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Abstract

Effective blood donor selection involves the efficient prioritization of donors, compatibility
checking, inventory validation, and spatial location-based donor identification. This research
proposes an intelligent blood management system including four-class donor priority classification,
eligibility and blood group validation, inventory first validation, spatial clustering using OPTICS
algorithm, geographic prioritization, and donor tracking after acceptance. For donor priority
classification, Blood Transfusion Service Center dataset comprising 748 donor data and four
numerical attributes-recency, frequency, monetary value of blood volume, and time-has been
used. The developed classification algorithm shows 0.95 precision, 0.93 recall, and 0.94 F1-score
while the confusion matrix analysis shows that there is an effective segregation between the four
classes of donor priorities having 91.37% classification accuracy. Furthermore, the results of
multiclass ROC analysis confirm the discriminatory capability of the model having AUC values

ranging from 0.95 to 0.99.
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1. Introduction

Availability of safe and compatible blood in a timely manner is required for emergency
situations, surgeries, traumas, and diseases that require regular blood transfusions. Existing
blood management systems mainly rely on static donor database, manual communication, and
blood group or proximity searches, which may lead to donor latency, repeated alerts, and poor
management during emergency cases. With increased use of machine learning and location-based

services, there is an option to create smarter donor management systems.

ML can support in making predictions regarding the response and eligibility of the donor,
whereas spatial analysis can be used in order to make the process of geographically locating
donors more effective. Specifically, the algorithm of OPTICS (Ordering Points to Identify
the Clustering Structure) helps in identifying density-based donor clusters without the need to
define the number of clusters, which makes this algorithm suitable for the case of dynamically
distributed donors. Nevertheless, current algorithms concentrate only on donor identification or

registration and do not have much visibility once the donor responds to the request.

To address these limitations, the research proposes an advanced and intelligent blood
management system that combines donor prediction, donor eligibility filtering, blood group
compatibility testing, OPTICS-based clustering of donors, inventory prioritization, notification,
and post-acceptance monitoring. The process starts by checking the availability of compatible
blood inventory and, upon the unavailability of adequate stocks, initiates donor solicitation.
After that, eligible and available donors are clustered and prioritized based on their spatial and
operational characteristics, and automatic notifications are generated. Next, the donors who are

eligible and available are clustered and prioritized based on operational and spatial factors.

2. Literature Review

Digital transformation has become more and more prevalent in the fields of blood donation
and blood banking operations to facilitate donor identification and accessibility. Data-driven
approaches using machine learning techniques have been studied for predicting donor willingness
and possible donor prediction, indicating that data-driven methods can be effective tools for
better donor prediction and sufficient donor pool maintenance [1], [4], [7], [8]. The researches in

this field mostly concern themselves with donor classification and prediction of donor willingness
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and possible donors’ identification who are more willing to donate their blood. But these works
concentrate only on donor prediction, not considering the whole process of the emergency

request for blood donation.

Blood management systems using mobile technology and web-based platforms have been
created to facilitate the exchange of information among donors, blood banks, and the healthcare
community [6], [9], [10]. In addition, such systems have features that include donor registration,
blood bank records, availability of blood, and processes related to donations and transfusions.
Cloud-based solutions help in accessing and exchanging information at centralized locations
through blood bank operations [5]. The above technologies make it easier to manage donor
information, but the main drawback is that most of them do not involve spatial donor groupings

and monitoring of donor after acceptance.

Donor suitability is also affected by factors related to health and time related to recurrent
donations of blood. Several studies have looked at the link between iron deficiency and blood
donation, demonstrating that donor health and intervals of donation should be considered when
determining donor suitability [2]. Other research on the effect and experience of regular blood
donation underscores the importance of taking care of donor suitability [3]. Therefore, including
these constraints in a computer-based algorithm for selecting donors is crucial in order to avoid

unsuitable donor selection.

Although existing researches on ML-based donor prediction, blood management systems
for mobile and web applications, centralizing blood bank system, and donor eligibility issues
[1]-[10] have been carried out, very little effort has been invested in the integration of these
approaches with density-based donor clustering and tracking of the donor right after acceptance.
Traditional donor recognition approaches normally stop once a donor who meets the requirement
has been found. The question of whether the accepted donor is actually end route to the site of
donation remains a concern during emergencies where time is of essence. Thus, an integrated
approach is necessary that involves donor eligibility filter, donor clustering, prioritization of

blood stock, donor alerting, and real-time tracking of donor.
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3. Proposed Methodology

The proposed system consists of a modular process for donor search, blood request
handling, spatial grouping, and donor monitoring after acceptance. The whole process can be
summarized in Figure 1, where the interrelation between donor data processing, donor eligibility
validation, blood type matching, inventory validation, donor clustering using the OPTICS
algorithm, donor selection, notification, and real-time tracking is presented. This process starts
with the validation of the availability of the needed blood unit before starting the donor search

process. Once there is a need for more donors, they are selected based on their classification and

location.
Blood Inventory
Check
K
\ 4
Donor Donor Filtering OPTICS T
(I?g;“gif:t) . git:ssm LM Classification |-»|  (Bligibiliy & || Clustering -] s?l:g?;n i‘)%gi?:l‘sn
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Figure 1. Workflow of the proposed intelligent blood donor selection and management System

As illustrated in Figure 1, the methodology starts from donor data collection and
pre-processing, followed by donor feature extraction and classification. After that, the extracted
donor data are merged with blood-group compatibility, availability, and eligibility constraints.
In the case where the necessary stock of blood is not available, the OPTICS algorithm is used to
arrange the appropriate donors based on their location. The donors thus identified are contacted

and accepted donors are directed to the post-acceptance donor tracking process.

3.1 Dataset Description and Classification

TThe Blood Transfusion Service Center dataset downloaded from the UCI Machine
Learning Repository is used to perform the donor response classification [11]. The Blood
Transfusion Service Center dataset has 748 donor entries with four input variables, which include

recency, frequency, monetary blood volume, and time. The output variable states whether the

399
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donor gave blood, and thus, this represents a binary classification task. The dataset properties

are provided in Table 1.

Table 1. Dataset characteristics of the blood transfusion service center dataset

Dataset Characteristic Description

Dataset Name Blood Transfusion Service Center
Dataset Source UCI Machine Learning Repository [11]
Number of Instances 748

Number of Input Features | 4

Input Features Recency, Frequency, Monetary, Time
Feature Type Numerical

Target Variable Donor Classification

Classification Type Multiclass Classification

Number of Classes 4

Class 0 Low Donor Priority

Class 1 Moderate Donor Priority

Class 2 High Donor Priority

Class 3 Very High Donor Priority

Missing Values None

Data Format Tabular

Prediction Objective Donor Priority Classification

The data is pre-processed such that the donor dataset is divided into four priority levels
according to their historical donation behavior. The classes are represented as numbers ranging
from O to 3, with Class 0 being a donor with low priority, Class 1 being a donor with moderate
priority, Class 2 being a donor with high priority, and Class 3 being a donor with very high
priority. Four-class representation helps the classification algorithm differentiate between levels
of donor suitability and priority instead of deciding whether a donor is suitable or not. Evaluation

is done based on precision, recall, F1-score, ROC-AUC, and the four-class confusion matrix.
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3.2 Data Pre-processing

The donor data are initially analyzed for any duplicate, incomplete, and inconsistent
entries prior to model building. The four numerical attributes — Recency, Frequency, Monetary
and Time — are selected as input variables and converted to a uniform numerical format. As these
attributes could have varying ranges, feature scaling is performed to eliminate bias associated
with differences in scales when training the model. The scaled value of each feature is determined

by

(1

where x; denotes the original feature value, u represents the mean of the corresponding

feature, o represents its standard deviation, and z; denotes the standardized feature value.

After the normalization process, the pre-processed data is sorted into input feature and
label target data sets. The target data is coded based on the four classification labels provided in
Table 1 and ranging from Class 0 to Class 3. This data set is later split into training and test
data sets to facilitate modeling and performance assessment. This pre-processing technique is

consistently applied to both the training and test data sets for the classification process.

3.3 Donor Response Classification

The pre-processed donor data is used by the classification algorithm, which classifies
each donor based on the four priority categories provided in Table 1. The learning algorithm
learns from the pattern between the characteristics of historical donations and the priority class
associated with the donor. The classification algorithm has four outputs and uses labels starting

with Class O for donors with lower priority and up to Class 3 for very high priority.

For each test data record, the model produces a predicted class label that is then compared
against the actual class label to analyse classification effectiveness. The predictions generated
in this way are then used to compute the confusion matrix with four classes along with other
metrics including precision, recall, F1 score, and ROC-AUC. These metrics help evaluate the
model from two different perspectives — one by looking at the predictive accuracy per class and

the other by measuring discrimination power. The classification result is further used in the

Journal of Ubiquitous Computing and Communication Technologies, Decemeber 2026, Volume 8, Issue 4 401



An Intelligent Blood Management System Using OPTICS Clustering and Real-Time Donor Tracking

donor selection module.

3.4 Blood-Group Compatibility and Donor Eligibility Filtering

Following the donor classification procedure, the records of the candidates are filtered
based on compatibility in terms of blood group and eligibility. The blood group required by the
person/organization is compared with the blood groups of the donors to check their compatibility.
The donors who do not fulfil the eligibility requirements of the particular blood group are then

excluded from the procedure.

This predicted priority class from the classification phase is kept for further ranking of
candidates. Therefore, the filtering approach does not solely depend on the outcome from the
classification phase, as compatibility of blood groups, eligibility, availability, and priority of the
donors are considered prior to carrying out the spatial clustering. This ensures that incompatible

and unavailable donors do not appear in the cluster generated using OPTICS.
3.5 Blood Inventory Verification

The proposed workflow follows an inventory first principle to check whether the blood
demand can be met from the current inventory before any donor selection takes place. Whenever
there is a demand for blood, the type of blood and the number of units required are matched with
the current inventory of compatible blood. In case the inventory contains the sufficient amount,
the demand is satisfied from the existing inventory and no donor selection becomes necessary.
In case of insufficient availability in the inventory, the workflow activates the donor selection
process from among the eligible donors. This will ensure that only the deficit blood is selected

from the donors. The inventory decision process can be expressed as.

1, Qa=0
Dy = 2)

0, Qu<Or

where Q, is the available compatible blood quantity and Q, is the requested quantity.

Here, D;=1 indicates sufficient inventory, while D;=0 activates donor selection.
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3.6 OPTICS-based Donor Clustering

When the inventory verification identifies an unmet requirement, the potential donors
who have been filtered out will then undergo Ordering Points to Identify the Clustering Structure
(OPTICS). The objective here is to arrange the eligible donors depending on their geographical
location and classify the donors that can be found in dense geographic areas. As opposed to
partition-based clustering techniques that set a priori the number of clusters needed, OPTICS

gives an order with respect to its density and reachability properties.

This algorithm assesses the neighborhood structure for each donor based on spatial

distance and density. The reachability distance between each candidate point is calculated as

RDp,q =max{CDp,dp,q} (3)

where CD(p) denotes the core distance of donor p, and d(p,q) represents the spatial
distance between donors p and q. This supports in the clustering process by determining how
near the donor can reach from another density connected donor. The result OPTICS order is
utilized in determining clusters of donors that are meaningful, which will then be passed to the
donor selection process. Clustering therefore helps to narrow the search space of candidates and

yet maintain geographically meaningful donor clusters for the blood requirement.
3.7 Geographical Distance and Donor Prioritization

Following the clustering using the OPTICS algorithm, the selected donors within the
related clusters are then sorted based on the geographical closeness to the donation site. This
is done by calculating the minimum possible geographical distance between the donor and the
target destination. For two locations represented by latitude 1,2 and longitude 1,2, the Haversine

formulation is used:

d =2Rsin"! <\/sin2 (%) cos@; cos sin’ (%)) 3)

where R denotes the Earth’s radius, represents the difference in latitude, and represents

the difference in longitude. The derived distance becomes an important factor for the ranking of
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donors in the formed clusters. Those who have their locations near the location where donation is
needed get preference in the selection process, but donor-priority classes and donor qualifications

remain the other two factors in the process of donor selection.
3.8 Donor Notification and Response Management

After selecting donors based on the priority list, the donors will be notified for targeted
notification according to their priority, eligibility, compatibility in terms of blood group,
availability, and geographical proximity. The notification stage involves notifying the prioritized
donors of the need for blood and documenting their reactions for the particular request. The

donors, who react positively to the particular request are retained for the next stage of tracking.

The response status for every donor who receives notification is kept updated with regard
to the present status of the recruitment process. This is necessary to ensure that the system is
able to differentiate between pending responses, accepted responses, and unavailability, and
to avoid reprocessing the same candidate once the request is already processed. The accepted

donor’s details are then handed on to the post-acceptance tracking process.
3.9 Real-time Post-acceptance Donor Tracking

The donation request being accepted by a donor, the donor file then moves on to the
tracking of donor after acceptance phase. This phase entails tracking the geographical location
of the donor through their available location until they reach the set donation location. This
phase tracks how far away the donor is from the set location. The donor’s location is compared

with the destination location at periodic intervals.

The tracking process ends when the donor arrives at the specified location for donation
or otherwise ends. The donor’s status is updated accordingly, showing that the tracking phase
has ended. With the connection between donor acceptance and tracking, there is continuity
from donor selection, acceptance of request, monitoring of movement, and finally arrival at the

location for donation.
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4. Results and Discussion

4.1 Donor-priority Classification Performance

The donor-priority classification approach was tested based on the metrics of precision,
recall, and F1-score, which show how well the model is able to differentiate between four
identified donor-priority classes. As shown in Figure 2, the classification model produced the
following results: the precision value was 0.95, recall value was 0.93, and F1-score was 0.94.
Based on the results obtained, it is possible to say that the values of the three measures are quite

similar, indicating a balanced behavior of the model.

The precision value indicates that most of the data points classified into a certain donor
priority fall under the correct category, whereas the value of recall shows that a large number
of records from their respective categories have been detected by the model. The F1 score is a
measure of these two properties and further suggests the consistency in the classification. These
findings confirm the utility of the predicted donor priority class as a decision-making factor
along with other factors like eligibility, blood group compatibility, availability, and location in

the next step of donor selection.

0] 0.95 0.93 0.94

0.80 1
0.60 1
0.40 7

0.20 1

0.00 -

Precision Recall F1-Score

Figure 2. Performance metric comparison of the donor-priority classification model

4.2 Confusion Matrix Analysis

Donor-priority classification prediction characteristics on a class-by-class basis are
described through the use of the confusion matrix illustrated in Figure 3. Four types of donor

priorities have been considered in the construction of the confusion matrix, that is, Class O for
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Low Donor Priority, Class 1 for Moderate Donor Priority, Class 2 for High Donor Priority, and

Class 3 for Very High Donor Priority.

Confusion Matrix of Donor-Priority Classification
175
Class 0 2 1
150
125
Class 1 | 5 3 8
2 3
3 100 B
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Predicted Class

Figure 3. Confusion matrix of the four-class donor-priority classification model

The matrix consists of 475 instances where the number of correctly classified data is 434,
and hence the classification accuracy of 91.37% is achieved. Class O has the highest number of
correct predictions, which is 184 instances. Classes 1, 2, and 3 have 108, 63, and 79 correct
predictions, respectively. From the dominating diagonal, it is clear that the model has been able

to differentiate between most of the donor instances by their priority classes.

The number of samples of Class 2 classified as belonging to Class 1 or Class 3 is six
and four, respectively. It demonstrates that some donors with high priority have features that
resemble those of moderate and very high priority donors. In addition, there is no error between
Classes 0 and 1 and between Classes 2 and 3. Therefore, the errors are found more between

priority level and adjacent levels but not throughout all levels.
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4.3 Training and Validation Accuracy Analysis

The training and validation accuracy graphs presented in Figure 4 show how the
donor-priority classification model learns throughout the training process. Training accuracy
shows an increase as we move through the initial training epochs, implying that the model is
able to learn the dependencies between the input donor features and priority classes allocated.

Validation accuracy also shows an increase in a similar pattern and eventually becomes stable.

During the later epochs, both the curves remain relatively stable, which means that the
model has become stable with respect to its learning. The validation curve has not degraded
significantly at the time when the training accuracy is improving, which means that overfitting is
not very severe. Stabilization means that the classification representation learned by the model

has become stable with respect to its learning.

1.0 < ° =
0.8 1
0.6 -
0.4
0.2 - —e&— Training Accuracy
Validation Accuracy

0.0 T T T T T T T

0 2 4 6 12 16 20

Epochs

Figure 4. Training and validation accuracy of the donor-priority classification model

4.4 ROC-AUC Analysis

The ROC curve analysis illustrated by figure 5 assesses the discriminative ability of the
donor-priority classifier among the four classes that have been specified. The ROC curves for
Class 0, Class 1, Class 2, and Class 3 are all far from the reference random guess curve line,

suggesting that there is successful discrimination among the donor-priority classes.

The class-wise AUC scores are 0.99 for Class 0, 0.97 for Class 1, 0.95 for Class 2,
and 0.96 for Class 3. Class 0 shows the best discrimination, while Class 2 shows the least

discrimination, based on the AUC scores. However, all four ROC curves show much better
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discrimination compared to the random-guess AUC score of 0.50.

The similarity of AUC values from all four donor priority classes indicates that the
performance of the classification model is consistent in terms of discrimination and not biased
towards one particular donor priority class. The ROC analysis thus also confirms that the donor

features obtained have a good discriminating ability for the four donor priority classes.

ROC Curve (Multi-Class)

Class 0 (AUC = 0.99)
Class 1 (AUC = 0.97)
Class 2 (AUC = 0.95)
Class 3 (AUC = 0.96)
- Random Guess (AUC = 0.50)

True Positive Rate (TPR)

0.0 0.2 014 0.I6 0.8 1.0
False Positive Rate (FPR)

Figure 5. Multiclass ROC curves for donor-priority classification
4.5 Integrated Donor Selection and Management Analysis

Integration of classification results with donor eligibility, blood group compatibility,
availability, and blood stock status help in the entire process of donor selection. The predicted
priority category of donors acts as a supportive criterion and not as a criterion for donor selection
on its own. In case there is sufficient blood availability in the inventory which is also compatible,
then no donor recruitment takes place. In case there is insufficient availability of blood, then the

eligible and compatible donors are sent to the clustering step using OPTICS.

The workflow is then followed by a geographic closeness of the donor selection prior
to notification. The accepted donors are thereafter moved to the post-notification tracking
phase, thereby ensuring smooth transition from donor selection to movement tracking. Thus,
the suggested method integrates donor priority classification, eligibility and compatibility

screening, inventory validation, spatial clustering, geographic prioritization, notification, and
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post-notification tracking into a sequence of blood request management.

5. Conclusion and Future Work

The proposed intelligent blood management system encompasses a sequence of decisions
such as donor-priority classification, eligibility and blood-group compatibility filtering, inventory
validation, OPTICS clustering, geographical priority, notification, and acceptance tracking.
With such an integrated approach, identification and prioritization of potential donors will be
completed considering factors such as availability of blood types and geographical proximity.
By adopting an inventory-first approach, the number of unnecessary donors can be reduced,
while the geographical priority approach will facilitate the targeting of candidates. The future
work may involve expanding the approach by employing bigger and more diversified donor
databases, real-time streams of blood bank inventories, demand forecasting, and dynamic
clustering methods. More sophisticated approaches involving ensembles and DL. may also be
explored in order to analyze the intricate behavior of the donors. Data privacy protection and

multi-center validation can be additionally included for increased security and reliability.
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