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Abstract

Background: Patient blood management (PBM) is a patient-centered, evidence-based
approach for optimizing anemia management, minimizing blood loss, and ensuring ap-
propriate transfusion. Artificial intelligence (AI) provides powerful tools for prediction,
diagnosis, and decision support across PBM, but current evidence remains emerging and
not yet consolidated. Objectives: This review synthesizes Al applications in PBM, summa-
rizing predictive, diagnostic, and decision support models; highlighting methodological
trends; and discussing challenges for clinical translation. Methods: PubMed, Scopus,
and Web of Science were searched from inception to 31 March 2025. Eligible studies re-
ported Al models addressing the three established PBM pillars. Studies on transfusion
safety and blood bank operations relevant to PBM were also included. Extracted data
covered study characteristics, predictors, models, validation strategies, and performance.
The findings were narratively synthesized given study heterogeneity. Results: A total of
338 studies were included, spanning anemia detection, bleeding risk stratification, trans-
fusion prediction, transfusion safety, and inventory management. Deep learning (DL)
predominated in image-based anemia detection, while ensemble and gradient boosting
methods frequently outperformed baselines in bleeding and transfusion risk prediction.
Recurrent and hybrid architectures proved effective for blood supply forecasting. Across
domains, machine learning and DL models generally surpassed logistic regression, clinical
scores, and expert judgment. Despite strong internal performance, external validation and
clinical deployment remain limited. Conclusions: Al is advancing PBM by enabling earlier
anemia detection, more accurate bleeding and transfusion prediction, and smarter resource
allocation. Translation into practice requires standardized reporting, robust external valida-
tion, explainability, and workflow integration. Future work should emphasize multimodal
learning, prospective evaluation, and cost-effectiveness.

Keywords: artificial intelligence; machine learning; deep learning; patient blood
management; transfusion medicine; clinical decision support
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1. Introduction

Patient blood management (PBM) has emerged as a global standard of care recognized
by the World Health Organization (WHO) for optimizing transfusion practice [1]. By
reducing unnecessary transfusions and correcting anemia or bleeding disorders before in-
terventions, PBM lowers complication risks, accelerates recovery, and decreases healthcare
costs [1]. At the system level, PBM also safeguards blood supply adequacy by promoting
efficient use and minimizing wastage [1].

In parallel, artificial intelligence (Al) has rapidly advanced across healthcare, provid-
ing data-driven solutions for prediction, decision support, and resource management [2].
Within PBM, Al holds promise. Algorithms can integrate diverse patient data—including
demographics, laboratory results, and imaging—to predict anemia and transfusion require-
ments, stratify bleeding risk, and personalize transfusion thresholds [2]. At the operational
level, Al-based tools can forecast blood product demand, optimize inventory allocation,
and streamline logistics, thereby reducing costs and enhancing supply resilience [2].

Integrating Al into PBM offers dual benefits: improved clinical outcomes and more
efficient use of healthcare resources [2]. Nevertheless, despite a growing body of research,
the field remains heterogeneous, and the translation of Al tools into routine practice is still
limited [2]. A scoping review by Meier and Tschoellitsch synthetized available studies on Al
in PBM up to October 2021, providing an important first overview of this emerging field [2].
Since then, the literature has expanded substantially, with new studies employing advanced
machine learning (ML) /deep learning (DL) architectures and multimodal datasets [3].

The objective of this review is to map and critically appraise the current landscape of
Al applications in PBM, building on previous scoping evidence and incorporating recent
advances. We aim to highlight methodological trends, identify persisting gaps, and discuss
the translational potential of Al-driven PBM strategies for clinical practice.

1.1. Current Landscape in PBM

PBM represents a comprehensive, evidence-based strategy tailored to optimize pa-
tient outcomes while minimizing unnecessary blood transfusions and their associated
risks [4]. Key guidelines from professional organizations—including the American Associ-
ation of Blood Banks (AABB) and the Society for the Advancement of Blood Management
(SABM)—offer recommendations on transfusion thresholds, clinical indications, and alter-
natives to transfusion, thereby promoting consistency in clinical practice [5,6]. At a global
policy level, the WHO published its Guidance on Implementing Patient Blood Management to
Improve Global Blood Health Status in 2025 [7]. This landmark document urges healthcare
systems to adopt PBM as an essential element of safe and sustainable care, particularly
in resource-limited settings. It outlines a phase-wise implementation strategy, including
system-level preparation, pilot program rollout, and national scale-up, and provides con-
textualized toolkits adapted to varying resource levels. The WHO emphasizes that PBM
has the potential to enhance blood health, reduce anemia-related morbidity, and narrow
global health inequities [7].

Despite these advances, several challenges persist. Variability in transfusion prac-
tice across institutions leads to inconsistent decision-making and, at times, suboptimal
outcomes [8]. Determining appropriate transfusion thresholds can be complex and re-
quires careful consideration of individual patient factors, underlying comorbidities, and
contextual clinical circumstances [9]. Achieving the balance between avoiding unnecessary
transfusions and ensuring adequate oxygen delivery remains a key clinical dilemma. More-
over, blood products are finite and costly resources. Securing a reliable supply, particularly
under emergency or resource-constrained scenarios, is both essential and challenging. The
COVID-19 pandemic, for instance, starkly illuminated the potential fragility of blood sys-
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tems amid supply disruptions [10]. These multifaceted challenges underscore the need for
ongoing research, structured implementation, and coordinated collaboration among health-
care stakeholders. PBM’s multidisciplinary and patient-centered approach could enhance
the quality, safety, and efficiency of blood management practices, ultimately improving
patient outcomes, reducing costs, and conserving essential resources. In this context, Al
offers new opportunities to address persistent challenges in PBM by reducing practice
variability, refining transfusion thresholds, enhancing decision support, and optimizing
blood resource utilization, thereby complementing and strengthening evidence-based
transfusion practices [11,12].

1.2. AI Models Relevant to PBM

Al applications in PBM have evolved rapidly, supporting anemia detection, bleeding
risk stratification, transfusion prediction, transfusion safety, and blood supply optimiza-
tion [12]. Across the literature, models can be grouped into five broad categories:

(i) Traditional machine learning models: Logistic regression (LR), decision trees (DT),
support vector machines (SVM), naive Bayes (NB), and k-nearest neighbors (KNN)
remain widely applied to structured data. These are often benchmarked against
clinical scores and are valued for their interpretability in practice [13].

(i) Ensemble methods: Random forests (RF), gradient boosting (GB), AdaBoost, and
voting classifiers (VC) frequently outperform single algorithms, particularly when
applied to heterogeneous or imbalanced datasets [13].

(iif) DL architectures: Deep neural networks (DNN), convolutional neural networks
(CNN), and recurrent models such as long short-term memory (LSTM) and gated re-
current units (GRUs) are well suited to high-dimensional and temporal data, including
laboratory time series, imaging, and electronic health records (EHRs). Transformer-
based models (e.g., BERT, ViT) and attention mechanisms are emerging for tasks such
as radiomics, sequential pattern recognition, and analysis of clinical narratives [14].

(iv) Probabilistic and interpretable models: Bayesian networks, Gaussian processes, and
physics-informed neural networks enable uncertainty estimation and offer greater
transparency, critical in clinical decision-making contexts such as transfusion thresh-
olds or rare blood group management [13].

(v) Hybrid and meta-learning approaches: Variational autoencoders, stacked generaliza-
tion, and neuro-fuzzy systems facilitate multimodal integration of laboratory, imaging,
and clinical data, aligning well with the multidimensional demands of PBM. In this
review, hybrid models are defined as approaches that combine two or more distinct
algorithms (e.g., ML with DL, or ensembles of heterogeneous methods) to leverage
complementary strengths and improve overall performance [14].

Across categories, Al models consistently outperform traditional regression and
established clinical scoring systems. Their ability to integrate diverse data sources
and adapt across clinical domains highlights their translational potential for real-world
PBM strategies [12].

1.3. Aims and Objectives

This review provides a comprehensive synthesis of Al applications in PBM, focusing
on models that perform the following functions:

(i) Predict anemia, transfusion requirements, or bleeding risk;
(ii) Support transfusion decision-making;

(iii) Enhance transfusion safety;

(iv) Optimize blood bank operations.
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For each included study, we summarized the PBM domain, sample size and case
group characteristics, model inputs (variables and predictors), model types and implemen-
tation details, validation approach, and reported performance. This structured synthesis
highlights methodological trends, clinical applications, and the translational potential of
Al-driven strategies in PBM.

2. Materials and Methods
2.1. Eligibility Criteria

We included original studies that reported the development, validation, or application
of Al models within PBM. Eligible domains encompassed the following: (i) prediction
of anemia, transfusion requirements, or bleeding risk; (ii) transfusion decision support;
(iii) transfusion safety; (iv) blood bank operations and management. Studies were excluded
if they did not involve Al methods, were unrelated to PBM, focused solely on laboratory
techniques without clinical application, were conducted on animals or in vitro, or were
reviews, editorials, commentaries, or conference abstracts. Publications were restricted to
English, Portuguese, and Spanish.

This review was not registered in PROSPERO because the protocol was finalized
and data extraction completed prior to submission. However, it was conducted in accor-
dance with PRISMA 2020 guidelines [15]. The full PRISMA checklist is provided in the
Supplementary Materials.

2.2. Search Strategy

PubMed, Scopus, and Web of Science were searched from inception to 31 March 2025.
The PubMed query was (“machine learning” [All Fields] OR “artificial intelligence” [All
Fields]) AND (“anemia” [All Fields] OR “bleeding” [All Fields] OR “transfusion” [All
Fields] OR “patient blood management” [All Fields]), retrieving 1882 records. Equivalent
searches yielded 1534 in Scopus and 265 in Web of Science. In Scopus, the search was limited
to articles. After removing duplicates (n = 1691), 1990 records remained. Title/abstract
screening excluded 1514, leaving 472 for full-text assessment. Of these, 134 were excluded
(beyond PBM scope: 88; no ML/DL model used or developed: 24; outcomes not separated
for transfusion/bleeding/anemia: 9; methodological/reporting limitations: 6; no real
patient data: 7). The study selection process is summarized in Figure 1. In total, 338 studies
were included. No additional records were identified through other sources, and all full
texts were available. The complete list of included studies, with full references, is provided
in the Supplementary Materials, while Tables S1-54 summarize the distribution of studies
across anemia, bleeding, transfusion, and other PBM domains.

2.3. Study Selection

Records retrieved from the databases were imported into Zotero (v7.0.24, Corporation
for Digital Scholarship, Fairfax, VA, USA), and duplicates were removed. Two reviewers
independently screened titles and abstracts; full texts of potentially eligible articles were
assessed against the predefined criteria. Disagreements were resolved through consensus
or, when needed, by a third reviewer. The study selection process is illustrated in a PRISMA
flow diagram (Figure 1).

2.4. Data Collection Process

Two reviewers independently extracted data using a piloted form. Extracted items
included reference (first author, year), PBM domain, sample size and case group char-
acteristics, model inputs and top predictors, Al model(s) used, validation strategy, and
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Identification

Screening

Included

reported performance metrics. Discrepancies were resolved through consensus or by a
third reviewer.

Identification of Studies via Databases ‘ ’ Identification of Studies via Other Methods
Records identified from Duplicates records removed Records identified from other sources
PubMed (1882) > before screening (n = 1691) (n=0)
Scopus (1534)
Web of Science (265)
Total = 3681
Records screened (title/abstract) Records excluded
(n = 1990) 2 (n=1518)
Records eligible for full-text review Full-text recorded not available Records eligible for full-text review Full-text record not available
(n=472) ? (h=0) (h=0) >
Records included in full-text review Records excluded (n = 134): Records included in full-text review Records excluded
(n=472) > +  Beyond PBM scope (n = 88) (n=0) >
. No ML/DL model used or
developed (n = 24)
. Outcomes not separated for
transfusion/bleeding/anemia (n = 9)
. Methodological/reporting
limits (n = 6)
. Not in real patient data (n = 7)

Records included in this review
(n=338)

Figure 1. PRISMA flow diagram of study selection. Of 3681 records identified, 1990 were screened
after duplicates were removed, and 338 studies met the inclusion criteria.

2.5. Risk of Bias

No single risk-of-bias tool was applied due to the heterogeneity of the models, out-
comes, and validation strategies. Instead, two reviewers qualitatively assessed common
risks in prediction modeling: small sample size, class imbalance, data leakage, handling of
missing data, validation rigor, and adequacy of performance evaluation. Disagreements
were resolved through consensus or by a third reviewer.

2.6. Synthesis

As part of this systematic review, we conducted a structured narrative synthesis due
to substantial clinical and methodological heterogeneity across studies. Included studies
were grouped by PBM domain: anemia detection or prediction, bleeding risk, transfusion
prediction and decision support, transfusion safety, and blood bank operations. Within
each domain, we summarized the study setting, data modality, model type, validation
approach (internal, external, or temporal), and performance. When multiple models were
tested on the same dataset, the most rigorously validated or best-performing model was
prioritized to avoid redundancy. Calibration findings and explainability techniques were
reported when available. Statistical summaries were performed using IBM SPSS Statistics,
version 30.0 (IBM Corp., Armonk, NY, USA).

All 338 included studies are listed with full citation details in Supplementary
Tables S1-54. To maintain clarity and conciseness in the main text, only representative or
flagship studies discussed in Section 3 are included in the reference list. A complete list
of studies excluded at the full-text screening stage, along with reasons for exclusion, is
provided in Supplementary Table S5.
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3. Results: AI Applications in PBM

Al has been applied across the full spectrum of PBM, targeting both clinical decision-
making and operational optimization. The studies reviewed here illustrate applications
aligned with the three classical PBM pillars—optimizing red cell mass, minimizing blood
loss and bleeding, and harnessing tolerance of anemia—as well as transfusion safety and
blood bank operations. Evidence is organized into five domains: (i) anemia detection and
prediction, where Al supports early diagnosis and proactive management; (ii) bleeding
prediction, encompassing high-risk settings such as cardiology, gastroenterology, and
critical care; (iii) prediction of transfusion requirements, including perioperative and ICU
contexts; (iv) decision support and transfusion safety, where Al augments or surpasses
clinical scores and enhances laboratory compatibility testing; and (v) blood bank operations
and resource optimization, where Al improves demand forecasting, inventory management,
and waste reduction. This structure reflects both the clinical and operational aspects of PBM,
underscoring Al’s potential to improve patient outcomes while promoting sustainability in
blood product use.

3.1. Anemia Detection and Prediction

Al has been increasingly applied to anemia detection and prediction using imaging,
physiological signals, laboratory data, and multimodal approaches. DL applied to ocular
and facial images achieved strong non-invasive performance. In a dataset of >5800 retinal
images, InceptionV3 achieved 98% accuracy and an AUC (area under the curve) of 0.98
for anemia detection, with a mean absolute error (MAE) of 0.58 g/dL for hemoglobin
(Hb) estimation, validated in an external cohort [16]. Stacked ensemble models trained on
palmar or conjunctival images reported near-perfect discrimination, with AUCs ranging
from 0.97 to 1.0 and accuracies close to 100% [17,18]. Similarly, CNNs applied to palmar,
fingernail, and conjunctival images consistently achieved excellent results, with reported
accuracies above 97% and AUCs up to 0.999 [19].

Signal- and physiology-based approaches have expanded the scope of non-invasive
anemia assessment. CNNs trained on electrocardiogram features from nearly 40,000 pa-
tients achieved AUCs of 0.92 internally and 0.90 externally, outperforming LR [20]. Nailbed
optical spectra analyzed with ANN correlated strongly with laboratory Hb (r = 0.987) [21].
Fingertip video-based CNNs and fusion models also showed promise: the best Fusion-1
model achieved an RMSE (root mean square error) of 0.63 and an MSE (mean square error)
of 0.61, with sensitivity of 0.97 and specificity of 0.68 [22]. A multimodal CNN fusion
model integrating fingertip video signals achieved accuracy of 98.4% and an AUC of 0.988,
demonstrating excellent discriminatory ability in anemia detection [23].

Multimodal models have demonstrated added value for early prediction; in the UK
Biobank, combining fundus images with demographic metadata improved discrimination
compared with metadata alone (AUC 0.88 vs. 0.74) [24]. Recurrent neural networks (RNN)
trained on laboratory time-series predicted iron deficiency anemia (IDA) up to six months
before conventional diagnosis, with GRUs achieving an AUC of 0.89 [25]. In dialysis
populations, GRU and LSTM models forecasted Hb trajectories with MAEs of 0.5-0.7 g/dL,
values comparable to routine laboratory variability, supporting their potential role in
proactive erythropoiesis-stimulating agent titration [26,27].

Al has also been applied to hematologic conditions with direct implications for PBM.
Differentiating IDA from thalassemia is clinically critical, as the two require distinct man-
agement strategies. SVM and XGB (XGBoost, Extreme Gradient Boosting) models achieved
AUC:s of 0.88-0.96 and consistently outperformed classical discriminant formulas [28-30].
RF and CNN models achieved AUCs around 0.95, with one study reporting a 60% reduction
in unnecessary genetic testing [31,32]. For sickle cell disease, CNN and SVM classifiers
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achieved accuracies ranging from ~90% to >95% using blood smears, digital scans, and
microfluidic imaging [33-35].

3.2. Bleeding Prediction

In cardiology, Al models trained on national PCI (percutaneous coronary intervention)
registries have consistently outperformed established clinical scores. In a dataset of more
than 3.3 million PCI procedures, XGB improved bleeding prediction compared with the
NCDR risk model (C-statistic 0.82 vs. 0.78) [36]. Validation in over 100,000 PCI cases
confirmed superior performance, with AUCs of 0.887 for bleeding and 0.917 for transfusion,
both exceeding LR [37]. Another large-scale study demonstrated that an Al-based bleeding
risk model achieved an AUC of 0.873, outperforming the ACC-BR score [38]. Collectively,
these findings highlight Al's ability to enhance peri-procedural bleeding risk stratification
in interventional cardiology.

In gastroenterology, Al methods have consistently outperformed guideline-based
scores and expert assessment. Gradient boosting models predicted variceal bleeding
in cirrhosis with AUCs of 0.94 in internal and 0.86 in external validation, surpassing
endoscopic classification [39]. A multimodal stacking ensemble achieved an external
AUC of 0.975, outperforming MELD and Child-Pugh scores [40]. DL applied to endo-
scopic images alone reached an external accuracy of 0.893, exceeding the performance of
experienced endoscopists [41].

In critical care and surgery, DL models have been evaluated for bleeding surveil-
lance and perioperative risk assessment. GRU-based RNN predicted ICU bleeding risk
in patients on antithrombotic therapy more accurately and more rapidly than clinicians
(AUC 0.83) [42]. In cardiothoracic surgery, analysis of more than 660,000 cases showed that
NN achieved an AUC of 0.97 for postoperative bleeding [43]. Additional ML studies in
ICU and surgical populations have further confirmed robust predictive performance in
high-risk perioperative contexts [44].

Across multiple surgical specialties, ensemble methods have further demonstrated
strong generalizability. In a dataset of 48,543 perioperative cases, Light Gradient Boost-
ing Machine (LightGBM) models achieved an AUC of 0.933 for intraoperative bleeding,
validated externally [45]. These findings underscore the ability of Al to generalize across
heterogeneous surgical populations, supporting hospital-wide PBM strategies for perioper-
ative bleeding risk prediction.

3.3. Prediction of Transfusion Requirements

In surgical populations, ensemble methods such as GB and LGBM consistently outper-
formed LR and established transfusion scores, achieving strong discrimination in very large
datasets. In a study of over four million surgeries, GB reduced unnecessary type-and-screen
orders by one-third, translating into measurable cost savings, while LGBM achieved an
AUC of 0.93 in more than 100,000 procedures with external validation [46,47].

In intraoperative settings, DL has enabled real-time prediction of massive transfusion.
Recurrent architectures such as GRUs anticipated transfusion needs up to ten minutes
in advance, maintaining AUCs above 0.94 across both internal and external validation
cohorts. These models demonstrate the feasibility of integrating streaming physiological
and laboratory data into perioperative decision support [48,49].

In critical care, ML ensembles have been used to support transfusion decisions for
patients with gastrointestinal bleeding. By combining LR with RF, these models achieved
high sensitivity and strong performance across external validation cohorts of more than
4000 patients, reinforcing their potential for deployment in acute care settings [50].
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3.4. Decision Support and Transfusion Safety

Al-based decision support systems have demonstrated superiority to traditional risk
scores in transfusion-related decision-making. In upper gastrointestinal bleeding, XGB
models achieved AUCs of around 0.90 and significantly outperformed established clinical
tools such as Rockall, AIMS65, and the Glasgow Blatchford Score, with consistent perfor-
mance after external validation. These findings suggest that Al can provide more accurate
triage and intervention support than guideline-based scoring systems [51].

Causal inference methods using ML have also been applied to evaluate transfusion
strategies and donor characteristics. Targeted maximum likelihood estimation and Su-
perLearner ensembles provided insights into differential risks associated with restrictive
versus liberal transfusion strategies in acute myocardial infarction, the impact of donor sex
on recipient outcomes, and the role of plasma-to-RBC ratios in trauma resuscitation. These
applications highlight AI's potential not only for prediction but also for estimating causal
effects, thereby informing transfusion policy and clinical practice [52-54].

In transfusion safety, Al has been applied to genomic, phenotypic, and imaging data.
RF and XGB models predicted blood group antigens in over 110,000 donors with near-
perfect accuracy, substantially improving precision in donor—recipient matching. DL ap-
proaches enhanced RH genotyping concordance, while CNN ensembles automated Coombs
test interpretation with >99% accuracy, surpassing expert immunologists. These advances
demonstrate the feasibility of embedding Al into laboratory workflows to strengthen
compatibility testing and reduce adverse events [55-57].

3.5. Blood Bank Operations and Resource Optimization

Al models have been increasingly applied to blood bank operations, where efficient
demand forecasting and inventory management are central to PBM. GB and ensemble meth-
ods trained on large surgical datasets improved transfusion risk prediction and reduced
unnecessary testing. In a study of more than four million procedures, gradient boosting
reduced type-and-screen orders by one-third, generating substantial cost savings [46]. Sim-
ilarly, in over 100,000 surgeries, LGBM achieved an AUC of 0.93 with external validation,
supporting the generalizability of such models [47].

Time-series approaches have also shown strong performance in blood inventory man-
agement. A hybrid model combining seasonal trend decomposition with XGB reduced red
cell inventory by 38%, eliminated urgent orders, and lowered costs by 43% [58]. For platelet
demand, LSTM models tailored to hematology/oncology patients achieved high accuracy
(AUC 0.98), supporting early identification of shortages in vulnerable populations [59].
Ensemble learning has also proven effective for daily RBC demand forecasting, improving
alignment with actual usage and reducing supply chain risk [60].

Al has also been applied to identify inefficiencies and minimize wastage in blood
product supply chains. Association rule mining and RNN uncovered drivers of product
disposal and returns, offering actionable insights for optimizing blood product utilization.
These studies illustrate Al’s role not only in predictive modeling but also in uncovering
hidden patterns that inform stewardship and sustainability in blood banking [61,62].

3.6. Comparative Distribution of Model Performance

The distribution of reported model performance is summarized in Figure 2, using
boxplots of AUC values stratified by model category (ML, DL, and hybrid). To avoid
redundancy, only the best-performing model from each study was extracted. Thus, the
plots reflect the upper performance bound for each domain rather than the full range of
algorithms tested.
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Figure 2. Comparative boxplots of best-performing AUC values for ML, DL, and hybrid models
across domains: (A) anemia; (B) bleeding; (C) transfusion; (D) other fields; (E) overall comparison
of anemia, bleeding, and transfusion; (F) overall comparison of all domains. Boxes represent the
interquartile range, the line inside the box shows the median, and circles denote outliers. An asterisk
(*) marks the model category with the highest median AUC.

In anemia detection and treatment, both ML (n = 50) and DL (n = 48) models were
frequently applied, while hybrid approaches were less common (n = 16). DL and hybrid
models consistently achieved higher AUCs, clustering near or above 0.95 with narrow
interquartile ranges, while ML model showed greater dispersion. These findings align with
the strong results of image-based DL architectures and ensemble methods highlighted in
Supplementary Table S1.

In bleeding prediction, ML approaches were most common (n = 81), compared with DL
(n =20) and hybrid (n = 16). The distributions were more heterogeneous: ML performance
displayed a wider spread and included several lower outliers (AUC < 0.80), while DL and
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hybrid models demonstrated higher medians and reduced variability, consistent with their
role in perioperative and interventional risk prediction (Supplementary Table S2).

In transfusion prediction, ML again predominated (n = 62), compared with DL (n = 18)
and hybrid (n = 2). DL models dominated among the top performers, while only a
single hybrid model reached best-in-class status. ML models exhibited greater variability,
suggesting performance was highly dependent on dataset quality and feature selection
(Supplementary Table S3).

In the other fields category, which included transfusion safety and blood bank opera-
tions, the total number of models was limited (ML: 13; DL: 9; hybrid: 5). Here, no hybrid
model was identified as the best performer. Both ML and DL achieved competitive AUCs,
though variability was greater than in the anemia domain (Supplementary Table 54).

When aggregating across domains, the overall comparison plots confirmed these
trends (Figure 2E,F). DL and hybrid models generally displayed higher central tendencies,
while ML results covered a broader range, reflecting both their greater representation in
the literature and their sensitivity to dataset heterogeneity. These findings emphasize
that, across PBM domains, DL and hybrid approaches more often reached the highest
performance levels, particularly in image-rich and multimodal tasks. At the same time,
the imbalance in model counts—with ML overwhelmingly more common in bleeding and
transfusion—helps explain the wider variability observed for ML in the boxplots. Trends
in the publication of ML, DL, and hybrid PBM studies over time are shown in Figure 3.

A. New Studies by Model Type
—_ ML
300 — DL
— Hybrid
2501
$ 200
L
2
(2]
2 150
[
=2
100
50
0 -
2000 2005 2010 2015 2020 2025
Year
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[
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S 400¢r
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O .
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Figure 3. Trends in studies applying ML, DL, and hybrid models over time: (A) new studies per
year by model type (1998-2025); (B) cumulative number of studies by model type (1998-2025). ML
dominates in absolute numbers, while DL and hybrid show accelerated growth in recent years. Note:
2025 data include publications up to March only.
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Overall, Al applications in PBM have demonstrated robust potential across clinical
and operational domains. From early anemia detection and bleeding risk stratification
to real-time transfusion forecasting, decision support, and blood bank optimization, Al
models frequently outperformed LR, clinical scores, and even expert judgment in selected
settings. Large-scale studies with external validation highlight the translational promise of
these approaches, while real-time and multimodal models illustrate the feasibility of inte-
gration into perioperative and critical care workflows. At the same time, evidence remains
heterogeneous, with variable study quality, limited calibration reporting, and a paucity of
prospective validations. These findings underscore the need for critical appraisal of current
evidence, careful consideration of limitations, and identification of future directions, which
are addressed in the following section.

4. Discussion and Future Directions

This review highlights both the progress and the limitations of Al applications in PBM.
Most Al models included in this review were trained and validated exclusively on retro-
spective datasets. While such datasets allow scalable model development, retrospective
designs introduce risk of bias, unmeasured confounding, and potential data leakage. As
a result, high retrospective performance cannot be assumed to translate into real-world
clinical benefit. To determine true utility and safety, future work must incorporate prospec-
tive, real-world evaluations—such as silent-mode deployment within EHR or pragmatic
clinical trials—to assess how Al models behave in everyday PBM workflows. A further
challenge relates to generalizability. Several high-performing AI models were developed
using national or multinational datasets, yet such models may not perform equivalently
when applied to smaller or demographically distinct institutions. Differences in laboratory
methods, transfusion practices, case mix, and disease prevalence can significantly reduce
model accuracy when transferred to local contexts. Therefore, external validation alone
is insufficient; local calibration, transfer learning, or domain adaptation may be required
before these models can be safely implemented in smaller centers. It is also important
to emphasize that Al should not be regarded as a universal replacement for traditional
statistical modeling. In settings characterized by limited sample size, low event prevalence,
or restricted access to robust data infrastructures, classical approaches—such as logistic
regression or guideline-based clinical scores—may remain more reliable, interpretable,
and clinically appropriate. In such environments, Al may serve as a complementary tool
rather than a primary decision support modality. Across domains, AI models frequently
outperformed LR and established clinical scores when direct comparisons were performed.
In interventional cardiology, XGB improved bleeding risk stratification in more than 3.3 mil-
lion PCI procedures and outperformed the NCDR model [36], while Hamilton et al. [37]
confirmed these findings in over 100,000 PCI cases with external validation. In upper
gastrointestinal bleeding, XGB surpassed Rockall, AIMS65, and the Glasgow Blatchford
Score [51]. In internal medicine, ML achieved superior discrimination compared with
RIETE and VTE-BLEED scores in anticoagulated patients [63,64]. Large-scale studies with
external validation further demonstrated generalizability, including transfusion prediction
across more than 100,000 surgeries [47], perioperative bleeding in 48,543 procedures [45],
and postoperative bleeding in over 660,000 cardiothoracic cases [43].

Several studies extended beyond prediction to address causal inference and transfu-
sion safety. Portela et al. [54] and Nguyen et al. [53] applied targeted learning to evaluate
restrictive versus liberal transfusion strategies and plasma-to-RBC ratios in trauma, while
Hyvérinen et al. [56] and Chang et al. [55] used ML and DL for precise antigen prediction
and RH genotyping, enhancing transfusion safety. Operational studies showed measur-
able system-level benefits: Lou et al. [46] demonstrated that GB reduced type-and-screen
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orders by 33% across more than four million procedures, and Li et al. [58] reported that
XGB-based forecasting cut RBC inventory by 38% and costs by 43%. Collectively, these
findings underscore Al's ability to deliver both clinical and operational gains, reinforcing
its potential to transform PBM practice.

The comparative boxplots provide an integrated view of model performance across
PBM domains. By restricting the analysis to the best-performing model from each
study, the figures illustrate the upper bound of achievable AUC. In anemia detection,
DL models—tested in nearly equal numbers to ML—consistently clustered above 0.95,
confirming their robustness in image-rich tasks. In bleeding prediction, the predominance
of ML studies explains the wider variability observed, while DL and hybrid approaches
reached higher and more stable medians. In transfusion prediction, DL again outperformed
ML, with only a single hybrid model achieving best performer status. For other fields,
where study numbers were modest, no hybrid model was the top performer. Taken to-
gether, these distributions show that DL and hybrid methods more often achieved the
highest and most consistent AUCs, whereas ML displayed broader variability, reflecting
both methodological diversity and their numerical predominance across domains. This
predominance of ML, despite higher AUCs reported for DL and hybrid in some domains,
likely reflects its simplicity, lower computational requirements, and greater interpretability.
In addition, ML approaches were introduced earlier in PBM research, leading to a larger
accumulated body of studies compared with newer DL and hybrid methods.

Despite these advances, several limitations were consistently observed. Many models
were developed on relatively small datasets or highly imbalanced case—control groups,
limiting generalizability. Examples include anemia detection in a rare cohort [65,66] and
bleeding prediction in orthopedics, where only 293 bleeding cases were reported among
>35,000 procedures [67]. Postpartum hemorrhage studies also often involved <2% preva-
lence, reducing model stability. Larger, multicenter datasets are needed to ensure represen-
tativeness, particularly for low-prevalence outcomes.

Validation strategies also limited confidence in many studies. A large proportion relied
solely on internal hold-out or k-fold cross-validation [17-19]. While these methods miti-
gate overfitting, they cannot replace independent testing. Stronger designs incorporated
external validation, such as Khan et al. [16] for retinal imaging in anemia, Shi et al. [45] for
perioperative bleeding, Zapf et al. [47] for transfusion forecasting, and Abbasi et al. [43]
for cardiothoracic bleeding. Systematic external and temporal validation should become
standard practice.

Benchmarking was also inconsistent. Several models were reported without compari-
son to LR or established clinical tools, limiting interpretability. Where such comparisons
were made, Al consistently outperformed conventional approaches. Notable examples
include Mortazavi et al. [36] and Hamilton et al. [37] against NCDR scores, Shung et al. [51]
against Rockall and AIMS65, and Mora et al. [63] against RIETE and VTE-BLEED. En-
suring consistent benchmarking against LR and specialty-specific tools will be crucial for
clinician confidence.

Performance reporting was heterogeneous. Some studies reported only accuracy,
which can be misleading in imbalanced datasets, while others provided AUC, sensitivity,
specificity, or Fl-score. Calibration, essential for clinical adoption, was rarely assessed;
few studies reported Brier scores. Adoption of transparent reporting of a multivariable
prediction model for individual prognosis or diagnosis/Al and the prediction model risk-of-
bias assessment tool/ Al reporting standards will improve transparency and comparability.

Almost all studies were retrospective. Only a few incorporated prospective validations,
such as Mora et al. [63] in anticoagulated patients and Almeida et al. [66] in cytomorphology.
Furthermore, most papers stopped at model development and did not explore integration
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into workflows, EHR, or transfusion services. Prospective, pragmatic trials and pilot
implementations are urgently needed to demonstrate real-world utility, workflow feasibility,
and clinician acceptance.

Explainability was another recurring gap. DL models applied to imaging and time-
series data often lacked interpretable outputs. Few applied SHapley Additive exPlanations
or Local Interpretable Model-agnostic Explanations to identify drivers of predictions. For
PBM, where decisions carry immediate transfusion consequences, explainability is critical
for clinician trust and regulatory approval.

Taken together, these limitations highlight both the promise and immaturity of Al
in PBM. Addressing them will require larger, more representative datasets, systematic
external and prospective validation, consistent benchmarking against established tools, and
greater emphasis on explainability and workflow integration. Future research should also
explore multimodal and federated learning to improve generalizability while preserving
data privacy, and cost-effectiveness analyses to establish system-level value. By advancing
along these lines, Al can evolve from proof-of-concept models into clinically embedded
tools that enhance safety, efficiency, and sustainability in PBM.

5. Limitations of This Review and Conclusions

This review has several limitations that should be acknowledged. Although we
conducted comprehensive searches in PubMed, Scopus, and Web of Science, relevant
studies indexed elsewhere or unpublished work may have been missed, introducing
potential publication bias. Only studies published in English, Portuguese, and Spanish were
included, which may have excluded evidence in other languages. While we systematically
extracted study characteristics and performance metrics, heterogeneity in reporting limited
direct comparisons across studies. For example, some reported only accuracy, while others
provided AUC, sensitivity, specificity, or calibration metrics, precluding formal meta-
analysis or pooled synthesis. In addition, our scope was limited to studies that explicitly
reported Al applications in PBM; related work in adjacent domains may not have been
captured. Finally, although we applied structured search and screening methods, this was
not a formal systematic review, and risk-of-bias assessments were conducted qualitatively
rather than with standardized scoring tools. Although Al demonstrates a consistently
strong retrospective performance across PBM domains, the absence of prospective clinical
validation remains a critical limitation. Most models have not yet been assessed in real-time
clinical settings, and their performance in smaller or heterogeneous local cohorts is largely
unknown. These gaps restrict the immediate translational impact of current Al applications
in PBM and highlight the need for multicenter, prospective, and workflow-integrated
evaluations before clinical adoption.

Despite these limitations, this review provides the most comprehensive and up-to-
date synthesis of Al applications in PBM to date. Across anemia detection, bleeding risk
stratification, transfusion forecasting, decision support, and blood bank operations, Al
models frequently outperformed LR, established clinical scores, and even expert judgment.
Large-scale studies with external validation demonstrated strong generalizability, and
several reports showed tangible system-level benefits such as reduced type-and-screen
orders, lower inventory requirements, and cost savings. At the same time, current evidence
remains heterogeneous, limited by small or imbalanced datasets, inconsistent validation,
and scarce prospective evaluation. Future research should prioritize multicenter and
prospective studies, standardized reporting, explainability, and integration into clinical
workflows. By addressing these challenges, Al has the potential to transform PBM into
a more precise, efficient, and sustainable practice, improving both patient outcomes and
resource stewardship.
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