aggregation Strategy

The frontend interface was engineered using the
Streamlit framework, designed to mimic the workflow
of a medical claims adjuster by strictly separating data
entry from visual analytics. The system features an
Automated Risk Aggregation Strategy that fuses
heuristic rules and ML probabilities to categorize
claims into Low Risk (<40%), Medium Risk (40—
69%), or Critical Risk (=70% or Policy Override).

To translate these complex backend operations into an
intuitive User Experience (UX), Plotly was integrated
to render an interactive Gauge Chart (acting as a "Risk
Speedometer") alongside natively rendered SHAP
Waterfall plots. Furthermore, the system securely
infers dependent variables (e.g., categorizing a patient
as a "Senior Citizen" strictly based on raw age input)
to minimize human data-entry errors.
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Here is the drafted Results and Discussion section for
your research paper. I have incorporated the specific
performance metrics, system behaviour observations,
and Ul latency details from your project
documentation
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Iv. RESULTS AND DISCUSSION

The implementation of the proposed hybrid
architecture yielded significant improvements over
traditional, standalone machine learning classifiers.
The system was evaluated on its mathematical
predictive power, its operational behaviour under
complex constraints, and its computational efficiency
within a live dashboard environment.

Resolution of the Accuracy Paradox and Classification
Metrics

A critical result of this study emerged from the
comparative analysis of model performance before
and after dataset balancing. Initially, training standard
ensemble models on the raw, naturally imbalanced
dataset yielded an artificial accuracy of over 99%,
alongside a near-zero ability to detect isolated fraud
cases. The models simply predicted "Legitimate" for
every instance, falling victim to the Accuracy Paradox.
The application of the Synthetic Minority Over-
sampling Technique (SMOTE) fundamentally
corrected this behaviour. By mathematically
synthesizing minority-class (fraud) instances during
the training phase, the Random Forest model was
forced to learn the actual statistical boundaries of
fraudulent behaviour. To prevent the model from
merely memorizing this synthetic data, it was
intentionally pruned and generalized. Evaluated
against the pure, un-synthesized holdout testing
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dataset, the optimized system achieved the following
stabilized metrics:

Global Accuracy: 86.82%

Precision: 81.45%

Recall (Sensitivity): 83.20%

F1-Score: 82.31%

The stabilization of global accuracy at 86.82%
represents a  deliberate  success in  model
generalization. In the context of insurance fraud,
prioritizing a high Recall (83.20%) ensures the model
successfully catches the vast majority of actual
fraudulent claims, which is financially more critical to
an insurance provider than minimizing false positives
to achieve flawless overall accuracy.

System Behaviour and Hybrid Adjudication

The true analytical power of the system was validated
by testing its behaviour under standard versus
complex, multi-variable constraints.

Under normal operating conditions—such as a
standard hospitalization duration with no prior
claims—the deterministic Business Logic Engine
successfully validated the parameters against
corporate policies without triggering overrides.
Subsequently, the machine learning model evaluated
the underlying data and consistently output a
probabilistic confidence score well below the 40%
threshold, rendering a "LOW RISK" (Green) status on
the Plotly gauge.

Conversely, the system excelled under complex
constraints where no single heuristic rule was
explicitly violated, yet the combination of factors
indicated coordinated fraud. For example, when
evaluating a claim with an unusually high amount,
multiple previous claims, and treatment by a high-risk
provider, the Random Forest model successfully
identified the non-linear, compounding risk factors. It
appropriately pushed the probability score into the 65—
85% range, correctly triggering "MEDIUM" or
"CRITICAL" risk alerts. Furthermore, if an absolute
policy limit was mathematically breached (e.g., Claim
Amount > Sum Insured), the Ul's Business Logic
Engine successfully overrode the ML probability
entirely, immediately displaying a "CRITICAL RISK"
alert via CSS-styled notification boxes. This
demonstrates the system's superiority over rigid,
single-threshold rule-based systems.
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UI Dashboard and Computational Performance

The decoupled architecture of the proposed system
demonstrated excellent computational stability and
user experience. By isolating the mathematically

intensive  tasks  (SMOTE  balancing  and
hyperparameter optimization) to the offline backend,
the frontend dashboard was freed from heavy resource
consumption.

The integration of the @st.cache resource decorator
in the Streamlit application resulted in near-zero
latency during active inference. Because the heavily
compressed. pkl model artifacts were loaded into
Random Access Memory (RAM) only upon the initial
server boot, the interactive Plotly gauges and CSS alert
tiers rendered instantaneously upon user interaction.
This proves that the live inference application operates
with negligible CPU utilization, allowing it to be
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easily deployed on standard commercial hardware for
rapid triage by SIU operators.

Standard
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V. PERFORMANCE DISCUSSION

The evaluation of this hybrid system requires a multi-
dimensional analysis. Performance in automated fraud
detection cannot be strictly defined by mathematical
accuracy alone; it must also account for the model’s
ability to generalize to unseen data and the
computational  stability of the deployment
environment.

Baseline Inadequacy vs. Ensemble Superiority

Initial experiments utilizing baseline statistical
models, such as Logistic Regression, yielded subpar
results. While highly interpretable, linear boundaries
proved entirely insufficient for capturing the non-
linear, multidimensional nature of fraudulent
healthcare claims. Standard Decision Trees exhibited
a higher sensitivity to fraud but demonstrated a severe
tendency to overfit the training data.

Conversely, ensemble methods—specifically Random
Forest and XGBoost—demonstrated significant
predictive superiority. By utilizing bagging and
sequential boosting techniques to aggregate multiple
decision trees, these models effectively mapped
complex interactions, such as the relationship between

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6215



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002

a patient's treatment history, policy limits, and
provider network status.

Overcoming the Accuracy Paradox via Pruning
While ensemble models are mathematically superior,
their application to naturally imbalanced insurance
datasets often lead to the "Accuracy Paradox".
Standard implementations achieved an artificial
accuracy of over 99% by simply predicting every
claim as legitimate, thereby yielding a near-zero
Recall for actual fraud cases.

The introduction of the Synthetic Minority Over-
sampling Technique (SMOTE) fundamentally
corrected this algorithmic bias by synthesizing
minority-class  instances. However, a critical
performance challenge emerged: deep ensemble trees
began memorizing the synthetic data. To achieve
genuine  real-world  generalization,  deliberate
hyperparameter pruning was enforced (e.g., restricting
max_depth=3 and min_samples leaf=25). This
intentional regularization successfully stabilized the
global accuracy at 86.82% while elevating Recall to
83.20%. In the insurance domain, this performance
profile is highly optimal, as prioritizing Recall
drastically minimizes costly false negatives.
Computational Stability and Front-End Latency
Beyond predictive metrics, the system demonstrated
exceptional computational performance due to its
decoupled architecture. By isolating mathematically
intensive tasks—such as SMOTE data synthesis and
algorithmic hyperparameter optimization—to the
offline backend training pipeline, the frontend
inference application was completely freed from
heavy resource consumption.

Furthermore, the serialization of the model using high-
compression  libraries (e.g., joblib) created
lightweight. pkl artifacts. During frontend deployment
via Streamlit, state management decorators (@st.
cache resource) were utilized to load these heavy
mathematical arrays into Random Access Memory
(RAM) strictly upon the initial server boot. As a result,
the live inference application operates with near-zero
latency; the processing of new claim data, the
execution of the Business Logic overrides, and the
generation of localized SHAP Waterfall matrices
occur in milliseconds. This ensures the system can be
deployed on standard commercial hardware without
requiring specialized graphical processing units
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(GPUs), making it highly scalable for enterprise SIU
triage.

Confusion Matrix - A matrix showing True Positives
(TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN). The foundational tool for
calculating all other metrics; visualizes where the
model succeeds or fails.

TP+TN
T otal

Low: Often misleading in fraud detection because a
model can achieve 99% accuracy by simply labelling
everything as "Legitimate."

Precision

Accuracy

TP
TP+ FP

High: Measures how many flagged fraud cases were
actually fraud. Important for minimizing "False
Alarms" that annoy honest customers.

Recall (Sensitivity)

TP
TP+FN

Critical: Measures the model's ability to catch actual
fraudsters. This is the most important metric for fraud
detection, as missing a fraud case is more costly than
a false alarm.

AUC-ROC - Area Under the ROC Curve High:
Measures the model's ability to discriminate between
classes across different thresholds. A higher value
indicates better classification power.

Accuracy Precision Recall F1-Score

86.82% 81.45% 83.20% 82.31%

VL FEATURE IMPORTANCE ANALYSIS

A highly accurate machine learning model provides
limited practical value to an insurance enterprise if its
outputs cannot be easily interpreted and trusted by
human auditors. Therefore, this study expands upon
traditional global feature importance by implementing
a localized, real-time Explainable Al (XAI)
framework.

Global Feature Drivers
Initial aggregate analysis of the ensemble models
revealed specific systemic drivers of fraud. Variables
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such as 'Gender', 'Policy Type', 'Hospitalized', and
'PoliceReport Filed' played the most significant roles
in globally detecting fraudulent patterns across the
dataset. This aligns with broader industry insights,
where high-severity medical incidents combined with
specific policyholder profiles strongly correlate with
elevated fraud risk. However, while global feature
importance is valuable for training, it is legally and
operationally insufficient for individual claim
adjudication, as it cannot explain why a specific claim
was flagged.

Local Interpretability via SHAP Integration

To resolve the "Black Box Dilemma" inherent to
complex algorithms like Random Forest and
XGBoost, Explainable Al was embedded directly into
the real-time inference pipeline. This system utilizes
Shapley Additive explanations (SHAP) via the Tree
Explainer module. Grounded in cooperative game
theory, SHAP computes the exact marginal
contribution of every single input feature for the
specific claim being analysed.

Because the classification task evaluates a binary
outcome (Fraud vs. Legitimate), the implementation
utilizes specific Python array slicing to explicitly
direct the explainer to isolate and visualize the
probability pathway strictly for the fraudulent
classification class.

Interactive Visualizations and Automated Audits

The frontend dashboard translates these complex
mathematical matrices into actionable insights for the
Special Investigation Unit (SIU). For every inference
run, the system natively renders a localized SHAP
Waterfall chart with negligible computational latency.
This visual component mathematically breaks down
the final risk score, immediately showing the operator
which variables drove the algorithmic probability.
Features mathematically pushing the fraud risk up are
distinctly marked in Red, while features indicating
compliant, legitimate behaviour are marked in Blue.

Furthermore, to minimize the cognitive load on claims
adjusters, the Ul features an Automated Decision
Summary script. This script programmatically extracts
the underlying mathematical arrays from the SHAP
Explainer, isolating the top two "Risk Increasers" and
"Risk Mitigators". It dynamically translates these data
points into a plain-English text summary. By explicitly
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identifying the mathematical factors driving the
prediction, the system provides operators with
instantaneous, legally defensible, and auditable proof
for the AI's reasoning prior to initiating a formal
investigation.

VIL CONCLUSION

This research has successfully demonstrated that the
effective detection of insurance fraud requires a multi-
layered, hybrid approach that transcends the
limitations of standalone predictive algorithms. While
ensemble learning models—specifically Random
Forest and XGBoost—provide the necessary
computational power to identify complex, non-linear
fraud patterns, they are insufficient as isolated
solutions in a regulated medical environment. The
inherent "Black Box" nature of these models,
combined with the extreme class imbalance prevalent
in claims data, poses significant barriers to trust and
operational adoption.

By integrating the Synthetic Minority Over-sampling
Technique (SMOTE), this study effectively resolved
the Accuracy Paradox, ensuring that the model could
identify fraudulent minority-class instances rather than
defaulting to majority-class
Furthermore, the hybrid architecture—which fuses
these balanced ensemble models with a deterministic

classification.

Business Rules Engine—ensures that the system can
respect absolute contractual policies  while
simultaneously leveraging the predictive intelligence
of machine learning.

The implementation of an Explainable Al (XAI)
framework via SHAP (Shapley Additive explanations)
and an interactive Streamlit-based dashboard provides
a critical resolution to the interpretability dilemma. By
rendering localized feature-contribution metrics in
real-time, the system transforms complex algorithmic
outputs into actionable, legally defensible insights for
claims adjusters. This research confirms that the future
of enterprise fraud detection lies in "Human-in-the-
Loop" systems, where machine learning serves as an
intelligent force multiplier for human expertise,
delivering high-speed triage, transparent reasoning,
and enhanced financial protection.

The findings of this paper offer a viable, scalable
blueprint for insurers to modernize their Special
Investigation Units (SIUs) and transition from legacy,
manual audit processes toward sophisticated,
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explainable, and proactive algorithmic risk
management.

VIII. SUMMARY OF FINDINGS

The research objective was to transition insurance

fraud detection from basic model benchmarking to a

robust, enterprise-ready, and transparent adjudication

system. The findings can be categorized into three core
pillars:

1. Overcoming the "Accuracy Paradox" via Data

Balancing

The initial evaluation of baseline models revealed a

significant systemic failure: due to severe class

imbalance (where fraud is a tiny minority), models
defaulted to predicting all claims as "Legitimate" to
achieve >99% accuracy. This "Accuracy Paradox"
was effectively resolved by the implementation of the

Synthetic ~ Minority  Over-sampling  Technique

(SMOTE). By synthesizing plausible minority-class

instances and applying deliberate hyperparameter

pruning, the Random Forest ensemble achieved:

e A stabilized Global Accuracy of 86.82%,
reflecting a realistic, non-overfit model.

e  Ahigh Recall of 83.20%, ensuring that the system
successfully identifies the vast majority of
fraudulent claims, which is the primary
operational requirement for fraud prevention.

2. Performance of the Hybrid Adjudication Engine

The study confirmed that probabilistic machine

learning alone is insufficient for enterprise needs. The

proposed Hybrid Adjudication Engine—which fuses

Random Forest probability scores with a deterministic

Business Rules Engine—demonstrated superior

reliability.

e  Deterministic Integrity: The Business Logic layer
successfully enforced absolute corporate policies,
triggering automatic "Critical Risk" overrides for
claims breaching contract limits.

e Probabilistic Sophistication: The Random Forest
model successfully identified complex, multi-
variable fraud patterns that did not explicitly
violate  single-rule  heuristics,  accurately
escalating them to "Medium" or "Critical" status
based on aggregate risk.
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3. Democratizing Al via Explainable Ul

The "Black Box" challenge was addressed by

integrating Shapley Additive explanations (SHAP)

into a real-time Streamlit dashboard.

e Real-time Transparency: The system provides
immediate, localized mathematical justifications
for every prediction, rendering complex SHAP
Waterfall charts within milliseconds.

e Operational Empowerment: By automatically
extracting and translating these justifications into
a "Decision Summary," the system provides
human claims adjusters with plain-English
evidence for every risk alert. This minimizes
cognitive load and ensures that the AI’s verdict is
legally defensible and auditable.
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