External Validation of Machine Learning Models Predicting Global Longitudinal Strain
from Conventional Echocardiography in Cancer Patients
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Introduction

Global longitudinal strain (GLS) is a well-established prognostic marker for the early detection of heart failure and cancer therapy—related
cardiac dysfunction (CTRCD) [1]. Despite the widespread availability of GLS measurement across healthcare institutions, its routine
implementation in daily clinical practice remains limited, largely due to practical constraints such as time limitations and the need for specialized
training [2]. We previously developed machine learning (ML) models that predicted reduced GLS (Low-GLS, defined as GLS <16%) from
conventional echocardiographic parameters in cancer patients, which were internally validated [3]. We aim to externally validate the
generalizability of such models across institutions.

Methods

This multicenter study included patients from Tokyo Metropolitan Tama Medical Center (TMC) (n =1,531) and Shizuoka Cancer Center (SCC)
(n=230) who underwent echocardiography with GLS measurement before or after anticancer chemotherapy (Fig.1).
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Table 1. Patients Characteristics Table 2. Performance comparison of machine learning models
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Patients in the primary dataset were significantly older and demonstrated higher values of LVEF than those in the external validation dataset (Table 1).
In the internal validation dataset, the bagged Random Forest model achieved the highest discriminative performance in terms of AUC (0.801).
Comparable performance was observed for the other models, including bagged Extra Trees, the weighted ensemble, bagged CatBoost, and

bagged LightGBM, with AUC values ranging from 0.787 to 0.801 and F1 scores between 0.359 and 0.435 (Table 2 and Fig. 2).

In the external validation dataset, model performance was generally preserved across all algorithms, with the bagged Extra Trees model demonstrating
the highest discriminative ability, achieving an AUC of 0.820. Similar levels of performance were achieved by other models, with AUCs ranging from
0.762 to 0.781 (Table 2 and Fig. 2).
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Fig. 3. SHAP summary plot for the Bagged Random Forest model. These findings indicate that similar echocardiographic features contributed

to the prediction of Low-GLS in both datasets.

Discussion

This model may enable identification of patients with reduced GLS using conventional echocardiographic measurements when direct GLS
assessment is unavailable or unreliable, thereby supporting early risk stratification for CTRCD. This strategy may complement emerging deep
learning-based automated GLS measurement techniques. However, the retrospective design, single-country population, and limited vendor
diversity warrant further prospective validation in larger and more heterogeneous cohorts.

Conclusion

This study externally validated machine learning models predicting reduced GLS from conventional echocardiographic parameters in patients
with cancer.
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