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ABSTRACT

The healthcare industry faces critical financial management issues including delayed reimbursements, billing errors, and
fraud, largely due to fragmented and outdated systems. This paper proposes the Smart Health Ledger (SHL)—a blockchain-
powered platform integrating smart contracts and machine learning to automate and secure healthcare financial processes.
SHL utilizes a permissioned blockchain for immutable record-keeping and IPFS for efficient off-chain document storage. A
multiscale context integration module enables accurate fraud detection using sequential and historical data patterns. Machine
learning models like BiLSTM demonstrated a fraud detection accuracy of 94.8%, with billing errors reduced by 30% and
claim cycle time cut by 70%. The system enhances trust, transparency, and operational efficiency across payers, providers,
and patients. SHL represents a significant advancement in healthcare finance, promoting a secure, data-driven, and
interoperable digital ecosystem. Future work will focus on scalability, compliance, and legacy system integration
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1. INTRODUCTION

The foundation of the whole healthcare delivery system, healthcare finance shapes access, quality, efficiency, and cost of
medical treatments. The financial infrastructure supporting healthcare transactions—including billing, claims processing,
reimbursements, and insurance coordination—remains mostly dependent on centralized, fragmented, and paper-intensive
systems even if continuous digital transformation across clinical processes is under way. These out-of-date systems cause
administrative mistakes, delayed reimbursements, higher fraud risk, and inflated running expenses[1].
Over $260 billion is thought to be lost globally from healthcare fraud, most of which results from duplicate claims, false
billing, or upcoding practices [2]. Due mostly to manual claim validation and reimbursement delays, administrative costs in
the United States alone account for almost 25% of total hospital expenditure [3]. In globalized health systems, these
inefficiencies also influence patient satisfaction, add to provider workload, and complicate cross-border insurance
settlements.

New developments in blockchain technology present a good route to solve these problems. Blockchain lets several
stakeholders—such as hospitals, insurance companies, and regulators [4] share synchronized financial data safely as a
distributed, tamper-resistant, transparent ledger. By means of pre-encoded rules, smart contracts also enable automated claim
adjudication and conditional reimbursements, so lowering manual intervention and conflict resolution time [5].
Although earlier research have looked at blockchain's use in Electronic Health Records (EHRS) and drug traceability, its use
in financial automation and fraud prevention within healthcare is yet developing [6,7]. Important for modern healthcare
finance systems are also real-time risk scoring, fraud detection, and billing anomaly identification made possible by the
integration  of artificial intelligence  (Al) and machine learning (ML)  with blockchain.
We propose in this work the Smart Health Ledger (SHL), an end-to--end healthcare financial management system combining
ML-driven analytics, smart contracts, and permissioned blockchain (Hyperledger Fabric [13]). SHL seeks to simplify
financial processes, increase interoperability, raise fraud detection accuracy, and cut processing times. We show by
simulations using public and synthetic datasets that SHL beats conventional systems in speed, accuracy, and operational
cost-efficiencies.
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2. RELATED WORKS

Over the past decade, the healthcare sector has experienced a surge in digital transformation efforts aimed at improving
transparency, data security, and operational efficiency. Among the technological innovations, blockchain has emerged as a
promising solution for managing and sharing sensitive healthcare data due to its immutability, decentralized control, and
cryptographic security. Numerous research studies have explored blockchain applications in areas such as Electronic Health
Records (EHRs), pharmaceutical supply chains, and patient identity management.

One of the foundational projects in this domain is MedRec by Azaria et al. (2016), which proposed a blockchain-based
system for maintaining and sharing EHRs between patients and healthcare providers [8]. MedRec focused on patient
ownership of data and secure audit trails but did not address the financial or billing aspects of healthcare systems, which are
just as prone to inefficiencies and fraud.

In a broader exploration of blockchain’s role, Mettler (2016) highlighted how blockchain could be used for clinical trials,
research integrity, and process traceability [9]. While the study was pivotal in identifying early healthcare use cases, it also
emphasized challenges such as scalability, interoperability, and regulatory compliance, which hinder full-scale adoption in
financial transaction systems.

On the technical frontier, Christidis and Devetsikiotis (2016) examined the integration of smart contracts within the Ethereum
blockchain for automating loT-based tasks [10]. Their model offers insight into how conditional logic and automation can
replace manual processes, a feature relevant to automating healthcare claims and reimbursements. However, their work
remained theoretical and lacked application in the healthcare finance domain.

Furthermore, Aghbo, Mahmoud, and EKlund (2019) conducted a systematic review of blockchain use in healthcare and found
that most studies were either prototypes or pilot projects [11]. They noted a distinct absence of frameworks that could
integrate real-time analytics, detect fraudulent transactions, or perform billing anomaly detection. Similarly, Holbl et al.
(2018) emphasized that although blockchain could improve data integrity and trust, most implementations lacked economic
modelling and machine learning integration for operational efficiency [12]. Another related domain is healthcare fraud
detection using machine learning. Various supervised and unsupervised models have been tested to flag suspicious billing
patterns, yet these models often function in siloed systems with limited interoperability. The lack of unified platforms that
combine Al-based fraud detection with blockchain’s immutable logging capabilities creates a critical gap in the literature.

To address these limitations, our work proposes the Smart Health Ledger (SHL)—a novel system that combines Hyperledger
Fabric [13]-based permissioned blockchain, smart contracts, and machine learning for financial auditing, real-time claim
adjudication, and fraud prevention.

Unlike previous efforts, SHL introduces a multi-stakeholder architecture capable of secure data sharing, predictive analytics,
and automated transactions, creating a full-lifecycle solution for healthcare finance.

3. MATERIALS AND METHODS
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3.1 Model Architecture

Designed with a modular and scalable architecture that guarantees flawless integration between the financial and clinical
ecosystems of healthcare, the Smart Health Ledger (SHL) system Fundamentally, the architecture is layered several times,
each in charge of particular tasks necessary for the efficiency, security, and adaptability of the system. Based on Hyperledger
Fabric [13], the Blockchain Layer forms on top of a permissioned blockchain framework. Maintaining immutable logs of
financial events including billing transactions, insurance claim submissions, verifications, approvals, and reimbursements,
this layer is in charge of This layer guarantees regulatory compliance and improves openness all through the healthcare
revenue stream by offering an auditable trail. Comprising the Smart Contract Layer, which automates insurance operations
and healthcare billing, built atop the blockchain layer is Designed in Go and Solidity, these smart contracts manage
transaction validations, insurance policy compliance verification, and payment authorizing autonomy. This lessens human
intervention and helps to lower fraud and manual error risks[13].
The system combines an artificial intelligence/ml module to improve operational intelligence. Predicting financial risks and
spotting fraudulent behavior depend on this module most importantly. Analyzing billing data, patient histories, and clinical
records in real time [14,16] it uses supervised learning models including Random Forest [3,19], XGBoost [2,18], and
BILSTM [4,20]. This helps to highlight anomalies and maybe dubious claims for more inquiry.
Smooth interoperability with outside platforms—including Electronic Health Records (EHRs), Hospital Information
Systems (HIS), and insurance provider portals—is guaranteed by the API Layer. Built using RESTful APlIs, this layer enables
extensibility and standardized data exchange between systems—qualities absolutely essential for a unified health information
infrastructure.

The InterPlanetary File System (IPFS [6,24]) helps the Off-Chain Storage Layer handle big and unstructured data. Store off-
chain scanned bills, doctor notes, and supporting medical evidence among other documents. Blockchain storage of
cryptographic hashes of these records helps to preserve data integrity by allowing verification without directly exposing
private information.
SHL uses smart contracts coded in Go and Solidity, so addressing a technological stack. Python with frameworks like Flask
and TensorFlow for machine learning integration forms the backend logic. End users may easily access a ReactJS-based
dashboard via its frontend. Postgres manages off-chain metadata and processed financial data for analytics and data storage.

3.2 Feature Extraction Module

Raw healthcare data—including billing transactions, patient histories, and clinical records—is transformed into structured,
machine-learning-ready forms in great part by the Feature Extraction Module. Within the Smart Health Ledger system, this
change makes intelligent decision-making possible as well as predictive modeling. Starting with patient 1D, provider ID,
timestamp of visit, ICD and CPT codes reflecting diagnosis and procedures, billing amounts, co-pays, deductibles, insurance
policy details, treatment duration, visit frequency, and historical claims patterns, the module identifies and codes core
features. For risk analysis and fraud detection, several machine learning models use these ordered features as their basic
dataset.

Beyond these fundamental components, the module uses sophisticated feature engineering methods—especially Natural
Language Processing (NLP)—to examine unstructured clinical notes. This enables the system to extract important contextual
information including the medical need of treatments, prescription types, and the evolution of treatment approach. These
revelations improve billing explanations and help the model to identify anomalies and discrepancies in claim submission.

3.3 Multi-Scale Context Integration Block

By analyzing healthcare behavior patterns over short, medium, and long-term periods, the Multi-Scale Context Integration
Block is meant to improve the accuracy of system decisions. By means of this temporal segmentation, the Smart Health
Ledger (SHL) can identify trends and anomalies that might not be immediately evident in single transactions. On a short-
term basis, the module records current prescriptions, continuous diagnostic tests, or follow-up visits—that is, instantaneous
and recent healthcare interactions. These facts support or refute whether a recent billing claim fits the patient's current course
of treatment. Looking for repeated procedures, re-billed entries, or billing trends that might point to overutilization or subtle
forms of fraud, the system examines past several weeks to months in the medium-term scope. Leveraging BiLSTM [4,20]
(Bidirectional Long Short-Term Memory) neural networks, the long-term context evaluates the patient's lifetime health path
and financial transactions. Deeper trends including chronic diseases with erratic billing frequencies or unexpected cost spikes
outside the expected course of treatment are found by this analysis. Combining these multi-scale behavioral insights allows
the SHL to more precisely identify temporal mismatches, false claims, and inconsistencies than more conventional
techniques.

3.4 Data Collection and Preprocessing

Training reliable and accurate artificial intelligence models in the SHL system depends on a strong data basis. The platform
thus compiles data from a combination of reliable sources. Public databases including those from Medicare and Medicaid
offer broad claims data and general billing trends across patient demographics. Synthetic Electronic Health Record (EHR)
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datasets created with data simulation tools to replicate reasonable healthcare processes without violating patient privacy
augment these as well. Furthermore, anonymized real-world billing records from affiliated hospitals provide the training
corpus important authenticity and variation. The data passes a thorough preprocessing process once gathered. This covers
numerical feature normalizing like billing amounts or treatment lengths as well as handling missing values using imputation
methods. Standardized currency forms are used, and diagnostic/procedural codes map to globally recognized terminologies
including ICD-10, CPT, and SNOMED CT. NLP techniques including topic modeling and Named Entity Recognition (NER)
help unstructured clinical notes be parsed to extract embedded insights around treatment justifications, physician
observations, or contextual reasons for particular prescriptions. Ultimately, while blockchain-generated timestamps are
matched with clinical events to guarantee verifiability and integrity, all features are encoded and vectorized into model-ready
forms.

3.5 Training Procedure

Carefully crafted to strike a mix between predictive performance, generalizability, and interpretability, is the training process
for SHL's AlI/ML models Using a multi-model approach, the platform addresses particular facets of healthcare finance
analysis by means of each algorithm. For high-precision binary classification applications including fraud detection or claim
approval prediction, XGBoost [2,18] a gradient-boosted decision tree framework is applied. Generalized anomaly detection
across heterogeneous patient profiles is accomplished using Random Forest [3,19], a robust model with capacity to lower
overfitting. The system uses BiLSTM [4,20] models for temporal data, which are skilled in sequence learning and
dependency discovery in long-term clinical and billing histories. The 70:30 train-test split of the training process guarantees
that a sizable amount of the data is set aside to validate model performance. Five-fold cross-valuation is applied and averages
help to reduce bias and variance, so increasing dependability. Accuracy, precision, recall, F1-score, and AUC-ROC provide
a balanced picture of the model's performance in practical settings. Targeting parameters like learning rates, maximum tree
depths, and the number of LSTM layers or training epochs to maximize performance, hyperparameter optimization is
accomplished using both grid search and Bayesian optimization.

3.6 Implementation Details

Using SHL calls for a well calibrated technology stack meant to guarantee fault tolerance, dependability, and scalability.
Fundamentally, the Hyperledger Fabric [13] blockchain—which is set up with two ordering nodes that uphold consensus
and complete transactions and four peer nodes scattered over trusted institutions—is Logging all healthcare financial
activities—including insurance claim filings, billing approvals, and reimbursements—this distributed ledger is in charge of
Go-based smart contracts run on-chain to automate these chores, so removing manual processing delays and lowering the
chance for human mistake. IPFS [6,24] (InterPlanetary File System) is the off-chain storage layer for handling voluminous
or unstructured documents like scanned physician notes or medical test reports. Only the document hashes are tracked on-
chain, enabling tamper-evident validation and so reducing data bloat on the blockchain. While a ReactJS dashboard offers a
modern and interactive frontend interface for healthcare staff, insurers, and auditors, Python (Flask + TensorFlow) drives the
backend of the system to support model inference and API orchestration. Not blockchain-critical metadata and analytical
summaries are managed by the Postgres database, hence ensuring quick access and flexible querying for downstream uses.

3.7 Security Protocols:

SHL combines industry-leading security technologies at several layers considering the sensitivity of financial data and
healthcare. Role-Based Access Control (RBAC) guarantees users only have rights fit for their roles—that of doctors, auditors,
or insurance agents—by means of which access control is enforced. System logins must use two-factor authentication (2FA),
which adds a second layer of verification meant to stop unwanted access. Whether on-chain or off-chain, all data transactions
encrypt using AES-256, the advanced encryption method embraced globally for military and medical uses. Zero-Knowledge
Proofs (ZKPs) are included to guarantee data privacy even during analytics so the system may validate some transactions
without disclosing the underlying private data, so supporting GDPR and HIPAA compliance. Performance-wise, SHL has
been tested to handle transactions with an average response time of less than 1.2 seconds, so fit for real-time billing and
claim adjudication in live hospital systems.

4, RESULT AND DISCUSSION
4.1 Hardware Performance Validation

Using enterprise-grade hardware, the Smart Health Ledger (SHL) system guarantees flawless functioning in highly sought-
after healthcare settings. On high-performance servers running Intel Xeon Gold CPUs, blockchain nodes were placed to
provide enough parallel transaction processing capacity to manage significant operations. Furthermore, artificial intelligence
and machine learning models ran on specialized GPU accelerators—more especially, NVIDIA Tesla V100, which provided
the required computational capability for predictive analytics and real-time fraud detection. These hardware decisions
guaranteed that the SHL could fulfill the computational needs of complicated data processing usually found in big healthcare
environments and manage high transaction volumes. Important performance indicators for the system included as follows:
With an average block time of 1.1 seconds, the blockchain transaction throughput (TPS) regularly surpassed 1,200
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transactions per second during load testing, so guaranteeing quick claim processing. Having an average latency of 200
milliseconds, the smart contract execution automated important tasks including insurance policy checks, claim validation,
and payment authorization. Moreover, GPU acceleration helped the Al modules in risk analysis and fraud detection reach
latencies for risk prediction under 500 milliseconds and fraud detection latencies of 200 milliseconds.

Table 1: Hardware Performance Evaluation

Component Configuration Details Performance Metric

1,200 TPS, Avg. block

Blockchain Nodes 4 Peer Nodes, 2, Order Nodes, Xeon, CPUs )
time: 1.1sec

Avg.fraud detection
GPU for MLInference NVIDIA Tesla V100, 32 GB
latency: 200 ms

. 2 TB SSD RAID, Dockized
IPFS Off- chain Storage Avg. read latency: 350 ms
IPFS nodes

Backend Services Python Flask, 32 GB RAM, 8 vCPUs API response time: <300 ms

4.2 Predictive Model Performance

The Especially in relation to healthcare claims data, the machine learning models included into the Smart Health Ledger
(SHL) system are essential in real-time fraud detection and risk prediction.

The system makes advantage of three advanced models of machine learning.

Each of XGBoost [2,18], Random Forest [3,19], and BiLSTM [4,20] (Bidirectional Long Short-Term Memory networks)
helps to improve the accuracy and efficiency of the SHL in different ways. Within the system, XGBoost [2,18] was found to
be the most accurate fraud detecting model. Using an amazing accuracy of 96.4% and an AUC-ROC score of 0.97, XGBoost
[2,18] quickly examines incoming claim data to find possible anomalies for immediate fraud detection. The ability of the
model to manage imbalanced data and its effective boosting method, which concentrates on hard-to-predict events, so
improving model accuracy and explaining its great performance. Real-time applications greatly lower the risk of financial
loss by scanning claim patterns, identifying fraudulent claims, and flagging them for automatic rejection or additional inquiry.

Conversely, Random Forest [3,19] is a flexible and strong model that excels over several kinds of claims data. Although it
lacks the same degree of accuracy as XGBoost [2,18], it is quite good in managing a wide spectrum of data and producing
consistent predictions. Random Forest [3,19] is applied for both general predictive analytics and fraud detection with a 93.6%
accuracy. This model helps guarantee that patterns suggestive of fraudulent activity or unusual claim behavior are caught
and shines in spotting relationships between many aspects of the claims data. Furthermore making it a reliable choice in real-
world applications where data quality may vary is its capacity to perform well with missing values and categorical data.
Designed especially for sequence modeling, biLSTM [4,20] is a type of recurrent neural network that fits well for spotting
trends across time, such recurrent fraudulent behaviors or the advancement of patient treatment sequences. The BiLSTM
[4,20] model's 91.5% accuracy reflects its capacity to manage time-series data, hence it is perfect for anomaly detection
spanning several years. When it comes to long-term deviations in healthcare transactions—such as repeated, pointless
treatments or inconsistent billing patterns over several visits—this model shines. Its use of both forward and backward
context helps it to capture the complexity of time-dependent data, which is essential for spotting subtle, long-term fraudulent
patterns that might not be immediately obvious. These three models taken together enhance one another to cover many facets
of predictive analytics and fraud detection. The SHL system guarantees a complete, high-performance method to fraud
prevention and risk management in healthcare finance by using the strengths of each model—XGBoost [2,18] for immediate
detection, Random Forest [3,19] for robustness across diverse data, and BiLSTM [4,20] for sequence-based anomaly
detection.

SHL uses automatically scheduled periodic retraining cycles—which are based on data drift detection modules—to guarantee
these models stay efficient over time. Moreover, ensemble voting systems are used in situations when model predictions
differ, so improving the general decision dependability.

Considered as the pillar of SHL's intelligent fraud prevention architecture, the predictive model layer shows how
contemporary Al methods can transform operational trust and financial integrity in healthcare systems.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 26s
pg. 668



Koadeeswaran G, Shriram S, Chitradevi D, Theyagaraja S, Sugash P, Dhivakar K,
Karthikeyan T

Predictive Model Performance Comparison
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Fig 1. Performance Benchmarking of XGBoost [2,18], Random Forest [3,19], and BiLSTM [4,20].

4.3 Operational and Economic Impact

Operational and Economic Impact Breakdown

Administrative Cost Reduction ($290k)
Workflow Automation Efficiency ($180k)

26.0% Fraud Detection Savings ($450k)

Reduced Claims Processing Time ($520k)

Elimination of Manual Audits ($310k)

Fig 2. Distribution of Predictive Model Accuracy in SHL Fraud Detection System

The financial processes of healthcare institutions underwent a radical change with the operational implementation of the
Smart Health Ledger (SHL). Using intelligent analytics and blockchain automation, SHL greatly simplified administrative
procedures usually beset by inefficiencies and manual intervention. Reducing claims processing time was one of the most
obvious changes; this dropped by more than 65% from legacy systems. The average claim used to pass validation, approval,
and reimbursement phases several days ago; but, SHL's blockchain-based smart contracts enabled almost instantaneous
policy check execution and automated approvals. Consequently, the period from claim submission to payout was sometimes
limited to several hours. Moreover, the system reduced the need for hand-made audits. Internal and external auditors could
easily follow and validate financial records thanks to all transactions immutally recorded and cryptographically verifiable on
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the blockchain, so removing duplication in audit operations. This helped directly to lower administrative delays and overhead
labor costs. Economically, SHL caused a clear drop in the average administrative cost per claim. Traditional healthcare
billing systems often incur substantial processing expenses— estimated between $7 to $10 per claim—due to verification
redundancies, human error correction, and fraud review procedures. With a 70% decrease, post-implementation study found
SHL lowered this cost to as low as $2.50 per claim. Furthermore very important for economic efficiency was the Al-driven
fraud detecting module. SHL stopped many unnecessary and maybe fraudulent payouts by spotting and flagging inconsistent
billing trends in real time. Both public and private, this translated into significant yearly savings for insurers, protecting
money for approved claims and so lowering premium inflation pressures. Together, the operational and financial gains of
SHL enhanced the financial situation of the participating companies as well as helped to create a more transparent, effective
healthcare ecosystem.

4.4 Technical Advancements and System Limitations

The Smart Health Ledger (SHL) system offers major technological innovations addressing many of the inefficiencies and
fraud vulnerabilities afflicting conventional healthcare financial systems. Among these is the use of blockchain to distribute
and protect healthcare billing systems by means of decentralization. Using a permissioned blockchain infrastructure helps
SHL guarantee data immutability and generates a tamper-proof audit trail, so improving the dependability of financial
records. Smart contracts also help to lower human error and operational delays by enabling autonomous execution of
insurance policy validation, claims processing, and refund approvals.

Real-time fraud detection and risk analysis made possible by artificial intelligence (Al) modules included into SHL Trained
on both public and anonymized hospital databases, these models use sophisticated decision algorithms to highlight anomalies
and high-risk transactions. The NLP-based feature extraction module provides still another level of complexity, allowing the
system to evaluate unstructured clinical data and more precisely support billing claims. SHL has limits notwithstanding its
innovative design. Its strong reliance on structured coding systems, such ICD-10 and CPT codes, means that any errors or
inconsistencies in provider inputs can adversely effect predictive performance. Moreover, although offchain storage based
on IPFS [6,24] provides scalability, it could suffer from latency problems under heavy traffic, so affecting document retrieval
times. Dealing with these issues will need constant updates. One such improvement under examination is the integration of
federated learning models, which will enable the system to learn across distributed networks without exposing sensitive
patient data, so enhancing privacy while improving generalizing performance across many healthcare systems.

4.5 Discussion

Using SHL offers a more open, safe, and effective substitute for traditional systems, so changing the paradigm in healthcare
finance. Its architecture is a synergistic system where blockchain guarantees integrity, artificial intelligence forecasts and
prevents fraud, and smart contracts remove manual bottlenecks, not only an aggregation of technologies. These elements
taken together greatly increase the operational effectiveness of billing validation, claim handling, and refunding systems.
Moreover, SHL prepares the ground for more general industry revolution. Its modular and API-driven design helps it to be
fit for connection with national and international health systems. In multi-region environments, this interoperability can help
to enable safe cross-border claim processing, so facilitating smooth medical treatment and insurance verification. Effective
pilot implementations of SHL have already shown its ability to lower administrative costs, expedite claim processing, and
flag highly risk claims more precisely. Fundamentally, the Smart Health Ledger is a blueprint for a scalable, ethical, safe
healthcare finance infrastructure that fits with worldwide movements toward digital health transformation, not just a
technological solution.

5. CONCLUSION

5 Performance Comparison: SHL vs Traditional Systems
Smart Health Ledger (SHL)
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Fig 3. Performance Comparison: SHL vs Traditional Systems.
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In terms of recording, verifying, and running healthcare financial transactions, the Smart Health Ledger (SHL) marks a
radical change. By means of a deliberate integration of blockchain, artificial intelligence, and distributed storage, SHL
improves the integrity, transparency, and efficiency of the claim lifecycle. Its operational and financial worth is shown by
the less manual monitoring, quicker claims settlement, and better fraud detection. Systems like SHL will become more
important in preserving responsibility and efficiency as the healthcare ecosystem gets more complicated and digital.
Promising an even more resilient and scalable future, the road map for SHL comprises the integration of federated learning,
more general EHR interoperability, and strengthened cryptographic privacy protections. With its strong technological
background and practical influence, SHL is ready to redefine the benchmarks for healthcare finance management all around.
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