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Abstract

Review Article

IntroductIon

Takotsubo cardiomyopathy (TTC), also known as broken 
heart syndrome or stress cardiomyopathy, is a condition 
characterized by apical heart systolic dysfunction with 
sudden onset and reversibility that mimics acute coronary 
syndrome (ACS) but without evidence of coronary artery 
disease (CAD) on angiography.[1] TTC has two clinical forms:  
one is primary takotsubo syndrome which present in the 
emergency department as they experience symptoms acutely,[2] 
whereas secondary takotsubo syndrome present in people who 
are already hospitalized for other diseases.[3]

Introduction: Takotsubo cardiomyopathy (TTC) is a cardiovascular disease caused by physical/psychological stressors with significant morbidity 
if left untreated. Because TTC often mimics acute myocardial infarction in the absence of obstructive coronary disease, the condition is often 
underdiagnosed in the population. Our aim was to discuss the role of artificial intelligence (AI) and machine learning (ML) in diagnosing TTC. 
Methods: We systematically searched electronic databases from inception until April 8, 2023, for studies on the utility of AI‑ or ML‑based 
algorithms in diagnosing TTC compared with other cardiovascular diseases or healthy controls. We summarized major findings in a narrative 
fashion and tabulated relevant numerical parameters. Results: Five studies with a total of 920 patients were included. Four hundred and 
forty‑seven were diagnosed with TTC via International Classification of Diseases codes or the Mayo Clinic diagnostic criteria, while there 
were 473 patients in the comparator group (29 of healthy controls, 429 of myocardial infarction, and 14 of acute myocarditis). Hypertension 
and smoking were the most common comorbidities in both cohorts, but there were no statistical differences between TTC and comparators. 
Two studies utilized deep‑learning algorithms on transthoracic echocardiographic images, while the rest incorporated supervised ML on cardiac 
magnetic resonance imaging, 12‑lead electrocardiographs, and brain magnetic resonance imaging. All studies found that AI‑based algorithms 
can increase the diagnostic rate of TTC when compared to healthy controls or myocardial infarction patients. In three of these studies, AI‑based 
algorithms had higher sensitivity and specificity compared to human readers. Conclusion: AI and ML algorithms can improve the diagnostic 
capacity of TTC and additionally reduce erroneous human error in differentiating from MI and healthy individuals.
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TTC is thought to be caused by a number of reasons, such 
as sympathetic overdrive with elevated catecholamines, 
coronary spasm, microvascular dysfunction, low estrogen 
levels, inflammation, or defective myocardial fatty acid 
metabolism.[4‑6] Catecholamine‑mediated damage is considered 
the main cause of TTC pathogenesis, which can be observed 
in critical or stressed patients.[7,8] The common presentations 
of TTC are substernal chest pain, shortness of breath, syncopal 
attack, and changes in the electrocardiogram (ECG) in relation 
to acute stress.[9,10] Some patients present with tachycardia, low 
pulse pressure, and low systolic blood pressure (<90 mmHg) 
in admitted patients.[11]

The incidence of TTC increased dramatically between 2006 
and 2012, by a factor of over 20, potentially due to increased 
recognition and awareness of the condition itself.[12] According 
to reports, 2% of people who exhibit clinical signs of ACS also 
have takotsubo syndrome.[13] Almost 6% of all women have 
TTC who seek immediate angiography after presenting with 
a suspected ST‑elevation myocardial infarction (STEMI).[14] 
Various diagnostic criteria are used for diagnosing TTC like 
the International Takotsubo Diagnostic Criteria (InterTAK 
Diagnostic Criteria), Mayo Clinic criteria, and others.[15] It is 
important to emphasize, however, that TTC is a diagnosis of 
exclusion that can only be made after coronary angiography 
because of the indistinguishable features from acute coronary 
disease.[16] As a result, patients can be misdiagnosed for mimics 
of TTC such as ST‑elevated myocardial infarction, acute 
myocardial infarction, or myocarditis.

Recent years have observed the potential applications of 
artificial intelligence (AI) to augment diagnostic and prognostic 
utility in various diseases.[17‑21] Machine learning (ML) and 
other AI approaches can be used to distinguish a variety 
of patterns found in the imaging modalities, including 
echocardiography.[22] Because AI can automatically analyze 
aspects from images and data that are beyond human 
perception, it can be used in echocardiography to detect disease 
states.[23] Given that the amount of data collected during normal 
echocardiogram can be challenging for human professionals 
to interpret in a short amount of time, a significant amount 
of potentially diagnostic information may go unused.[24] 
Because AI can automatically analyze aspects from images 
and data that are beyond human perception, it can be used 
in echocardiography to detect disease states. As such, the 
objective of this study is to systematically review preexisting 
studies implementing the applications of AI and ML in the 
diagnosis of TTC to determine its applicability in clinical 
practice and patient care.

Methods

Search strategy
The studies chosen for this systematic review followed 
the Preferred Reporting Items for Systematic Reviews 
and Meta‑Analyses (PRISMA statement) guidelines. The 
protocol is registered in PROSPERO (CRD42023433539). 

A preliminary search was utilized to carry out the literature 
search and to determine its uniqueness. Studies were 
screened based on the modified PICO (Problem, Intervention, 
Comparison, Outcome) criteria [Table 1].[25]

Inclusion and exclusion criteria
Studies that were included had all the following parameters: 
(1) patients with diagnosed TTC through International 
Classification of Diseases‑9/10, the Mayo Clinic diagnostic 
criteria, or InterTAK, (2) studies with patients >18 years 
of age, and (3) studies comparing the utility of AI‑ or 
ML‑based algorithms in diagnosing TTC compared to other 
cardiovascular diseases or healthy controls. All diagnostic 
tools were considered for the inclusion of this study to ensure 
adequate representation of studies. We included prospective/
retrospective observational studies and cross‑sectional studies. 
We excluded conference abstracts, systematic reviews, 
narrative reviews, editorials, short communications/letters, 
book chapters, case studies/series, animal studies, in vitro 
studies involving cell lines, studies with patients <18 years 
of age, and scientific articles in languages other than English.

Study selection
Two reviewers (HH and KSKL) independently conducted 
an electronic systematic search in three databases (PubMed, 
EMBASE, and SCOPUS) from inception until April 8, 
2023, without search limitations using a predefined search 
strategy [Supplementary Table 1]. The studies were carefully 
exported to the Endnote 2020 library (X9) and screened using 
Covidence.[26,27] The same reviewers independently screened 
for title/abstracts and full text, with discrepancies regarding the 
inclusion of studies being arbitrated by the senior author (GT).

Data extraction and quality assessment
Information in the included studies were extracted into an 
Excel spreadsheet which included summary characteristics 
of included studies (title, authors, abstract, published year, 
journal, and DOI). Full‑text papers were retrieved to extract 
the following information: country of origin, study type, 
study size of total participants, patient population with TTC, 
comparator population, baseline characteristics such as sex 
and mean age, and common comorbidities (i.e., hypertension, 
diabetes). Then, we summarized the tested imaging parameter 
and the different AI‑ or ML‑based algorithms utilized in a 
narrative fashion. We specified whether these diagnostic 
algorithms were tested compared to either traditional 

Table 1: Modified problem, intervention, comparison, and 
outcome criteria

Categories Variables
Patient Adults diagnosed with TTC
Exposure AI‑ or ML‑assisted approaches in TTC
Comparator AI‑ or ML‑assisted approaches in other 

conditions or healthy controls
Outcome Diagnostic or prognostic utility
AI=Artificial intelligence, ML=Machine learning, TTC=Takotsubo 
cardiomyopathy
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diagnostic modalities such as human readers (i.e., health‑care 
professionals) or different types of AI/ML models in each 
paper. The study outcomes were assessing the diagnostic 
efficacy of AI/ML‑based approaches in identifying TTC 
compared to healthy controls or other cardiovascular 
conditions and tabulated statistical parameters (area under 
the curve [AUC], sensitivity, specificity, and accuracy) 
where available. Two authors (HH and KSKL) assembled 
all available information in a shared Excel spreadsheet. For 
missing, incorrect, or unreported data, the corresponding 
authors of the respective papers were contacted via E‑mail 
for clarification. Supplementary material related to the main 
article was also investigated in such cases. For the quality 
assessment of included studies in the systematic review, we 
used the Newcastle–Ottawa Scale for observational studies 
by two independent reviewers [Supplementary Table 2].[28]

Statistical analysis
Descriptive statistics were used to summarize the baseline 
characteristics and common comorbidities in this paper 
using the mean and standard deviation for continuous 
variables, while frequencies and percentages were used 
for dichotomous variables. To determine significant 
differences in patient comorbidities, we first pooled event 
outcomes in the TTC and comparator groups separately 
and performed a two‑tailed Fisher’s test based on these 
two groups. In addition, we performed a conventional 
two‑arm meta‑analysis of patient comorbidities using the 
DerSimonian and Laird random‑effects model for study 
variations with the inverse‑variance weighted method.[29] 
Outcomes were reported as odds ratios (OR) and their 
corresponding 95% confidence interval (95% CI). Statistical 
significance was met if the 95% CI of the pooled results did 
not cross the numeric “1” and the two‑tailed P < 0.05. The 
Higgins I‑squared (I2) statistical model was used to assess 
heterogeneity among studies, with I2 <75% considered 
mild‑moderate and ≥75% considered high.[30] Regarding 
the ML algorithms, we reported the AUC, sensitivity, 
specificity, and accuracy noted in each paper. For papers 
where accuracy was not reported, we used calculations 
from positive predictive values and negative predictive 
values provided in the study. Analyses and visualization of 
data were done using Prism version 8 (GraphPad, LaJolla, 
CA, USA) and Microsoft Excel 2021 (Microsoft, Redmond, 

WA, USA). The meta‑analysis was performed using Review 
Manager software (RevMan) Version 5.4 (The Cochrane 
Collaboration, Copenhagen, Germany). The graphical 
abstract was curated using BioRender.[31]

results

Study selection
The utilization of our predefined search terms [Supplementary 
Table 1] without restrictions yielded 818 studies, including 83 
from PUBMED, 652 from EMBASE, and 83 from SCOPUS. 
Of these, 44 duplicates were excluded and a further 753 articles 
were excluded from the initial posttitle and abstract screening 
based on the inclusion and exclusion criteria. Full‑text review 
was conducted for the remaining 21 studies, of which five 
studies met the requirement for our systematic review.[32‑36] 
The PRISMA flow diagram is depicted in Figure 1. All five of 
the included studies were retrospective observational studies, 
with publication years ranging from 2017 to 2023 [Table 2]. 
Three studies were conducted in Europe, whilst the remainder 
of the studies were conducted in the United States and Japan, 
respectively.

Patient characteristics
A total of 920 participants were included in this systematic 
review, with a mean sample size of 114.65 (±110.26). Of these, 
447 were diagnosed with TTC and constituted around 48% 
of the study population [Table 2 and Figure 2]. Three studies 
compared TTC with myocardial infarction (two anterior and 
one STEMI), two studies compared against healthy controls, 
and one study compared TTC with acute myocarditis (n = 473, 
51.4%). Based on the clinical characteristics of the cohort 
with TTC, 86% of the patients were of female sex (n = 388) 
with a mean age of 68.5 ± 2.3 years. The mean age for the 
pooled comparison cohort was 60.4 ± 10.2 years, and only two 
studies – Laumer, 2022, and Zaman, 2021 – reported female 
sex (n = 252).

We further examined the comorbidities of the TTC cohort where 
available. Hypertension was the most common comorbidity 
in TTC patients, with 55.4% diagnosed at baseline [Figure 3]. 
This was followed by 36.5% with a history of smoking, 
28.2% diagnosed with hyperlipidemia, 17.9% with diabetes 
mellitus (n = 80), and 9.4% with CAD [Supplementary Table 3]. 

Table 2: Study characteristics and baseline demographics

Study characteristics TTC group Control group

Study Year Country Study size (n) Sample size (n) Mean age ± SD Comparator Sample size (n) Mean age ± SD 
Cau et al.[33] 2023 Italy 43 18 69.0 ± 11.0 AM and 

healthy
AM: 14

Healthy: 11
AM: 44.0 ± 16.0

Healthy: 
50.0 ± 10.0

Klein et al.[34] 2017 Switzerland 39 20 65.3 ± 14.3 Healthy 19 67.4 ± 14.2
Laumer et al.[35] 2022 Switzerland 448 224 67.9 ± 11.7 AMI 224 68.7 ± 11.7
Zaman et al.[36] 2021 United States 300 140 64.0 ± 13.1 STEMI 160 61.3 ± 13.3
Shimizu et al.[32] 2022 Japan 90 45 78.0 ± 12.6 AMI 45 ‑
TTC=Takotsubo cardiomyopathy, AM=Acute myocarditis, AMI=Acute myocardial infarction, STEMI=ST‑segment elevation myocardial infarction, 
SD=Standard deviation, n=number
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A previous history of chronic kidney disease was reported 
in two studies (7.8%). Statistical analyses did not shed 
significant differences in comorbidities when comparing 

TTC patients with the comparator group after pooling 
samples from available studies [Supplementary Table 4]. In 
addition, the risk of comorbidities between the two groups 
was comparable [Supplementary Figure 1]. The mean % of 
left ventricular ejection fraction was recorded at 45.3 ± 9.3 
based on three of the included studies, while two studies 
reported heart rate, systolic blood pressure, and a presentation 
of ST‑segment elevation.

Imaging parameters and applied artificial intelligence 
algorithms
Table 3 summarizes the utilized imaging parameters and algorithms 
used for their model on differentiating TTC from the comparator 
groups. In terms of outcomes, all studies reported the diagnostic 
utility and there was no data on the prognostic utility of AI.

In Cau et al.,[33] five different tree‑based ensemble algorithms were 
applied to noncontrast cardiac magnetic resonance (CMR) scans 
with late gadolinium enhancements in TTC subjects presenting 
with chest pain, which were compared to human readers. 

Figure 1: Preferred Reporting Items for Systematic Reviews and Meta‑Analyses 2020 flow diagram

Figure 2: Overview of patient characteristics in included studies. 
TTC=Takotsubo cardiomyopathy, AMI=Acute myocardial infarction, 
STEMI=ST‑segment elevation myocardial infarction
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Additional analyses revealed that left atrial conduit strains and 
strain rate were strong indicators for TTC identification.

Klein et al.[34] applied a support vector ML algorithm on 
diffusion‑weighted magnetic resonance images (MRI) of the 
brain to compare TTC patients with healthy controls. Three 
different diffusion‑based measures were compared in TTC 
patients, which consisted of diffusion tension imaging (DTI), 
voxel‑based manometry (VBM), and resting‑state functional 
magnetic resonance imaging (rsfMRI).

In two studies, deep‑learning algorithms that utilized 
convolutional neural networks were used to discriminate 

TTC from MI based on transthoracic echocardiography (TTE) 
images compared to interpretations from human readers such 
as trained cardiologists. Laumer et al.[35] assessed the utility 
of temporal neural networks based on one‑dimensional 
convolution architectures of different views captured by 
the TTE (apical two‑chamber and four‑chamber views). In 
comparison, Zaman utilized three deep convolution neural 
networks (DCNNs) and one recurrent neural network (RNN) 
with a region of interest selection algorithm, allowing them 
to differentiate TTC from STEMI.

Finally, Shimizu et al.[32] utilized a similar approach 
using 12 different ensemble learning models on 12‑lead 
electrocardiographic microvolt‑level measurements. ML 
models such as light gradient‑boosting machine and extra‑tree 
classifiers were compared to traditional statistical models to 
distinguish TTC from anterior AMI. The differences in the 
accuracy of these models were observed in 25 different ECG 
parameters based on lead positions.

Diagnostic performances of artificial intelligence 
algorithms
The results from all studies found that AI‑based algorithms 
can increase the diagnostic rate of TTC when compared to 
the comparator group [Table 4]. In Cau et al., the AUC and 
sensitivity/specificity utilizing the random forest classifier and 
the gradient‑boosting algorithm on CMR images to diagnose Figure 3: The number (n) of patient comorbidities in reported studies

Table 3: Descriptive summary of artificial intelligence algorithms in included studies

Study

Cau et al.[33] Klein et al.[34] Laumer et al.[35] Zaman et al.[36] Shimizu et al.[32]

Objective/
aim of 
study

Derive a machine 
learning model 
integrating noncontrast 
CMR parameters to 
identify TTC in subjects 
with cardiac chest pain

Identify predictors for 
the presence of TTC 
based on different 
modalities of MRI data

Assess the utility of 
machine learning 
systems for automatic 
discrimination of TTC and 
AMI

Using deep learning 
neural networks in the 
differential diagnosis of 
TTC and STEMI based on 
bedside echocardiographic 
images and videos

Distinguish TTC 
with Ant‑AMI by 
ML approach of 
microvolt‑level 
quantitative 
measurements

Imaging 
parameter

CMR scans Diffusion‑weighted 
MRI brain

TTE TTE 12‑lead ECG

Algorithm 
description

Tree‑based ensemble 
learning ML algorithms

Support vector machine 
learning algorithm

Deep‑learning algorithm 
using convolutional 
autoencoder and temporal 
convolution neural network

Deep convolutional neural 
networks and recurrent 
neural networks with ROI 
selection algorithm

Predictive ML models 
with ensemble 
learning procedure

Algorithm 
models

AdaBoost, Bagging, 
XGBoost, RF, 
ExtraTrees

DTI (FA)
VBM (GM, WM, CSF)
rsfMRI (fALFF, ALFF, 
ReHo)

Temporal neural 
network based on 
one‑dimensional time 
convolution architecture 
of apical two‑chamber and 
four‑chamber views from 
TTE

DCNN (2D [SCI]), 
DCNN (2D [MCI]), 
DCNN (2D+t), RNN

LGB machine, 
ExtraTrees, AdaBoost, 
Naive Bayes, GB, 
RF, LD analysis, DT, 
K‑neighbors, logistics 
regression, quadratic 
discriminant analysis

Comparison Human readers Between three 
different forms of MRI 
sequencing data

Human readers Human readers Traditional statistical 
models

TTC=Takotsubo cardiomyopathy, AMI=Acute myocardial infarction, CMR=Cardiac magnetic resonance, TTE=Transthoracic echocardiography, 
ECG=Electrocardiogram, ML=Machine‑learning, ROI=Regions of interest, AdaBoost=Adaptive boosting, XGBoost=Extreme gradient boosting, 
RF=Random forests, ExtraTrees=Extreme gradient boosting, DTI=Diffuse tensor imaging, FA=Fractional anisotropy, VBM=Voxel‑based morphometry, 
WM=White matter, CSF=Cerebrospinal fluid, rsfMRI=Resting state functional magnetic resonance imaging, fALFF=Fractional amplitude of 
low‑frequency fluctuations, ReHo=Regional homogeneity, DCNN=Deep convolution neural networks, 2D=Two‑dimensional, SCI=Single‑channel 
image, MCI=Multi‑channel image, RNN=Recurrent neural network, LGB=Light gradient boosting, GB=Gradient boosting, LD=Linear discriminant, 
DT=Decision tree
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TTC were higher than 0.90 and 0.80, respectively. This was in 
comparison to the application of ensemble‑based decision tree 
called AdaBoost (adaptive boosting) on CMR images. For Klein 
et al., there were stark differences in the AUC for DTI (0.83) 
and rsfMRI (0.86) measures in comparison to VBM (0.55) in the 
diagnosis of TTC when using MRI imaging techniques.[34] The 
same trend was true for the sensitivity, specificity, and accuracy 
in Cau et al.’s CMR algorithms and Klein et al.’s brain MRI 
algorithms. Laumer et al. identified no significant difference in 
the AUC, sensitivity, specificity, and accuracy among different 
apical chamber views captured by TTE images to diagnose 
TTC. Zaman et al. reported that the overall AUC for DCNN 
was 0.79 compared to RNN which was 0.77 to diagnose TTC 
captured on TTE compared to STEMI. When comparing DCNN 
models alone, DCNN (2D [two‑dimensional] +t) exhibited 
higher sensitivity. Finally, Shimizu et al. looked at 12 different 
ML‑based models on 12‑lead ECG data which were compared 
to traditional statistical models without ML algorithms.[32] 
The majority of ML models had a higher AUC than 0.8 in the 
diagnosis of TTC on ECG data points with the exception of 
quadratic discriminant analysis and K‑neighbors classifier. In 
terms of sensitivity, all were higher than 0.8 with the exception 
of the logistic regression and quadratic discriminant analysis.

In three of these studies utilizing CMR (Cau et al.) and 
TTE (Laumer and Zama et al.), AI‑based algorithms had a 
higher AUC, sensitivity, and specificity compared to human 
readers in diagnosing TTC [Table 5]. In Cau et al., it was found 
that all four ML models had a higher AUC and specificity, 
than a human reader.[33] However, the sensitivity of a human 
reader diagnosing TTC from CMR images was 0.833, 
which outperformed AdaBoost (0.69) and Bagging (0.778). 
By contrast, Laumer et al. demonstrated that the AUC and 
sensitivity of four human readers diagnosing TTC from TTE 
images were lower than that of temporal neural networks.[35] 
However, human readers outperformed in specificity compared 
to the model. Finally, Zaman et al. compared the performance 
of 49 human readers to DCNN (2D+t) and RNN, to which the 
ML algorithms outperformed other algorithm types for AUC.[36]

dIscussIon

This is one of the first systematic reviews that elaborate on 
the utility of AI and ML in the diagnosis of TTC [Central 
Illustration]. In our cohort, AI and ML show additional and 
impactful value due to the increased TTC diagnosis rate 
compared to the comparator group. Based on ventricular 
segmentation, volume measurements, and an automatic 

Table 4: Comparison of area under curve, sensitivity, specificity, and accuracy values between machine‑learning models

Study Model AUC Sensitivity Specificity Accuracy
Cau et al.[33] AdaBoost 0.76 0.691 0.822 ‑

Bagging 0.89 0.778 0.846 ‑
XGBoost 0.92 0.808 0.874 ‑
RF 0.93 0.861 0.869 ‑

Klein et al.[34] DTI 0.83 0.7857 0.7857 0.7857
VBM 0.55 0.5789 0.5789 0.5789
rsfMRI 0.86 0.8125 0.75 0.7812
All modalities 0.71 0.6667 0.75 0.7083

Laumer et al.[35] Two‑chamber and four‑chamber 0.79# 0.755 0.741 0.748*
Two‑chamber view 0.739 0.719 0.729*
Four‑chamber view 0.742 0.673 0.666*

Zaman et al.[36] DCNN (2D [SCI]) ‑ 0.67 0.78 0.73
DCNN (2D [MCI]) ‑ 0.73 0.77 0.75
DCNN (2D+t) 0.79 0.79 0.8 0.8
RNN 0.77 0.71 0.79 0.75

Shimizu et al.[32] Light gradient‑boosting machine 0.86 0.87 ‑ 0.865
Extra‑tree classifier 0.88 0.83 ‑ 0.832
AdaBoost classifier 0.87 0.87 ‑ 0.832
Naive Bayes 0.87 0.81 ‑ 0.821
Gradient‑boosting classifier 0.87 0.87 ‑ 0.821
Random forest classifier 0.85 0.85 ‑ 0.821
Linear discriminant analysis 0.844 0.81 ‑ 0.786
Decision‑tree classifier 0.81 0.82 ‑ 0.778
K‑neighbors classifier 0.79 0.85 ‑ 0.776
Logistic regression 0.80 0.71 ‑ 0.719
Quadratic discriminant analysis 0.69 0.79 ‑ 0.708

*Calculated from true/false positives and true/false negatives, #AUC based on the performance of the overall ML model. AdaBoost=Adaptive boosting, 
XGBoost=Extreme gradient boosting, RF=Random forests, ExtraTrees=Extreme gradient boosting, DTI=Diffuse tensor imaging, VBM=Voxel‑based 
morphometry, rsfMRI=Resting state functional magnetic resonance imaging, DCNN=Deep convolution neural networks, 2D=Two‑dimensional, 
SCI=Single‑channel image, MCI=Multi‑channel image, RNN=Recurrent neural network, AUC=Area under the curve
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evaluation of myocardial function and motion, AI‑assisted 
diagnosis of cardiomyopathies can be made.[33,34] AI and 
predictive models can assist to distinguish between similar 
diseases in clinical practice. The potential for improved 
diagnostic performance, particularly in the early stages of some 
cardiomyopathies where no clear structural echocardiographic 
symptoms may be detected by human perception, may be one 
of the most significant advantages of AI in this sector. ML 
approach can support the diagnosis of cardiomyopathies by 
removing interobserver variability, avoiding wrong decisions 
from inexperienced colleagues or human misjudgments, and 
guaranteeing faster and higher quality reports, even in the 
presence of less highly qualified experience.

The utilization of AI is trending in popularity within cardiology, 
especially in the context of interpreting large datasets from 
medical imaging reports to improve the classification of 
related conditions.[37]  In general, AI algorithms fall within 
the realm of data science and include classical programming 
and ML, with subsequent applications in health care by 
analyzing electronic health records or making decisions 
based on evidence‑based guidelines.[38] There are multiple 
ML algorithms that have been developed for prediction‑based 
tasks or pattern recognition including deep learning (DL) and 
artificial neural networks (ANNs).[39] DL utilizes techniques 
that learn the optimal features directly from the dataset, 
allowing for the automatic discovery of latent data relationships 
that might otherwise be unknown or hidden at the surface 
level.[37] ANN is a powerful DL algorithm and is a practical 
modeling tool with the ability to generalize pattern information 
to new data, producing reliable estimates and solving complex 
interactions that may not be observed with traditional statistical 
methods.[40] A deep‑dive overview of the different types of 
algorithms regarding neural networks and ML taxonomy has 
been covered in Woodman and Mangoni.[41] ML is a field of 
learning aspects of AI by developing algorithms that best 

represent a set of data, divided into two significant categories: 
supervised and unsupervised learning.[28] Supervised learning 
techniques involve inferring and mapping functions from 
inputs to outputs such as logistic regression and support vector 
machines. In contrast, unsupervised learning aims to learn 
the properties of the inputs’ distribution including clustering 
and density estimation.[42] The development of clinical‑based 
ML algorithms requires the selection of models using neural 
networks or decision trees, the specification of ML models 
such as hyperparameter tuning, and the evaluation of model 
performances.[43] Hyperparameter optimizations control the 
overall training process for algorithms and are key to model 
performance within a specific dataset.[43,44] As such, the 
selection of which measures to prioritize will depend on user 
preferences and resources. Differences in the quality of data, 
sample size, and optimized training of datasets can explain 
the variation in accuracy of different models.[45] As such, it 
is important to continue research on human datasets with the 
goal of enhancing output accuracy of ML algorithms for its 
use as a prediction tool in clinical practice.

Typical clinical presentation of individuals with TTC is 
characterized by acute chest pain, shortness of breath, or 
syncope with new ECG modification such as ST‑segment 
elevation or depression, T‑wave inversion, and QTc 
prolongation.[15] Common profile is a woman patient older 
than 50 years. Key clinical features in the diagnostic 
assessment of TTC are female sex, emotional or physical 
stress, and psychiatric or neurologic disorders.[46] Generally, 
cardiovascular risk factors[47] are not considered in the 
diagnostic algorithm of TTC.[15] In our cohort, we found that 
hypertension was the most common comorbidity observed 
which is in line with previous studies reported in the 
literature.[47,48] The distribution of comorbidities was similar 
in both the TTC cohort and comparators and not statistically 
different, which also demonstrates that it may be difficult to 

Table 5: Studies comparing machine‑learning models with human readers

Study Model AUC Sensitivity Specificity
Cau et al.[33] AdaBoost 0.76 0.691 0.822

Bagging 0.89 0.778 0.846
XGBoost 0.92 0.808 0.874
RF 0.93 0.861 0.869
Human reader 0.52 0.833 0.24

Laumer et al.[35] Two‑chamber and four‑chamber 0.79# 0.755 0.741
Two‑chamber view 0.739 0.719
Four‑chamber view 0.742 0.673
Human reader 1 0.73 0.455 0.845
Human reader 2 0.68 0.464 0.745
Human reader 3 0.69 0.445 0.809
Human reader 4 0.74 0.645 0.755

Zaman et al.[36] DCNN (2D+t) 0.79 0.79 0.8
RNN 0.77 0.71 0.79
Human reader* 0.699 ‑ ‑

*n = 49, #AUC based on the performance of the overall ML model. AdaBoost=Adaptive boosting, XGBoost=Extreme gradient boosting, RF=Random 
forest, DCNN=Deep convolution neural networks, 2D=Two‑dimensional, RNN=Recurrent neural network, AUC=Area under the curve
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distinguish cardiomyopathies compared to other cardiovascular 
conditions and healthy individuals. Recent work also identified 
the presence of malignancy as an important of short‑ and 
long‑term mortality outcomes in TTC.[49]

ECG is the primary investigation to assess individuals 
with suspected TTC and for the differential diagnosis. 
In the emergency departments, patients present an ECG 
with acute changes and ST‑segment elevation is the most 
frequent (44%).[15] Several studies have proposed specific ECG 
criteria to discriminate TTC from anterior STEMI based on 
the standard 12‑lead ECG.[50‑52] ECGs are widely available and 

often produce raw data that are easily stored in electronic health 
records and transferred in a digital form, utilized for a variety 
of cardiovascular conditions during the initial assessment.[53] 
However, human interpretations of ECG recordings are variable 
and its reproducibility comes in accordance with levels of 
expertise and experience for certain disease processes. With 
currently standardized computer‑generated interpretations, 
there remain limitations regarding the detection of different 
patterns within an ECG reading when two pathologies present 
similarly. In the case of TTC, a 12‑lead ECG can show similar 
patterns to a STEMI patient as the degree of ST‑elevation/

Key question
What is the role of artificial intelligence (AI) and machine learning (ML) in the diagnosis of takotsubo cardiomyopathy (TTC) 
compared to myocardial infarction and healthy controls?

Key finding
Five observational studies reported that AI‑based algorithms can increase the diagnostic rate of TTC when compared to 
healthy controls or myocardial infarction patients. In three of these studies, AI‑based algorithms were more sensitive and 
specific compared to human readers.

Message for readers
AI and ML algorithms can improve the diagnostic capacity of TTC and additionally reduce erroneous human error in 
differentiating from other cardiovascular conditions. AI is transformative in the field of cardiology, but there is a lack of 
original studies that exist regarding the key question.

Central Illustration: A summary on the utility of artificial intelligence in takotsubo cardiomyopathy.
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depression and T‑wave inversions vary between conditions.[32,54] 
However, the findings from Shizimu et al. identified in this 
review suggest that AI‑powered ECG interpretations may 
improve accuracy in diagnosing TTC by identifying possible 
discriminatory markers on ECG such as normal QRS axis and 
prolonged QTc intervals to distinguish from AMI. In broader 
cardiovascular practices, the applications of AI algorithms in 
ECG interpretations have shown promising results in detecting 
arrhythmias, ST‑segment changes in structural heart disease, 
and risk prediction for patients at a higher risk of myocardial 
infarction, stroke, or sudden cardiac death.[53,55‑57] Combined, 
our study suggests that AI‑powered ECG is continuously 
being explored in the context of TTC, but further studies are 
needed to consolidate these data as this is the only published 
findings on AI‑diagnosed TTC using standard 12‑lead ECGs. 
Given the widespread accessibility of ECGs, understanding 
the implications of ML algorithms in the interpretation of ECG 
readings can pave the way to future considerations in diagnosing 
clinically indistinguishable diseases such as TTC and MI.

In the workup of TTC, echocardiographic imaging is also 
a key tool to guide toward the diagnosis, follow‑up, and, 
especially, for the differential diagnosis.[2,58] In TTC, regional 
wall motion abnormalities are independent of the distribution 
of a single epicardial coronary artery.[59] Indeed, compared to 
anterior STEMI, individuals with TTC show a circumferential 
pattern of myocardial dysfunction involving equally and 
symmetrically the walls supplied by all coronary arteries. 
In anterior STEMI, wall motion abnormalities are regional 
and related to the left anterior descending coronary artery 
as the culprit lesion.[60] While echocardiographic videos are 
comprehensive in measuring ventricular function, human 
assessment is limited due to time restriction and may be 
subject to bias based on experience and personal knowledge. 
In addition, differences in ML processes and human 
“judgment calls” may reflect real‑life situations of fearing the 
misdiagnosis of life‑threatening pathologies.[61,62] Utilizing 
DL networks can address these issues by performing real time 
on individual pixels of data derived from still‑frame images 
and objectively identifying subtle changes in myocardial 
contractility/function of two indistinguishable pathologies 
that may go unnoticed by humans.[63] In this context, two of 
the included studies in this review found that utilizing deep 
neural learning algorithms outperformed cardiologists by a 
significant margin when differentiating features of TTC and 
MI as both conditions vary in contractile function at different 
time points.[35,36] These findings come in line with previous 
studies done in cardiovascular practice suggesting improved 
diagnostic utility in assessing ventricular function and size 
with AI‑employed echocardiograms.[64‑67] While future studies 
should aim to further evaluate differentiating features of TTC 
on echocardiograms using ML algorithms, such systems 
emerge as an important tool to deliver precise assessments in 
cardiology. Perhaps, limitations to routine echocardiography 
in general may hinder the utility of AI, but a combination of 
clinical data and biomarkers may improve diagnostic accuracy.

Another type of imaging technique used in the assessment of 
TTC is CMR. CMR is a unique tool that can further evaluate 
TTC, adding key information for the characterization of 
myocardial tissue.[46] The utility of CMR has been extensively 
investigated in TTC, with guidelines suggesting that TTC 
patients exhibit a combination of mid‑ventricular akinesis and 
apical sparing, as well as reduced left atrial function, myocardial 
edema, and absence of gadolinium enhancement.[68‑70] In 
particular, myocardial strain is becoming recognized as a 
noncontrast quantitative method in CMR assessments that 
is reliable in diagnosing various cardiovascular diseases 
processes and TTC.[71] In Cau et al.,[33] the application of an 
ML approach using tree‑based ensemble algorithms with 
noncontrast CMR parameters demonstrated accuracy in 
diagnosing TTC with further deliberation that left atrial strain 
is a key imaging marker. Similar methods have been previously 
investigated in other forms of cardiomyopathy and CAD.[72‑76] 
The utility of AI‑powered CMR can additionally be efficient in 
diagnosing cardiomyopathies as predictions made by models 
can be made significantly faster than clinicians. In future 
studies, the integration of DL systems to analyze variables from 
CMR scans may be beneficial as it had been demonstrated in 
echocardiograms.

Interestingly, our review also yielded a study testing 
unconventional imaging techniques such as a brain MRI in the 
diagnosis of TTC. It is unclear how aberrations on brain imaging 
could be associated with TTC, but its pathophysiological 
mechanisms would seem to be linked to excessive sympathetic 
stimulation with activations of specific brain areas mainly 
involving the limbic system. In practice, the utility of brain 
MRIs in TTC is limited given the resource limitations and 
the lack of clinical indications. Previous studies suggest 
that patients with TTC exhibit a significant stroke risk in the 
presence of white matter hyperintensities.[10] The brain–heart 
interaction is central to the development of TTC, and this could 
arise from altered neurological networks controlling emotion 
regulation and autonomic nervous system. Several studies using 
functional and structural brain MRI have documented these 
brain alterations such as smaller white matter and gray matter 
volumes in TTC patients supporting this hypothesis.[6,77,78] 
Likewise, Klein et al.[34] also found a homogeneous neuronal 
alteration of the emotional‑autonomic control system. The 
evaluation of brain MRIs in its diagnosis is a striking application 
that could be applicable as an additional clinical feature, given 
its link to physical and emotional stressors. Published rsfMRI 
studies found increased connectivity within the orbitofrontal 
areas that may reflect inefficient emotional regulation in TTC 
patients.[79] While the application of ML‑driven structural MRI 
measures is considered to be promising in the differentiation of 
TTC from healthy controls, clinical applicability may be limited 
in routine cardiovascular care but underscores the importance 
of the brain–heart axis.

While we shed light on its promising specificity, accuracy, and 
sensitivity in diagnosing TTC compared to healthy controls, 
we also acknowledge that more studies should be done to 
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elaborate on its clinical utility in diagnosing TTC and for other 
underdiagnosed heart conditions.

At present, challenges and limitations are present in the 
application of AI and ML in clinical practice. The first issue is 
related to the data itself, including determining the right dataset 
needed to optimize algorithms and addressing bias. These 
challenges are well addressed in a review by Gianfrancesco 
et al., where sources of bias can stem from missing values 
during data entry, power issues due to inadequate sample 
size, and errors in measurement due to implicit bias by 
health‑care practitioners and socioeconomic status.[80] The 
availability of data is key to construct an optimal algorithm 
and often depends on whether the data are structured, 
unstructured, semi‑structured, or metadata. Structured data 
are highly organized and easily accessed which can conform 
to a model following standard order while unstructured data 
can be more difficult to capture and analyze (i.e., audio files, 
images, and videos).[45,81] As such, the appropriate algorithms 
based on these datasets should be considered and thereby 
guide analyses. For example, classification and regression 
techniques can facilitate supervised learning while clustering 
could be considered unsupervised and semi‑supervised 
learning. Holistically, system‑related limitations such as 
data security, infrastructure, integration, and computation 
may also pose limitations to the widespread use of ML. As 
discussed by Pastorino et al., the increasing use of technology 
must be facilitated by a stable technological infrastructure 
to store and converge massive volumes of health‑care data 
such as electronic health records, which are vulnerable to 
privacy breaches and insecurity.[82] However, administrative 
and technical safeguards can be implemented to strengthen 
the privacy of health record databases such as encryption or 
using gatekeeping techniques with firewalls.[83] Combined, the 
use of ML is promising in clinical practice, but there must be 
discussions surrounding the ethical implications of utilizing 
big data.[84,85]

Our study has several limitations. First, there were limited 
patient‑level data available in the comparator group which 
may not accurately represent the pooled comparison in 
comorbidities in our study. In addition to this, we were not 
able to ascertain the causes of TTC in these studies to perform 
additional analyses. Second, the overwhelming majority of the 
comparator group consisted of participants with myocardial 
infarction and may not accurately represent healthy controls 
or myocarditis. These limitations could be overcome through 
further studies on the use of AI and ML in distinguishing TTC 
from the underrepresented cohorts in our study. Finally, the 
variability of these algorithms was generalized into AI‑based 
and ML‑based techniques, and therefore, the identification of 
specific clinical features being identified was not possible. To 
overcome these limitations, further large multicenter studies on 
the use of AI and ML in TTC diagnosis are needed to ensure 
reproducibility and generalizability, considering the large 
heterogeneity of the data.

In conclusion, the applications of AI‑ and ML‑based algorithms 
are promising in cardiomyopathy research. The integration of 
AI‑based parameters in cardiovascular imaging techniques can 
improve the early detection and treatment of patients with TTC, 
with the possibility of shedding light on its use in monitoring 
the prognosis of certain demographics.
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Supplementary Figure 1: Forest plot of comorbidities in takotsubo cardiomyopathy versus the comparator group
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Supplementary Table 1: Search term strategy

Search term PubMed EMBASE SCOPUS
“broken heart syndrome” or “stress cardiomyopathy” or “takotsubo syndrome” or “takotsubo 
cardiomyopathy” or “takotsubo cardiomyopath*” or “takotsubo” or “stress induced cardiomyopathy”

15,365 11,918 1,309

.(“Artificial intelligence” OR “machine learning” OR “Deep learning” OR “AI” OR “ML” OR “DL”) 768,736 2,162,798 7,302,540
(“diagnos*” OR “prognos*”) 6,658,122 8,847,150 12,721,376
1 and 2 224 904 107
1 and 2 and 3 83 652 83

Supplementary Table 4: Differences in comorbidities of takotsubo cardiomyopathy versus comparator group

TTC Comparator group P

Total patients, n (%) Total sample, n (%) Total patients, n (%) Total sample, n (%)
Gender 473 (48.6) 920 447 (51.4) 920 0.2629
CAD 42 (10.9) 384 39 (9.7) 403 0.639
HTN 248 (60.6) 409 274 (63.8) 429 0.3543
DM 80 (19.6) 409 93 (21.7) 429 0.4947
CKD 35 (18.9) 185 27 (13.29) 205 0.1291
HL 126 (44.7) 409 149 (34.7) 429 0.2394
Smoking 163 (44.7) 364 197 (51.3) 384 0.0792
Total sample (n) and percentage (%) for TTC and comparator groups with comorbidities are based on the total sum from a subset of included studies that 
reported comorbidities. A two‑tailed exact Fisher’s test was used for the P values, which was considered statistically significant if P<0.05. CAD=Coronary 
artery disease, HTN=Hypertension, DM=Diabetes mellitus, CKD=Chronic kidney disease, HL=Hyperlipidemia, TTC=Takotsubo cardiomyopathy

Supplementary Table 3: Baseline characteristics of takotsubo cardiomyopathy group

Study Female, n (%) CAD, n (%) HTN, n (%) DM, n (%) HL, n (%) Smoking, n (%) HR,  
mean (SD)

LVEF %,  
mean (SD)

Cau et al.[33] 17 (94.4) ‑ ‑ ‑ ‑ ‑ ‑ 58.71 (8.9)
Klein et al.[34] 20 (100.0) 4 (23.5) ‑ ‑ ‑ ‑ 74.6 (13.9) 44.9 (13.8)
Laumer et al.[35] 204 (91.1) 38 (18.3) 141 (63.9) 44 (19.8 71 (32.8) 75 (34.8) ‑ 39.85 (10.46)
Zaman et al.[36] 116 (82.9) 16 (11.4) 93 (66.4) 34 (24.3) 46 (32.9) 88 (65.7) 86.83 (19.02) ‑
Shimizu et al.[32] 31 (69.0) ‑ 14 (31.0) 2 (4.0) 9 (20.0) ‑ ‑
The number (n) and percentages (%) are taken from the respective studies. CAD=Coronary artery disease, HTN=Hypertension, DM=Diabetes mellitus, 
HL=Hyperlipidemia, HR=Heart rate, LVEF=Left ventricular ejection fraction, SD=Standard deviation

Supplementary Table 2: Newcastle–Ottawa Scale for quality assessment and bias assessment of observational studies

NOS items Cau et al.[33] Klein et al.[34] Laumer et al.[35] Zaman et al.[36] Shimizu et al.[32]

Selection
Representativeness of exposed cohort 1 1 1 1 1
Selection of the nonexposed cohort 1 1 1 1 1
Ascertainment of exposure 1 1 1 1 1
Demonstration that outcome of interest 
was not present at the start of the study

1 1 1 1 1

Comparability
Main factor 1 1 1 1 1
Additional factors 1 1 1 1 0

Outcome
Assessment of outcomes 1 1 1 1 1
Sufficient follow‑up time 0 0 0 0 0
Adequate follow‑up time 0 0 0 0 0

Total 7 7 7 7 6
Score of 6+ was considered an adequate quality study. NOS=Newcastle–Ottawa Scale
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