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Abstract: The benefits of Patient Blood Management can vary depending on a patient’s
risk profile for requiring a blood transfusion. The objective of this study is to develop
and analyse machine learning models that can identify patients at risk of requiring red
blood cell transfusion. This retrospective cohort study was conducted at a tertiary northern
Portuguese hospital between 2018 and 2023. Two machine learning algorithms, extreme
gradient boosting and neural networks, were employed due to their efficiency in handling
complex feature interactions. Shapley additive explanations values were analysed to
assess the contribution of each feature to the predictions generated by the models. The
neural network achieved an accuracy of 0.735 and an area under the receiver operating
characteristic curve of 0.798 (95% CI 0.747 to 0.849). The extreme gradient boosting model
achieved an accuracy of 0.700 and an area under the receiver operating characteristic curve
of 0.762 (95% CI1 0.707 to 0.817). An analysis of Shapley additive explanations values
revealed that the most important variable was preoperative haemoglobin levels, which can
be optimised through the Patient Blood Management approach. These machine learning
models demonstrate the potential to improve the accuracy of transfusion prediction at
hospital admission, despite the absence of key variables such as surgeon identity and
anaemia diagnosis.

Keywords: machine learning; cardiac surgery; blood transfusion

1. Introduction

Cardiac surgery is well established as being associated with a considerable risk of
perioperative blood loss and the need for allogeneic blood transfusions. This is due to the
invasive nature of the procedures themselves, the necessity for high-dose anticoagulation,
and exposure to cardiopulmonary bypass [1]. Despite its common practice, an increasing
body of evidence suggests that the transfusion of one or more allogeneic blood components
may be associated with an increased risk of prolonged hospital length-of-stay, morbidity,
and mortality [2]. Moreover, the financial burden of transfusions is increasing, while the
discrepancy between the supply and demand for this scarce resource is widening [3].

In response to this paradigm, there has been a shift in focus from the intervention
itself to the patient’s needs, which has led to the emergence of Patient Blood Management
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(PBM) [4]. PBM is an approach that has been recognised by the World Health Organisation
as representing the ‘best clinical practice’ [5]. It aims to preserve the patient’s own blood [6]
by adopting pre-operative, intra-operative, and post-operative measures, in accordance
with the three pillars established by Goodnough and Shander: optimising erythropoiesis,
minimising blood loss, and managing tolerance to anaemia [7]. In this way, PBM contributes
to improving patient outcomes and to the reduction in healthcare costs [5]. While this
approach confers benefits on all individuals undergoing cardiac surgery, the magnitude of
these benefits may vary as the impact of a PBM intervention in a patient with an already
low risk of blood transfusion will be less than in a patient with a high risk of blood
transfusion [8]. As such, the identification of patients who are at an increased risk of
requiring a blood transfusion throughout the perioperative and postoperative periods is
crucial to prioritise PBM interventions.

Machine learning (ML) models, defined as algorithms capable of improving through
experience and data [9,10], have shown promise in predictive tasks across different disci-
plines [11]. Among these, extreme gradient boosting (XGBoost) and neural networks have
gained increasing attention in recent years due to their high computational efficiency and
predictive accuracy [12,13]. In cardiac surgery, decision-making is a complex and important
process, as it involves balancing multiple risk factors and individual patient characteristics.
ML models can enhance outcomes by predicting high-risk patients, enabling healthcare
providers to be more proactive and vigilant [14].

Several studies have explored the application of ML in predicting red blood cell
(RBC) transfusion needs. For example, Mitterecker et al. [10] demonstrated that ML
models, including gradient boosting and neural networks, achieved excellent predictive
performance in predicting the need for at least one RBC transfusion across various types
of surgeries, with an area under the receiver operating characteristics curve (AUROC)
exceeding 0.9. Additionally, Tschoellitsch et al. [15] specifically focused on cardiac surgery
and predicted massive perioperative transfusions (>10 red blood cells), with random forest
and gradient boosting models achieving AUROCs of 0.810. However, despite the existence
of many studies predicting red blood cell transfusion [16-24], none of these specifically
focus on elective cardiac surgery, consider the context of the Portuguese National Healthcare
Service, or incorporate a database that distinguishes between the presence and absence of
PBM practices.

Therefore, the present study aims to develop and analyse machine learning models
capable of identifying patients who underwent elective cardiac surgery and were at risk of
requiring one or more red blood cell transfusions, thereby supporting healthcare profes-
sionals in assessing patients’ risk levels of transfusion with and without PBM practices in a
northern Portuguese healthcare setting.

2. Materials and Methods
2.1. Study Design

A prospective observational cohort study was conducted among patients who un-
derwent elective cardiac surgery at a tertiary hospital—Vila Nova de Gaia-Espinho. Data
collected from medical records were used to train and test machine learning models. This
manuscript was prepared in accordance with the Strengthening the Reporting of Observa-
tional Studies in Epidemiology (STROBE) guidelines [25].

2.2. Settings and Participants

The study was conducted on individuals aged 18 years or older who underwent
elective cardiac surgery between 2018 and 2022 at Vila Nova de Gaia-Espinho Hospital.
Prior to 2019, the Patient Blood Management (PBM) approach was not applied to any
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patient scheduled for elective cardiac surgery, with only anaemia screening being performed
immediately before surgery.

Individuals with cognitive impairment, pregnant women, and those without data
regarding allogeneic red blood cell transfusion were excluded. Reoperations were
also excluded.

The data were obtained through extraction from the electronic medical records and
through manual collection by an anesthesiologist.

Ethics Approval

The study was conducted in accordance with the Declaration of Helsinki, and ap-
proved by the ULSGE Ethical Health Committee, assigned with the number 196/2023.
Patient consent was waived since this is an observational study (Law No. 21/2014 of
April 16, amended by Law No. 73/2015 of July 27, Article 6, No. 2), and the data were
fully anonymized.

2.3. Data Pre-Processing
2.3.1. Data Overview

An overview of the most important demographic and preoperative data included is
presented in Table 1. The data preprocessing and cleaning were performed as follows:

1.  From an initial sample of 1038 subjects, patients who had no information about the
number of RBC transfused were removed, resulting in a sample of 1036 individuals;

2. Variables that contain information collected after admission were removed, as the ob-
jective was to develop a predictive model at admission time at the hospital. Moreover,
variables with no information in the pre- and post-PBM datasets were also excluded.
This procedure led to the final set of 14 features: age, sex, New York Heart Association
classification (NYHA), Canadian Cardiovascular Society grading of angina pectoris
(CCS), American Society of Anesthesiologists physical status classification (ASA),
type of surgery, diagnosis of diabetes mellitus type II, hypertension and chronic kid-
ney disease, glomerular filtration rate, creatinine, PBM approach implementation,
preoperative haemoglobin level (g/L), and number of RBC transfusion;

3. NYHA, CCS, and ASA variables, were grouped into high level (IIl and IV), low level
(I'and II) and “not applicable”, due to the low number of observations in levels I and
IV. This led to more robust conclusions, impossible to achieve without a minimum
number of observations in each category;

4. The number of RBC transfusions was recorded as a binary variable to specify the
occurrence of transfusion (RBC > 0 coded as “with-transfusion”) or not (RBC =0
coded as “without-transfusion”). This transformation enabled the application of a
classification model to predict the risk of an individual requiring RBC transfusion,
which is the primary objective of this study;

5. Allnumerical variables (age, preoperative haemoglobin, glomerular filtration rate, and
creatinine) were standardised using the Z-score approach, with the goal of adjusting
the scales so that variables with high variance do not dominate the entire process;

6.  All categorical variables were one-hot encoded, a technique that converts categorical
data into binary vectors. Each vector uniquely represents a category, where a value of
1 signifies its presence, and 0 is its absence.

The models were firstly trained using the original data; however, due to the number of
missing values and the imbalance between groups (with the group of patients who did not
require transfusion being considerably larger), the models’ performance was not acceptable,
having AUROC close to 0.5. Hence, to obtain the best models, multiple imputation and
data balancing techniques were applied.
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Table 1. Sociodemographic and clinical data.

. . Without
Characteristic LVljl‘;;l";eilnsfu51on, Transfusion, p-Value 2

- N=702"1
Age—median [IQR] 73 [10] 69 [13] <0.001
Sex—n (%) <0.001
Female 204 (61%) 209 (30%)
Male 130 (39%) 493 (70%)
NYHA 3—n (%) 0.183
High level (III and IV) 101 (30%) 187 (27%)
Low level (I and II) 233 (70%) 515 (73%)
CCS 4—n (%) 0.200
High 68 (20%) 169 (24%)
Low 266 (80%) 533 (76%)
ASA >—n (%) 0.410
High 327 (98%) 681 (97%)
Low 7(2.1%) 21 (3.0%)
:;I/z;gh blood pressure—n 0.270
No 57 (17%) 140 (20%)
Yes 277 (83%) 562 (80%)
Diabetes type II—n (%) 0.935
No 229 (69%) 479 (68%)
Yes 105 (31%) 223 (32%)
(Co/il)romc kidney disease—n <0.001
No 211 (63%) 556 (79%)
Yes 123 (37%) 146 (21%)
Dyslipidemia—n (%) 0.206
No 86 (26%) 152 (22%)
Yes 248 (74%) 550 (78%)
Creatinine—median [IQR] 0.90 [0.45] 0.89 [0.30] 0.104
Glomerular filtration
rate—median [IOR] 65 [34] 79 [36] <0.001
Pre-op
haemoglobin—median 13.00 [1.98] 14.30 [1.70] <0.001
[IQR]
Patient blood <0.001
management—n (%)
Pre PBM 93 (28%) 109 (16%)
Post PBM 241 (72%) 593 (84%)
Surgery with
extracorporeal <0.001
circulation—n (%)
Yes 308 (92%) 481 (69%)
No 26 (7.8%) 221 (31%)

1 Median [IQR]; n (%); 2 Wilcoxon rank sum test; Pearson’s Chi-squared test; 3 NYHA—New York Heart
Association classification; * CCS—Canadian Cardiovascular Society grading of angina pectoris; > ASA—American

Society of Anesthesiologists physical status classification.

2.3.2. Multiple Imputation

Data imputation is an important step for improving data quality and model perfor-

mance [26]. For this purpose, multivariate imputation by chained equation (MICE) has

emerged as one of the main methods in the statistical literature, as it is very flexible and can

handle variables of different types and complexity [27]. In this study, MICE was applied

separately for the pre- and post-PBM datasets to account for potential differences in the
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relationships among variables. In the pre-PBM dataset, 2 out of 14 variables had more than
5% missing values, while in the post-PBM dataset, only 1 out of 14 variables had more than
5% missing values (see Figure A1 in the Appendix A). We use predictive mean matching
for continuous variables, logistic regression for binary variables, and polytomous logistic
regression for unordered categorical variables. Data were imputed using the mice package.

2.3.3. Data Balancing

The number of patients who required RBC transfusion and those who did not was
imbalanced, with only 334 out of 1036 (32%) in the “with-transfusion” class. Imbalanced
data can interfere with the development of effective classifiers because the lower representa-
tiveness of the minority class may lead to inadequate learning, resulting in poor predictive
performance for that class [28]. In addition, it can make it difficult for evaluation metrics to
accurately assess the model’s performance [28].

The initial experiments with the original data showed a reduced discriminative ca-
pability of the machine learning models. To improve their predictive ability, we applied
an oversampling technique called Synthetic Minority Oversampling Technique (SMOTE)
to balance the classes. This technique generates synthetic samples for the minority class,
increasing its size until it reaches a more balanced proportion with the majority class [29].

2.4. Models

We use the variables presented in Table 1 as inputs to develop our machine learning
models. Training and test sets were created with an 80:20 ratio. A five-fold cross-validation
scheme was used in the training phase to fine-tune the models, with the best hyperparame-
ters being empirically selected in an iterative manner (see Table A1l in the Appendix A).
The best model was selected according to the accuracy values obtained.

2.4.1. Extreme Gradient Boosting (XGBoost)

XGBoost belongs to the class of ensemble models and is an implementation of the
more traditional gradient boosting machines focused on computational efficiency [30]. It is
essentially an additive model of the form as shown below:

B
Yg =Y apyp
=1

where each base model y;, is a decision tree. B is the number of trees in the model (usually
in the order of hundreds or thousands) while the scalars a; weigh the corresponding base
model y; in the sum according to its performance. The optimisation technique relies on
a sequential application of the gradient descent method where at step m, a;;, and the v,
parameters (splits and nodes of the tree) are optimised in order to correct the errors of the
current model by minimising the following:

N
Z E(tn/ Y1+ lxm]/m)

n=1

over a training set of size N. E(x, y) is an appropriate measure of the discrepancy between
x and y and Y, is fixed. XGBoost employs regularisation strategies (controlled by several
hyperparameters) to mitigate overfitting, which is an excessive fitting of the model to the
training data, leading to poor generalisation of unseen data [30,31]. The hyperparameters
tuned were max_depth, eta, gamma, subsample, min_child_weight and nrounds. In the current
study, the XGBoost model was developed using the xgboost package, while the hyper-
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parameter tuning was using the caret package (for the final model, see Table Al in the
Appendix A).

2.4.2. Neural Network (NNs)

Neural networks are among the best-performing models for a large set of problems.
Mathematically, a neural network is a composition of linear and non-linear functions that
can be represented as a set of interconnected layers of simple processing units, called
neurons. As Figure 1 illustrates, NNs have an input layer (whose non-processing units
simply represent the input variables), one to many intermediate (hidden) layers and an
output layer of neurons, constituting the architecture of the NN.

Hidden Layers

Input Output
r )
Layer h, h, h, Layer
o )
[ ®
> |®>|® —>' > (o]
— o

I neurons

?

Figure 1. Schematic representation of a neural network with three hidden layers.

Each neuron computes a linear combination of its inputs (from the previous layer) fol-
lowed by a non-linear function ¢, the so-called activation function, enabling the algorithm
to learn complex patterns and perform computationally intensive tasks [32]. For example,
the output of the s neuron in the hidden layer &, is

hys = @(a) = @(wihig +wahp + - - + wyhy y + wo)

7

which is then fed to the neurons of the following layer.

The optimisation of the model’s weights (parameters) w; is usually performed by
gradient descent techniques, iteratively reducing the average error between the predicted
and true outcome values as measured by a specific loss function. Regularisation techniques
are also employed in NN training to prevent overfitting.

In this study, the NN has a single neuron at the output to cope with the 2-class nature
of the problem, acting as a logistic regression layer. The NN model was developed using the
TensorFlow and Keras packages. Hyperparameter tuning included adjusting the learning
rate with the Adam optimizer, applying Lasso regularisation to prevent overfitting, and
testing different activation functions (SoftPlus, ReLU, and ArcTan) (for the final model, see
Table Al in the Appendix A).

2.4.3. Interpretability

After training and testing the selected models, variable importance and interpretation
were analysed using the Shapley additive explanations (SHAP) values. Derived from game
theory, SHAP values provide an importance score for each feature, reflecting its contribution
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to the model’s prediction. Positive SHAP values indicate that a feature increases the value
of the dependent variable, if it is numeric, or increases the probability of a particular event
occurring if it is categorical. Conversely, negative SHAP values suggest that the feature
has the opposite effect. The magnitude of the SHAP values represents the strength of each
feature’s effect on the outcome [33].

2.5. Statistical Analysis

To assess the normality of continuous variables, the Shapiro-Wilk test and QQ plot
analysis were conducted. As the data did not meet the assumptions of normality, the
Wilcoxon rank-sum test was used to compare median differences between groups (with- and
without-transfusion). For categorical variables, the Pearson chi-squared test was applied.

Multiple imputation, data balancing, model training and testing were then carried
out, with a seed of 1234 to guarantee reproducibility. The models were evaluated using
different performance metrics such as accuracy, recall, specificity, area under the receiver
operating characteristics curve (AUROC), F1 score and average precision (AP; the area
under the precision—recall curve). To study the differences between the two AUROCs, the
DeLong test was performed.

All analyses were performed using R version 4.4.1 with a significance value of 0.05.

3. Results

For the purpose of this work, we studied a cohort of patients eligible for elective
cardiac surgery between 2018 and 2022 (n = 1036). Within this sample, 334 (32.2%) patients
required the transfusion of at least one unit of red blood cells, while 702 patients did not.
An overview of the demographic and clinical data is given in Table 1.

The median patient age was 73 for the with-transfusion group and 69 for the without-
transfusion group (interquartile range of 10 and 13 years, respectively), and 39.9% of
patients were women. As expected, preoperative haemoglobin was lower in the transfused
group (13.00 [1.98] versus 14.30 [1.70], p-value < 0.001), as patients with lower haemoglobin
levels tend to require more red blood cells transfusions.

Our predictive models only partially predicted who needed transfusion of at least
one unit of RBCs. Using XGBoost and NNs the AUROC was 0.762 and 0.798, respectively.
Although they were different, the DeLong test showed no significant difference between
those performances (p-value = 0.343). The F1 scores were 0.770 and 0.807 and the accuracies
were 0.700 and 0.736, respectively (for details see Table 2 and Figure 2). Although the NN
model had the best performance, its specificity is only fair (0.582), indicating that the model
has more difficulty in correctly predicting the need for at least one transfusion. On the other
hand, it performs well in identifying patients who did not require a transfusion (0.807).

Table 2. Evaluation of predictive models for transfusion of at least one RBC unit.

Accuracy (Recall, Specificity) AUROC (95% IC) F1-Score
Neural Network 0.736 (0.807, 0.582) 0.798 (0.747-0.849) 0.807
XGBoost 0.700 (0.736, 0.622) 0.762 (0.707-0.817) 0.770

Although these two models perform similarly, the XGBoost model appears to predict
with a higher probability the individuals who will require one or more RBC transfusions.
This is clear in Figure 3, where a greater density of blue points is observed near the value 1
in the XGBoost model. In contrast, the neural network model exhibits a more dispersed
distribution of blue points with no discernible region of higher density. However, the
neural network model demonstrates a higher degree of certainty in predictions when the



Math. Comput. Appl. 2025, 30, 22 8of 14

probability is greater than 80%, as evidenced by a reduced number of false positives at

this threshold.
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Figure 2. Performance comparison of the models (a): ROC curves; (b): precision—recall curves.

The most important variables in predicting the need for transfusion of at least one
unit of RBCs were preoperative haemoglobin and glomerular filtration rate (see Figure 4).
Preoperative haemoglobin was negatively associated with transfusion requirement, with
higher values decreasing the likelihood of transfusion requirement. This is illustrated in
the graphic by the red bar extending towards the negative side. A decrease in glomerular
filtration rate was associated with an increase in the likelihood of transfusion, as reflected
by the negative SHAP value and a positive contribution indicated by the green bar pointing
towards the positive side of the graphic.
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Preoperative Hemoglobin = 1.504

Glomerular Filtration Rate = -0.768

Sex (Female)

PBM (Yes)

Chronic Kidney Disease (Yes)

Extracorporeal ciruclation (Yes)

Diabetes Mellitus (No)

Age (Years) = 0.4091

CCS (Not aplicable)

NYHA (Not aplicable)

True class: ® NoneRBC @ =1RBC

=
7=

21 RBC ‘e’ Pt Al .S LA TSR

None RBC ‘.",0 ....* .~. ““:" ’““m
XGB

ST R 3 I R T R AT W

None RBC of ..... [ ‘..: z..“ :. .“0’ 'h’m

0.5 0.6 0.7 0.8 0.9 1.0
Predicted probability

Predicted class

Figure 3. Prediction probabilities of the XGBoost and Neural Network models in the test set.

—_ Feature Importance
Preop haemogiobin [
— — Glomerular fitration izt [N
. 00000000
crearinne |
——- Surgery vith extracorporeal crcuation | NN
rev [
T soc [
—-— ccs [N
Figh blood pressure NN
—. Diabstes type | NI
B oystipicemia [
wia [
R Chronic kidney disease I
asa
I 00 05 10 15
02 01 0.0 0.1 mean(|SHAP value|)

contribution

(a) (b)

Figure 4. Feature importance (using SHAP values) for transfusion of at least one RBC unit. (a): Neural
Network model; (b): XGBoost model.

4. Discussion

Our models showed a moderate ability to effectively predict which patients would
need a transfusion and which would not, with the most important variable being the
haemoglobin level measured immediately before surgery.

Both of our models achieved an AUROC above 0.75, with the lower bound of the
95% confidence interval above 0.5, indicating a statistically significant ability to predict
transfusion risk. In addition, our models showed similar performance to the Transfusion
Risk Understanding Scoring Tool (TRUST) [34], a well-known risk score widely used
in clinical practice, with the added benefit of incorporating information on the use of
PBM interventions.

Nevertheless, the ability to predict at least one red blood cell transfusion could be
improved. In our dataset, condition severity-related data were not explicitly available,
which may have limited our models” performance. The only variable indirectly indicating
it was the type of surgery. Extracorporeal circulation—known to stimulate a systemic
inflammatory response following cardiac surgery, triggering complement activation, pro-
inflammatory cytokine secretion, and leukocyte activation [35,36], resulting in cellular
damage, bleeding disorders, anaemia, acute kidney injury, respiratory failure, haemody-
namic instability, and neurological complications [37]—was performed in 92% of patients
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requiring transfusion. This variable was among the top 10 most important in our models
based on SHAP values, reflecting its positive association with transfusion requirements.
However, it ranked below the top three features, suggesting its influence, while notable,
may not be the primary determinant in our setting.

During data preprocessing, key variables such as platelet count, ferritin levels, trans-
ferrin saturation, and the International Normalised Ratio (INR)—a known predictor of
transfusion requirements [38]—had to be excluded due to missing information on the pre-
PBM dataset. Given the established associations of these variables with transfusion needs,
their inclusion might have enhanced the models’ predictive accuracy. Furthermore, collect-
ing additional data, such as the surgical team responsible could also improve performance,
as these are well-recognised factors influencing transfusion outcomes [38,39].

In both models, the most important feature identified was the haemoglobin level
measured immediately before surgery, where a higher haemoglobin level was associated
with a reduced need for transfusions. A principal distinction of the PBM approach in
comparison to standard of care, is the preoperative anaemia assessment which identifies
patients with or at risk for anaemia, enabling proactive intervention to correct haemoglobin
levels before surgery. By increasing preoperative haemoglobin levels, the requirement
for transfusion decreases, subsequently reducing the incidence of transfusion-associated
risks, improving patient outcomes in the postoperative period [2,40]. This is a particularly
relevant conclusion, as it highlights the efficacy of implementing the PBM approach within
the Portuguese National Health Service.

Providing healthcare professionals with a tool able to predict the risk (probability)
of requiring an allogeneic RBC transfusion, in the post-operative period, at the time of
hospital admission, allows them to support the decision of prioritising high-risk individuals
to receive PBM intervention. This targeted approach not only ensures personalised and
patient-centred care but also helps to reduce the workload of healthcare professionals and
improve overall hospital resource management through more efficient use of blood and
PBM resources [41].

Strengths and Limitations

To the best of our knowledge, this is the first study to focus on predicting the need
for at least one RBC transfusion in patients undergoing elective cardiac surgery using
machine learning algorithms. In addition, the inclusion of individuals who underwent
cardiac surgery before, during, and after the implementation of the PBM process allowed
us to capture real-world clinical practice, increasing the generalisability of the results to
other hospitals in the country currently adopting this approach. It is also the first study
of its kind to use data from the Portuguese National Health Service. Nevertheless, certain
limitations in our methodology must be acknowledged.

The limited automation in data collection resulted in a considerable number of vari-
ables with a high proportion of missing data, which prevented quality imputation, and
consequently, restricted the model’s predictive capacity.

Additionally, the smaller sample size, compared to other similar studies, may have
further limited the model’s performance.

The absence of variables that are well-established as being associated with the need
for blood transfusion limited the predictive power of both models tested.

Finally, the lack of computational power prevented a more comprehensive and ap-
propriate tuning of the hyperparameters, which had to be conducted through an iterative,
empirical trial-and-error process. We believe that the employment of a more extensive
grid of values for hyperparameter tuning would have resulted in an enhanced predictive
capacity for both models, as well.
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NYHA

Cccs

Surgery with extracorporeal circulation
Glomerular filtration rate

Chronic kidney disease

High blood pressure

Dyslipidemia

Diabetes type Il

Sex

Variables

Red Blood Cells transfused
Pre-op haemoglobin

PBM

Creatinine

ASA

Age

5. Conclusions

The application of contemporary machine learning algorithms has the potential to
enhance the accuracy of transfusion prediction at the time of hospital admission. Both the
XGBoost and neural network models demonstrated an AUC exceeding 0.75, despite the
absence of critical core variables such as the surgical team and the diagnosis of anaemia.
Despite the limited predictive capacity of the model, the interpretation of variable im-
portance through SHAP values revealed that the implementation of the PBM approach
has a significant impact on reducing transfusion needs. This, in turn, contributes to im-
proved postoperative outcomes and more effective management of blood resources, which
ultimately reduces the financial costs associated with blood transfusions. Future stud-
ies should focus on incorporating additional variables that are strongly associated with
transfusion needs and using greater computational power, thereby allowing the develop-
ment of a more effective tool to assist clinicians in making informed decisions regarding
PBM implementation.
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Figure A1l. Missing data. (a): Pre-PBM dataset. (b): Post-PBM dataset.
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Table Al. Final model.

Models Hyperparameters Values
Layers 3
Neurons of the first layer 16
Activation function of the first layer ReLu
Neurons of the second layer 16
N IN K Activation function of the second layer ~ ArcTan
eural Networ Neurons of the third layer 10
Activation function of the third layer ReLu
Lasso regularisation 5x 1075
Learning rate 0.004
Epoch 500
max_depth 10
eta 0.1
gamma 0.1
XGBoost subsample 0.8
min_child_weight 0.1
nrounds 1000
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