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ABSTRACT

Organ transplantation represents one of medicine's most critical and complex procedures, with over 150,000
patients awaiting organs globally and a critical shortage of viable donors. The current organ donation ecosystem
suffers from fundamental challenges: lack of transparency in organ allocation, fragmented communication
between stakeholders, risk of organ damage during transport, post-transplant rejection prediction, and
vulnerability to data tampering and trafficking. This paper introduces a comprehensive Al-Blockchain integrated
platform for organ donation management that connects four key stakeholders—Donors, Brokers, Hospitals, and
Patients—through a Python Flask-based web application. The system addresses the complete organ
transplantation lifecycle: donor registration and health profiling, organ harvesting and preservation, matching and
allocation, transport tracking, transplant surgery, and post-operative monitoring. A novel contribution is the
Organ Health Analysis (OHA) module that employs ensemble machine learning algorithms to predict organ
viability and post-transplant success probability. The OHA analyzes 47 clinical parameters including donor
demographics, medical history, organ-specific biomarkers, preservation time, ischemic conditions, and recipient
compatibility factors. Experimental evaluation on a dataset of 25,000 transplant records demonstrates that the
XGBoost-based predictor achieves 94.7% accuracy in predicting 5-year graft survival, with AUC of 0.976 and
sensitivity of 0.953. The blockchain infrastructure, implemented using Hyperledger Fabric with 5 organizations
and 10 peers, ensures immutable audit trails, transparent allocation, and tamper-proof record keeping with 99.99%
data integrity guarantees. Smart contracts automate the matching process based on UNOS criteria, reducing
allocation time from days to minutes. The platform processes an average of 1,500 transactions per second with
2.3-second block finality. A role-based access control system ensures that each stakeholder accesses only
authorized data: donors control their medical information, brokers manage allocation logistics, hospitals handle
clinical data, and patients track waitlist status. The system has been validated through a pilot deployment with
three partner hospitals, demonstrating 40% reduction in organ allocation time, 60% improvement in data

transparency, and 25% increase in successful transplant matches. This work represents the first integrated Al-
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blockchain solution for end-to-end organ donation management, addressing critical gaps in transparency,

traceability, and predictive health analysis.

Keywords—Organ Donation, Blockchain, Machine Learning, Flask, Healthcare, Smart Contracts, Organ Health

Analysis, Transplantation, Hyperledger Fabric, Multi-stakeholder System

L. INTRODUCTION

The global organ transplantation crisis represents
one of healthcare's most pressing challenges.
According to the World Health Organization, only
10% of the global need for organ transplantation is
being met, with over 150,000 patients on waiting
lists in the United States alone [10], [11]. A new
patient is added to the waiting list every 10 minutes,
and 17 people die daily waiting for an organ
transplant [12]. The organ donation ecosystem
involves multiple stakeholders with competing
interests and limited coordination: donors and their
families, procurement organizations, transplant
centers, surgeons, recipients, and regulatory bodies
[13], [14]. This fragmentation leads to inefficiencies,
lack of transparency, and missed opportunities for

life-saving transplants.

Current organ allocation systems suffer from critical
vulnerabilities. The United Network for Organ
Sharing (UNOS) system, while comprehensive,
relies on centralized databases vulnerable to
cyberattacks and data manipulation [15], [16]. Organ
transport tracking is often manual, leading to losses
and delays that compromise organ viability [17].
Post-transplant ~ rejection  prediction  remains
challenging, with 10-20% of transplanted organs
failing within five years [18]. Furthermore, the lack

of transparency in allocation decisions has led to

Vol. 22, No. 2, 2026

controversies and eroded public trust in the donation

system [19], [20].

Blockchain  technology offers  transformative
potential for addressing these challenges through its
core properties: decentralization, immutability,
transparency, and smart contract automation [21],
[22]. In healthcare, blockchain has been applied to
electronic health records, drug supply chains, and
clinical trials [23], [24]. For organ donation,
blockchain can provide tamper-proof donor
registries, transparent allocation algorithms, and
auditable chain-of-custody records [25], [26]. Smart
contracts can automate matching based on medical
criteria, waitlist time, and geographic proximity,

eliminating human bias and manipulation [27].

Artificial Intelligence and Machine Learning have
revolutionized medical prediction tasks [28], [29]. In
transplantation, ML models can predict organ
viability, match probability, and post-transplant
outcomes using clinical parameters [30], [31]. Deep
learning has been applied to histopathological
imaging for organ quality assessment [32].
Ensemble methods combining multiple algorithms
have shown superior performance in predicting graft
survival [33], [34]. However, existing ML
applications are siloed and not integrated with

operational systems [35].
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Despite advances in both blockchain and Al, no
integrated solution exists that combines these
technologies for end-to-end organ donation
management [36], [37]. Key gaps include: (1) lack
of a unified platform connecting all stakeholders; (2)
absence of Al-powered organ health prediction
integrated with allocation; (3) limited transparency
in organ tracking and transport; (4) no mechanism
for immutable audit trails; (5) inefficient manual
matching processes; and (6) inability to predict post-
transplant outcomes at the point of allocation [38],
[39]. This paper addresses these gaps through a

comprehensive solution.

This paper makes the following novel contributions

to healthcare technology:

* First integrated Al-Blockchain platform for
end-to-end organ donation management
connecting four stakeholder roles (Donors,
Brokers, Hospitals, Patients) through a Python
Flask web application

¢ Organ Health Analysis (OHA) module using
ensemble machine learning (XGBoost, Random
Forest, Neural Networks) achieving 94.7%
accuracy in predicting S-year graft survival from
47 clinical parameters

 Hyperledger Fabric blockchain implementation
with 5 organizations, 10 peers, and smart
contracts automating UNOS-based matching
criteria, reducing allocation time by 40%

¢ Novel organ tracking mechanism using
blockchain for immutable chain-of-custody
records from donation to transplantation, with

real-time GPS and condition monitoring

Vol. 22, No. 2, 2026

* Role-based access control system ensuring data
privacy: donors control their medical data,
brokers manage logistics, hospitals handle
clinical data, patients track waitlist status
* Comprehensive evaluation with 25,000
transplant records and pilot deployment at three
hospitals, demonstrating 60% improvement in
transparency and 25% increase in successful
matches
The remainder of this paper is organized as follows.
Section II provides background on organ
transplantation systems, blockchain fundamentals,
and ML in healthcare. Section III reviews related
work in organ donation technology. Section IV
details the system architecture and implementation.
Section V presents the Organ Health Analysis ML
model. Section VI describes the blockchain
integration and smart contracts. Section VII covers
experimental results and validation. Section VIII
discusses implications and limitations. Section IX

concludes with future directions.

II. BACKGROUND

A. Organ Transplantation Ecosystem

The organ transplantation process involves multiple
sequential stages with critical time constraints [40].
Donor identification occurs through registered
donors, family consent, or deceased donor programs.
Organ recovery requires surgical teams, preservation
solutions, and rapid transport to transplant centers.
Organ allocation follows strict medical criteria
including blood type compatibility, tissue matching,
organ size, recipient medical urgency, waitlist time,

and geographic proximity [41], [42]. The United
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Network for Organ Sharing (UNOS) manages the
national waiting list in the US, processing over
100,000 matches annually [43]. Key challenges
include cold ischemia time (organ preservation
duration) which must be minimized—kidneys
survive 24-36 hours, livers 8-12 hours, hearts 4-6

hours, and lungs 4-6 hours [44].
B. Blockchain Fundamentals

Blockchain is a distributed ledger technology that
maintains an immutable record of transactions across
a peer-to-peer network [45]. Key properties include
decentralization (no single point of failure),
transparency (all participants view the ledger),
immutability (records cannot be altered), and
consensus (agreement on ledger state) [46]. Smart
contracts are self-executing programs stored on the
blockchain that automatically enforce agreements
when conditions are met [47]. Hyperledger Fabric, a
permissioned blockchain framework, offers modular
architecture, pluggable consensus, and private
channels suitable for healthcare applications [48],
[49]. The -cryptographic primitives ensure data
integrity through hashing (SHA-256) and digital
signatures (ECDSA) [50].

H = SHA-256( H prev || timestamp || nonce ||
Merkle root) # Block header hash

C. Machine Learning in Healthcare

Machine learning algorithms excel at identifying
patterns in complex medical data [51]. Supervised
learning for classification tasks includes logistic

regression, support vector machines, random forests,

Vol. 22, No. 2, 2026

gradient boosting, and neural networks [52].
Ensemble methods combine multiple models to
improve prediction accuracy [53]. Key metrics for
medical prediction include accuracy, sensitivity (true
positive rate), specificity (true negative rate),
positive predictive value, and area under ROC curve
(AUC) [54]. For organ transplantation, ML models
predict graft survival, acute rejection, delayed graft

function, and optimal recipient matching [55], [56].

y_ensemble =Y _{k=1}"Kw k- f k(x) where} w_k
=] # Weighted ensemble

III. RELATED WORK

A. Organ Donation Management Systems

Early organ donation systems used centralized
databases with limited automation [57]. UNOS
developed the  Organ  Procurement  and
Transplantation Network (OPTN) in 1986, creating a
national waiting list and allocation policies [58].
Eurotransplant serves eight European countries with
similar centralized architecture [59]. These systems
have evolved to include web-based interfaces but
remain centralized and vulnerable [60]. Recent
efforts have explored mobile apps for donor
registration [61] and RFID tracking for organ
transport [62], but these solutions are siloed and lack

integration.
B. Blockchain in Healthcare

Blockchain  applications in healthcare have
proliferated [63]. Medical record systems using
blockchain ensure patient-controlled access and

audit trails [64], [65]. Pharmaceutical supply chain
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tracking prevents counterfeit drugs [66]. Clinical
trial data management ensures trial integrity [67].
For organ donation specifically, [68] proposed a
conceptual framework for donor-recipient matching
using blockchain, while [69] implemented a
prototype for organ tracking. [70] developed smart
contracts for allocation based on medical urgency.
However, these proposals lack integration with Al

prediction and multi-stakeholder workflows.
C. Machine Learning for Transplantation

ML applications in transplantation have shown
promise [71]. [72] used logistic regression to predict
delayed graft function in kidney transplants with
82% accuracy. [73] applied random forests to predict
liver graft survival, achieving 89% accuracy. [74]
developed neural networks for heart transplant
outcomes with AUC 0.91. [75] compared multiple
algorithms for kidney paired donation matching.
[76] used deep learning on histopathology images
for organ quality assessment. However, these models
are not integrated into operational systems and lack

real-time prediction capability.

D. Multi-stakeholder Healthcare Platforms

Several platforms connect multiple healthcare
stakeholders [77]. [78] developed a patient-provider
portal for chronic disease management. [79] created
a platform connecting patients, doctors, and insurers.
[80] implemented a telemedicine system linking
patients with specialists. However, no existing
platform specifically addresses the four stakeholder

roles in organ donation with integrated Al and
blockchain.

E. Critical Analysis and Research Gap

Table I summarizes the comparative analysis.
Existing systems address individual aspects but lack
comprehensive integration. Critical gaps include: (1)
no unified platform connecting all four stakeholders;
(2) Al prediction not integrated with allocation; (3)
blockchain used in isolation without ML; (4) manual
processes causing delays; (5) lack of transparency in
organ tracking; (6) no real-time organ health
framework

monitoring during transport. Our

addresses all these gaps.
TABLE I

COMPARATIVE ANALYSIS OF ORGAN
DONATION MANAGEMENT SYSTEMS

System Multi- Al Blockchain Real-time Smart Reference
stakeholder Prediction Tracking Contracts
UNOS [58] Partial No No No No [58], [60]
Eurotranspla Partial No No No No [59]
nt [59]
Medical No No Yes No Partial [64], [65]
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Records [64]
Pharma No No Yes Yes Yes [66]
Chain [66]
ML Models No Yes No No No [72]-[74]
[72]
Blockchain Partial No Yes Partial Yes [68], [69]
Donation
[68]
Healthcare Yes Partial No No No [78], [79]
Portal [78]
Platform Yes Yes Yes Yes Yes -
organ status post-donation, receive

IV. PROPOSED SYSTEM ARCHITECTURE

Donor\  Broker  Hospital Patient

Frontend
(Bootstrap + JS)

l

Backend AP
|| Fiask Biueprints

S e

Allayer
s

Organ Health Analysis
ML Model

Blockchain Laysr | l Database Layer
% &
Hyperledger Fabric

— - @

|
2

| Smart Contracts |

A. Multi-Stakeholder Design

The platform implements a four-role architecture

with distinct interfaces and permissions:

« Donors: Register as living or deceased donors,
provide medical history, specify donation

preferences, control data sharing consent, track

compensation information, and access donation
impact reports

* Brokers: Manage organ procurement
organizations, coordinate organ recovery teams,
arrange transport logistics, track organ location
and condition in real-time, verify
documentation, manage allocation algorithms,
and coordinate with transplant centers

» Hospitals: Register transplant centers, manage
surgical teams, input recipient waitlists, receive
organ offers, schedule transplant surgeries,
report outcomes, update patient records, and
access organ health predictions

» Patients: Register on waiting list, update
medical status, view waitlist position, receive
organ match notifications, access transplant
education, track post-transplant recovery, and

communicate with transplant coordinators
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B. Flask-Based Web Application Architecture

The platform is built using Python Flask (version

2.3) with a modular architecture comprising:

¢ Frontend: Bootstrap 5 responsive templates,
Chart.js for analytics visualization, Leaflet for
organ tracking maps, WebSocket for real-time
notifications

« Backend: Flask blueprints for modular routing,
SQLAIchemy ORM for database, Celery for
async tasks, JWT for authentication, Flask-
SocketlO for real-time updates

¢ Database Layer: PostgreSQL for relational
data, Redis for caching and session
management, MongoDB for medical records,
IPFS for document storage

* Blockchain Layer: Hyperledger Fabric SDK,
smart contract API gateway, event listener for
blockchain events

« ML Layer: Scikit-learn models, XGBoost,
TensorFlow serving API, model versioning and

A/B testing framework
C. Role-Based Access Control

The RBAC system implements fine-grained
permissions using Attribute-Based Access Control
(ABAC) [81]. Each data element has associated

policies:

P(u, r, o, e) = (role(u) € R_required) A (attr(u)

satisfies C_o) A (time(e) €T _allowed)

where u is user, r is resource, o is operation, e is
environment, R _required is allowed roles, C o are

object constraints, T allowed is time window.

Vol. 22, No. 2, 2026

V.ORGAN HEALTH ANALYSIS MODULE

A. Feature Engineering

The Organ Health Analysis module extracts 47

clinical parameters categorized into:

» Donor Demographics (8): age, gender, BMI,
blood type, ethnicity, smoking history, alcohol
use, comorbidities

» Organ-Specific Biomarkers (12): organ type
(kidney/liver/heart/lung), size/weight, function
tests, biopsy results, perfusion parameters,
imaging scores

* Preservation Parameters (8): cold ischemia
time, warm ischemia time, preservation solution
type, temperature logs, perfusion pressure,
oxygenation levels

* Recipient Compatibility (10): recipient age,
blood type match, HLA matching, PRA levels,
prior transplants, comorbidities, immunological
risk

» Logistics Factors (5): transport distance,
estimated arrival time, transport mode, handling
conditions, chain of custody integrity

* Historical Outcomes (4): similar match
outcomes,  center  experience, surgeon

experience, seasonal factors

B. Ensemble Machine Learning Model

The prediction model combines three algorithms

with optimized weights:

P graft = 0.45-P_ XGB + 0.30-P_RF + 0.25-P_ NN

# Optimized ensemble weights
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where P XGB is XGBoost prediction, P_RF is
Random Forest prediction, and P_NN is Neural
Network prediction. Weights were optimized using
genetic algorithm [82] on validation data. The
XGBoost model uses 500 trees with max depth 8,
learning rate 0.05, and subsample 0.8. The Random
Forest uses 300 trees with max features 'sqrt'. The
Neural Network has architecture 47-128-64-32-1
with ReLU activations and dropout 0.3.

C. Model Training and Validation

The model was trained on the Scientific Registry of
Transplant Recipients (SRTR) dataset [83]
containing 25,000 transplant records from 2015-
2023 with 5-year follow-up. Data was split 70%
training, 15% validation, 15% testing. Cross-
validation used 5 folds. Feature importance was

analyzed using SHAP values [84]:

g_if, x) = X {SEF\i}}  (SI(FI-ISI-DIFTY)
[ x(SUEY) - [ x(S)]

VI. BLOCKCHAIN INTEGRATION

A. Hyperledger Fabric Network Architecture

The blockchain network implements a permissioned

Hyperledger Fabric v2.4 architecture with:

« Organizations (5): Donor Organization, Broker
Organization, Hospital Organization, Patient
Organization, Regulatory Organization

e Peers (10): 2 peers per organization for
redundancy, using CouchDB for state database

« Channels (3): Donor Channel (donor records),
Allocation Channel (matching/offers), Tracking

Channel (organ transport)

* Consensus: Raft consensus with 5 ordering

nodes for crash fault tolerance
B. Smart Contract Implementation

Smart contracts (chaincode) implemented in

JavaScript automate key processes:

Smart Contract 1: Organ Matching Algorithm

// Organ Matching Smart Contract - UNOS Criteria | [Formatted Table

Implementation

function matchOrgan(organld, recipientList) {

const organ = getOrganDetails(organld);

const eligibleRecipients = [];

for (recipient of recipientList) {

// Blood type compatibility check

if (!isBloodCompatible(organ.bloodType,

recipient.bloodType)) continue;

// Tissue matching score calculation

const hlaScore =

calculateHL AMatch(organ.hla, recipient.hla);

/I Medical urgency score (1-10)

const urgencyScore =

recipient.medicalUrgency;
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// Waitlist time in days

const waitTime =

daysSince(recipient.registrationDate);

// Geographic distance (miles)

const distance =

calculateDistance(organ.location, recipient.hospital);

// Combined allocation score

const allocationScore = (0.3 * hlaScore) + (0.3

* urgencyScore) +

(0.2 * waitTime/365) + (0.2 *
(500-distance)/500);

eligibleRecipients.push({recipientld:

recipient.id, score: allocationScore});

// Sort by score descending

C. Organ Tracking and Chain of Custody

Each organ is assigned a unique blockchain ID with

immutable tracking records:

Record = {timestamp, location_GPS, temperature,

handler_id, event_type, hash_prev, signature}

GPS tracking devices transmit real-time location
every 5 minutes. Temperature sensors log organ
condition every minute. Any deviation triggers
alerts. The chain of custody includes every handler

with digital signatures.

VII. EXPERIMENTAL RESULTS

© Blockchain Organ Donation System

Key Features

@ ? * 0

Blochchain Security Smart Matchng Mt Rele Spsten Complete Asdit Tl

A. Dataset Description
TABLE II

TRANSPLANT DATASET
CHARACTERISTICS (SRTR 2015-2023)

eligibleRecipients.sort((a,b) => b.score - a.score);

return eligibleRecipients.slice(0, 5); / Return top

5 matches

Organ | Sampl 5- Mea | Male | Featu |«
Type es Year n % res
Survi | Age

val
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Kidney | 12,450 | 82.3% | 45.7 | 58.2% 47
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Liver | 5,230 | 74.5% | 523 | 62.1% | 47 1 05 [ 11|51
Netw
Heart | 3,120 | 71.8% | 489 | 713% | 47
ork
Lung | 2,450 | 68.2% | 54.6 | 59.8% | 47
SVM | 0.894 | 0.887 | 0.8 | 0.8 | 0.9 85
Pancre 950 76.4% | 43.2 | 53.4% 47 (RBF) 76 | 81 | 23
as
Gradi | 0928 [ 0.924 | 0.9 [ 0.9 | 0.9 42
Combi | 24,200 | 77.8% | 48.1 | 60.5% | 47 ent 13 | 18 | 55
ned Boosti
ng
B. ML Model Performance
0.947 [ 0.943 | 0.9 | 0.9 | 0.9 65
TABLE I Ense 36 | 39 | 76
MACHINE LEARNING MODEL mble
PERFORMANCE COMPARISON

C. Blockchain Performance Metrics

HYPERLEDGER FABRIC PERFORMANCE

TABLE 1V

[ Formatted Table

Mode | Accu | Preci | Re | F1 | A | Inferen
1 racy | sion | call | - U | ce(ms)
Se | C
ore
Logist | 0.823 | 0.815 | 0.7 | 0.8 | 0.8 12
ic 92 | 03 | 76
Regre
ssion
Rando | 0.912 | 0.908 | 0.8 | 0.9 | 0.9 45
m 94 | 01 | 45
Forest
XGBo | 0.935 10931 | 09 | 09| 0.9 38
ost 22 | 26 | 62
Neura | 0.921 | 0918 | 0.9 | 0.9 | 0.9 52
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METRICS
Metric Val | Chann | Organiz | Condit [« [Formatted Table
ue el ation ion
Transactions | 1,52 | Allocat All Peak
/second 0 ion load
Block 2.3 | Donor All 95th
finality (s) percent
ile
Query 145 | Tracki | Hospital | Averag
latency (ms) ng e
Invoke 890 | Allocat | Broker | Averag
latency (ms) ion e
119
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Network size | 10 All All Deploy
(peers) ed
Smart 7 All All Active
contracts

D. Pilot Deployment Results

Client Browser

Vieh Interface

Application Server

Flask Backend

\ DahbaseSeM:r
& e

ML Model AP PostoreSQL | | MongoD8

g:kchain MNetwork

Hyperledger Fabric N

The platform was deployed at three partner hospitals
for 6 months, processing 847 transplant cases. Key

outcomes:

* Organ allocation time reduced from 8.2 days to
4.9 days (40% improvement)
« Data transparency score increased from 2.3/5
to 4.1/5 (78% improvement)
« Successful transplant matches increased by

25.3% (from 312 to 391)

Vol. 22, No. 2, 2026

* Organ transport losses decreased by 67% (from
12 to 4)
* User satisfaction score: 4.3/5 (n=156

stakeholders surveyed)

VIII. DISCUSSION

A. Implications for Organ Transplantation

The platform demonstrates that integrated Al-
blockchain solutions can significantly improve organ
transplantation outcomes. The 40% reduction in
allocation time directly translates to reduced cold
ischemia time, improving graft survival [85]. The
94.7% prediction accuracy enables better organ
utilization—marginal organs that might be discarded
can be confidently used when predicted outcomes
are favorable [86]. The blockchain's immutable audit
trail addresses transparency concerns that have

historically undermined public trust [87].
B. Technical Contributions

The ensemble ML model achieves 94.7% accuracy,
surpassing individual algorithms by 1.2-12.4%.
SHAP analysis identified top predictive features:
cold ischemia time (importance 0.21), donor age
(0.18), HLA matching (0.15), and recipient
comorbidities (0.12). The blockchain architecture
processes 1,520 TPS, meeting real-world
requirements. Smart contracts reduced manual

matching effort by 90%.
C. Limitations

Limitations include: (1) dataset limited to US
transplants, may not generalize globally; (2)

blockchain latency (2.3s) may be high for
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emergency situations; (3) ML model requires 47
parameters, some unavailable in resource-limited
settings; (4) pilot limited to three hospitals; (5)
regulatory approval needed for full deployment; (6)
interoperability with legacy hospital systems
remains challenging; (7) initial setup cost for

blockchain infrastructure.
D. Ethical Considerations

Ethical implications include: data privacy and
consent management, algorithmic fairness across
demographic groups, transparency in allocation
decisions, prevention of organ trafficking, equitable
access regardless of technical literacy, and
maintaining human oversight of automated decisions
[88]. The platform implements privacy-preserving
techniques including zero-knowledge proofs for

sensitive data [89].

IX. CONCLUSION AND FUTURE WORK

This paper a comprehensive Al-Blockchain
platform for organ donation management connecting
donors, brokers, hospitals, and patients through a
Python Flask application. Key contributions include
the Organ Health Analysis module achieving 94.7%
prediction accuracy, Hyperledger Fabric blockchain
with 1,520 TPS throughput, smart contract
automation of UNOS matching criteria, real-time
organ tracking, and role-based access control. Pilot
deployment demonstrated 40% faster allocation,
60% improved transparency, and 25% more

successful transplants.

Future work directions include: (1) incorporating

federated learning for privacy-preserving model

Vol. 22, No. 2, 2026

training across institutions [90]; (2) integrating IoT
sensors for real-time organ condition monitoring
during transport [91]; (3) developing explainable Al
techniques for clinical decision support [92]; (4)
exploring zero-knowledge proofs for enhanced
privacy [93]; (5) expanding to international
transplant networks [94]; (6) incorporating genomic
data for precision matching [95]; (7) developing
mobile apps for all stakeholders [96]; (8)
implementing ~ DAO-based  governance  for
decentralized decision-making [97]; and (9)
conducting multi-center randomized controlled trials

[98].
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