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Red blood cell transfusions are essential in perioperative care but are frequently 
overutilized, increasing costs and exposing patients to unnecessary harm. 
Traditional transfusion risk scores lack the precision needed for personalized care, 
often not accounting for the complexity of patient-specific variables. Machine 
learning (ML) has emerged as a promising tool to improve the accuracy of 
transfusion risk prediction by analyzing large, complex datasets and identifying 
non-linear relationships among clinical factors. A comprehensive review of 
published ML-based transfusion prediction models was conducted, focusing on 
surgical applications in cardiac, orthopedic, and general procedures. Studies were 
analyzed based on algorithm type, performance metrics, input variables, and 
model transparency. Implementation challenges, including data quality, clinical 
acceptance, and infrastructure limitations, were also examined. ML enables more 
accurate, individualized prediction of perioperative transfusion needs. ML models 
outperformed traditional methods in predictive accuracy, particularly those built 
using large data sets and ensemble techniques such as gradient boosting. Simpler 
models like logistic regression performed well with smaller datasets. Barriers to 
implementation included fragmented electronic health records, variability in data 
standardization, and limited external validation. The “black-box” nature of some 
ML algorithms poses additional implementation challenges for providers including 
trust and adoption. For successful clinical integration, models must be transparent, 
validated across diverse populations, and supported by standardized, high-quality 
data. ML-based transfusion prediction models improve blood utilization and 
enhance surgical outcomes. 
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Introduction 
Transfusion services in a hospital aim to 
provide an adequate blood product supply to 
patients. Maintaining a healthy inventory of 
blood products is a critical responsibility, 
ensuring their availability and prompt delivery 
to patients in need.1 However, despite their 
life-saving potential, blood products are often 
used unnecessarily. While generally safe, 
blood transfusions carry inherent risks to 
patient health and contribute to increased 
costs for both patients and healthcare 
institutions.1,2 To mitigate unnecessary trans-
fusions, hospitals have implemented various 
strategies, such as restrictive transfusion 
guidelines, aiming to optimize blood utilization 
and ensure that only patients with clinical 
necessities receive transfusions. 

While unexpected bleeding situations can 
arise, pre-planned surgeries offer an oppor-
tunity to anticipate and manage transfusion 
needs. Accurate prediction of transfusion req-
uirements in surgical patients is essential for 
effective resource allocation and planning.3 
Traditionally, clinicians rely on preoperative 
hemoglobin (HgB) levels, surgical risk factors, 
and clinical judgment to guide transfusion 
decisions.4,5 However, these methods are not 
always dependable, as human error and prac-
tice variability can lead to inconsistencies. 
Additionally, even when transfusion guidelines 
are unmet, clinicians may still request blood 
products preemptively as a precaution, result-
ing in unnecessary reservations and potential 
waste of resources.5,6 Addressing these chall-
enges requires more precise and data-driven 
approaches to improve transfusion practices in 
the surgical setting. 

Machine Learning (ML), a branch of 
artificial intelligence (AI), offers a promising 
solution by using electronic health data to find 
patterns and accurately predict transfusion 
needs.4,7,8,9 By analyzing clinical and demo-
graphic factors, ML algorithms can assist clin-
icians in making data-driven, patient-specific 
decisions regarding blood product utilization. 
As healthcare continues to embrace digital 

transformation, integrating ML into perio-
perative transfusion practices has the poten-
tial to enhance decision-making, reduce un-
necessary blood use, and improve patient care. 
ML algorithms accurately predict transfusion 
needs for surgical procedures, leading to imp-
roved blood utilization and patient outcomes. 

 

Background 
Blood transfusions are a lifesaving procedure 
made possible through voluntary blood don-
ations.1 Maintaining an adequate blood pro-
duct inventory is a critical responsibility of 
transfusion services, ensuring prompt availa-
bility. However, while transfusions are essen-
tial in many clinical scenarios, their use must 
be evaluated to prevent unnecessary adm-
inistration and associated risks. Over the past 
few decades, organizations like the World 
Health Organization (WHO) and Association for 
the Advancement of Blood & Biotherapies 
(AABB), have emphasized the use of patient 
blood management (PBM) programs to 
optimize transfusion practices and reduce 
inappropriate use of blood products.10,11 

Although they are generally safe, un-
necessary transfusions pose significant health 
risks to patients. Patients receiving un-
warranted transfusions are exposed to poten-
tial adverse effects, including transfusion 
reactions, transfusion-associated circulatory 
overload, and alloimmunization.10 Addition-
ally, inappropriate transfusions have been 
associated with prolonged hospital stays, inc-
reased healthcare costs, and resource wast-
age. A study evaluating transfusion appropri-
ateness in 15 hospitals found that nearly 50% 
of transfusions were deemed unnecessary.2 
Despite national and institutional efforts to 
implement restrictive transfusion strategies, 
unexplained variations in transfusion practices 
remain, particularly in noncardiac surgeries.12 
The persistence of inappropriate transfusions 
raises questions about the effectiveness of 
guidelines, clinician adherence, and potential 
gaps in transfusion education. Addressing 
these challenges is essential to ensuring both 
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optimal patient outcomes and the efficient use 
of a limited resource. 

Predicting the need for transfusion in the 
perioperative setting is essential for effective 
blood inventory management.3,12 Hospital 
transfusion services allocate substantial resou-
rces to managing surgical transfusions, incl-
uding testing, preparation, and distribution of 
blood products. Each unit of blood transfused 
during surgery requires approximately 30 min-
utes of preparation by a medical laboratory 
professional.3 Preoperative evaluation of surgi-
cal patients enables the identification of 
transfusion risk factors, allowing clinicians to 
optimize management strategies before surg-
ery or arrange for blood product availability.  

Early identification of patients at substan-
tial risk for transfusion facilitates prompt int-
erventions, such as anemia management, and 
enables the use of autotransfusion techniques, 
such as cell salvage, in eligible patients.3 Fur-
thermore, restricting blood product prepara-
tion to those patients with actual need prev-
ents unnecessary sequestration of units from 
the blood supply inventory. However, despite 
perioperative transfusion guidelines, studies 
suggest that risk assessment tools and ordering 
practices are inefficient in accurately predi-
cting transfusion needs.6,12,13 This inefficiency 
underscores the need for improved predictive 
models that integrate patient-specific vari-
ables, surgical factors, and laboratory data to 
enhance decision-making and reduce unneces-
sary transfusions. 

 

Guidelines for transfusion 
Effective surgical preparation is critical for 
ensuring patient safety and optimizing clinical 
outcomes. Before surgery, the surgical team 
evaluates the patient’s clinical status, inclu-
ding laboratory results, to confirm readiness 
for the procedure. Blood management in the 
perioperative setting is guided by HgB thresho-
lds and transfusion risk scores, which vary 
based on the type of surgery.4,14 Transfusion 
guidelines recommend a HgB threshold of 8 
g/dL for patients undergoing cardiac or ortho-

pedic surgery, as well as those with pre-exis-
ting cardiovascular conditions.15 However, ma-
king the right decisions about blood product 
use is complex, and transfusion should not be 
solely based on laboratory values.  

Transfusion risk scores can help predict 
perioperative blood requirements for different 
surgical procedures. One widely used tool is 
the Maximum Surgical Blood Ordering Schedule 
(MSBOS).16 This system estimates the historical 
RBC transfusion rates for specific procedures 
based on Current Procedural Terminology 
(CPT) codes, providing an average transfusion 
requirement per surgery. Institutions typically 
set a threshold—often at 5%—to determine 
whether a type and screen (T&S) test is 
necessary.17 If the historical transfusion rate 
for a procedure exceeds the threshold, a 
preoperative T&S is recommended. Convers-
ely, if the likelihood of transfusion is below 5%, 
routine T&S may not be needed unless specific 
risk factors exist, such as a positive antibody 
screen or the use of anticoagulants and 
antiplatelet agents. 17 

Implementing the MSBOS has proven effi-
cient in reducing the amount of blood product 
orders.6 However, one limitation is that these 
calculations are not frequently updated and do 
not account for variability in provider-specific 
or patient-specific characteristics.17,18 Surgical 
techniques vary among providers, affecting 
transfusion needs, making it essential to incur-
porate individual provider transfusion history 
into preoperative evaluations. Additionally, 
adherence to MSBOS recommendations rem-
ains low, as some clinicians override the syst-
em, relying instead on personal judgment to 
ensure blood availability.17,19 

The provider’s intuition and clinical 
experience significantly influence perioper-
ative blood product ordering.19-21 Studies 
reveal inconsistencies in transfusion practices 
for adult surgical patients, suggesting that de-
cision-making extends beyond objective clini-
cal data. Factors such as the providers’ train-
ing, past experiences, and clinical intuition 
contribute to transfusion decisions.22 Research 

 82 



International Journal of Biomedical Laboratory Science (IJBLS) 2025 Vol.14 No.2: 80 - 94 

shows that provider judgment can independ-
ently predict surgical outcomes, highlighting 
the complex interplay between standardized 
guidelines and individualized clinical assess-
ment. 

Although transfusion risk scores and clinical 
guidelines provide a structured framework, 
they allow room for provider discretion.15 A 
key metric for evaluating transfusion ordering 
practices is the crossmatch-to-transfusion 
(C/T) ratio.10 A high C/T ratio — where cross-
matched RBC units stay unused — suggests 
over-ordering of blood products in the perio-
perative setting. When surveyed, surgeons 
with high C/T ratios cited concerns about 
delays in blood availability from transfusion 
services as a primary reason for ordering blood 
in advance as a precautionary measure.13 

Traditional statistical models underpin 
many of these transfusion decision tools, but 
they come with limitations. These models 
require strict assumptions, such as linear 
relationships between variables, which may 
not always align with real-world clinical 
conditions. Traditional regression analyses 
evaluate predictors independently or within 
predefined subsets based on prior knowledge, 
often overlooking interactive effects between 
variables.23 This can lead to the omission of 
significant predictors, reducing the model’s 
accuracy and effectiveness in transfusion 
decision-making. Advancements in ML and 
data-driven approaches may offer improved 
predictive models that better reflect the 
complexity of perioperative transfusion needs. 

 

Considerations for cardiac surgeries 
Cardiac surgeries account for a considerable 
proportion of RBC use in transfusion services 
due to their invasive nature, high-dose 
anticoagulation, and exposure to cardiopul-
monary bypass.24,25 The need for RBC trans-
fusion in cardiac procedures varies widely, 
with approximately 15% of patients requiring 
large volumes of blood, while more than half 
do not require transfusion at all. This high-risk 
subset represents 80% of all blood products 
used in cardiac surgery, underscoring the 
importance of accurately predicting not just 

transfusion likelihood but also the number of 
RBC units required.25 

 Transfusion risk assessment in cardiac 
surgery involves multiple risk actors and 
patient-specific characteristics. Two widely 
validated tools are the Transfusion Risk 
Understanding Scoring Tool (TRUST) and Trans-
fusion Risk and Clinical Knowledge (TRACK). 
TRACK, developed in Italy, predicts transfusion 
risk based on 5 preoperative factors: age, 
weight, sex, surgical complexity, and preoper-
ative hematocrit (HCT) level.26 TRUST, deve-
loped in Canada, incorporates 8 factors: HgB 
level, body weight, sex, age, emergency 
status, creatinine level, prior cardiac surgery, 
and procedural complexity.27 

A systematic review compared the pred-
ictive values of different transfusion risk pred-
ictive models using c-statistics, or its parallel, 
area under the receiver operating charac-
teristic curve (AUC) values, where 0.5 repre-
sents random chance and 1.0 represents per-
fect prediction.24 Nine different models were 
found in the literature. However, due to poor 
reporting and substantial risk of bias, only 2 
models, TRUST and TRACK were evaluated. 
Both TRUST and TRACK showed moderate pred-
ictive accuracy, with c-statistics of 0.74 and 
0.72, respectively. The models also seemed to 
slightly overestimate the number of patients 
needing a transfusion. Additionally, this syste-
matic review found performance variability of 
the scores among studies, as ordering 
perioperative transfusion is influenced by diff-
erences in adherence to PBM guidelines, popu-
lation characteristics, and provider-driven 
decision-making. 24 

Beyond patient-related variation, recent 
studies highlight increasing provider-related 
discrepancies in RBC ordering, even when risk 
scores are implemented in the institution.21,24 
Given the high frequency of transfusions in 
cardiac surgery, refining predictive tools to 
incorporate detailed patient data, provider-
specific variability, and ML algorithms could 
enhance the accuracy and clinical utility of 
transfusion decision-making. Developing a 
more dynamic and adaptable prediction model 
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could lead to improved transfusion planning 
and better resource utilization. 

 

Considerations for orthopedic surgeries  
Preoperative anemia is a common concern in 
orthopedic patients, particularly due to their 
advanced age, which increases the risk of 
perioperative transfusions.28 Additionally, the 
growing use of oral anticoagulants in the 
elderly population presents further challenges 
in managing blood loss and transfusion needs. 
Given the complexity of care, providers cannot 
rely solely on HgB thresholds when making 
transfusion decisions. 

Total knee arthroplasty (TKA) and total hip 
arthroplasty (THA) rank among the most per-
formed orthopedic surgeries worldwide.29,30 
These procedures can lead to significant blood 
loss, with up to 46% of patients requiring RBC 
transfusions either during or after surgery.29 
Importantly, postoperative blood transfusions 
are linked to extended hospital stays and a 
higher risk of complications related to both 
transfusion and reduced mobility. Orthopedic 
surgeons have adopted measures to mitigate 
transfusion risk, including tranexamic acid 
administration and autotransfusion devices, 
though these strategies introduce their own 
risks and challenges.30 

Given the multifactorial nature of 
transfusion risk in orthopedic surgery, rigid 
guidelines may not always be practical.28 Key 
predictors of transfusion include advanced 
age, low body mass index (BMI), low preop-
erative HgB levels, and the use of surgical 
drains.29 By integrating these factors alongside 
procedure-specific variables, clinicians can 
develop personalized transfusion plans that 
refine blood management, reduce costs, and 
enhance patient safety. Leveraging ML and 
advanced predictive modeling could further 
refine these estimations, enabling more 
efficient perioperative blood utilization. 

 

Machine learning and surgical 
transfusion risk prediction 
Computational technology and electronic data 
are transforming healthcare.4,7,8 Artificial 
intelligence (AI) is a broad field encompassing 

machines capable of making decisions and 
performing complex, human-like tasks. Within 
AI, pattern recognition from large and complex 
datasets is being increasingly applied in the 
healthcare field. 

Machine learning (ML), a subset of AI, 
enables systems to learn from data in a manner 
similar to human learning, improving perfor-
mance over time.4,7,8 There are 3 types of ML 
algorithms: supervised learning, unsupervised 
learning, and reinforcement learning. Super-
vised ML, a statistical method widely used for 
predictive modeling, employs algorithms to 
classify data and perform regression analysis. 
These models are trained using historical 
electronic health records, finding patterns in 
patient characteristics and procedural details 
to make accurate predictions for future cases. 

In the context of transfusion risk prediction 
for surgical patients, ML models analyze years 
of surgical data, incorporating procedure 
characteristics, patient demographics, labora-
tory results, surgeon-specific factors, and 
historical blood product usage.4 The type and 
amount of data is unlimited. In fact, the lear-
ning process of ML benefits from vast amounts 
of data to perform a more accurate prediction, 
as long as the data is well organized and 
defined.4,8,9,31 By leveraging institutional data, 
ML algorithms can uncover novel patterns and 
associations, enabling tailored risk assess-
ments.  

The most effective ML techniques used for 
transfusion risk prediction are supervised 
regression models, including single logistic 
regression (LR) algorithms, Gaussian pro-
cesses, and decision trees, or ensemble meth-
ods, such as gradient boosting (GB) and random 
forest.4,8 These supervised ensemble methods 
use a combination of different ML algorithms 
to enhance prediction accuracy when a large 
amount of data is used. While the models differ 
in their mathematical approaches and 
simplicity, they share the fundamental ability 
to recognize complex patterns within data. 

A primary challenge of ML models is their 
interpretability. Many advanced models func-
tion as "black boxes," making it difficult to 
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understand the reasoning behind their 
predictions. However, ML's main value relies on 
its ability to analyze extensive datasets for the 
identification of transfusion trends linked to 
individual surgeons, surgical techniques, and 
institutional blood utilization patterns. 
Published ML models have shown high pred-
ictive accuracy, as measured by AUC, c-stati-
stics, and other performance metrics (Tables 
1, 2, and 3). To upset the lack of transparency, 
ML model developers work on creating 
programs to explain the ML prediction. Trans-
parency is a valuable asset to help providers 
trust the ML models. 

Most of the published ML models are 
tailored to orthopedics and cardiac surgeries 
due to the high incidence of blood transfusions 
during these procedures and their unique 
patients’ characteristics. Few models have 
been developed and validated for broader 
surgical applications (Table 1). Lou et al. 
created and published S-PATH, a GB ML model 
trained with data from years of elective 
surgical encounters from multiple hospitals 
across the United States.14 S-PATH innovation 
incorporates patient and surgery-specific 
variables in the building of predictive algo-
rithms. By analyzing a large multi-institutional 
dataset with diverse transfusion practices, S-
PATH translates general procedure-based tra-
nsfusion risks into personalized predictions 
based on patient comorbidities and preoper-
ative laboratory results. The most significant 
variables identified are a high MSBOS and low 
HCT. The model has an outstanding predictive 
performance and is one of the few models that 
has been externally validated.14 

When applied in different hospitals, the S-
PATH model adjusts to local transfusion rates 
while refining risk estimation based on patient-
specific factors. A subsequent external valida-
tion study further assessed the model’s perfor-
mance in a variety of hospital settings.3 While 
incorporating hospital-specific transfusion ra-
tes slightly improved accuracy, model effect-
iveness varies significantly among institutions, 
underscoring the need for local validation 
before implementation. Building on this work, 

other researchers have explored ML 
approaches tailored to specific surgical popu-
lations to enhance predictive performance.32 

Park et al. focused on developing a ML 
classifier to predict intraoperative transfusion 
risk specific for noncardiac surgeries.32 In this 
single center study, the main variables 
identified that influence the need for trans-
fusion are operation time, preoperative HgB 
level, and open surgery. Longer surgeries are 
linked to higher transfusion risks due to 
complexity, complications, and patient fact-
ors. The model accounts for different surgery 
durations and allows surgeons to input exp-
ected longer times for better accuracy. Pre-
operative anemia and open surgery are also 
strong independent risk factors. Other factors 
like prothrombin time, sodium levels, and age 
play a smaller role, but ML enhances predict-
tions by considering multiple variables, even if 
their clinical significance is not fully under-
stood.32 
 

Machine learning models for cardiac 
surgeries 
Several ML models have been developed for 
transfusion risks during cardiac surgery (Table 
2). Wang et al. designed an ML-based model for 
estimating RBC transfusion needs in cardio-
thoracic procedures.33 This model use LR algo-
rithms and demonstrates strong predictive per-
formance for cases involving 0 to 3 RBC units 
transfused but its accuracy diminishes when 
predicting transfusions of 4 or more units. 
Despite this limitation, the model is still valu-
able for blood inventory management, as it 
accurately predicts transfusion requirements 
using only preoperative variables.33 The use of 
preoperative variables in the ML models allows 
for their comparison with traditional risk 
scores in different populations. 

To compare the prediction ability of TRACK 
and TRUST cardiac transfusion risk scores and 
ML algorithms in the Brazilian population, 
Cunha et al. developed an LR-ML model trained 
on local patient data, where age and body 
surface area (BSA) are the top variables 
influencing transfusion needs.18 Despite using a 
smaller dataset than previous studies, the LR-
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Table 1. Published Machine Learning Models for Surgery 

   
Number of cases 

     

Study Characteristics Training Validation Type of 
validation 

Prediction 
accuracy 

Significant 
variables 
found 

Type of 
ML used 

Inter-
pretable 
design 

Lou 
et 
al,14 
2022 
 
 
 

Multicenter. 
722 hospitals in 
US. 
Surgical cases. 
 
 
 
 
 
 
 

2,439,694  16,053 External c-statistic: 
0.938 

- MSBOS* 
- Hematocrit* 
- Platelet 
  count 
- INR 
- PTT 
- Creatinine 
- Sodium 
- Albumin 
- Bilirubin 
- Patient 
  demograph- 
  ics  
- Patient 
  comorbid- 
  ities  

Gradient 
boosting 
machine 

Yes 

Lou 
et 
al,3 

2024 

NA. NA.  1,000,927 External. 
Multicenter. 
414 
hospitals in 
US. 

AUC using 
hospital-
specific 
priors: 
0.9246 
 
AUC using 
NSQIP-
wide 
priors: 
0.9100 

NA. NA. NA. 

Park 
et 
al,32 
2025 

Single center. 
South Korea. 
Noncardiac 
surgery 
patients 

4378 1877 Internal AUC: 
0.836 

- Operation 
  time* 
- Preoperative 
  Hgb* 
- Surgical 
  approach – 
  open 
  surgery* 
- ASA physical 
  status 
- Emergency 
  operation 
- PFT – mild 
  Obstructive 
  panel 
- Preoperative 
  AST, BUN, 
  Creatinine 
- Operation 
  type –  
  stomach 

LR  No 

Abbreviations: MSBOS, Maximum Surgery Blood Ordering Schedule; INR, International Normalized Ratio; PTT, activated 
partial thrombin time; NA, not applicable; AUC, area under the curve; NSQIP, National Surgical Quality Improvement 
Program; Hgb, hemoglobin; ASA, American Society of Anesthesiologists; PFT, pulmonary function test; AST, alanine 
aminotransferase; BUN, blood urea nitrogen; LR, logistic regression. 
*Most meaningful variables. 
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Table 2. Published Machine Learning Models for Cardiac Surgery 

   
Number of cases 

     

Study Characteristics Training Validation Type of 
validation 

Prediction 
accuracy 

Significant 
variables 
found 

Type of 
ML used 

Interpretable 
design 

Wang 
et 
al,33 
2022 
 
 

Single center. 
USA. 
CT surgery  
 
 
 
 
 
 

2,410  437 Internal  AUC: 
0.826 

- ECMO 
initiation 
- ECMO 
  continuous 
- ECMO 
  cannulation 
- Thoracoab 
  Dominal 
  aortic 
  aneurysm 
  repair 
- Barometric 
  Pressure 
  (blood gas 
  analysis) 
- Potassium 
- Ionized 
  calcium 
- Hgb 
- Alb 
- RV >96h 

GPR No 

Cunha 
CBC, 
et 
al,18 
2024 

Single center. 
Brazil. 
Cardiac surgery  

396  99 Internal AUC: 
0.735 

- Age* 
- BSA* 
- Hgb* 
- Gender* 
- Prior cardiac 
  surgery 
- Use of CPB 

LR Yes 

Hur 
et 
al,9 
2024 

Single center. 
Republic of 
Korea. 
Thoracic 
surgery 

6,200 1,643 Internal RMSE: 
3.203 
R2: 0.399 

- MSBOS* 
- Hgb* 
- PT 
- Platelet 
  count 
- Comorbidity 
  (cancer)  
- PTT 
- Comorbidity 
  (renal 
  disease) 
- Comorbidity 
  (myocardial 
  infarction) 
- Coumarin 
  derivative 

XG 
boosting 

Yes 

Abbreviations: CT, Cardiothoracic; AUC, area under the curve; ECMO, Extracorporeal Membrane Oxygenation; Hgb, 
hemoglobin; ALB, albumin; RV, respiratory ventilation; GPR, Gaussian Process Regression; BSA, body surface area; CBP, 
cardiopulmonary bypass; RMSE, Root Mean Square Error; R2, root square; MSBOS, Maximum Surgical Blood Ordering Schedule; 
PT, prothrombin time; INR, International Normalized Ratio; PTT, activated partial thrombin time; XG boosting, extreme 
gradient boosting. 
*Most meaningful variables. 
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Table 3. Published Machine Learning Models for Orthopedic Surgery 

   
Number of cases 

     

Study Characteristics Training Validation Type of 
validation 

Prediction 
accuracy 

Significant 
variables found 

Type of 
ML used 

Interpretable 
design 

Chen 
et 
al,23 
2023 
 

Multicenter. 
7 hospitals in 
China. 
Orthopedic 
surgery. 
 
 

47,684  11,921 Internal  AUC: 
0.831 

- Operation type* 
- Age* 
- RBC count 
- Preoperative  
  erythropoietin 
- ALB 
 - PTT 
 -BMI 

CatBoost No 

Zhou 
et 
al,34 
2024 

Single center. 
China. 
Hip fracture 
surgery. 

2,228 99 Internal: 
557 
 
External: 
122 

AUC: 
0.887 
 
 
AUC: 
0.834 

- Type of surgery* 
- Duration of 
  surgery* 
- Hyponatremia* 
- Preoperative 
  anemia* 
- Age* 
- Types of  
  anesthesia 
- Stroke 
- Wait time for 
  surgery 
- ASA physical 
  status 
- Hypertension 
- Sex 

RF Yes 

Zang 
et 
al,35 
2024 

Single center. 
China. 
Hip fracture 
surgery. 

2,431 730 Internal AUC: 0.85 - Operation time* 
- Preoperative HgB* 
 -Femoral head 
  Necrosis 
- ASA physical 
  status 
- Osteoarthritis 
- THA 
- Anemia 
- Autotransfusion 
- Fibrinogen 
- ALB 

Ridge 
classifier 

Yes 

Zhu 
et 
al,30 
2024 

Multicenter 
center. 
3 hospitals in 
China. 
THA for 
femoral neck 
fracture. 
 

829 NP Internal 
 
 
External 

c-statistic: 
0.98 
 
c-statistic: 
0.93 

- IBL* 
- Preoperative HgB* 
- Operation time* 
- Preoperative ALB 
- BMI 
- Anticoagulant 
  history 
- TXA use 

LR Yes 

Abbreviations: AUC, area under the curve; RBC, red blood cell; ALB, albumin; PTT, activated partial thrombin time; BMI, 
body mass index; ASA, American Society of Anesthesiologist; RF, random forest; HgB, hemoglobin; THA, total hip 
arthroplasty; NP, not published; IBL, intraoperative blood loss; TXA, tranexamic acid; LR, logistic regression. 
*Most meaningful variables. 
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ML model outperforms TRACK and TRUST in 
predicting transfusion risk. While these 
traditional risk scores incorporate similar 
variables — age, weight, sex, HgB/HCT levels, 
and history of prior surgery — they were dev-
eloped using data from populations with higher 
baseline HgB levels than those in Brazil. This 
discrepancy underscores the limitations of 
generalized risk scores and highlights ML’s 
ability to provide tailored predictions.18 Other 
models have been designed to enhance pre-
diction accuracy by integrating clinical 
decision tools with dynamic patient data. 

Hur et al. introduced the pMSBOS-TS model, 
integrating the MSBOS with patient-specific 
clinical and laboratory data to enhance 
transfusion predictions for thoracic surgery.9 
The model shows superior predictive accuracy 
compared to MSBOS alone, reducing unneces-
sary T&S orders by one-third. Notably, it 
predicts transfusion likelihood and estimates 
the number of RBC units needed. The variables 
with the highest predictive impact include a 
high MSBOS score and low preoperative HCT. 
To improve transparency, a clinical decision 
support system is incorporated, explaining the 
rationale behind predictions. However, a 
significant limitation of the model is its 
reliance on single-center data, reducing its 
generalizability.9 
 

Machine learning models for orthopedic 
surgeries 
In orthopedic surgery, ML models have iden-
tified novel transfusion risk factors. Besides 
the proven predictors—advanced age, low HgB, 
anticoagulant use, and low BMI—a multicenter 
ML model also identified low albumin (ALB) 
levels and prolonged activated partial 
thromboplastin time (APTT) as significant risk 
factors for postoperative RBC transfusion.23 
Preoperative ALB levels reflect nutritional 
status and liver function, with low values 
suggesting malnutrition and anemia, both of 
which increase transfusion risk. Similarly, 
prolonged APTT indicates impaired coagula-
tion, heightening intraoperative and postoper-
ative bleeding risk and, consequently, 
transfusion likelihood. 23 These findings have 

prompted more focused investigations into 
transfusion risks within specific orthopedic 
procedures such as hip surgeries. 

Two independent research teams dev-
eloped ML models for transfusion risk 
prediction in hip surgery. Zhou et al. used 
single-center data to identify preoperative 
variables linked to intraoperative RBC trans-
fusion risk in unilateral hip fracture surgery.34 
This model indicates that internal fixation 
surgery, prolonged operative duration, and 
hyponatremia significantly increase intraoper-
ative transfusion risk. The model underwent 
external validation, achieving excellent pred-
ictive performance. Zang et al. developed a 
similar ML model focused on perioperative 
transfusion prediction for hip surgery pati-
ents.35 This model extends the predictive time-
frame to 72 hours postoperatively but lacks 
external validation, limiting its broader appli-
cability. Building on these efforts, other mod-
els have been designed for other types of 
orthopedic procedures, such as THA, to further 
refine transfusion risk predictions. 30 

Zhu et al. 2024 developed a ML predictive 
model for patients undergoing THA following 
femoral neck fractures.30 After selecting key 
features and processing data, researchers 
identified 7 independent risk factors for blood 
transfusion: BMI, surgical duration, intraoper-
ative blood loss, anticoagulant history, tran-
examic acid usage, preoperative HgB, and pre-
operative ALB. Although the model performs 
well in internal validation, its predictive 
accuracy declines slightly when evaluated with 
external datasets. 30 The reduced effectiveness 
highlights the challenges of generalizability in 
ML models. However, despite these limit-
ations, the model is still a valuable tool for 
assessing transfusion risk, supporting clinical 
decision-making, and improving perioperative 
blood management. 
 

Discussion 
The integration of machine learning into 
transfusion risk prediction represents a signi-
ficant advancement in perioperative care. 
While traditional risk scores offer acceptable 
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accuracy, they often lack adaptability and fail 
to capture the complexity of individual patient 
profiles. Recent studies highlight the limita-
tions of these conventional methods and 
emphasize the need for more precise, person-
alized tools. ML models stand out for their 
ability to process large datasets and detect 
complex, non-linear relationships among vari-
ables, something traditional models struggle 
with. These models have shown accuracy 
across a range of surgical specialties, offering 
a more dynamic and data-driven approach to 
predicting transfusion needs. Their flexibility 
and scalability make them a valuable asset in 
enhancing clinical decision-making and imp-
roving patient outcomes. 

A central advantage of ML-based models is 
the ability to continuously learn and evolve as 
new data becomes available. This dynamic lea-
rning ability allows models to improve over 
time, unlike traditional static scoring systems, 
which often rely on fixed parameters and 
outdated population data.18 Furthermore, ML 
approaches enable personalization and custo-
mization of predictions based on patient-
specific variables, such as comorbidities, med-
ications, intraoperative variables, and 
laboratory trends, providing a more tailored 
approach to transfusion planning. Similarly, 
including hospital and procedure-specific hist-
orical data in the building of the algorithm im-
prove prediction accuracy.3,9,23,34 Such individ-
ualized predictions lead to better resource 
allocation, reduce blood product wastage, and 
improve patient outcomes. The customization 
process is also affected by the chosen ML 
method, which differs based on the size and 
complexity of the data. 

The types of ML methods used differ. As 
expected, ensemble methods, such as Cat-
Boost, random forest, and GB demonstrate a 
higher prediction accuracy in larger data 
sets.9,14,23,34 Simpler methods, such as LR, ridge 
classifier, and Gaussian regression, are valu-
able with smaller data sets.18,30,32,33,35 While 
model selection plays a key role in prediction 
accuracy, other factors such as study design 

and dataset origin introduce limitations and 
potential biases. 

There are persistent limitations and biases 
evident in the use of ML methods and evalu-
ations. Most studies were conducted in single-
center environments with retrospective des-
igns, limiting the generalizability of the 
findings.18,32-35 External validation is notably 
lacking, and the models developed in one hea-
lthcare setting may not perform equally well in 
another due to differences in surgical prac-
tices, data documentation, and patient demo-
graphics. The predictive models demonstrate 
robust performance on internal validation 
data; however, those with external validation 
show a decrease in accuracy when applied to 
external datasets.3,30,34 This shows that due to 
the level of personalization, the algorithms 
benefit from incorporating local data in the 
learning process to achieve an excellent pre-
diction. One example of a model that em-
braces the localized learning approach is the S-
PATH model, which has undergone external 
validation across multiple hospital settings.3,14 
This model allows the input of local hospital 
and procedure-specific transfusion risks. S-
PATH prediction accuracy is higher using local 
datasets than when using transfusion risks from 
a national dataset.3 However, the model’s per-
formance still varied among different hospi-
tals, showing that unmeasurable contributors, 
such as local transfusion culture, continue to 
affect the rate of perioperative transfusions. 

Another notable limitation in ML models is 
related to the quality and quantity of the data. 
Small sample sizes, inconsistent definitions of 
transfusion triggers, and heterogeneous data 
preprocessing methods further complicate 
comparative analysis and model reprodu-
cibility. A common question in ML is how much 
training data is needed for the model to work 
well.31 This is important because the amount 
of data can significantly impact the accuracy 
and reliability of the model. Finding the right 
balance between data quantity and quality is 
essential. It is widely accepted that using 
larger training datasets (typically more than 
1,000 instances) tends to result in more 
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accurate models.31 With larger datasets, ML 
algorithms are better equipped to identify 
complex patterns and relationships, improving 
overall model performance. Notably, the ML 
model that demonstrated lower performance 
was trained with fewer than 400 cases.18  

Additionally, during model validation, care-
ful consideration must be given to the selec-
tion of input variables. Omitting critical clini-
cal data, such as coagulation parameters or 
medication use, limits the impact of the 
model’s ability to accurately predict trans-
fusion needs.30,34,35 However, even when data 
quality and quantity is addressed, translating 
ML predictive models into routine clinical 
practice introduces a new set of logistical 
challenges. 

Successful integration of ML into healthcare 
requires a robust information technology infra-
structure to support data integration from 
various sources and real-time processing, 
introducing a logistical limitation to many 
institutions. Furthermore, data used for model 
training must be accurate, standardized, and 
well-organized. This is a significant hurdle in 
many hospitals where electronic health rec-
ords are fragmented or inconsistently main-
tained.8,33 Additionally, the “black-box” nat-
ure of some ML algorithms pose challenges for 
clinical acceptance, as transparency and 
interpretability are vital in medical decision-
making.23,32,33 When authors lack transparency 
when publishing ML model selection or per-
formance metrics, they are limiting the 
interpretability and replicability. Transpar-
ency in the ML model helps clinicians trust the 
prediction, as they can see and make sense of 
the associated risk. Organizational readiness, 
including provider’s trust and continuous edu-
cation, is crucial for adoption. 

In addition to technical and organizational 
limitations, potential biases were also obser-
ved. Selection bias is a concern in retro-
spective studies where the dataset may not 
represent the broader surgical population.36 
Additionally, publication bias may favor stud-
ies that report higher model performance, 
while negative or inconclusive findings are less 

likely to be published. The exclusion of patient 
cases due to missing data, electronic unava-
ilability of important variables that influence 
transfusions risk, and authors not reporting 
how missing data was handled, introduces the 
possibility of information bias.  

Although the development of innovative 
technologies, practices, and care models mark 
significant milestones in healthcare, technical 
innovation is only part of the equation. Suc-
cessfully replicating and expanding healthcare 
innovation from one study or setting to a 
different context is neither straightforward 
nor guaranteed. Future research should add-
ress these limitations through multicenter, 
prospective studies with diverse populations 
and standardized data collection. There is a 
clear need for external validation of existing 
models, as well as the development of models 
that incorporate explainable components to 
ease clinical adoption. Additionally, the 
inclusion of blood products beyond RBCs is nec-
essary when evaluating perioperative trans-
fusion risk to support comprehensive product 
availability. Finally, the integration of ML 
models within electronic health record systems 
should be explored, with emphasis on assessing 
the real-world impact on transfusion practices, 
cost savings, and patient outcomes. 

 

Conclusion 
Effective prediction of transfusion needs is 
essential for optimizing blood inventory 
management, ensuring that limited blood 
products are allocated efficiently, while mini-
mizing the risk of shortages and reducing 
unnecessary waste. ML offers a transformative 
approach to predicting perioperative trans-
fusion risk. By leveraging large, diverse data-
sets and identifying complex, non-linear pat-
terns, ML models can significantly enhance 
clinical decision-making, improve blood utili-
zation, and lead to better patient outcomes 
across a wide range of surgical specialties. 

However, integrating these models into 
clinical practice presents several challenges. 
Performance variability across institutions, 
limited external validation, retrospective 
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study designs, and inconsistent data quality all 
hinder widespread clinical adoption. Operati-
onal obstacles such as fragmented electronic 
health records, lack of standardized input 
variables, and the "black box" nature of some 
ML algorithms further complicate implemen-
tation. The effectiveness of ML models dep-
ends on access to high-quality, structured data 
and the ability for continuous validation and 
updates to ensure ongoing accuracy. 

While the path to clinical integration of ML 
in perioperative transfusion prediction is 

complex, the potential benefits make it a 
worthwhile endeavor. With thoughtful design, 
rigorous validation, and interdisciplinary colla-
boration, ML has the capacity to redefine how 
health care approaches transfusion planning. 
ML models outperform perioperative trans-
fusion guidelines by using real-time data, 
recognizing complex patterns, and persona-
lizing decisions, leading to more accurate and 
efficient blood utilization in surgical patients. 
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