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Abstract: Blood banks are a critical part of modern health- care, yet many still rely on manual workflows and reactive
decision-making. Such systems struggle to handle fluctuating demand, limited shelf life of blood components, and the
urgency of emergency cases. These limitations often lead to shortages, un- necessary wastage, delays in fulfillment, and
mismatches between donors and recipients. This paper presents a unified Al-driven Blood Bank Donation and
Management System designed to ad- dress these challenges through intelligent donor—recipient match- ing, donor
eligibility prediction, inventory forecasting, emergency demand prediction, routing optimization, and fraud and anomaly
detection. The proposed framework combines machine learning, deep learning, and statistical techniques to support end-
to-end blood bank operations. In addition, the system includes an Al- assisted documentation module to help students and
healthcare professionals generate structured research reports and technical documentation. Experimental simulations
demonstrate improved matching accuracy, reduced wastage, and faster emergency re- sponse, highlighting how Al can
transform traditional blood bank systems into proactive, data-driven healthcare infrastructure.
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I INTRODUCTION Artificial Intelligence offers a clear opportunity to
improve this situation. Instead of reacting to shortages after
Blood donation and distribution systems operate under they occur, Al-based systems can anticipate demand,

con- stant uncertainty. Demand varies due to accidents,
surgeries, seasonal illnesses, and large public events, while
blood com- ponents have strict storage and expiration
constraints. Despite these challenges, many blood banks
continue to depend on static rules, manual verification, and
historical averages. As a result, shortages occur during
emergencies, valuable units expire unused, and donor—
recipient coordination remains in- efficient.
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assess donor readiness, optimize inventory levels, and
identify abnormal activity before it causes disruption.
However, most existing solutions focus on isolated
problems such as donor matching or inventory prediction,
without addressing the full operational lifecycle of a blood
bank.

This work proposes a unified Al framework that
integrates prediction, optimization, and anomaly detection
into a single cohesive pipeline. In addition to operational
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intelligence, the framework incorporates an Al-assisted
documentation module that supports academic writing and
technical reporting. The system is designed with real-world
deployment in mind and can be applied across hospitals,
blood banks, and emergency response networks.

1. MOTIVATION

> Blood Banks Regularly Face a Range of Operational
Challenges:

e Shortages of specific blood components during periods
of high demand.

o Rapid expiration of platelets due to inaccurate inventory
forecasting.

e Incorrect donor—recipient selection caused by limited
manual verification.

e Delayed response times during medical emergencies.

e Repeated or suspicious requests from unauthorized or
unverified sources.

o Inefficient transportation routes during urgent deliveries.

Al enables a shift from reactive decision-making to
pre- dictive and optimized planning. By learning from
historical data and real-time signals, Al models can
automate donor eligibility checks, prioritize donors based on
reliability and availability, forecast inventory needs, detect
anomalies, and optimize delivery routes. These capabilities
directly improve efficiency, reduce wastage, and enhance
patient outcomes.

1. RELATED WORK

» Machine Learning in Healthcare

Machine learning has been widely adopted in
healthcare for diagnostics, disease prediction, and patient
monitoring. However, its application to blood bank
operations remains limited and fragmented, with most
systems addressing only individual tasks.

» Blood Inventory Forecasting

Earlier studies relied primarily on linear and statistical
forecasting methods. Recent work using LSTM-based
models has demonstrated improved accuracy, especially for
short-lived components such as platelets, but these models
are rarely integrated into complete operational systems.

» Emergency Prediction Systems

Predictive models for traffic accidents and emergency
events exist, but few studies link these predictions directly
to blood demand forecasting and donor coordination.

» Fraud and Anomaly Detection

Most anomaly detection research in healthcare focuses
on insurance or billing fraud. Detection of suspicious or
abusive blood requests remains underexplored.

Overall, existing literature lacks a unified Al

framework that addresses all major operational aspects of
blood bank management.
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V. SYSTEM ARCHITECTURE

The proposed system consists of seven tightly
integrated Al modules that together form a unified
operational pipeline.

» Donor Eligibility Prediction

This module predicts whether a donor is eligible to
donate at a given time using clinical and behavioral features
such as age, BMI, blood pressure, hemoglobin level, last
donation date, medication history, lifestyle indicators, and
recovery cycles. Several models were evaluated, including
Random Forest, LightGBM, and XGBoost. Among these,
XGBoost achieved the highest accuracy of 94%.

» Intelligent Donor—Recipient Matching

Donor selection extends beyond basic ABO and Rh
compat- ibility. The matching engine considers minor
antigens, donor reliability scores, urgency level, predicted
availability, and estimated response time. Donors are ranked
using a weighted scoring function:

Score = 0.4C +0.3R+ 0.2A +0.1T

Where compatibility, reliability, availability, and
response time jointly determine priority.

» Inventory Forecasting Using LSTM

Long Short-Term Memory (LSTM) models are used to
forecast demand for whole blood, red blood cells, platelets,
and plasma. Input features include historical usage patterns,
seasonal trends, weather conditions, festival calendars, and
accident frequency data. This approach reduced forecasting
error from 24% to 9%.

» Emergency Demand Prediction

A hybrid machine learning model predicts sudden
spikes in blood demand using accident statistics, public event
schedules, traffic density, and disease outbreak indicators.
Emergency request prediction accuracy improved by 28%.

» Fraud and Anomaly Detection

Fraud and anomaly detection is performed using
Isolation Forests, statistical profiling, and time-based
deviation analysis. The system flags repeated suspicious
requests, abnormal rare blood type demands, and unusual
bulk requests, reducing fraudulent approvals by 67%.

» Optimal Routing and Delivery Scheduling

Routing algorithms such as Dijkstra and A* compute
op- timal delivery paths based on traffic conditions,
distance, urgency, and blood component expiry times. This
reduced routing delays by 42%.

> Al-Assisted Documentation Generator

This module supports academic and operational
documen- tation by generating structured drafts, suggesting
IEEE-style references, improving paragraph clarity, and
summarizing sys- tem logs into report-ready formats. It is
particularly beneficial for students preparing research
papers.
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V. WORKFLOW EXPLANATION
» The System Workflow Proceeds as Follows:

o Donor and patient data are collected and stored.

o The eligibility model filters available donors.

The matching engine ranks suitable donors for each
request.

Inventory forecasting predicts upcoming shortages.
Emergency models prepare for sudden demand spikes.
Anomaly detection flags suspicious activity.

Routing optimization ensures timely delivery.
Documentation modules generate structured reports.

VI EXPERIMENTS AND RESULTS

Experiments were conducted using a synthetic dataset
con- taining 50,000 donors and 10,000 patient cases. The
system achieved the following improvements:

23% increase in donor—recipient matching accuracy,
31% reduction in emergency assignment time,

18% decrease in blood wastage,

9% forecasting error for platelets,

67% reduction in suspicious requests.

VIL. EXTENDED DISCUSSION

Compared to siloed solutions, the unified Al pipeline
pro- vides better coordination, reduced manual intervention,
and improved preparedness. Real-world deployment would
require integration with government health databases, secure
donor identity verification, and hospital interoperability
standards.

VIIL LIMITATIONS

e L STM-based forecasting requires large historical datasets.
e Fraud detection may not capture highly sophisticated
attacks.
e Routing optimization depends on reliable real-time traffic
data.
IX. CONCLUSION

This paper presents a comprehensive Al-driven Blood
Bank Donation and Management System aimed at
modernizing critical healthcare infrastructure. By integrating
predictive modeling, optimization, anomaly detection, and
documenta- tion assistance into a single framework, the
proposed system improves efficiency, reliability, and
emergency responsiveness. The results demonstrate the
potential of Al to enable proactive and resilient blood
donation ecosystems.
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