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Objective: Syncope is defined as a sudden loss of consciousness due to cerebral hypoperfusion, with vasovagal
syncope (VVS) being the most common form. The Head-Upright Tilt Test (HUTT) is the primary diagnostic tool
but is time-consuming and has a suboptimal diagnostic yield. Machine Learning (ML) may improve early syncope
prediction, thereby increasing diagnostic efficiency and reducing the burden on patients and healthcare
professionals.

Methods: We searched PubMed for studies using ML on HUTT data for syncope testing. Extracted data included
ML models, input features, performance metrics, preprocessing, and evaluation methods. Study quality was
assessed using the STAR-ML checklist.

Results: Thirteen studies were included. Commonly used ML algorithms were support vector machines (SVM),
neural networks, decision trees, k-nearest neighbor, and logistic regression. Features were derived from Elec-
trocardiogram (ECG), continuous blood pressure (CBP), and transthoracic impedance (TIM). The highest-
performing model used an SVM with features from ECG, CBP, and TIM.

Conclusions: ML integrated with HUTT signal analysis shows promise for improving diagnostic accuracy and
efficiency. SVM models using multimodal features were particularly effective.

Significance: This review supports further development of ML-based tools to enhance diagnostic workflows in

syncope care, especially for early VVS prediction.

1. Introduction

Syncope, a relatively common condition, is defined as a sudden loss
of consciousness resulting from cerebral hypoperfusion. It is character-
ized by a rapid onset, short duration, and spontaneous complete re-
covery (Brignole et al., 2018a; Soteriades et al., 2002). The most
common cause of syncope is vasovagal syncope (VVS). VVS can be
triggered by specific circumstances such as fear, pain or prolonged
standing. Typical symptoms that precede syncope are nausea, sweating
and pallor (Brignole et al., 2018b).

The Head-Upright Tilt Test (HUTT) is the primary diagnostic tool for
vasovagal syncope. The aim of HUTT is to elicit VVS. In subjects with
VVS, blood pressure (BP) initially remains stable after tilt. At some point
during the test, the reflex occurs, with both vasodepression and car-
dioinhibition leading to a sudden BP drop and syncope (van Dijk et al.,

2021; van Rossum et al., 2023). Current HUTT protocols involve a 5-10
min stabilization phase in the supine position, followed by a passive
phase of 10-20 min at a tilt angle of 60 degrees, then followed by
another 10-20 min in the tilted position after sublingual administration
of nitroglycerin (NTG) (Bartoletti et al., 2000; Benditt et al., 1996; Russo
et al., 2023; Thijs et al., 2021). Using this protocol, sensitivity for reflex
syncope is approximately 65 %, indicating that around one third of VVS
patients will be tilted for 30-40 min and have a false negative result
(Forleo et al., 2013).

Current analyses of HUTT data are often limited to the examination
of BP, heartrate (HR), and sometimes stroke volume (SV) and total pe-
ripheral resistance (TPR). This approach disregards potentially crucial
information within the dynamic interplay of these signals and significant
temporal, structural, and spectral changes in physiological parameters
that may occur before VVS becomes clinically apparent (Gilmore et al.,
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2021; Khodor et al., 2016). Exploring information possibly present
within these parameters at early time points holds promise both for early
prediction and for a deeper understanding of the pathophysiological
mechanisms behind VVS.

In the era of digitization, the analysis of large amounts of complex
data is becoming more common in healthcare (Rajpurkar et al., 2022;
Wiens and Shenoy, 2018). Artificial intelligence (AI) including methods
like machine learning (ML) are increasingly utilized successfully to
improve the diagnostic yield of various tests (Ghorbani et al., 2020;
Rajpurkar et al., 2022; Tannemaat et al., 2023). ML could give more
insight into the underlying mechanism and prediction of syncope and
optimize diagnostic yield.

This study aims to provide an overview of the different ways in which
ML has been used to analyze HUTT data, compare different methods and
features, evaluate the models’ performance in the current literature and
propose recommendations for further research.

2. Methods
2.1. Search strategy

We performed a Pubmed search on January 1, 2024. The search term
covered two main subjects: the Head-Upright Tilt Test, including as-
sessments for vasovagal syncope, and machine learning. For each of the
elements, several terms were added. If available, specific terms provided
by the NCBI MeSH database were applied. When MeSH terms were not
available, general terms were combined with the term “[tiab]” to
confine the search to titles and abstracts only. The full search term can
be found in Appendix A. References from selected articles were also
evaluated for eligibility.

2.2. Study selection

Articles underwent an initial screening based on their title and ab-
stract, and their final eligibility for inclusion was determined through a
comprehensive evaluation of the full text. Articles were selected based
on the following inclusion criteria: (i) studies describing individuals who
underwent HUTT with data measurements; (ii) studies using ML on the
measured data; (iii) HUTT conducted explicitly for syncope testing.

Articles that met the following criteria were excluded: (i) articles
without an English version; (ii) non-human evaluations (animal or
model); (iii) studies involving only Postural Orthostatic Tachycardia
Syndrome (POTS) patients; (iv) studies that only included children.

2.3. Quality assessment

The ’Screening Tool for Assessing Reporting of Machine Learning’
(STAR-ML) checklist is specifically designed to evaluate the quality of
ML reporting in research articles, focusing on aspects related to repro-
ducibility and correctness (Koh et al., 2023). The STAR-ML version 2
checklist focuses on two key aspects: the quality of the data, assessed
through four questions, and the quality of the algorithm, assessed
through five questions. Each question in the checklist is assigned a score,
in which a “yes” is notated as 1, and a “no” is notated as 0. The maximum
achievable score is 9. The overall quality of the studies is categorized as
low (0-4 points), medium (5-6 points), or high (7-9 points) based on the
total score.

To assign scores to the questions, we made the following assump-
tions. If the features used were indicated, but it was unclear which
features were ultimately used in the final model, a score of 0 was
assigned. Additionally, if questions had at least one way of indicating
consideration (for example, if one parameter was given while more
parameters were used), a score of 1 was given. Regarding data distri-
bution, it was assumed that if the distribution within the subject group
was described beyond the number of positive or negative HUTT out-
comes, a score of 1 was given.
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2.4. Data extraction

From the included articles, information was extracted on: (i) the goal
of using an ML model and which data was most useful; (ii) which ML
models were used; (iii) which features were used; (iv) performance of
the models as determined by their diagnostic yield (sensitivity, speci-
ficity, positive predictive value and negative predictive value). Sec-
ondary outcomes included: (i) pre-processing methods; (ii) evaluation
methods.

Due to the wide range of features that can be utilized, we created an
overview based on the predominant features and measurement methods
used for data collection.

Diagnostic yield was determined based on the highest performance
obtained per study. To make the performances comparable between the
different studies, missing values were calculated based on the True
Positive, True Negative, False Negative and True Negative.

3. Results
3.1. Article selection

A total of 31 articles were identified in the literature search: seven-
teen from the primary query and fourteen from the reference list of these
articles After applying the predetermined inclusion and exclusion
criteria, thirteen articles were included in this literature review based on
the search strategy (Fig. 1).

3.2. Quality assessment

Completed START-ML questionnaires for all articles can be found in
Appendix B. Table 1 shows an overview of the score of each study. Out of
the thirteen articles, eight were categorized as high quality, two as
medium quality, and three as low quality. Three articles (Ciliberti et al.,
2018; Fortrat et al., 2007; Klemenc and Strumbelj, 2015) received a low-
quality score, because information was missing on both the selected data
and the algorithm, negatively affecting reproducibility. Four articles
(Couceiro et al., 2016; He et al., 2021; Schang et al., 2007, 2006) ob-
tained the highest scores with a total of 8 points.

The absence of data normalization during pre-processing in six out of
thirteen articles was notable.(Ciliberti et al., 2018; Fortrat et al., 2007;
Shahadat Hussain et al., 2021; Khodor et al., 2014; Klemenc and
Strumbelj, 2015; Myrovali et al., 2021) The checklist contains several
items pertaining to pre-processing steps, reflecting the significant
impact normalization can have on model performance.(Koh et al., 2023)
Another notable point is that only three articles (He et al., 2021; Schang
et al., 2007, 2006) addressed the consideration of bias in their models.

Seven articles (Ciliberti et al., 2018; Fortrat et al., 2007; He et al.,
2021; Shahadat Hussain et al., 2021; S. Hussain et al., 2021; Khodor
et al., 2016, 2014; Klemenc and Strumbelj, 2015) did describe features
and parameters used but were not complete in specifying the informa-
tion used in the final model.

3.3. Study characteristics

3.3.1. Study population

The number of subjects used in the studies varied considerably be-
tween articles (Table 1). The median number of subjects was 86 [IQR:
129]. Notably, two studies (Shahadat Hussain et al., 2021; S. Hussain
etal., 2021) included a very large number of subjects, with a total of 687
participants, consisting of 92 subjects with a positive HUTT result and
592 subjects with a negative HUTT result. The remaining eleven articles
had a more balanced distribution, with approximately half of all subjects
having a positive HUTT result. In addition, there was variability in the
types of subjects who underwent HUTT testing across studies, with the
most common focus on patients with suspected syncope or a history of
syncope. One study (Myrovali et al., 2021) also included a comparison
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Fig. 1. Flow diagram of the study identification, exclusion and inclusion.

Table 1
Overview of the primary results and quality assessment of included articles.
First Author (Year) Group size Population ML algorithm Feature STAR-ML
measurements score
Classification in disease subgroups
(Gilmore et al., 186 (97+, 89 —) suspected syncope RDF and K-means clustering ECG and CBP 7
2021)
Prediction of syncope
(Ciliberti et al., 26 (8 +, 18-) suspected syncope Logistic Regression with multivariable analysis ECG 3
2018)
(Couceiro et al., 43 (21+,22-) suspected syncope Different distance metrics ECG and CBP 8
2016)
(Fortrat et al., 2007) 86 (45 +, 41 —) suspected syncope NN ECG, CBP, TIM, and 4
other.
(He et al., 2021) 203(128+, 75-) suspected syncope SVR, LR, kNN, RF ECG and CBP 8
(S. Hussain et al., 687 (92+, 592 —) suspected syncope DT, GNB, kNN, MNB, SVM and LR ECG, CBP, and TIM 7
2021)
(Shahadat Hussain 687 (92+, 592 —) suspected syncope SVM, kNN and SGD ECG, CBP and TIM 6
et al., 2021)
(Khodor et al., 2014) 66 (35+, 31-) healthy KSVM ECG and CBP 6
(Khodor et al., 2016) 57 (28+, 29-) healthy kNN and KSVM (Kernel: radial basis function) ECG and CBP 7
(Klemenc and 92 (42 + 50-) suspected syncope Linear regression ECG and CBP 5
Strumbelj, 2015)
(Myrovali et al., 36 (11 +, 15 —, 10c) suspected syncope MLP-NN ECG and other 7
2021) and healthy
(Schang et al., 2006) Retrospective:70 suspected syncope NN and PCA ECG, TIM and other 8
(33 -,37+),
Prospective:59
(33,26 +)

(Schang et al., 2007) 128 (65 —, 63 + ), suspected syncope

KSVM (kernels: linear kernel, polynomial kernel, sigmoidal

ECG, TIM and other 8

neural network kernel and gaussian radial basis kernel)

+: number of subjects with a positive HUTT test, —: number of subjects with a negative HUTT test, c: healthy control.
NN: Neural Network, RDF: Random Decision Forest, DT: Decision Tree, SVR: Support vector regression, GNB: Gaussian Naive Bayes, kNN: k-Nearest Neighbor, MNB:
Multinomial Naive Bayes, SVM: Support Vector Machine, KSVM: Kernel Support Vector Machine LR: Logistic Regression, SGD: Stochastic Gradient Descent, MLP-NN:

Multilayer perceptron neural network, PCA: Principal Component Analysis.

ECG: Electrocardiogram, CBP: Continuous blood pressure measurement, TIM: Transthoracic impedance measurement,

with healthy subjects, providing a broader perspective on the evaluation
of syncope.

3.3.2. HUTT protocol

Syncope testing protocols across the studies shared a common
starting point, initiating the examination in the supine position for
several minutes. Subsequently, the patient was promptly tilted to an
angle between 60-80 degrees, and the table was returned to the supine
position either after a predetermined time or when the patient exhibited
signs of pre-syncope or syncope. In most protocols, the patient remained

in the supine position for intervals of 5-15 min. However, in one study
(Fortrat et al., 2007), this position was maintained for 50 min. In
addition, in four studies (Couceiro et al., 2016; Gilmore et al., 2021;
Klemenc and Strumbelj, 2015; Myrovali et al., 2021), the patient was
administered NTG, isoproterenol or glyceryl trinitrate when they
exhibited no (pre-)syncope symptoms after 20-30 min, and maintained
in the tilted position for another 10-15 min. In the remaining studies,
pharmacological agents were not mentioned, and the tilted position was
maintained for 45 min or less. A schematic overview of the HUTT can be
found in Fig. 2.
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Fig. 2. Schematic overview of HUTT with start of (pre-) syncope and the (early) prediction window.

3.4. Primary results

3.4.1. The aim of ML and the data selection

ML was used for two distinct purposes in the analyzed studies: 1) to
categorize patients into disease subgroups, including POTS, car-
dioinhibition, vasodepression, and mixed syncope(Gilmore et al., 2021)
and 2) to predict early-stage syncope during the HUTT(Ciliberti et al.,
2018; Couceiro et al., 2016; Fortrat et al., 2007; He et al., 2021; Sha-
hadat Hussain et al., 2021; S. Hussain et al., 2021; Khodor et al., 2016,
2014; Klemenc and Strumbelj , 2015; Myrovali et al., 2021; Schang
et al., 2007, 2006). A further distinction can be made between early
syncope prediction and syncope prediction at a later time during the
HUTT. It is notable that the majority of articles focused on shortening
the duration of HUTT rather than classification in disease subgroups.
Two studies (Khodor et al., 2016, 2014) compared different time in-
tervals, including the first 5 supine minutes, the first 5 min after tilting,
and the last 5 min to predict syncope. These articles showed no signif-
icant difference in sensitivity and specificity between these intervals.
However, sensitivity increased from a maximum of 69.6 % to 87.5 % and
the specificity from a maximum of 66.9 % to 93.8 % when the first 15
min after tilt were used compared to a 5-minute period (Khodor et al.,
2016).

Another study (Gilmore et al., 2021) focused on optimizing data
selection by using variable epochs of 4 min between tilt up and tilt down
for classification into the correct disease subgroup.

3.4.2. Machine learning models

Both Neural Networks (NN) and classic ML methods have been used
for the prediction and classification of syncope using HUTT data
(Table 1).

Neural networks

NNs were studies in three articles (Fortrat et al., 2007; Myrovali
etal., 2021; Schang et al., 2006). One of these articles used a multilayer
perceptron neural network (MLP-NN), which is described as a nonlinear
function with three layers, including an input layer that receives the
inputs, a hidden layer that processes the input information, and an
output layer that produces the classification results (Myrovali et al.,
2021).

Classic machine learning models

Commonly used classic ML classifiers were Support Vector Machine
(SVM), Decision Tree (DT), Logistic Regression (LR), and k-Nearest
Neighbors (kNN).(Gilmore et al., 2021; Shahadat Hussain et al., 20215 S.
Hussain et al., 2021; Khodor et al., 2016, 2014; Schang et al., 2007)
These classifiers were included in this paper due to their common usage
or demonstrated good performance. While there were other algorithms

used for comparison purposes, the following text focuses on these
commonly used classifiers.

Support vector machine

The SVM is a classifier that performs classification by creating a
hyperplane in a higher dimensional space. SVM can be divided into
linear and nonlinear models and works by mapping data into a feature
space in which each point in the feature space contains information
about a data point. This feature space is created using a kernel function.
The proper choice of a kernel can make inseparable classes separable by
transforming data and creating the optimal decision boundary by
maximizing the separation margin between classes.(Suthaharan, 2016)
The most commonly used kernels are: linear kernel, polynomial kernel,
sigmoid kernel, and Gaussian radial basis kernel.(Montesinos Lopez
et al.,, 2022; Schang et al., 2007) A SVM is the most commonly used
method in the articles and was used in five of the six articles that used
classic ML methods(Shahadat Hussain et al., 2021; S. Hussain et al.,
2021; Khodor et al., 2016, 2014; Schang et al., 2007). One article (He
et al., 2021) used Support Vector Regression (SVR), which applies the
principle of SVM to perform regression tasks (Montesinos Lopez et al.,
2022).

Decision tree and random forest

The DT is a hierarchical classification technique that divides data
into subsets, providing information to separate classes, and can be
defined as a supervised learning model. It consists of internal nodes
representing features, leaf nodes indicating outcomes, and branches
dictating decision parameters. The computation of the decision param-
eters, including a feature and its split location, is determined by maxi-
mizing the information gain or other criteria like the Gini impurity.
(Suthaharan, 2016) One article (S. Hussain et al., 2021) used a DT, and
another article(Gilmore et al., 2021) used a combination of DTs, also
known as Random Forest (RF). The advantage of RF is that a large
number of DTs can be used, with each tree making a prediction and the
algorithm selecting the best prediction through a majority voting
(Gilmore et al., 2021).

k-Nearest neighbors

The kNN classifier assigns unlabeled data to the class of the most
similar labeled examples. It relies on the distance to the nearest neighbor
for classification, with the parameter k determining the number of
neighboring data points included in the class prediction.(Zhang, 2016)
kNN was used in three articles(Shahadat Hussain et al., 2021; S. Hussain
et al., 2021; Khodor et al., 2016).

Logistic regression

A LR model is a statistical model estimating the probability of an
event based on individual characteristics. It is a supervised learning
technique that utilizes a logistic function or sigmoid function to map
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predictions to probabilities.(Sperandei, 2014) This method was used in
one article(S. Hussain et al., 2021).

3.4.3. Features

Measurements

Features can be derived from parameters obtained through different
types of measurements. These measurements can be divided into the
Electrocardiogram (ECG), Continuous Blood Pressure (CBP), Trans-
thoracic Impedance Measurement (TIM), and other measurements. An
overview of the measurements per article can be found in Table 1. It is
notable that most studies extracted parameters from at least two
different measurement methods.

The most frequently used parameters related to these measurements
are discussed below. Table 2 provides an overview of the different types
of parameters that were used in at least two articles.

Electrocardiogram

ECG was consistently used in all included studies, measuring pa-
rameters related to cardiac activity. These include heart rate (HR), heart
rate variability (HRV), and various intervals such as RR-interval, QT-
interval, PR-segment, and QRS-duration. In addition, heart rate can also
be used for other calculations such as cardiac output (CO).

Continuous blood pressure

The CBP measurement is the second most prevalent measurement
tool and was used in nine other articles.(Couceiro et al., 2016; Fortrat
et al., 2007; Gilmore et al., 2021; He et al., 2021; Shahadat Hussain
et al., 2021; S. Hussain et al., 2021; Khodor et al., 2016, 2014; Klemenc

Table 2
An overview of the frequently measured parameters.
Parameters Measurement
HR ECG(Couceiro et al., 2016; Fortrat et al., 2007; Gilmore

et al., 2021; He et al., 2021; Shahadat Hussain et al., 2021;

S. Hussain et al., 2021; Schang et al., 2007, 2006)

ECG(Ciliberti et al., 2018; He et al., 2021; Shahadat

Hussain et al., 2021; S. Hussain et al., 2021; Khodor et al.,

2016, 2014; Klemenc and Slrumbelj, 2015; Myrovali et al.,

2021)

CBP(Fortrat et al., 2007; Gilmore et al., 2021; He et al.,

2021; Shahadat Hussain et al., 2021; S. Hussain et al.,

2021; Khodor et al., 2016, 2014)

CBP(Fortrat et al., 2007; He et al., 2021; Shahadat Hussain

et al., 2021; S. Hussain et al., 2021)

CBP(Fortrat et al., 2007; He et al., 2021; Shahadat Hussain

et al., 2021; S. Hussain et al., 2021)

PTT ECG(Couceiro et al., 2016; Khodor et al., 2016), CBP(

Couceiro et al., 2016; Khodor et al., 2016)

ECG(Khodor et al., 2014; Klemenc and Strumbelj, 2015),

CBP(Khodor et al., 2014; Klemenc and Strumbelj, 2015)

CBP(He et al., 2021; Shahadat Hussain et al., 2021; S.

Hussain et al., 2021) ECG(Shahadat Hussain et al., 2021; S.

Hussain et al., 2021), TIM(Shahadat Hussain et al., 2021; S.

Hussain et al., 2021)

TIM(Fortrat et al., 2007; Shahadat Hussain et al., 2021; S.

Hussain et al., 2021)

CBP(He et al., 2021), TIM(Fortrat et al., 2007; Shahadat

Hussain et al., 2021; S. Hussain et al., 2021)

TPR CBP,(He et al., 2021; Shahadat Hussain et al., 2021; S.
Hussain et al., 2021) TIM(Shahadat Hussain et al., 2021; S.
Hussain et al., 2021)

LVET CBP(Couceiro et al., 2016; He et al., 2021), TIM (Fortrat

et al., 2007; Schang et al., 2007, 2006)

TIM(Fortrat et al., 2007; Schang et al., 2007, 2006)

RR-interval (HRV)

Systolic BP

Diastolic BP

Mean BP

Baroreflex sensitivity

Cardiac output

Contractability index

Stroke volume

Impedance waveform

aw)
IW AUC TIM(Schang et al., 2007, 2006)
IW Slopes TIM(Schang et al., 2007, 2006)
Age Other(Fortrat et al., 2007; Schang et al., 2007, 2006)
Sex Other(Fortrat et al., 2007; Schang et al., 2007, 2006)

ECG: Electrocardiogram, TIM: Transthoracic impedance measurement, CBP:
Continuous blood pressure measurementHR: Heart rate, HRV: Heart rate vari-
ability, BP: Blood pressure, PTT: Pulse transit time, TPR: total peripheral resis-
tance, LVET: Left ventricular ejection time, AUC: Area under the curve.
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and Strumbelj, 2015) There are several devices that obtain this non-
invasive measurement using a finger sensor. Systolic BP, diastolic BP,
mean BP, and Pulse pressure can be derived from this measurement.

Transthoracic impedance measurement

TIM includes impedance cardiography (ICG) and transthoracic
impedance (TTI) measurements indicating the resistance in the thorax
through the flow of current. Parameters include the impedance wave-
form slope and area under the curve, but also hemodynamic parameters
like stroke volume (SV), cardiac output (CO), and contractility index
(CI). TIM was used in five articles (Fortrat et al., 2007; Shahadat Hussain
et al., 2021; S. Hussain et al., 2021; Schang et al., 2007, 2006).

Other measurement

Other measurements include the age, sex, and sometimes blood
values (e.g., hematocrit and hemoglobin) and body measurements (e.g.,
fat mass and body surface area) as parameters.

Calculations and Transformations

These parameters can be used as features themselves, but they can
also be used to derive additional secondary features. These secondary
features include different minima and maxima, averages, intervals,
amplitudes, and derivatives. In addition, multiple parameters can be
used to calculate a new variable such as the stroke index (SI), calculated
by dividing the SV by the body surface area (BSA) and multiplying it by
*1000 (Shahadat Hussain et al., 2021). Parameters and their intervals
can also be converted to the frequency-time domain using the wavelet
function (Khodor et al., 2016; Myrovali et al., 2021) or to the frequency
domain (Shahadat Hussain et al., 2021; Khodor et al., 2014). In the
frequency domain, the power spectral density (PSD) can also be calcu-
lated, and frequencies can be divided into low and high frequencies.
Examples are the high-frequency RR-interval or the low-frequency dia-
stolic blood pressure (Shahadat Hussain et al., 2021).

Features can be determined automatically in a neural network that
extracts the needed information (Fortrat et al., 2007). However, when
using a classic ML classifier, feature selection methods are used to select
relevant features.

Feature selection methods

The inclusion of characteristics can be based on statistical signifi-
cance, in which features are included only if a significant difference can
be verified or when it improves the classification accuracy rate (ACC)
(Myrovali et al., 2021).

In one study (Khodor et al., 2016), three different feature selection
methods were compared. The first method is the Relief method in which
feature weights are iteratively computed based on their ability to
distinguish between neighboring models. The second method is the
Sequential Forward Selection (SFS) in which features are included one at
a time in a candidate set until the inclusion of additional features no
longer improves the specific termination criterion. The third method is
the Probe feature algorithm in which classification is based on the cor-
relation coefficient. The selection of relevant features is performed using
a stopping criterion, which sets a threshold for the inclusion of features,
ensuring that each added variable contributes more than a random
variable. The model that achieved the highest performance in the final
analysis used the SFS feature selection method (Khodor et al., 2016).

3.4.4. Performance

A summary of the performance and the method used to obtain those
values is shown in Table 3. This table does not include the single study
that dealt with a different research question: the accurate classification
of the disease subgroup, for which the study reached a minimum value
of 93 % correct classification per disease group (Gilmore et al., 2021).
Another study was not included because it provided only the accuracy of
the model (Klemenc and Strumbelj, 2015).

3.5. Secondary results

3.5.1. Pre-processing
The reviewed articles offer limited insight into the use of pre-
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Table 3
The sensitivity, specificity, positive predictive value, negative predictive value and ML model of the included articles testing the predictability of syncope during HUTT.
First author (year) Sensitivity =~ Specificity =~ Positive Negative Method
Predictive Value Predictive Value
(Cilibertietal., 2018)  87.5% 72.2% 75 % 89 % LR with multivariable analysis, using ECG and CBP features from the supine
position
(Couceiro et al., 95.2 % 95.4 % 90.9 % 89 % Minkowski distance with ECG and CBP features from 2 min after tilt as reference
2016) and the time after during the tilted position, LOOCV results
(Fortrat et al., 2007) 76 % 81 % 78 % 80 % NN, using a combination of ECG and other measurement features from different
moments during supine position,
(He et al., 2021) 86 % 82 % 89 % 78 % SVR, using ECG and CBP features from 3 min supine position, 15 min tilted
position
(S. Hussain et al., 97.61 % 98.74 % 92.23 % 99.63 % LR, using ECG, CBP and TIM features from the whole test
2021)
(Shahadat Hussain 99,10 % 99.73 % 98.23 %, 99.86 % SVM, using ECG, CBP and TIM features from the whole test
et al., 2021)
(Khodor et al., 2014) 88.5 % 80.6 % 83.7 % 86.1 % SVM, using ECG and CBP features from first 15 min of the tilting position, LOOCV
results
(Khodor et al., 2016) 87.5 % 93.8 %. 93.2 % 88.6 % SVM, using feature selection method SFS on ECG and CBP features from the first
15 min of tilting position
(Myrovali et al., 82.39 % 91.78 % 92.30 % 92.57 %. MLP-NN, using ECG and other measurement features from the 5 min before tilt
2021) and 5 min after tilt
(Schang et al., 2006) 88 % 64 % 66 % 88 % NN, using ECG, TIM and other measurement features from the 10 min supine
position tested on prospective subjects
(Schang et al., 2007) 94 % 79 % 81 % 93 % SVM, gaussian kernel, using ECG, TIM and other measurement features from the

10 min supine position

NN: Neural Network, SVM: Support Vector Machine, SVR: Support Vector Regression, LR: Logistic Regression, MLP-NN: Multilayer perceptron neural network, SFS:

Sequential feature selection, min: minutes, LOOCV: Leave One Out Cross-Validation

ECG: Electrocardiogram, TIM: Transthoracic impedance measurement, CBP: Continuous blood pressure measurement.

processing methods. However, two articles (Couceiro et al., 2016;
Khodor et al., 2016) specifically mentioned their use of a Butterworth
filter, such as a high-pass 0.01 Hz filter. The main practice across the
other studies involves normalization and re-sampling the data, coupled
with the application of various algorithms for feature extraction. This
includes the Pan-Tompkins algorithm and the Morlet wavelet function
(Myrovali et al., 2021).

Additionally, in one study missing values were replaced with the
average of the respective indicators for all patients, accompanied by
min-max normalization (S. Hussain et al., 2021).

Furthermore, two studies (Shahadat Hussain et al., 2021; S. Hussain
etal., 2021) encountered a data imbalance. Out of the 687 subjects, only
92 subjects had a positive HUTT result. To address this data imbalance,
Synthetic Minority Oversampling Techniques (SMOTE) was used.
SMOTE creates artificial instances of the minority class to address this
data imbalance (Khushi et al., 2021).

3.5.2. Evaluation method

The most commonly used evaluation method was K-fold cross-
validation. Six articles (Gilmore et al., 2021; He et al., 2021; Shahadat
Hussain et al., 2021; S. Hussain et al., 2021; Khodor et al., 2014; Myr-
ovali et al., 2021) used this method for validation with different values
of K. In some cases, K was determined by experimentation (Shahadat
Hussain et al., 2021), while in other cases, the number was determined
by the approximation of the classification rate (Gilmore et al., 2021).
Another K-fold cross-validation method used was K-1-fold cross-
validation, in which the remaining set is used as the evaluation set (S.
Hussain et al., 2021). This is different from the leave-one-out cross-
validation, in which the ML model is trained on all but one data point,
iteratively leaving out each point to evaluate the model’s generalization
performance, as was used in four other instances (Couceiro et al., 2016;
Gilmore et al., 2021; Khodor et al., 2014; Klemenc and Strumbelj, 2015).

Another way to divide the data into a train and a test set is the train-
test-split method, in which a predetermined percentage of the number of
subjects is used as the training set, and the remaining percentage of
subjects is then used as the test set for evaluation. This method was used
in three articles (Shahadat Hussain et al., 2021; Khodor et al., 2016;
Schang et al., 2007).

One study (Schang et al., 2006) used a prospective validation group

to determine the performance of the algorithm.

4. Discussion

In this review, we provide an overview of the current literature on
ML for HUTT, with a specific emphasis on data selection, feature
extraction and accuracy. ML has been used in multiple studies for the
classification of syncope using HUTT test data, with the main focus on
early prediction of syncope. The optimal selection of data varied among
the studies. Longer epochs (i.e. 15 min instead of 5) appear to improve
predictive accuracy (Khodor et al., 2016, 2014). Many different ML
approaches were used, with SVM emerging as the most widely used
method. The most frequently used parameters were extracted from ECG
and CBP, which were often used to derive features such as means and
maxima or values from the frequency spectrum. The study with the
highest performance used an SVM model with a diverse set of features
that could be measured through ECG, CBP and TIM (Shahadat Hussain
et al., 2021).

Data selection

The integration of ML with signal analysis of HUTT data opens up
new possibilities for the early prediction and accurate classification of
syncope by combining traditional medical assessment with ML classifi-
cation techniques. Data selection differed between studies: longer
epochs appear to improve prediction. However, this does defeat the
purpose of shortening the required duration of HUTT. Furthermore, it
was unclear whether subjects experiencing syncope during the 15 min in
the tilted position were excluded. If these patients were not excluded,
the obtained ML model should be considered a diagnostic rather than a
predictive model, and this may explain the better performance of the 15
min compared to the 5 min data that was selected (Klemenc and
Strumbelj, 2015). Although 15 min after tilt has been defined several
times as early prediction, true early prediction can only occur in the first
minutes before or after tilt, well before the occurrence of syncope. The
comparison of data between the supine and tilted positions within a
subject may also provide extra information, as significant differences in
the autonomic response between the two positions can be found early
after tilting.(Vybiral et al., 1989) This is consistent with the results
found by (Khodor et al., 2014) and warrants further investigation.

Machine learning algorithms
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Various ML algorithms have been used to enable syncope classifi-
cation, each with its advantages and disadvantages. SVM was used most
frequently because of several advantages: The risk of overfitting is low, it
performs well with clear separation classes, and outliers have little in-
fluence, it works In the nonlinear case via the usage of appropriate
kernels, and it can operate with high-dimensional data. SVM was indeed
used in the two best-performing models(Shahadat Hussain et al., 2021;
S. Hussain et al., 2021), although both articles used the same imbal-
anced subject group. Investigation of the different ways of dealing with
this imbalance in the data would have been useful additional informa-
tion to be investigated in relation to the number of variations (Kong
et al., 2020). However, SMOTE was the method of choice for this study.
While SMOTE is commonly effective in addressing data imbalances, its
application in both articles might have contributed to the observed high
performance, given the similarity in datasets.(Khushi et al., 2021)
Nonetheless, SVM appears to be a promising approach, as it has not only
been extensively used but has also outperformed various other methods
in comparative studies (Shahadat Hussain et al., 2021; Khodor et al.,
2016).

Although SVM was the most frequently reviewed approach in the
studies, only three studies included a neural network-based approach.
However, limited details were provided on the architectures used,
making it difficult to assess the quality of their implementation or
compare performance effectively. Furthermore, the included studies did
not explore other deep learning models such as CNNs or LSTMs, which
could potentially model HUTT data more effectively. This absence may
be due to the small sample sizes typically required for the effective
training of deep neural networks. The lack of deep learning models re-
flects the relatively early stage at which deep learning methods are being
applied in this specific clinical context. Future studies with larger
datasets could help determine whether deep learning approaches offer
significant advantages over traditional ML techniques for syncope
classification.

Features

Each article used different combinations of features derived from the
measured parameters, making direct comparisons between their relative
value challenging. Nevertheless, several comparisons were made be-
tween the types of features within the articles. For instance, one article
(Fortrat et al., 2007) found that incorporating both cardiovascular and
body composition parameters produced superior results compared to
using either alone. Notably, most articles used a combination of features
from at least two measurement methods to achieve the highest scores,
showing that combining different types of features is likely to contribute
to higher scores. Relying on a single measurement method may not be
enough to determine the interaction between the different reflex com-
ponents (Khodor et al., 2016).

Pre-processing and evaluation

The documentation of pre-processing including the steps for the
handling of missing data was not consistently provided in every report,
which limits their reproducibility and comparability across studies. This
lack of standardization complicates the interpretation of performance
metrics. Nonetheless, some articles provided a general description of the
steps involved. One article (S. Hussain et al., 2021) showed some of the
pre-processing steps encompassing commonly used methods, including
the cleaning of the data such as handling missing values, and trans-
formation of the data including normalization (Frye et al., 2021). Across
the included studies, various methods were used to evaluate the per-
formance. One study (Schang et al., 2006) used a prospective validation
group, which provides a more realistic reflection of how the algorithm
would perform in a clinical setting compared to studies that only used
retrospective data. The remaining studies used both a retrospective train
set and a test set, with more than half of the articles using k-fold cross-
validation. One of the studies (Khodor et al., 2014) specifically
mentioned LOOCV, a technique that can be used to prevent overfitting in
a smaller subject group. However, the diverse and missing information
regarding preprocessing and validation approaches in different studies
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highlights the need for more standardized methodology and reporting
practices. Future research should focus on the adoption and detailed
documentation of consistent preprocessing methods to improve the
reliability and clinical relevance of machine-learning applications in
syncope testing.

Study characteristics

The variation in subject group sizes is an important aspect to
consider when evaluating the performance of the various models and
features. Large group sizes are likely to improve performance, but the
studies involving the largest group of subjects (n = 687) also showed the
greatest data imbalance (Shahadat Hussain et al., 2021; S. Hussain et al.,
2021), which may contribute to an overestimation of diagnostic accu-
racy. Most other studies in this review involved data from fewer than
100 subjects, which is likely on the low side for the application of
advanced ML techniques(Fortrat et al., 2007; Khodor et al., 2016, 2014;
Myrovali et al., 2021; Schang et al., 2006). Going forward, we recom-
mend the use of larger and more balanced groups.

An additional consideration is the diversity in included subjects.
Some research used healthy individuals undergoing HUTT (Khodor
et al., 2016, 2014). Physiological responses and the perception of pre-
syncopal symptoms in subjects with a clinical suspicion or history of
syncope may be different compared to completely healthy subjects. The
impact on syncope classification of these patient characteristics requires
further investigation.

The final aspect to consider is the variation between the HUTT
protocols across studies. Generally, the same sequence from the supine
position to a tilt position between 60-80 degrees was maintained.
Nonetheless, there were notable differences in how long a particular
position was held, ranging from 10 to 50 min. Similarly, the duration a
subject remained in a tilted position varied from 20 to 45 min, or until
(pre-)syncope occurred. Shorter tilt times are likely to lead to a higher
number of subjects with negative HUTT outcomes.

Limitations.

Five articles had a score below 7 points on the quality assessment
(Ciliberti et al., 2018; Fortrat et al., 2007; S. Hussain et al., 2021; Khodor
et al., 2014; Klemenc and Strumbelj, 2015). The STAR-ML guide rec-
ommends the exclusion of articles with a score is below 7. These articles
were included nonetheless to get a broader picture of the ML methods
and features that can be used for the analysis of HUTT data. In future
research, it is important that the used data and algorithm are properly
recorded so that the quality of the articles increases in accordance with
the STAR-ML guide.

Another limitation of this review is the fact that only one database
(Pubmed) was searched. This may have led to the omission of relevant
studies. We aimed to mitigate this limitation by also searching the ref-
erences of selected articles. We included multiple pairs from the same
research groups, in some cases even describing the same study popula-
tion, which may have caused some bias.(Fortrat et al., 2007; Shahadat
Hussain et al., 2021; S. Hussain et al., 2021; Khodor et al., 2016, 2014;
Schang et al., 2007, 2006).

Clinical implications

Symptom recognition during tilt-induced VVS remains crucial for
accurate diagnosis, and current HUTT protocols, based on real-time
physician observation, continue to provide indispensable clinical
value. The use of ML data cannot fully replace the current tilt protocols
for VVS. However, further exploration of the use of ML for early pre-
diction of syncope during tilt may aid in improving syncope care in three
ways. Firstly, in approximately a third of subjects with a clinical diag-
nosis of VVS, HUTT does not lead to syncope, even after administration
of NTG. Identifying those subjects during the first minutes of HUTT can
save time for both patients and health care professionals. Secondly, the
use of ML for classification of syncope during tilt may improve the un-
derstanding of hemodynamic changes prior to the actual syncope and
thereby help to further unravel the pathophysiology of VVS. Thirdly,
prediction of VVS during the early stages of HUTT can increase diag-
nostic accuracy in patients whose test must be stopped prematurely (e.
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g., due to feeling unwell). Nonetheless, the potential benefits must be
considered alongside the limitations of the integration of ML models.

Integration challenges

Integrating ML into healthcare can present various challenges that
must be addressed for this technology to be successfully implemented
(Assadi et al., 2022). Several factors must also be considered when
integrating an ML model into HUTT workflows to ensure a smooth
workflow. Firstly, variability in patient responses during tilt testing
significantly limits the generalizability of models. Various factors, such
as cardiovascular health, emotional state, hydration status and envi-
ronmental conditions, could influence physiological responses during
testing (Chu et al., 2015; Russo et al., 2017; Shinohara et al., 2014).
These differences, both between and within patients, complicate the
training and validation of ML models designed for real-time prediction.

Secondly, it is important to distinguish between ML applications that
aim to predict long-term outcomes or treatment responses, and those
that attempt to predict short-term physiological events, as in the case
during HUTT. The latter requires a more nuanced understanding of in-
dividual patient responses in real time, which, as described above, can
vary widely. The clinical application of ML for predicting responses
during HUTT will need to be rigorously validated in order to account for
context sensitive interpretation of the data.

Thirdly, implementation of these models in practice requires
acceptance by healthcare professionals, as well as seamless integration
into existing clinical workflows (Chen et al., 2022). Healthcare pro-
fessionals must be able to interpret ML predictions and act on them

Appendix A. Search term
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without creating new diagnostic uncertainties or additional work. Until
this is possible and the models have been proven reliable for all patient
subgroups, ML-based predictions will be considered an adjunct to cur-
rent practice rather than a replacement.

Overall, clinical decision-making in syncope diagnosis still requires
nuanced interpretation of physiological signals in the right context.
Therefore, future studies should take into account these different factors
and create models that can interpret real-time inputs in the appropriate
context.

5. Conclusion and recommendations for future research

The integration of ML with signal analysis of HUTT data offers new
possibilities for syncope prediction. The use of ML can help to gain
insight in the pathophysiology of tilt induced VVS and may eventually
lead to a decreased test duration and improved accuracy of HUTT in a
selection of subjects. SVM appears to be an effective prediction method
based on the performance of multiple studies. Using features of at least
two measurement methods better reflects the interaction between
different physiological parameters corresponding to the complex
mechanism of syncope. However, challenges such as variations in sub-
ject group size, patient characteristics, and HUTT protocols require
careful interpretation of the results. Standardization of methodologies,
improvement of predictive accuracy and further validation in prospec-
tive studies are crucial next steps before adopting ML for syncope pre-
diction in a clinical setting.

((“Syncope, Vasovagal’[Mesh]) OR (Vasovagal Syncope[tiab]) OR (“Tilt-Table Test”’[Mesh]) OR (Head-Up Tilt Test[tiab]) OR (Tilt Test[tiab])).

AND

((“Machine Learning”[Mesh]) OR (Machine Learning[tiab]) OR (Supervised Machine Learning[tiab]) OR (Supervised Learning[tiab]) OR (Deep
Learning[tiab]) OR (Unsupervised Machine Learning[tiab]) OR (Unsupervised Learning[tiab]) OR (Support Vector Machine[tiab]) OR (“Artificial

Intelligence”[Mesh])).

Appendix B. Quality assessment scoring

First Author (Year) Q1: Did Q2: Did the Q3: Did the Q4: Did the Q5: Did the Q6: Focusing  Q7: Focusing on Q8: Focusing Q9: Focusing on
the study report study report study report study on modeling,  reproducibility, on model model test/
study data quality data data report any did the study  did the study training, did validation, did
report or data pre- distribution normalization rationale report any report their model  the study the study report
the processing? and if behind measures to parameters? report any
data imbalanced their choice  address their validation performance
used? did they of model bias? technique(s) evaluation
handle it algorithm for the metric of the
model? used algorithm?
Ciliberti et al. (2018) 1 0 1 0 0 0 0 0 1
Couceiro et al. 1 1 1 1 1 0 1 1 1
(2016)
Fortrat et al., 2007 1 0 1 0 0 0 0 1 1
Gilmore et al. (2021) 1 1 1 1 0 0 1 1 1
He et al. (2021) 1 1 1 1 0 1 1 1 1
Shahadat Hussain 0 1 1 1 1 0 1 1 1
et al. (2021)
Hussain et al. (2021) 0 1 1 0 1 0 1 1 1
Khodor et al. (2014) 1 1 1 0 1 0 0 1 1
Khodor et al. (2016) 1 1 1 1 1 0 0 1 1
Klemenc and 1 1 1 0 0 0 0 1 1
Strumbelj (2015)
Myrovali et al. 1 1 1 0 1 0 1 1 1
(2021)
Schang et al. (2006) 1 1 1 1 0 1 1 1 1
Schang et al. (2007) 1 1 1 1 0 1 1 1 1
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