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Machine learning for cardio-oncology: @
predicting global longitudinal strain

from conventional echocardiographic
measurements in cancer patients

Tagayasu Anzai'?", Kenji Hirata>** Ken Kato' and Kohsuke Kudo?*

Abstract

Introduction Global longitudinal strain (GLS) is an important prognostic indicator for predicting heart failure and
cancer therapy-related cardiac dysfunction (CTRCD). Although access to GLS measurement has increased across
institutions, its actual use in clinical practice remains limited due to practical barriers such as limited time and
insufficient training. If reduced GLS could be predicted from conventional echocardiographic parameters, it could
help identify patients who would most benefit from direct GLS assessment. Therefore, in this study, we tested the
hypothesis that reduced GLS can be predicted from conventional echocardiography via a machine learning (ML)
approach.

Methods This single-center cross-sectional study included patients who visited the Tokyo Metropolitan Tama
Medical Center Hospital and underwent echocardiography with GLS before or after anticancer chemotherapy. Low-
GLS was defined as a GLS < 16; otherwise, it was defined as Normal-GLS. Patients with EF < 50% were excluded. We
developed ML models that predict Low-GLS from conventional echocardiography measurements. Sixteen ML models
were constructed including various boosting and tree-based methods. We assessed the models by the area under the
receiver operating characteristic curve (AUC), accuracy, sensitivity, specificity, Positive predictive value (PPV), Negative
predictive value (NPV), and F1 score. The Shapley Additive exPlanations (SHAP) method was employed to evaluate the
essential predictors.

Results A total of 1,484 patients (64 + 13 years old, 69% female) were enrolled for ML model development, including
406 patients with Low-GLS and 1,078 with Normal-GLS. The best model for the test dataset was the CatBoost classifier
(AUC, 0.748; accuracy, 0.734). Diastolic dysfunction indices [such as septal/lateral mitral annular early diastolic velocity
(e') and E-wave to atrial contraction filling velocity (E/A)] and peak velocity-related parameters [aortic valve peak
velocity (AV-Vmax) and left ventricular outflow tract velocity maximum (LVOT-Vmax)] played essential roles in the Low-
GLS prediction model.
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Conclusion This study indicated the possibility that Low-GLS might be predicted by machine learning models from
conventional echocardiography measurements in cancer patients.

Keywords Machine learning, Global longitudinal strain, CTRCD

Introduction

Progress in medical care has decreased cancer-related
mortality and incidence rates, resulting in an extended
average lifespan [1]. Cardiovascular diseases are the most
significant factors affecting cancer patients following
cancer recurrence [2], often leading to fatal outcomes [3].
Cancer therapy-related cardiac dysfunction (CTRCD)
encompasses various types of cardiac impairments
induced by cancer treatments, such as chemotherapy,
targeted drugs, radiation therapy, and immunotherapy
[4].

Global longitudinal strain (GLS) measures myocardial
deformation that reflects the shortening of myocardial
fibers in the longitudinal direction. It is useful for detect-
ing CTRCD [5].

Observational studies have shown that although abso-
lute measurements of GLS, both at baseline and during
therapy, are predictive of CTRCD risk [6]. CTRCD is
defined as a relative reduction in GLS from a baseline of
15% or more [7]. A meta-analysis reported that normal
values of GLS varied from approximately —16% to -22%
[8], and the lower boundary of GLS with a normal EF
was —16% [8]. GLS-guided cardioprotective therapy has
been shown to prevent a reduction in the left ventricu-
lar ejection fraction (EF) and the development of CTRCD
in high-risk patients undergoing potentially cardiotoxic
cancer therapy [9].

Although the availability of equipment and software
for measuring GLS has become widespread, the actual
implementation of GLS measurement in clinical practice
remains limited. For example, an international survey
conducted by the European Association of Cardiovascu-
lar Imaging (EACVI) reported that while 98% of respon-
dents had access to speckle-tracking echocardiography
(STE), only 39% routinely performed and reported STE
results in more than 50% of their patients due to practi-
cal barriers such as limited time and insufficient training
[10]. Given this reality, we believe that incorporating the
machine learning approach developed in this study into
echocardiographic practice could help identify patients
at risk of reduced GLS and prompt clinicians to perform
direct GLS measurements when most needed. Therefore,
we tested the hypothesis that Low-GLS (GLS<16%) in
cancer patients could be predicted via conventional echo-
cardiography measurements through a machine learning
(ML) approach.

Methods

Patient cohort and study design (Fig. 1)

This single-center cross-sectional study included patients
who visited the Tokyo Metropolitan Tama Medical Cen-
ter Hospital between April 1, 2020, and September 30,
2024, and who underwent echocardiography with GLS
before or after anticancer chemotherapy (n=1,531).
Patient characteristics such as age, gender, body mass
index (BMI), and conventional echocardiographic mea-
surements were collected. Patients whose left ventricu-
lar EF was less than 50% (1 =47) were excluded from the
analysis. As a result, 1,484 patients were enrolled for ML
model development. ML (PyCaret; see Machine-Learning
Framework) was performed with a 4:1 ratio for random
assignment to the training and test datasets. The study
protocol adhered to the Declaration of Helsinki and was
approved by the Institutional Review Board (IRB) of
the Tokyo Metropolitan Tama Medical Center, with an
opt-out option for patients (Ethics Approval No.5-37).
As this study was retrospective, the requirement for
informed consent was waived by the IRB. The corre-
sponding author had full access to all the study data and
was also responsible for the data analysis.

Transthoracic echocardiography

The echocardiograms were measured on an Epiq Elite
ultrasound machine (Philips Medical Systems, Ando-
ver, MA, USA) via an X5-1 matrix transducer. Clinical
laboratory technicians performed all echocardiograms;
a certificated cardiologist verified all echocardiographic
images. To evaluate GLS, we used the Philips QLAB
(Version:15.5) cardiac analysis application “AutoStrain”
(Phillips Healthcare, Eindhoven, The Netherlands) [11].
Patients whose GLS was smaller than 16% were defined
as having Low-GLS, and the others were defined as hav-
ing Normal-GLS [8]. In addition to GLS, 24 conven-
tional echocardiographic measurements were collected
(Table 1).

Machine-learning framework

The PyCaret 3.0 library (https://pycaret.org) is a high-lev
el, user-friendly machine-learning framework written in
Python in a low-code environment [12]. PyCaret, which
also contains Numpy, Pandas, and scikit-learn, stream-
lines model construction and evaluation [12] by auto-
mating data preparation, feature engineering, and model
selection activities. We constructed multiple non-deep
machine learning models via PyCaret [12].


https://pycaret.org
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1,531 Cancer patients who underwent echocardiography with GLS
before or after receiving chemotherapy (2022/7-2024/9)

EF<50% (n=47)

1,484 Patients were enrolled

Machine Learning (PyCaret) (16 predictive models)

was performed at a ratio of 4:1 (random assignment to test and training data set)

Training data (n=1,187) Test data (n=297)

Fig. 1

Study design

GLS, Global Longitudinal Strain; EF, ejection fraction

Table 1 Echocardiographic measurements

No. Variable Name Description/Unit

1 Aortic regurgitation (AR) (Present or absent)*
2 Aortic root diameter (AAD) (mm)

3 Aortic valve peak velocity (AV-Vmax) (m/sec)

4 Atrial contraction filling velocity (A) (m/sec)

5 Deceleration time of the E wave (DCT) (ms)

6 Ejection fraction (EF) (%)

7 Global Longitudinal Strain (GLS) (%)

8 Interventricular septal thickness (IVST) (mm)

9 Left atrial diameter (LAD) (mm)

10 Left ventricular diastolic diameter (LVDd) (mm)

1 Left ventricular systolic diameter (LVDs) (mm)

12 Left ventricular mass index (LVMI) (9/m2)

13 Left ventricular outflow maximum diastolic velocity (LVOT-Vmax) (mm)

14 Left ventricular wall thickness (PWT) (mm)

15 Mitral regurgitation (MR) (Present or absent)*
16 Pericardial effusion (Present or absent)*
17 Pulmonary regurgitation (PR) (Present or absent)*
18-19 Septal/lateral atrial contraction myocardial velocity (Septal a/lateral &) (cm/sec)

20-21 Septal/lateral mitral annulus early diastolic velocity (Septal e”/lateral €) (cm/sec)

22 Transmitral early diastolic filling velocity to atrial contraction filling velocity (E/A) (Ratio)

23 Transmitral early diastolic filling velocity to mitral annulus early diastolic velocity (E/€’) (Ratio)

24 Transmitral early filling velocity (E) (cm/sec)

25 Tricuspid regurgitation (TR) (Present or absent)

*Regurgitations, including AR, MR, PR, and TR, were defined as present if they were observed with a severity of mild or greater
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Exploratory data analysis

Continuous variables were compared via an independent
t test or the Mann-Whitney test, depending on the vari-
able distribution tested with the Kolmogorov-Smirnov
test. Categorical variables were reported as percentages
in numbers and were compared via the chi-square test
or Fisher’s exact test, if appropriate. We performed all
the statistical exploratory data analyses via SAS 9.4 (SAS
Institute Inc., Cary, NC, USA). Continuous variables are
shown as the mean * standard deviation (SD).

Setting up the environment and preprocessing in machine
learning

For our machine learning analysis, we used the hold-out
method. The data were randomly divided into training
and test datasets in a 4:1 (n=1,187 and n=297) ratio. We
performed collinearity analysis, which is commonly used
to reduce dimensions as feature selection. The Pearson
correlation test was used to analyze collinearity between
the variables. The feature selection threshold was 0.60.
Data normalization was performed in the analysis using
the z-score method to standardize the features.

Training and fine-tuning models

We trained ML models and evaluated their performance
on the test dataset using 26 variables (age, gender, and 24
conventional echocardiography measurements: Table 1).
Initially, the study compared the performance of 16 ML
algorithms (Supplemental Table 2) without hyperparam-
eter optimization using the PyCaret framework through
10-fold cross-validation in the training dataset. We then
executed optimization procedures for each ML model.
Hyperparameter tuning was conducted using the Optuna
method [13]. All the tuned models used the training data-
set to construct the final models, whose diagnostic per-
formance was subsequently evaluated on the test dataset.
Metrics such as accuracy, sensitivity (recall), specificity,
positive predictive value (PPV: precision), negative pre-
dictive value (NPV), F1 score, and area under the receiver
operating characteristic curve (AUC) were used to assess
each model’s classification performance on the test data-
set. Finally, the top five models were selected based on
AUC.

Feature importance and SHAP values

The importance of the model features was evaluated to
determine the contribution of each predictor to the ML
model. For tree-based models within PyCaret, feature
importance was determined based on the reduction in
Gini impurity [14]. Additionally, we used Shapley Addi-
tive Explanations (SHAP) values to identify and evalu-
ate the most influential features for classifying Low-GLS
versus Normal-GLS. SHAP values, derived from coop-
erative game theory, analyze each feature’s contribution
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to an individual instance’s prediction [15]. A feature’s
SHAP value represents its average marginal contribution
to model prediction across all possible feature combina-
tions. The SHAP library computed SHAP values specifi-
cally for tree-based models, such as random forests [15].

Results

Characteristics of the participants

A total of 1,484 patients (64+13 y/o, female 69%) were
enrolled for ML model development, including 406
patients with Low-GLS and 1,078 with Normal-GLS.
The mean age was 67 + 13 y/o in the Low-GLS group and
63113 y/o in the Normal-GLS group. Eighteen variables
significantly differed between the two groups, including
age, gender, and 16 out of 24 (66.7%) echocardiographic
measurements (Table 2).

ML prediction model construction and evaluation

Using the 26 variables (age, gender, and 24 conventional
echocardiography measurements), the performance of
16 ML algorithms was evaluated. For the training data-
set (N=1,187) using the PyCaret framework’s 10-fold
cross-validation technique, the ML models achieved
AUCs ranging from 0.50 to 0.76 and accuracies ranging
from 0.65 to 0.77 without hyperparameter optimization
(Supplemental Table 1). We identified the top five ML
models with the highest AUC values: CatBoost classifier
(CBC), extra trees classifier (ETC), random forest classi-
fier (RFC), gradient boosting classifier (GBC), and logis-
tic regression (LR) (Supplemental Table 1).

All the models were fine-tuned through tenfold cross-
validation on training datasets (N =1,187), and their final
performance was assessed on the test datasets (N =297)
(Table 3). Even after fine-tuning, the top-performing
machine learning models evaluated by AUC were the
CBC, ETC, GBC, RFC, and Quadratic Discriminant
Analysis (QDA). The CBC emerged as the best model
among these. The CBC achieved an AUC of 0.748 on the
test dataset, with an accuracy of 0.734. Figure 2 illustrates
the feature importance in CBC. We also assessed the
importance of features using the SHAP method (Fig. 3).
Diastolic dysfunction indices (septal/lateral e’ and E/A)
[16] and peak velocity-related parameters (AV-Vmax and
LVOT-Vmax) played essential roles in the Low-GLS pre-
diction model.

Feature importance in decision tree models was deter-
mined by summing the Gini impurity reductions for each
feature across all nodes where the feature was used to
split the data. The features were then ranked based on
their importance values.

The feature importance for the CatBoost Classifier on
the training dataset (a) and test dataset (b), were inter-
preted using the SHapley Additive exPlanation (SHAP)
method. The SHAP is based on “game-theoretic optimal
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Table 2 The characteristics of participants

Total Low-GLS Normal- p
(n=1,484) (n=406) GLS value
(n=1,078)

Age (y/0) 63.7+133 665+128 6261134 <001
Female, n(%) 69.0% 59.1% 72.7% <0.001
BMI (kg/mz) 22.1+£38 225140 220+36 <0.05
EF (%) 66.0+6.0 64.5+6.5 666156 <0.001
GLS(%) 17.7+32 13.7+20 19.1+2.1 N/A
AAD (mm) 205+22 21.1+24 203+2.1 <0.001
LAD (mm) 319455 31.8+6.2 319452 094
LVDd (mm) 43.0+4.7 426+52 432+44 0.02
LVDs (mm) 273437 275+4.2 272+35 0.11
VST (mm) 85+14 88+15 83+14 <0.001
PWT (mm) 85+13 88+t14 83+1.2 <0.001
E(cm/s) 7024182  651+173 735+180 <0.001
A (cm/s) 75.6+20.1 778+20.7 748+198 <0.05
DCT (ms) 22551612 2286+664 2248+59.1 0.28
Septal e" (cm/s) 70423 6.1£2.0 73423 <0.001
Septal a* (cm/s) 92+19 9.0+20 93+18 <0.01
Lateral e’ (cm/s) 92+28 79+27 95+28 <0.001
Lateral a* (cm/s) 99425 98+24 100£25 0.12
E/A 1.0+£04 09+03 1.0+04 <0.001
E/e’ 11.0+£4.0 11.5+43 108+338 <0.01
LVMI (g/mz) 736+183  754+204 729+175 007
AV-Vmax (m/s) 14+£04 13+£04 14+04 <0.001
LVOT-Vmax (m/s) 1.0+£0.2 09+0.2 1.0+0.2 <0.001
AR, n(%) 15.0% 16.3% 14.5% 0.39
MR, n(%) 29.3% 323% 28.2% 013
TR, n(%) 36.7% 39.7% 35.5% 0.14
PR, n(%) 7.6% 7.9% 7.5% 0.17
Pericardial effusion,  14.3% 18.5% 12.7% <0.01
n(%)

Values are presented as numbers, mean+SD. Continuous variables are
analyzed with the t-test or Mann-Whitney U test if data were not normally
distributed. Categorical variables are analyzed with the Chi-square test or
Fisher's exact test. Significant values are in bold. AAD, Aortic Root Diameter; AR,
Aortic Regurgitation (>=mild); AV-Vmax, Aortic Valve Peak Velocity; A, Atrial
Contraction Wave; DCT, Deceleration Time of E wave; EF, Ejection Fraction; E/A,
Transmitral Early Filling Velocity to Mitral Annular Early Diastolic Velocity Ratio;
E, Transmitral Early Filling Velocity; IVST, Interventricular Septal Thickness; LAD,
Left Atrium; LVDd, Left Ventricular Diastolic Diameter; LVDs, Left Ventricular
Systolic Diameter; LVMI, Left Ventricular Mass Index; LVOT-Vmax, Left Ventricular
Outflow Tract Velocity Maximum; MR, Mitral Regurgitation (>=mild); PWT, Left
Ventricular Posterior Wall Thickness; TR, Tricuspid Regurgitation (>=mild); e,
Mitral Annular Early Diastolic Velocity; a', Mitral Annular Atrial Systolic Velocity

Shapley values” In this context, blue indicates patients
with Normal-GLS, while red represents those with Low-
GLS. The x-axis displays the SHAP value for each feature,
where a higher SHAP value (towards the right) signifies a
stronger positive contribution to the model’s predictions.
The three features with the highest absolute SHAP values
were LVOT-Vmax, E/A ratio, and PWT.

Discussion

In the present study, we developed and validated machine
learning models using PyCaret to predict Low-GLS
before and after anticancer chemotherapy. To the best of
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our knowledge, this is the first study to use ML to predict
Low-GLS from conventional echocardiographic mea-
surements in cancer patients. Diastolic dysfunction indi-
ces and peak velocity-related parameters played essential
roles in the model.

Vendor-specific variations in GLS values

The World Alliance Societies of Echocardiography has
proposed normal values for GLS, ranging from 17 to 24%
for males and 18-26% for females. GLS is a widely used
measurement in echocardiography and applies to other
imaging modalities, such as magnetic resonance imaging
(MRI) and computed tomography (CT). However, ven-
dor variability has been an issue for GLS. Discrepancies
among vendors were first identified in the late 2000s and
early 2010s [17, 18]. The European Association of Cardio-
vascular Imaging (EACVI) and the American Society of
Echocardiography (ASE) recognized the importance of
standardization and established a task force. In 2010, the
EACVI and ASE invited technical representatives from
all interested vendors to collaborate in reducing inter-
vendor variability in strain measurements [19, 20]. The
task force successfully reduced the differences in GLS
between vendors. However, some studies still reported
significant intervendor variability, with absolute GLS
differences of up to 3.7% between vendors [21]. Because
CTRCD diagnosis requires detecting a decrease in GLS
of only 15%, even a small reduction in GLS is significant.
Therefore, it may be desirable to consistently use the
same vendor for patients who require ongoing follow-
up. However, in clinical practice, GLS may need to be
measured using echocardiography systems from various
manufacturers. If a patient needs to have their current
GLS measured by echocardiography from a different ven-
dor than before, this study’s results might help detect a
decrease in GLS.

Although vendor-neutral solutions such as TomTec
Imaging Systems GmbH (Munich, Germany), have been
developed to minimize intervendor variability, their
implementation often remains limited due to cost and
operational constraints. Therefore, widespread adop-
tion across all healthcare facilities remains challenging.
Alternative approaches that rely on conventional echo-
cardiographic parameters may still offer practical value
in settings where vendor-neutral strain analysis solutions
are not readily available.

Limitations of GLS measurements

Speckle-tracking software for strain analysis in echocar-
diography is widely available commercially. Although
standardized guidelines for accurately measuring GLS
have also recently become more widely accessible, it
is sometimes not possible to obtain suitable images
for GLS measurement, particularly in cases such as
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Table 3 Results of machine learning Low-GLS predictive models by PyCaret

AUC ACC Sensitivity Specificity PPV NPV F-1

(Recall) (Precision)

Training dataset (after fine-tuning)
CatBoost Classifier 0.7547 0.7709 0.2986 0.9490 0.6794 0.7826 04106
Extra Trees Classifier 0.7542 0.7591 02187 0.9629 0.6907 0.7658 0.3306
Gradient Boosting Classifier 0.7493 0.7616 0.1788 0.9814 0.7567 0.7604 0.2854
Random Forest Classifier 0.7485 0.7625 04309 0.8875 0.5941 0.8058 04961
Quadratic Discriminant Analysis 0.7449 0.7439 04155 0.8678 0.5447 0.7983 04661
Test dataset
CatBoost Classifier 0.7481 0.7340 0.2469 09167 0.7645 0.5263 03361
Extra Trees Classifier 0.7217 0.7508 0.1605 0.9722 0.7554 0.6842 0.2600
Gradient Boosting Classifier 0.7572 0.7374 0.1358 0.9630 0.7482 0.5789 0.2200
Random Forest Classifier 0.7321 0.7306 0.3704 0.8657 0.7857 0.5085 04286
Quadratic Discriminant Analysis 0.7072 0.7273 04074 0.8472 0.7922 0.5000 0.4490

The upper table presents the top five models, ranked by the area under the receiver operating characteristic curve (AUC) for screening performance on the training
dataset following fine-tuning. The lower table illustrates the diagnostic performance of these fine-tuned models on the test dataset. ACC, accuracy; NPV, Negative

predictive value; PPV, Positive predictive value

E/A

LVOT-Vmax

Septal e’

Lateral e’

AV-Vmax

Features

Septal @’

EF

LAD

Feature importance plot

4

Variable importance

Fig. 2 Feature importance of CatBoost classifier on the training dataset
AAD, Aortic Root Diameter; AV-Vmax, Aortic Valve Peak Velocity; EF, Ejection Fraction; E/A, Transmitral Early Filling Velocity to Mitral Annular Early Diastolic
Velocity Ratio; E, Transmitral Early Filling Velocity; LAD, Left Atrium; LVOT-Vmay, Left Ventricular Outflow Tract Velocity Maximum; e, Mitral Annular Early
Diastolic Velocity; a, Mitral Annular Atrial Systolic Velocity

post-mastectomy breast cancer patients or those with
high BMIs. A reduction in GLS has been observed before
a decline in EF with good-quality images, but poor image
quality hinders the detection of decreased GLS and
reduced reproducibility [22]. Even when suitable GLS

6

10

images are unavailable, GLS may be predicted using con-
ventional echocardiographic parameters.

Recent advances in Al-based GLS measurement, such
as those demonstrated by Patel et al. [23], have shown
the potential to improve reproducibility and reduce
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Fig. 3 SHAP method on CatBoost classifier
(a) Training dataset. (b) Test dataset

AAD, Aortic Root Diameter; AR, Aortic Regurgitation (>=mild); AV-Vmax, Aortic Valve Peak Velocity; A, Atrial Contraction Wave; DCT, Deceleration Time of
E wave; EF, Ejection Fraction; E/A, Transmitral Early Filling Velocity to Mitral Annular Early Diastolic Velocity Ratio; E, Transmitral Early Filling Velocity; VST,
Interventricular Septal Thickness; LAD, Left Atrium; W.p.4, Left Ventricular Diastolic Diameter; LVDs, Left Ventricular Systolic Diameter; LVMI, Left Ventricular
Mass Index; LVOT-Vmax, Left Ventricular Outflow Tract Velocity Maximum; MR, Mitral Regurgitation (>=mild); PWT, Left Ventricular Posterior Wall Thickness;
TR, Tricuspid Regurgitation (>=mild); e, Mitral Annular Early Diastolic Velocity; a, Mitral Annular Atrial Systolic Velocity

observer- and vendor-related variability. In the future,
the application of Al-based GLS measurement may
enable more accurate assessment of GLS even in cases
with poor image quality. Furthermore, combining direct
Al-based GLS measurement with Al models that predict
GLS impairment from conventional echocardiographic
parameters, such as the approach proposed in our study,
may further enhance overall diagnostic accuracy. Inte-
grating these complementary methods could contribute
to improving the reliability and clinical utility of GLS
evaluation across a wider range of patient populations.

CTRCD and left ventricular diastolic dysfunction (LVDD)

Left ventricular diastolic dysfunction (LVDD) affects left
ventricular filling and stroke volume. Several studies have
shown that LVDD is associated with all-cause mortal-
ity in patients with heart failure [24, 25], as well as with
CRTCD [26, 27]. In this study, the key factors predict-
ing Low-GLS, such as septal/lateral e’ and E/A, were also
indicators of LVDD [16]. The findings of this study may
suggest that in cases where EF is preserved, but GLS is
reduced after chemotherapy, diastolic dysfunction may
also be present. The assessment of diastolic parameters

via echocardiography might also be recommended in
populations treated with chemotherapy alongside the
GLS assessment.

Strengths and limitations

This is the first study to employ ML to predict reduced
GLS based on conventional echocardiographic mea-
surements in cancer patients. Several limitations of this
study should be considered. First, this was a single-cen-
ter study, and external validation has not yet been per-
formed. Although we demonstrated moderate diagnostic
performance, the lack of validation in independent popu-
lations significantly limits the broader applicability and
generalizability of our findings. Without external valida-
tion across diverse institutions and patient populations,
the robustness and reproducibility of the model cannot
be fully confirmed. To ensure generalizability and poten-
tial clinical utility, external validation through multi-
center, prospective cohorts will be essential. Second, due
to the cross-sectional nature of the study design, this ML
model cannot predict changes in GLS following antican-
cer drug administration or patient prognosis. This limita-
tion restricts the model’s ability to support longitudinal
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patient monitoring, which is one of the key benefits of
GLS analysis during oncological therapy. In future stud-
ies, we plan to collect longitudinal echocardiographic
data and develop models capable of predicting temporal
changes in GLS, thereby enhancing the clinical utility of
ML-based approaches. Third, the variables used in this
study did not include myocardial contractility indicators
that could serve as alternatives to GLS, such as MAPSE
(mitral annular plane systolic excursion), which assesses
the longitudinal movement of the mitral annulus dur-
ing systole, and s’ (systolic velocity of the mitral annu-
lus), which is measured by tissue Doppler imaging. The
Incorporation of these indices will facilitate the devel-
opment of more accurate models. However, as of 2025,
since MAPSE and s’ are not routinely measured in clini-
cal practice, GLS measurement should be a viable option
in facilities capable of assessing MAPSE and s’ In the
future, we would like to consider developing models that
incorporate MAPSE and s’ measurements, as these indi-
ces may offer additional value, particularly in cases where
GLS assessment is limited by suboptimal image quality.

Fourth, the use of a dichotomous classification of GLS
in this study limits its direct applicability to clinical prac-
tice. Although the binary approach served as a practical
first step given the available sample size and model per-
formance, future efforts should focus on developing more
granular models, such as categorizing GLS into three
groups (e.g., GLS >20%, GLS 16-20%, and GLS<16%) or
predicting GLS as a continuous variable to better support
clinical decision-making.

Fifth, although we demonstrated an AUC of 0.75, this
level of performance is not sufficient for definitive clinical
decision-making. However, in certain contexts—such as
initial screening or prioritization in resource-limited set-
tings—this level of discrimination may still be practically
useful. Importantly, in our threshold analysis, when sen-
sitivity was increased to 80% to minimize missed cases of
reduced GLS, specificity declined to approximately 40%.
Conversely, improving specificity to 80% reduced sensi-
tivity to around 50%. These findings highlight the trade-
off between sensitivity and specificity. Despite these
limitations, the model may still serve as a valuable tool
for early risk identification and guiding selective GLS
measurement, especially where routine strain imaging is
not feasible. Future research should focus on enhancing
model accuracy and sensitivity by incorporating larger
and more diverse datasets.

Sixth, in this study, cases with poor image quality
were naturally excluded, as we only included examina-
tions where GLS measurement was successfully per-
formed. Consequently, there is a selection bias toward
patients with relatively good image quality. Given that the
model was trained on these biased data, it is likely that
the predictive performance of the model, based on the
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24 echocardiographic parameters, would decline when
applied to cases with suboptimal image quality. In the
future, to develop models that are more robust to varia-
tions in image quality, additional strategies may be neces-
sary, such as incorporating GLS measurements obtained
through cardiac MRI in cases where echocardiographic
GLS assessment is not feasible.

Seventh, some conventional echocardiographic param-
eters used in this study are subject to angle dependence,
unlike GLS, which is angle-independent. As a result, sub-
optimal imaging angles may reduce the predictive accu-
racy of the model. Future studies should assess model
performance under conditions of suboptimal image
acquisition.

Conclusions

This study suggests that Low-GLS can be predicted using
conventional echocardiography with an ML approach,
which may be helpful in remote areas without GLS mea-
surement or in cases where echocardiography machines
from the same manufacturer cannot be used.
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