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ARTICLE INFO ABSTRACT
Article history: Background: Transfusion is a vital process, but incorrect injection can cause harm.
Received 31 July 2024 In the field of children’s blood transfusion under anesthesia, the use of artificial
Revised 21 August 2024 intelligence (Al) and machine learning (ML) is regarded as innovative tools that
Accepted 04 September 2024 enhance patient safety levels. This article examines and reviews the scoping literature
on the use of artificial intelligence in pediatric blood transfusions during anesthesia,
Keywords: with the aim of identifying solutions, challenges, and future opportunities in this field.
Artificial intelligence; Methods: The study, conducted from early 2024 to May 2024, aimed to evaluate the
Machine learning; effectiveness of artificial intelligence (Al) and machine learning (ML) in predicting
Blood transfusion; blood transfusion needs and bleeding risks in pediatric anesthesia. Relevant
Anesthesia; keywords, including artificial intelligence, machine learning, predictive model,
Pediatrics neural network, predictive algorithm, blood transfusion, children, pediatric, neonates,

anesthesia, surgery, and operation, were extracted from the Medical Subject Headings
(MeSH). A comprehensive search strategy was independently implemented in Web
of Science, PubMed, Scopus, and Google Scholar databases

Results: The search strategy initially identified 260 articles. After a systematic
screening process, 60 duplicate articles were excluded. Subsequently, careful
screening of titles, abstracts, and full texts eliminated an additional 195 articles,
resulting in a final selection of 5 relevant English-language articles. Based on these
studies, factors such as the type of surgery, the machine learning models used,
decreases in hemoglobin and hematocrit levels before surgery, prolonged surgery, as
well as the young age and low weight of pediatric patients, were identified as
indicators of the increased risk of blood transfusion during surgery and anesthesia.
Conclusion: Based on the findings of the studies, artificial intelligence (Al) and
machine learning (ML) have shown significant advancements in pediatric blood
transfusion under anesthesia. This technology offers notable benefits, including high
accuracy in predicting transfusion requirements and the ability to make timely
decisions in critical situations. However, despite these advancements, further
research is warranted to comprehensively understand the advantages and limitations
of Al in the field of pediatric blood transfusion during anesthesia.
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Introduction

and although it is considered as a vital process, it
may cause harm, especially in pediatric patients,
in case of improper injection [1]. One of the
important challenges of medical centers is the effective
management of this vital resource. Deciding on the
necessity of blood transfusion for a patient is one of the
most difficult decisions in the field of medicine. Potential
problems that arise in this context include
underestimating or overestimating the volume of
transfusion required [2]. So far, many efforts have been
made to reduce the amount of unnecessary blood
transfusions [3]. Most often, the preoperative hemoglobin
level and the type of surgery are used as a basis for blood
transfusion. But the lack of precise quantitative standards
to determine the amount of blood transfusion has caused
widespread problems in this field [4]. During surgery, the
amount of unnecessary blood transfusions reaches 15-
62.9% [5]. Improper blood transfusion requests impose
the cost of conducting serology tests and reduce the
amount of blood reserves for patients who urgently need
blood transfusion [6]. Artificial intelligence (Al) and its
sub-branches, which include machine learning (ML) and
deep learning (DL) methods, are referred to as an
emerging technological development that can play a
significant role in the field of medicine [3]. Machine
learning, a branch of artificial intelligence, utilizes
computational models to collect and analyze data.
Sophisticated machine learning algorithms have the
capacity to recognize complex patterns in vast data sets,
making them applicable to complex medical challenges.
And it often leads to its superiority compared to
conventional statistical methods [7]. Creating an efficient
machine learning requires collaboration between doctors
and computer engineers. The application of ML in
healthcare mainly uses supervised learning methods,
where models are trained using specified input features
along with their corresponding labeled outputs, enabling
the prediction of outcomes for new instances. Evaluation
of model efficiency is usually related to performance
measures, such as the area under the curve (AURQOC). In
addition, ML encompasses two other major paradigms:
unsupervised learning, which recognizes inherent
patterns in unlabeled data (eg, identifying clusters of
similar patients), and reinforcement learning, a
framework A cognitive methodology that requires
learning optimal actions through repeated trials. For
practical application, it is imperative that ML models
undergo rigorous validation and seamless integration into
clinical workflows, given the potential limitations in user
capacity and responsiveness that can hamper the real-
world effectiveness of even perfectly functioning models
[1].
This study was conducted in beginning of 2024 to the
end of May 2024. At present, there exists insufficient
guidance regarding the selection between a systematic
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review and a scoping review in the process of
synthesizing evidence, particularly when reviewing the
literature. lacks support. Clear criteria have not yet been
comprehensively established, and there are aspects that
are considered important, complex or different,
preventing a more detailed systematic review.
Considering the lack of sufficient studies related to
artificial intelligence (Al) or machine learning (ML) in
diverse aspects of pediatric anesthesia and the process of
blood transfusion, we decided to conduct a scoping
review to review the minimum available resources.

Methods

Research question

How effective are artificial intelligence and machine
learning for predicting blood transfusion and pediatric
bleeding under anesthesia?

Search strategy

We first extracted keywords related to the main topic
using the Utilized Medical Subject Heading (MeSH)
terms and independently conducted initial searches in
databases such as Web of Science, PubMed, Scopus, and
Google Scholar using the following specified keywords:
“artificial intelligence” OR “machine learning” OR
“predictive model” OR “neural network “ OR
“prediction algorithm” AND “blood transfusion” AND
“children” OR “pediatrics” OR “infants’ AND
"Anesthesia" OR “surgery” OR “Operation”.

All articles were reviewed by two researchers based on
titles and abstracts, and irrelevant entries were removed.
Any disagreements between the two researchers were
reviewed by a third researcher and resolved through
discussion between the researchers, resulting in
unanimous consensus on the selection of articles for
study inclusion. Data were extracted from all included
studies, encompassing details such as author(s),
objectives, participants, interventions, outcomes, and
results. Articles found during each search process were
limited to studies conducted between 2014 and 2024.

Study selection

Inclusion and exclusion criteria were determined for the

studies pertinent to the research question, conducted in
English, with a focus on the age group >18 years with the
subject of estimating the amount of bleeding or blood
transfusion under anesthesia using machine learning and
artificial intelligence and without restrictions on the type
of operation It was surgery. Exclusion criteria included
systematic reviews, studies with no full text access,
conference articles, case reports, book chapters,
editorials, and animal studies. Duplicate studies were
excluded. Next, the researchers assessed the articles
against predefined inclusion and exclusion criteria and
extracted data from them. The researchers evaluated the
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articles based on predefined inclusion and exclusion
criteria and extracted relevant data. The extracted data
encompassed the following components: study details
(including the principal author and year of publication),
study characteristics (such as the objective, study
location, and study population), and the impact of
artificial intelligence or machine learning applications in
the study. The collected data were then analyzed
accordingly.

Results
The search strategy implemented resulted in the

identification of 260 articles. Following a meticulous
screening process, 60 duplicate articles were removed
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from consideration. Next, a thorough review of the titles
and abstracts led to the exclusion of 130 articles that did
not align with the research focus. Subsequently, the full
texts of the remaining articles were examined in detail,
resulting in the exclusion of an additional 65 articles due
to their lack of relevance. Ultimately, the study included
a final selection of 5 articles, all of which were in English.
The article selection process is also illustrated in the
PRISMA diagram (Figure 1). The articles are briefly
discussed in (Table 1) [8-12].

Identification of studies via databases and registers

ldentification

Searches will be performed, and studies
will be extracted from these databases:
Scopus, Web of Sicence, Pubmed, Google

—»| be removed by endnote software (n= 60)

| A\ 4

reviewers.(n= 130)

All Records will be screened,Based on
titles and abstracts, by threre independent

.

Screening

Reports sought for retrieval (n= 70)

—» | Records deemed ineligible by reviewers

.

retrieval (n=5)

Selected studies will then be sough for | —3 | Studies not meeting inclusion criteria

!

Studies included in review (n=5)
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Prior to screening, duplicate studies will

Records deemed ineligible by reviewers
will be exclude.

will be exclude.
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Figure 1- PRISMA diagram

Table 1- Selected articles in comprehensive review

Reference Where

Objectives as stated

Sample size

Key findings as reported

Dupuis France
et.al. in

2015 [8]

Vassal et. France
al. in 2016

[9]

Predictive factors for homologous
transfusion during paediatric scoliosis
surgery

Risk  factors for intraoperative
allogeneic blood transfusion during
craniotomy for brain tumor removal in
children

147  children
undergoing
scoliosis
surgery

110 pediatric
patients

The AUC value from ROC
analysis was 0.9.

The predictors of
intraoperative ABT were
determined using
multivariate logistic
regression.
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Sherrod et. England Blood Transfusion Incidence, Risk 1184 children = ANOVA was performed to
al. in 2018 Factors, and Associated Complications compare transfusion
[10] in Surgical Treatment of Hip Dysplasia volumes between groups.
Using  binary  logistic
regression
Alassaf et. Saudi Arabia  Development of a prediction model for 524 DDH The AUC was 0.83, which
al. in 2019 allogenic blood transfusion in children patients indicates good
[11] undergoing surgery for developmental discrimination.
dysplasia of the hip
Jalali et. al. US state of Machine Learning Applied to Registry 2143 The GBM performed best in
in2021[12] pennsylvania  Data:Development of a Patient- Pediatrics both domains, with an area
Specific Prediction Model for Blood under under receiver operating
Transfusion Requirements During craniofacial characteristic curve of 0.87 +
Craniofacial ~Surgery Using the surgery. 0.03 (95%confidence
Pediatric Craniofacial Perioperative interval).
Registry Dataset

Discussion

Blood transfusions in pediatric patients must be tailored
to the unique clinical circumstances and surgical needs of
each child. While evaluating the risks and benefits of
blood transfusion is important, the primary goal remains
the same: maintain hemodynamic stability, ensure
adequate oxygenation, support organ perfusion, avoid
overtransfusion, and minimize adverse effects and
associated complications of transfusions [13]. In this
scoping review, we carefully reviewed the existing body
of research on predicting transfusion requirements and
bleeding events in pediatric patients under anesthesia.
While the landscape of machine learning (ML)
applications in transfusion is expanding, our review
highlights a significant gap. Despite the vital importance
of blood transfusion in children undergoing surgery and
anesthesia, few studies have been conducted in this field.
Our research sheds light on the potential benefits of using
ML models in the context of transfusion prediction and
clinical decision-making and can be a useful tool for
clinicians (anaesthesiologists and surgeons). After a
detailed examination of the results obtained from selected
articles in comprehensive review (Tablel), the separation
of the type of surgery and the machine learning model
used, factors such as the decrease in hemoglobin and
hematocrit levels before surgery, the duration of surgery,
as well as the low age and weight of pediatric patients as
indicators of increased risk of transmission Blood is
considered during surgery and anesthesia. A significant
challenge in the adoption of machine learning is the
scarcity of prospective studies. In response to this gap,
researchers have suggested the adoption of a robust
reporting framework [14] and the integration of detailed
case reports [15] as potential solutions. One of the
important obstacles in the use of artificial intelligence in
the field of blood transfusion; It is suitable to build
machine learning models with specific input data of the
study group. Consequently, there is a potential risk of

underestimating ~ or  overestimating  transfusion
requirements when extrapolating models to a different
population. This is one of the reasons for reducing the
external validity and generalizability of machine learning
frameworks [16]. A scoping review conducted by
Maynard et al in 2023 entitled Machine Learning in
Transfusion Medicine. Its results were consistent with
our study and the results pointed to the different models
used and reduced external validity and generalizability of
machine learning model [1]. In the field of predicting the
amount of blood transfusion in pediatric anesthesia,
machine learning and logistic regression methods are
often used. However, definitive proof of the superiority
of one over the other remains elusive. Increased model
efficiency and broader generalizability are facilitated in
both cases through iterative refinement techniques,
including data-driven local adjustments and continuous
monitoring of performance in clinical settings [16-17].
Our research has limitations, including that the found
articles used different models and methods, which makes
it difficult to integrate and interpret the results and creates
obstacles for researchers to verify their validity and we
also included only the articles written in English. We
state that despite extensive efforts in citation review,some
studies in this field may have been overlooked. The
evolving landscape of machine learning in pediatric
blood transfusion under anesthesia emphasizes the need
for additional comprehensive studies to advance
knowledge and practice in this growing field.

Conclusion

In the field of pediatric anesthesia and blood
transfusion, the integration of artificial intelligence has
attracted much attention as a new and effective tool to
improve medical care during blood transfusion and
improve patient safety. The advantages of this technology
include exceptional accuracy in predicting blood
transfusion needs and the ability to make optimal and
quick decisions in critical scenarios. Nevertheless, for the
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optimal use of artificial intelligence in pediatric blood
transfusions under anesthesia, careful attention should be
paid to aspects such as protecting data privacy, validating
models, and ensuring alignment with medical standards.
As a result, the integration of artificial intelligence for
clinical decision-making in blood transfusion of children
during anesthesia leads to an improvement in the quality
of healthcare and treatment and as a result increases the
safety of this group of patients.
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