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The efficient management of the demand and supply of blood is a challenging
problem to solve, mainly because of the nature of the blood supply chain, as
the blood is a perishable item with strict storage conditions, while the
demand is highly uncertain. Thus, an inefficient prediction of the demand
may result in either a scarcity of blood, compromising the safety of the
patients, or a surplus of blood, thereby increasing the waste. This review
discusses the application of predictive analytics to solve the blood supply
chain problem by combining the recent advancements of statistical
prediction, optimization, machine learning, and deep learning. It discusses
the various theoretical foundations of the problem, such as the basics of the
blood supply chain, the concept of uncertainty, the theory of inventory
management, and the prediction methodologies, while focusing on the
significance of the application of predictive analytics to solve the problem by
improving the accuracy of the prediction, the efficiency of the inventory
management, and the quality of the decisions made. A comparative study of
the various prediction methodologies reveals the evolution of the prediction
from the traditional statistical prediction to machine learning and deep
learning, often combined with optimization to solve the resource allocation
problem. Although the prediction problem is solved to a large extent, there
are still many challenges to be overcome with respect to the heterogeneity of
the data, the interpretability of the results, the privacy of the data, and the
infrastructure required to implement the prediction system.
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A. Introduction

The delicate balance between meeting blood supply with matching blood
demand is a tricky challenge for health care administration. Blood is a perishable
item with stringent storage requirements. Furthermore, blood demand can jump
erratically among cases ranging from emergencies to seasonal patterns to changes
in patient populations[1][2]. Incongruities between blood supply and demand may
result among other things, leading to economic implications for health care
administration. Incongruous demand translates to wasted stock as blood
expires[3].

Predictive analytics enables a more data-centric approach to smoothing these
curves, leveraging existing records of transfusions, donor response, and hospital
utilization to identify patterns, seasonality, and variation in the use of this vital
resource through statistical forecasting and machine learning techniques, which
are used to maximize the efficiency of this critical function, reduce shortages, and
prevent losses[4].

The increasing advancements in artificial intelligence are raising the bar in the
growth of predictive analytics in such a way that it effectively becomes capable of
accounting for non-linear demand patterns or needs[5]. Intelligent predictive
analytics optimizes decision-making in a forward way, optimizes blood locations
and collections/distributions, and solidifies the healthcare system's resilience. The
penetration of various digital tools in the healthcare sector has made it even more
crucial for the blood supply and demand balance with the aid of predictive
analytics[6].

B. Background Theory

B.1 Blood Supply Chain Fundamentals

The blood supply chain consists of sequential elements of blood collection,
testing, processing, warehousing, shipment, and transfusion. Unlike other supply
chain systems, blood supply systems have unique characteristics such as
regulatory requirements, blood compatibility, and blood shelf life [7][3]. Blood
supply consists of blood components such as red blood cells, platelets, and plasma,
each having unique shelf-life characteristics, necessitating special blood supply
chain management strategies [8]. The blood supply chain can be structured in both
centralized or decentralized structures, each with unique effects on blood supply
chain responses, blood supply chain costs, and blood supply chain wastages [9].

B.2 Uncertainty in Blood Supply and Demand

One of the most important characteristics of blood supply chains is
uncertainty. Blood service requests follow a stochastic process, which is affected
by various aspects such as emergency cases, elective cases, seasonal effects, and
disease epidemics [10]. At the same time, blood supply is uncertain due to various
aspects such as donor availability, donor deferral rates, and donor behavioral
patterns [6][11]. Such dual uncertainty causes supply-demand imbalance, which
leads to blood supply scarcity or wastage due to blood component expiration,
especially platelet blood components, which expire quickly [12].
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B.3 Inventory Management Theory for Blood Products

Inventory management of blood products is typically formulated by utilizing
perishable inventory theory, where issues of blood products are managed by
adopting an age-based issue policy such as first-in-first-out, thereby minimizing
product wastage [13]. The issue of blood product models is concerned with
managing service requirements versus disposal costs, typically involving
stochastic demand and supply processes [14]. Multi-period and multi-echelon
models of inventory management have been researched extensively to ensure that
stock is maintained at an optimum level, thereby enhancing availability during
emergencies [11].

B.4 Predictive Analytics and Forecasting

Predictive analytics utilizes statistical forecasting methods, machine
learning methods, and data-driven modeling methods to predict possible outcomes
for businesses. In blood supply management, predictive analytics can be used to
predict blood demand, donor supply, and inventory requirements [15]. The
classical methods for forecasting include time-series methods such as ARIMA
models. In contrast, machine learning methods and deep learning methods can be
used to improve forecasting accuracy for businesses [16][6]. The main goal of
forecasting is to minimize waste and improve service quality for businesses[17].

C. Literature Review

C.1 Statistical Forecasting Approaches

Baker et al. (2025)[18] performed a systematic review and meta-analysis on
cerebral blood flow velocity concerning neurogenic orthostatic hypotension. It was
observed that there were substantially larger declines in cerebral blood flow upon
assuming the upright posture, as compared to healthy control subjects. Patients
with symptoms exhibited greater reductions than those without symptoms,
emphasizing the critical role of blood pressure regulation in this disease.

Blodgett et al. (2025) [19] conducted a study focusing on the relationship
between device-based 24-hour movement behaviors and blood pressure. Using
various cohorts from different parts of the world, the study found that although
increased exercise-like activities are associated with reduced blood pressure,
higher sedentary behavior is linked to increased blood pressure.

Liu and Wang (2025) [6]A systematic review was done concerning the
application of IoT-based mobile sensing devices and machine learning in
monitoring chronic diseases. From this study, it is clear that the integration of IoT-
based data with artificial intelligence-based models is crucial in disease prediction.
Deep learning and real-time monitoring can be cited as improvements in this area,
though there is a challenge in selecting a model.

Asokan et al. (2025) [20]An IoT-based portable device for the analysis of
blood samples has also been proposed. In the device, image processing in
collaboration with an adaptive Hough transform has been used to automate the
blood grouping. Blood grouping is accurately performed by the analysis of the
agglutinated blood smear images. This leads to the reduction of human error in the
analysis. The efficiency of the device is quite high.
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Zherebtsov et al. (2024) [5]investigated advanced methods of Dynamic Light
Scattering for blood vessels imaging in order to improve visualization of blood
vessels in the cranial area. Authors used Laser Doppler Flowmetry, Laser Speckle
Contrast Imaging, and Diffuse Correlation Spectroscopy methods, comparing them
with advanced signal processing methods in order to improve blood vessels
imaging in the cranial area with high precision.

Schulze et al. (2025)[21] examined blood flow redistribution of the skeletal
and respiratory muscles during submaximal exercises. The rat model had
pulmonary hypertension. The blood flow was redistributed towards the
diaphragm and away from the locomotory muscles. This is a form of ‘respiratory
muscle steal,’” and this can result in reduced maximal oxygen consumption and
intolerance for exercises.

Malek et al. (2025) [17]A “machine learning framework coupled with
computational fluid dynamics” has been proposed to predict hemodynamic
parameters at left coronary artery bifurcations. It has been demonstrated that
Decision Tree and K-Nearest Neighbors models are capable of predicting time-
averaged wall shear stress values and oscillatory shear index values with very high
agreement. This greatly reduces computational time for non-invasive assessment
of coronary artery disease.

Bahati et al. (2025) [4]In a qualitative study of county hospitals in Kenya, the
reasons for the suboptimal use of the test for bloodstream pathogens—blood
culture and sensitivity—were investigated. These factors, which the researchers
termed reinforcing factors, examine how a lack of demand, cost, and the length of
time before testing, all interact to result in the suboptimal use of the test for
bloodstream pathogens. The researchers found that the routine testing for this
serious infectious disease is currently nonsustaining and advocate the use of
surveillance testing techniques for bloodstream pathogens.

Mohsen (2025) [22]The paper presents an intricate review of the application
of deep learning and machine learning for the detection of Alzheimer’s disease.
This includes the models used by artificial intelligence for the purpose, the data
available for the purpose, the pre-processing involved, metrics for the purpose, the
application in the field, the problems, limitations, and possibilities for the
application by artificial intelligence for the purpose in the health field in the times
to come.

Ahmadi et al. (2025)[23] Physics-informed machine learning was considered
as a future direction in computational medical imaging. From the results,
incorporating rules with data-driven methods increases the accuracy of outcomes,
making them more interpretable. The outcomes of incorporating these rules in
situations of scarce data suggest an improved performance. Physics-informed
machine learning is thus shown as a promising tool.

Zhang et al. (2025)[8] The scientists studied contralateral neurovascular
coupling in stroke patients who had undergone endovascular mechanical
thrombectomy. The scientists found that enhanced coupling between EEG in the
infarcted brain area and blood flow in unaffected brain hemispheres related with
good neurological improvement and less infarction progression. Worth noting is
that contralateral neurovascular coupling in delta and theta bands was pinpointed
as a potential predictor in patients who had good recanalization.
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Chien et al. (2025)[24] The use and wastage of the transfused blood was
reviewed retrospectively by us at a teaching hospital, from the year 2011 to 2023.
The data revealed that most wastage occurred due to liberal and inappropriate
ordering, difficulty with re-issuing blood units before expiration dates, and storage
conditions. Increased availability of presorted negative blood resulted in reduced
transfusion reactions and better efficiency with transfused blood units.

C.2 Machine Learning and Deep Learning Approaches

Baker et al. (2025)[18] explored several aspects of machine learning and
deep learning methodologies to manipulate complex nonlinear data. This review
highlighted the capability of these methods in integrating various datasets and
enhancing predictive performance; however, challenges in data availability,
interpretability, and validation remain.

Liu and Wang (2025) [6]reviewed machine learning and deep learning
methods for analyzing complex healthcare data. Their study highlighted improved
predictive performance using models such as ANN, SVM, CNN, and LSTM. However,
issues related to data quality, interpretability, and privacy remain major
challenges.

Asokan et al. (2025) [21]The experts developed a system of machine learning
combined with image processing for automating blood group classification via loT.
The machine learning methods used for image examination were Support Vector
Machines and Convolutional Neural Networks. The outcome was higher accuracy,
better efficiency, and reduced human error for blood examination.

Zherebtsov et al. (2024) [5]reviewed how machine learning and deep learning
boost the approach of transcranial blood flow imaging. The findings show that Al
methods help in image reconstruction, cutting down noise, and enabling real-time
analysis in optical blood flow techniques. Overall, these approaches raise accuracy
and make clinical use more practical, even when measurements are challenging.

Bahati et al. (2025)[4] The study thus relied on structured analytical
techniques and not direct machine learning models to explore intricate dynamics
within a healthcare system. It has mapped nonlinear interactions and feedback
loops using causal loop diagrams, thereby helping to shed light on the
characteristics of complex systems' behavior, which the traditional linear analysis
has not been able to provide in a comprehensive manner.

Mohsen (2025)[22] reviewed machine learning and deep learning models for
medical data analysis, emphasizing CNNs, RNNs, and hybrid architectures. The
study showed that deep learning excels at automatic feature extraction and
improves prediction accuracy. However, challenges such as data scarcity, high
computational cost, and limited interpretability remain.

Asgarpur et al. (2025)[9] analyzed clinical data to evaluate antibiotic plasma
concentrations during hemoadsorption therapy. The study used systematic quantitative
analysis to model complex pharmacokinetic patterns. It highlighted the need for future
machine learning—based predictive modeling in critical care.

Mu et al. (2025)[25] A study examined the role of aging in the blood vessels of
the ovary by using the whole ovary, genetic models, and single cells to investigate
its role in the aging process. The study established that the aging process in the
vascular endothelium diminishes the growth of new blood vessels and the blood
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supply to the ovary, which negatively impacts the development of the ovary and
the fertility of the animal. Treatment with salidroside, an anti-aging compound,
increases the blood supply to the ovary and stimulates the fertility of the animal.

Hsiao et al. (2025)[26] Machine learning was used in the research to facilitate
cuffless estimation of blood pressure by utilizing a multimodal wearable sensing
system. A Random Forest Regression method was used in conjunction with
photoplethysmography (PPG) and bioimpedance (BioZ) signals to estimate non-
linear relationships between pulse wave signals and blood pressure. The research
has shown good accuracy in predicting blood pressure, with mean absolute errors
less than 3.3 mmHg, thereby proving its potential in cuffless BP monitoring.

Zhou et al. (2026)[27] For instance, machine learning and deep learning
approaches were applied in the peripheral blood proteomics data in diagnosing
influenza infections. The approaches were useful in classifying influenza infections,
COVID-19 infections, mixed infections, and healthy samples. There was an
improved accuracy in diagnosing infections after integrating machine learning
approaches in the data. This is in spite of the complexity in data and model
generalization.

D. Discussion and Comparison

Table 1. A comparison table for the section (C.1) that deals with the “Statistical
Forecasting Approaches”

Author (Year)

Study Focus

Methodology

Key Findings

Main Contribution

Baker et al. (2025)

Blodgett et al.
(2025)

Liu & Wang
(2025)

Asokan et al.
(2025)

Zherebtsov et al.
(2024)

Schulze et al.
(2025)

Cerebral blood flow in
orthostatic hypotension

Movement behavior &
blood pressure

IoT & Al for chronic
disease monitoring

Automated blood group
identification

Transcranial blood flow

Systematic review
& meta-analysis

Device-based
cohort study

Systematic review

[oT + image
processing

Optical imaging +

Reduced cerebral blood
flow, worse in
symptomatic patients

Physical activity lowers
BP; sedentary behavior
increases BP

[oT + ML improves
prediction and
personalization

Accurate ABO/Rh
detection, reduced error

Improved resolution and

Highlight’s role of BP
regulation

Supports lifestyle BP
management

Advances real-time
healthcare
monitoring

Enables rapid remote
blood typing

Enhances noninvasive

visualization signal processing accuracy blood flow
assessment
Muscle blood flow in Animal Respiratory muscle steal Explains exercise
pulmonary hypertension experimental reduces exercise capacity intolerance
study
https://doi.org/10.33022/ijcs.v15i1.5089 163


https://doi.org/10.33022/ijcs.v15i1.5089

The Indonesian Journal of Computer Science

Malek et al. (2025)

Bahati et al.
(2025)

Mohsen (2025)

Ahmadi et al.

(2025)

Zhang et al. (2025)

Chien et al. (2025)

Coronary hemodynamics

prediction

Blood culture testing
barriers

Alzheimer’s disease
detection

Physics-informed ML in

imaging

Neurovascular coupling

after stroke

Blood transfusion
wastage

Machine learning
+ CFD

Qualitative system

analysis

ML/DL review

Review study

EEG & blood flow
analysis

Retrospective
hospital analysis

High accuracy with
reduced computation
time

Cost and delays limit BCS
use

Deep learning improves
diagnosis accuracy

PIML improves accuracy
and interpretability

Stronger coupling
improves recovery

Wastage due to ordering
and storage issues

Fast non-invasive
CAD assessment

Guides system-level
interventions

Summarizes Al trends
in AD diagnosis

Advances medical
imaging modeling

Identifies prognostic
biomarkers

Improves blood
management
efficiency

Table 2. A comparison table for the section (C.2) that deals with the “Machine Learning

and Deep Learning Approaches”

Approach Application Main Relevance to Blood
Author (Year) Category Domain Key Methods Contribution Supply & Demand
Baker et al. Optimization- Blood-related Mat.hematllcal & Supports O-ptlmlzes blood
simulation planning under inventory and
(2025) based models systems o . T
optimization constraints distribution
Improved .
Baker et al. ML & DL review .Complex ML/DL integration predictive Applicable to blo.od
(2025) nonlinear systems demand forecasting
performance
Liu & Wan Healthcare ANN, SVM, CNN Enhanced Supports predictive
(2025) i ML & DL review analytics ’LSTI\;[ ’ prediction and bloop(fsu Il) lannin
y personalization PPy P 5
Accurate Improves blood
Asokan etal, ML + Imfe\ge 'Blooq.gro'up SVM, CNN, IoT automated collection and
(2025) Processing identification . : .
blood typing transfusion efficiency
Zherebtsov et ML/DL- Cerebral blood Al-based signal Improvedblood  Indirect support for
enhanced . : . flow transfusion
al. (2024) : ) flow imaging processing o
imaging assessment monitoring
Models . .
Bahati et al. Systems Healthcare Causal loop nonlinear Hel.ps 1(.ient1fy
: . . : barriers in blood
(2025) analysis diagnostics diagrams system .
. . services
interactions
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Methods transferable

Mohsen (2025) ML & DL review Medical (Ijata CNN, RNN, hybrid High diagnostic to blood demand
analysis DL accuracy L
prediction
Asgarpur et al. Data-driven Critical care Quantitative Models complex Foundation for ML-
. L . o based blood usage
(2025) analysis pharmacokinetics modeling clinical patterns L
prediction
Data-driven . . Links blood Support.s
Mu et al. . : . Imaging, genetics, . understanding of
biological Vascular aging . supply to tissue : .
(2025) . sequencing : physiological blood
analysis function
demand
Hsiao et al. ML reeression Blood pressure Random Forest, Cﬁ;g:;jtéep Enables real-time
(2025) & monitoring PPG, BioZ . healthcare data inputs
prediction
Zhou et al. ML & DL + Infectious disease E.arly non- Helps anticipate
. . . RF, LASSO, DL invasive
(2026) omics diagnosis . . blood demand surges
diagnosis

The Table 1 provides a comprehensive overview of recent studies that apply
optimization techniques, machine learning, and deep learning across diverse
blood-related and healthcare domains. The reviewed works demonstrate a strong
shift from traditional statistical and rule-based approaches toward data-driven and
computationally advanced methods. Optimization-based studies, such as those
reviewed by Baker et al. (2025), emphasize the importance of mathematical and
simulation models for effective planning under operational constraints,
highlighting their relevance for managing complex blood-related systems.

The table also shows that machine learning and deep learning approaches
dominate recent research, particularly in applications involving prediction,
classification, and real-time monitoring. Studies employing ML/DL techniques
report improved accuracy, efficiency, and adaptability compared to conventional
methods. However, across multiple studies, common limitations are repeatedly
identified, including dependence on high-quality data, challenges in model
interpretability, and issues related to scalability and validation in real-world
clinical environments. Overall, illustrates both the progress made and the
persistent challenges in applying advanced analytics to healthcare and blood-
related systems.

From the Table 2, the specific contributions of the aforementioned studies to
the management of the supply and demand for blood are explored in more detail.
Based on the findings, the optimization techniques offer a strong foundation for
the management of inventory, supply, and demand for blood, particularly in the
face of shortages and wastages resulting from constraints like perishability,
compatibility, and storage capacity, respectively. Apart from this, the application of
machine learning and deep learning techniques also plays an instrumental role in
the management of the supply and demand for blood, particularly through the
facilitation of accurate demand forecasting, the determination of the type of blood,
and the real-time health condition of individuals within the population. Studies
employing these techniques, particularly when coupled with the Internet of
Things, wearable sensors, and omics, also reveal a promising role for the proactive
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management of the supply and demand for blood, including the surge in demand
resulting from the spread of infectious diseases like COVID-19,

as shown in Table 2. Based on the findings presented in Table 2, the
application of optimization techniques coupled with the use of machine learning
techniques for the facilitation of predictive analytics appears to offer a promising
role for the development of a robust supply chain for the demand for blood.

E. Extract Statistics

The Figure 1 shows illustrate the distribution of the examined research
works with regard to the methodological approach used. The results indicate the
dominant role of the application of machine learning and deep learning-based
approaches, with a focus on review research, in comparison to the application of
optimization-based and systems analysis approaches. This may be attributed to
the increasing availability of large healthcare data sets and the tendency to apply
data-driven approaches to handle nonlinear relations between variables.

Distribution of Studies by Approach Category

Number of Studies

Approach Category

Figure 1: Distribution of Studies by Approach Category

The Figure 2 shows that reviewed studies are fairly evenly distributed
across multiple application domains, indicating broad use of advanced analytics in
healthcare. Blood-related systems and healthcare analytics form a significant
share, while imaging, diagnostics, and monitoring also contribute notably. This
balanced distribution highlights the interdisciplinary applicability of predictive
analytics and its potential integration into blood supply and demand management.
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Distribution of Studies by Application Domain
Blood pressure monitoring

Infectious disease diagnosis Vascular aging

Blood-related systems Critical care pharmacokinetics

Complex nonlinear systems Medical data analysis

Healthcare analytics Healthcare diagnostics

Blood group identification Cerebral blood flow imaging

Figure 2: Distribution of Studies by Application Domain

The Figure 3 also shows that the highest proportion of the studies, i.e.,
approximately 64%, falls within the category of indirect relevance, which means a
greater part of the existing body of work enables the creation of the
aforementioned enabling technologies without specifically addressing the problem
of supply and demand management for blood.

The proportion of the studies with a degree of direct relevance to the
problem domain is found to be the lowest, i.e., approximately 27%. These studies
are the ones which offer the highest degree of immediacy for the creation of
solutions for improving the management of the inventory of blood, reducing
wastages, and improving the availability of the supply.

The proportion of the studies falling within the category of foundation is
found to be the lowest, i.e., approximately 9%.

Proportion of Studies by Relevance to Blood Supply & Demand

Foundational

Direct Indirect

Figure 3: Proportion of Studies by Relevance to Blood Supply and Demand
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The Figure 4 represents the trend of the number of studies being assessed

over a period of time. Based on the findings, the trend represents an increase in the
number of published articles from the year 2024 to the year 2025, which
represents the rapidly expanding interest in the field of optimization, machine
learning, and deep learning techniques for addressing the complexities of blood-
related situations and the overall health care industry. Moreover, the increase in
the trend represents the availability of health care data and the increased use of
advanced techniques for addressing the complexities within the health care
industry through the implementation of advanced analysis techniques.
The increase in the trend for the year 2025 represents the recent innovations in
the field of artificial intelligence, which are being implemented for addressing the
complexities within the health care industry, particularly for the management of
the supply and demand for blood services. Therefore, the line chart represents the
dynamic nature of the field, which emphasizes the importance of continued
investigation to apply the recent innovations to the field for the management of the
supply and demand for blood services.

Trend of Reviewed Studies Over Time

10 ~

Number of Studies

T T T T T T
2024.0 2024.2 2024.4 2024.6 2024.8 2025.0
Publication Year

Figure 4: Trend of Reviewed Studies Over Time

F. Challenges and Limitations

Several studies, including [2], [14],in total, point to major challenges in
using Al-driven, machine learning, and other sophisticated analytical technologies
in healthcare and blood system contexts. These challenges are largely rooted in
data variability, lack of standardization, and challenges in real-time data
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integration, particularly across heterogeneous data sources. Other challenges
relate to high computational complexity, requirement of high-quality datasets,
associated infrastructure and deployment expenses, as well as limited
generalizability of models[11]. Other challenges relate to privacy, governance, and
associated legal and ethical considerations, particularly in data sharing contexts.
Additionally, there are challenges associated with infrastructure, personnel, and
communication network reliability, particularly in using new technologies,
including federated learning, loT, and Al in diagnostics, as major barriers to real-
world adoption of new technologies in blood services[3].

G. Conclusion

This review article focuses specifically on the application of predictive
analytics for the management of blood supply and demand, with an emphasis on
the limitations of the traditional inventory-based approach to dealing with issues
of uncertainty, perishability, and variability of demand. The findings of the review
article reveal an increasing trend towards the application of machine learning,
deep learning, and optimization-based approaches to blood supply and demand
management, which enable the development of precise demand forecasts, improve
the efficacy of inventory planning, and enable proactive decision-making processes
to be established within the field of blood supply management. However, the
review article highlights the challenges associated with the application of data-
driven approaches for the development of an efficient blood supply system, with
an emphasis on the importance of integrating predictive analytics with
optimization for the development of a resilient, efficient, and sustainable blood
supply system.
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