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Abstract: Hypertrophic cardiomyopathy (HCM) is a relatively common inherited cardiac disease that
results in left ventricular hypertrophy. Machine learning uses algorithms to study patterns in data
and develop models able to make predictions. The aim of this study is to identify HCM subtypes
and examine the mechanisms of HCM using machine learning algorithms. Clinical and laboratory
findings of 143 adult patients with a confirmed diagnosis of nonobstructive HCM are analyzed; HCM
subtypes are determined by clustering, while the presence of different HCM features is predicted
in classification machine learning tasks. Four clusters are determined as the optimal number of
clusters for this dataset. Models that can predict the presence of particular HCM features from other
genotypic and phenotypic information are generated, and subsets of features sufficient to predict the
presence of other features of HCM are determined. This research proposes four subtypes of HCM
assessed by machine learning algorithms and based on the overall phenotypic expression of the
participants of the study. The identified subsets of features sufficient to determine the presence of
particular HCM aspects could provide deeper insights into the mechanisms of HCM.

Keywords: hypertrophic cardiomyopathy; machine learning; disease subtypes; disease mechanisms;
computational biomedical research

1. Introduction

Hypertrophic cardiomyopathy (HCM) is an inherited cardiac disease that results in left
ventricular hypertrophy [1]. HCM is relatively common [2], with an incidence of 1 in 500
and some studies suggesting an even higher incidence of 1 in 200 [1–4]. Symptoms, signs,
clinical presentation, and prognosis of HCM are highly heterogeneous and complex [2,4–6].

While HCM usually has a stable course with little or no symptomatology [7], it is
accountable for significant morbidity and mortality in patients of all ages [3] and is the
most common cause of sudden death in the young [2]. Other adverse HCM scenarios are
atrial fibrillation (AF) [7] and heart failure (HF) [5,7]. However, the definite subtypes of
HCM are not yet identified, and the precise genotype–phenotype associations of HCM [4]
and the mechanisms leading to a particular outcome are unknown.

Machine learning uses algorithms to study patterns in data and develop models able
to make predictions [8,9]. Cluster analysis is an unsupervised machine learning tech-
nique used for finding similar data points in a dataset [10]. Supervised machine learning
applies other approaches for making predictions, employing various algorithms [11,12]
such as support vector machines [11,12] and random forest [11,12]. Explainable machine
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learning methods demonstrate the relationships and importance of features used for such
predictions [13].

The aim of this study is to identify HCM subtypes and examine the mechanisms of
HCM using machine learning algorithms.

2. Materials and Methods
2.1. Data

Clinical and laboratory findings of 143 adult patients with a confirmed diagnosis of
nonobstructive HCM, participants of the SilicoFCM study (NCT03832660) [14,15], were
analyzed.

The diagnosis of HCM was defined as maximal left ventricular wall thickness of
≥15 mm (≥13 mm in patients with positive family history of HCM) in the absence of
any other cardiac or systemic disease that could cause LV hypertrophy, in line with the
European Society of Cardiology guidelines [14–16]. Inclusion and exclusion criteria were as
described in the design of the SilicoFCM study [14]. Echocardiography and genetic testing
were performed as presented in our previous research [15], while cardiopulmonary exercise
testing, electrocardiogram (ECG), and ECG Holter monitoring were obtained as specified
in the design of the SilicoFCM study [14].

2.2. Data Analysis

Most of the data preparation was conducted using Pandas v. 1.4.3, and the data
analysis was mainly performed using Scikit-learn v. 1.1.1.

2.2.1. HCM Subtypes

HCM subtypes were determined by clustering.
Only the first visits of the patients were analyzed. The data from second visits were

omitted so as not to interfere with cluster analysis. For clustering, the features were used in
their raw form; i.e., no combinations of features were made.

Features with more than 30% missing values were removed from the further analysis,
and other missing values were imputed by Scikit-learn KNNImputer (n_neighbors = 12,
weights = “uniform”). Numerical features were standardized using Scikit-learn Stan-
dardScaler. To minimize other data manipulation, KPrototypes algorithm (for datasets
with mixed numerical and categorical values) was used for cluster analysis. Further-
more, the elbow method was used for finding the optimal number of clusters, and the
result was confirmed using Kneelocator (https://pypi.org/project/kneed/ (accessed on
24 September 2022)). Cluster features were visualized using Seaborn library v. 0.11.2
(https://seaborn.pydata.org (accessed on 24 September 2022)).

Mean values of continuous variables were compared using ANOVA, whereas cate-
gorical variables were compared through the chi-square test, using SPSS v. 28.0.1.1. The
statistical significance for all tests was set at the p value of <0.001.

To the best of our knowledge, there is currently no technique to directly interpret
KPrototypes clustering. Therefore, we used indirect methods to interpret it by later decision
tree classification (with classes assigned as determined in the clustering), creation of a
dendrogram (a visual representation of the decisions that the model makes to determine
the class), and computation of feature importance for the later random forest classification.
The dendrogram is a result of later decision tree classification (chosen because decision
trees are very intuitively explainable) in which belonging to determined clusters (here
representing a class) was predicted based on all the data used for clustering. For the visual
representation, sklearn.tree.plot_tree was used. Although decision tree results are easy
and intuitive to explain, decision trees are greedy algorithms (making locally optimal
choices). For more stable and general feature importance, we also performed afterward
random forest classification in which belonging to determined clusters (here representing
classes) were predicted based on all the data used for clustering. Feature importances for
the random forest classification were provided by the fitted attribute of the random forest
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algorithm (feature_importances_), and they represent impurity-based importance. They are
computed as the mean and standard deviation of accumulation of the impurity decrease
within each tree.

2.2.2. Prediction of the Presence of HCM Features

The presence of HCM features was predicted as classification machine learning tasks.
A total of 268 visits were analyzed. For most patients, data were obtained for two

visits; however, for a small portion, data were collected only for the first visit (longitudinal
data for some patients are missing due to loss to follow-up). Measured features were
combined and new, engineered features were used in the analysis. Categorical features
were combined by their multiplication, categorical and numerical features were combined
by their multiplication, and numerical features were combined by division. Moreover, some
custom features were made as a sum or multiplication of features congregated together in
a meaningful clinical entity.

Features with more than 30% missing values were removed from the further analy-
sis, and other missing values were imputed by Scikit-learn KNNImputer (n_neighbors
= 12, weights = “uniform”). Numerical features were standardized using Scikit-learn
StandardScaler, while imputation and standardization were performed as a pipeline and
applied separately to training and test data. Train sets consisted of 188 (75.80%) visits.
Data obtained for two visits for each patient were both assigned to either train or test set
only [17]. The selection of the best features for the models was directed by Scikit-learn
SelectKBest (score_func = f_classif), Scikit-learn VarianceThreshold (threshold = 0.02), and
domain knowledge.

Default values for the Scikit-learn estimators’ parameters were used, while for logistic
regression, class_weight = “balanced” was applied.

Accuracy, precision, recall, F1-score, AUC, and average precision (AP, area under the
PR curve) were all used as performance metrics, with fivefold cross-validation applied.

In addition, Shap v. 0.41.0 was used for the interpretation of the models. Global feature
importance was estimated as mean absolute Shapley values per feature across the data. It
indicates the average impact of each feature on model output.

3. Results
3.1. HCM Subtypes

Four was determined as the optimal number of clusters for this dataset: cluster 0 (n =
55), cluster 1 (n = 42), cluster 2 (n = 17), and cluster 3 (n = 29) (Figure 1 and Supplementary
Figures S1–S20).
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Figure 1. Left ventricle diastolic dysfunction in determined clusters. 
Figure 1. Left ventricle diastolic dysfunction in determined clusters.

A statistically significant difference between the clusters was found based on: sex,
age, weight, BMI, heart murmur, diastolic blood pressure, HCM in family history, genetic
disease as comorbidity, LAV, LAVs, MV maxPG, MV meanPG, MVVTI, PLWD, LVIDd,
EFLV, LVOT Vmax, LVOT maxPG (Valsalva maneuver), E/E’, AV maxPG, AV meanPG, AV
Vmax, AO, AOvs, AcsAO, TR, TAPSE, RVSP, systolic anterior motion, QRS duration, LDH,
serum calcium, albumin, and creatinine (Figure 1 and Supplementary Figures S1–S20).
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3.1.1. An Approximate Interpretation of Clustering

An approximate estimation of the contribution of each feature to the final results of
clustering is shown in Supplement Figures S21 and S22. Due to the indirectness of the
interpretability methods used, these interpretations should be anticipated as approximate
(they may differ from the process that had happened in the clustering itself).

Based on non-overlapping intervals of each feature in different clusters, together with
dendrogram and feature importance estimated, the most important features distinguish-
ing the four HCM subtypes (clusters) determined are: LDH, AO, AOvs, PLWd, LVOT
Vmax, MVmeanPG, MVmaxPG, Peak VE/VCO2, presence of heart murmur, AV maxPG,
AscAO, AscAO, HCM in family history, serum albumin, weight, LVOT maxPG, MVVTI,
AV meanPG, and RVSP.

3.1.2. Association with Genotype

Mutations were found in the six causal genes for HCM (MYH7, MYBPC3, TNNT2,
TNNI3, TPM1, and MYL3). The associations of the determined clusters and genes in which
mutations are found are shown in Figure 2. Clusters do not statistically differ based on the
mutated genes.
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3.2. Prediction of the Presence of HCM Features

Models that can predict the presence of a particular HCM feature from other patient
information were generated (Table 1) as described in Section 2.2.2.

Subsets of features sufficient to predict the presence of another HCM aspect by machine
learning algorithms were determined (Figures 3–23).

3.2.1. Mutated Genes

The presence of mutation in MYH7, MYBPC3, TNNI3, and TNNT2 genes can be
predicted by subsets of phenotypic information (Figures 3–6).
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Table 1. Performance of generated models.

Feature Predicted Estimator Accuracy Precision Recall F1-Score AUC from
Estimator

AUC from
Predictions

PR from
Estimator

PR from
Predictions

Mutation in MYH7 SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Mutation in MYBPC3 SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Mutation in TNNI3 SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Mutation in TNNT2 SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Fatigue SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Dyspnea SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Chest pain RF 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Palpitations SVC 0.97 0.97 0.83 0.91 0.92 0.92 0.86 0.86
Syncope SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Heart murmur SVC 0.89 0.82 0.76 0.87 0.88 0.88 0.88 0.88
Pretibial edema SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Systolic anterior
motion SVC 0.99 0.98 0.93 0.97 0.97 0.97 0.95 0.95

Papillary muscle
abnormalities LogReg 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Hypokinesia SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Atrial fibrillation SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
AV block I SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
LBBB SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
RBBB SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Left anterior
hemiblock SVC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

ST segment
abnormalities RF 0.93 0.81 0.89 0.90 0.97 0.94 0.98 0.96

Negative T wave SVC 0.93 0.88 0.85 0.92 0.93 0.93 0.92 0.92

SVC: radial basis function (RBF) kernel C-support vector classification; RF: random forest; LogReg: logistic
regression.
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Figure 3. Mutation in the MYH7 gene was predicted by the shown subset of features. Their rela-
tive importance is indicated. (sam_av_blockI = systolic anterior motion x AV block I; sam_lbbb
= systolic anterior motion x LBBB; mitr_leafl_abn_calcmitrann = mitral leaflet abnormalities x
calcification of mitral annulus; mitr_leafl_abn_hypokinesia = mitral leaflet abnormalities x hy-
pokinesia; mitr_leafl_abn_sin_rhtytm = mitral leaflet abnormalities x sinus rhythm; sam_rbbb
= systolic anterior motion x RBBB; sam_st_segm_abn = systolic anterior motion x ST segment
abnormalities; sam_left_anter_hemiblock = systolic anterior motion x left anterior hemiblock;
mitr_leafl_abn_nonsust_vt = mitral leaflet abnormalities x nonsustained ventricular tachycardia;
mitr_leafl_abn_af = mitral leaflet abnormalities x atrial fibrillation; sam_negative_t_wave = systolic
anterior motion x negative T wave; mitr_leafl_abn_av_blockI = mitral leaflet abnormalities x AV
block I; pap_musc_abn_mitr_leafl_abn = papillary muscle abnormalities x mitral leaflet abnormalities;
pap_musc_abn_sin_rhythm = papillary muscle abnormalities x sinus rhythm.)
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Figure 4. Mutation in the MYBPC3 gene was predicted by the shown subset of features. Their
relative importance is indicated. (myocard_fibrosis_negative_t_wave = myocardial fibrosis x negative
T wave; myocard_fibrosis_left_anter_hemiblock = myocardial fibrosis x left anterior hemiblock;
myocard_fibrosis_st_segm_abn = myocardial fibrosis x ST segment abnormalities; hypokinesia_af =
hypokinesia x atrial fibrillation; hypokinesia_st_segm_abn = hypokinesia x ST segment abnormalities;
hypokinesia_av_blockI = hypokinesia x AV block I.)
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Figure 5. Mutation in the TNNI3 gene was predicted by the shown subset of features. Their relative im-
portance is indicated. (sin_rhythm_av_blockI = sinus rhythm x AV block I; ivsd_tapse = IVSd/TAPSE;
mvmaxpg_nt_bnp = MV maxPG/NT BNP; ivsd_lvot_maxpg = IVSd/LVOT maxPG; ivsd_troponin =
IVSd/serum troponin; mvmaxpg_hr = MV maxPG/heart rate; ivsd_esvlv = IVSd/ESVLV; ivsd_svlv
= IVSd/SVLV; ivsd_ao = IVSd/AO; ivsd_ldh = IVSd/LDH.)
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Figure 6. Mutation in the TNNT2 gene was predicted by the shown subset of features. Their relative
importance is indicated. (calcmitrann_sin_rhythm = calcification of mitral annulus x sinus rhythm;
mitr_leafl_abn_lbbb = mitral leaflet abnormalities x LBBB; mitr_leafl_abn_signif_q_wave = mitral
leaflet abnormalities x significant Q wave; sam_calcmitrann = systolic anterior motion x calcifica-
tion of mitral annulus; calcmitrann_st_segm_abn = calcification of mitral annulus x ST segment
abnormalities; myocard_fibrosis_av_blockI = myocardial fibrosis x AV block I; calcmitrann_psvt = cal-
cification of mitral annulus x paroxysmal supraventricular tachycardia; mitr_leafl_abn_st_segm_abn
= mitral leaflet abnormalities x ST segment abnormalities; calcmitrann_hypokinesia = calcifica-
tion of mitral annulus x hypokinesia; myocard_fibrosis_sin_rhythm = myocardial fibrosis x sinus
rhythm; mitr_leafl_abn_negative_t_wave = mitral leaflet abnormalities x negative T wave; cal-
cmitrann_left_anter_hemiblock = calcification of mitral annulus x left anterior hemiblock; calcmi-
trann_rbbb = calcification of mitral annulus x RBBB; myocard_fibrosis_lbbb = myocardial fibrosis
x LBBB; calcmitrann_av_blockI = calcification of mitral annulus x AV block I; calcmitrann_lbbb
= calcification of mitral annulus x LBBB; calcmitrann_af = calcification of mitral annulus x atrial
fibrillation.)

3.2.2. Symptoms

Symptoms of HCM were predicted by subsets of other genotypic and phenotypic data
(Figures 7–11).
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Figure 8. Dyspnea was predicted by the shown subset of features. Their relative importance is
indicated. (MYBPC3_peak_vo2 = mutation in MYBPC3 x peak VO2; MYBPC3_potassium = mutation
in MYBPC3 x serum potassium; TNNT2_bmi = mutation in TNNT2 x body mass index; MYBPC3_lvidd
= mutation in MYBPC3 x LVIDd; MYH7_scd4059 = mutation in MYH7 x SCD in age 40–59 in family
history; MYBPC3_anaer_thresh = mutation in MYBPC3 x anaerobic threshold; MYBPC3_tapse =
mutation in MYBPC3 x TAPSE; MYBPC3_plwd = mutation in MYBPC3 x PLWD.)
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3.2.3. Signs 

Figure 9. Chest pain was predicted by the shown subset of features. Their relative importance is
indicated. (TNNI3_hdl = mutation in TNNI3 x serum HDL; TNNI3_mvmaxpg = mutation in TNNI3 x
MV maxPG; TNNI3_peak_rer = mutation in TNNI3 x peak respiratory exchange ratio; TNNI3_lav
= mutation in TNNI3 x LAV; TNNI3_edvlv = mutation in TNNI3 x EDVLV; TNNI3_av_maxpg =
mutation in TNNI3 x AV maxPG.)
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Figure 10. Palpitations were predicted by the shown subset of features. Their relative importance
is indicated. (TNNT2_diastolic = mutation in TNNT2 x diastolic blood pressure; MYBPC3_plwd =
mutation in MYBPC3 x PLWD; TNNI3_lav = mutation in TNNI3 x LAV.)
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3.2.3. Signs 

Figure 11. Syncope was predicted by the shown subset of features. Their relative importance is
indicated. (MYBPC3_lvids = mutation in MYBPC3 x LVIDs; TNNT2_la = mutation in TNNT2 x LA.)

3.2.3. Signs

Signs of HCM were predicted by subsets of other genotypic and phenotypic data
(Figures 12 and 13).
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Figure 13. Pretibial edema was predicted by the shown subset of features. Their relative importance
is indicated. (icd_hepatic_dysf = ICD x hepatic dysfunction; icd_dm = ICD x diabetes mellitus;
icd_thyro = ICD x thyroid disease; MYBPC3_svlv = mutation in MYBPC3 x SVLV; TNNT2_mvmaxpg
= mutation in TNNT2 x MVmaxPG;.)

3.2.4. Echocardiogram

Some ultrasonic findings of HCM were predicted by subsets of other genotypic and
phenotypic data (Figures 14–16).
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Figure 14. Systolic anterior motion was predicted by the shown subset of features. Their relative
importance is indicated. (TNNT2_nt_bnp = mutation in TNNT2 x NT BNP; MYH7_sin_rhythm
= mutation in MYH7 x sinus rhythm; MYBPC3_ldh = mutation in MYBPC3 x LDH; TNNI3_ua =
mutation in TNNI3 x serum uric acid.)
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Figure 15. Papillary muscle abnormalities were predicted by the shown subset of features. Their
relative importance is indicated. (peak_vo2_pr_interval = peak VO2/PR interval; peak_vo2_hr =
peak VO2/heart rate; peak_vo2_anaer_thresh = peak VO2/anaerobic threshold; peak_vo2_sokolow
= peak VO2/Sokolow index; tp_peak_rer = total protein in serum/peak respiratory exchange ratio.)
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Figure 16. Hypokinesia was predicted by the shown subset of features. Their relative importance
is indicated. (pacemaker_nt_bnp = pacemaker/defibrillator implants in family history x NT BNP;
sys_disease_age = evidence of systemic disease in family history x age; sys_disease_eflv = evidence
of systemic disease in family history x EFLV; pacemaker_hr = pacemaker/defibrillator implants in
family history x heart rate; pacemaker_pr_interval = pacemaker/defibrillator implants in family
history x PR interval; sys_disease_edvlv = evidence of systemic disease in family history x EDVLV.)

3.2.5. Conduction and Rhythm Disorders

Some conduction and rhythm disorders in HCM were predicted by subsets of other
genotypic and phenotypic data (Figures 17–21).
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Figure 17. Atrial fibrillation was predicted by the shown subset of features. Their relative im-
portance is indicated. (peak_rer_sokolow = peak respiratory exchange ratio x Sokolow index;
anaer_thresh_peak_rer = anaerobic threshold/peak respiratory exchange ratio; la_lav_lavs_division
= LA/LAV/LAVs; pr_interval_sokolow = PR interval x Sokolow index; la_lav_lavs_sum =
LA+LAV+LAVs; sam_leaflet_sum = systolic anterior motion + mitral regurgitation + papillary muscle
abnormalities + mitral leaflet abnormalities + calcification of mitral annulus; fibrosis_kinesia_sum
= myocardial fibrosis + hypokinesia + akinesia + dyskinesia + hyperkinesia; endocrine_sum = dia-
betes mellitus + thyroid disease + phaeochromocytoma + acromegaly; systemic_endocrine_sum =
evidence of systemic disease in family history + diabetes mellitus + thyroid disease + phaeochromo-
cytoma + acromegaly + neuromuscular disease + amyloidosis + genetic disease as a comorbidity;
peak_rer_pr_interval = peak respiratory exchange ratio/PR interval.)
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Figure 19. Left bundle branch block (LBBB) was predicted by the shown subset of features. Their 

relative importance is indicated. (calcmitrann_tr = calcification of mitral annulus x tricuspid regur-
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ocardial fibrosis x body mass index; myocardial_fibrosis_mvmaxpg = myocardial fibrosis x MV 
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Figure 21. Left anterior hemiblock was predicted by the shown subset of features. Their relative 
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sia_tapse = hypokinesia x TAPSE; akinesia_la = akinesia x LA; hypokinesia_ee = hypokinesia x E/E’.) 

3.2.6. Ischemia 

ECG findings indicating myocardial ischemia in HCM were predicted by subsets of 

other genotypic and phenotypic data (Figures 22 and 23). 

Figure 19. Left bundle branch block (LBBB) was predicted by the shown subset of features. Their
relative importance is indicated. (calcmitrann_tr = calcification of mitral annulus x tricuspid re-
gurgitation; calcmitrann_tapse = calcification of mitral annulus x TAPSE; myocard_fibrosis_bmi =
myocardial fibrosis x body mass index; myocardial_fibrosis_mvmaxpg = myocardial fibrosis x MV
maxPG.)
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Figure 20. Right bundle branch block (RBBB) was predicted by the shown subset of features. Their
relative importance is indicated. (MYBPC3_systolic = mutation in MYBPC3 x systolic blood pressure;
TNNT2_sex = mutation in TNNT2 x sex; TNNI3_weight = mutation in TNNI3 x weight.)
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3.2.6. Ischemia

ECG findings indicating myocardial ischemia in HCM were predicted by subsets of
other genotypic and phenotypic data (Figures 22 and 23).
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Figure 22. ST segment abnormalities were predicted by the shown subset of features. Their relative
importance is indicated. (lav_anaer_thesh = LAV/anaerobic threshold; MYBPC3_lavs = mutation in
MYBPC3 x LAVs; TNNT2_chest_pain = mutation in TNNT2 x chest pain; anemia_sam = anemia x
systolic anterior motion; TNNI3_diastolic = mutation in TNNI3 x diastolic blood pressure.)
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4. Discussion
4.1. HCM Subtypes

HCM has usually been divided into subtypes based on the hypertrophy morphology
sites (e.g., apical, midventral, and basal) [18].

A study by Tang et al. shows that the prognoses for different morphological types
after surgical myectomy are different [18].

Traditionally, there are two types of HCM: the more common obstructive HCM (70% of
cases, with left ventricular outflow obstruction) and the less common nonobstructive type
(30% of cases) [19]. The American Heart Association Working Group suggests that HCM
should be defined genetically [20], while the European Society of Cardiology Working
Group recommends morphological classification [21].

In 1981, Maron et al. defined four types of HCM, depending on which part hypertro-
phy involves: type I: basal septum; type II: whole septum; type III: septum, anterior, and
anterolateral walls; type IV: apical LV [22,23].

Syed et al. suggest at least five major anatomic subsets based on the septal contour,
location, and extent of hypertrophy: reverse curvature, sigmoidal septum, neutral contour,
apical form, and mid-ventricular form [23,24].

Furthermore, Helmy et al. propose a classification based on the different patterns
of hypertrophy: pattern 1: septum alone; pattern 2: septum and adjacent segments (not
apical segment); pattern 3: apical in combination with other LV segments; and pattern 4:
apical [23,25].

Additionally, Parato et al. have shown that echocardiographic patterns have a signifi-
cant impact on the clinical course and prognosis of HCM [23].

Kim et al. examined differences in apical and non-apical types of HCM and concluded
that apical forms are associated with less severe myocardial fibrosis and diastolic dysfunc-
tion, and subsequently milder clinical presentation and better prognosis when compared
with other forms of HCM [26].

This paper provides the first attempt to define the various types of HCM based on over-
all phenotypic appearance and represents a step toward HCM precision medicine, which
could eventually facilitate the creation of prevention and treatment strategies specifically
developed for particular groups of HCM patients.

Although statistically significant differences were found between four HCM sub-
types (clusters), for some features, the overlapping intervals of their values hinder their
implementation in separating all the subtypes (clusters) from each other.

Our results suggest four HCM subtypes: cluster 0, distinguishable by “AHOLD”
(word scrambled from LDH and AO, from whose values the cluster is distinguishable)
with values mainly being LDH > 300 U/L, AO > 30 mm, MVmaxPG < 2 mmHg, PLWD <
12 mm, LVOT Vmax < 2 m/s, and serum albumin > 44 g/L; cluster 1, distinguishable by
“RVSP ASCAOVS” (RVSP, AscAO, and AOvs) with values mainly being AOvs > 27 m/s,
AscAO < 31 mm, PLWD < 12 mm, LVOT Vmax < 2 m/s, RVSP < 28 mmHg, MVmeanPG <
1 mmHg, and serum albumin > 44 g/L; cluster 2, distinguishable by weight with values
mainly being weight > 95 kg, PLWD > 12 mm, LVOT Vmax > 2 m/s, and serum albumin <
43 g/L; and cluster 3, distinguishable by “AV LVOT PG” (AV meanPG, AV maxPG, and
LVOT maxPG) with values mostly being LVOT maxPG > 15 mmHg, LVOT Vmax > 2 m/s,
MVmeanPG > 2 mmHg, MVmaxPG > 5 mmHg, PLWD > 12 mm, AV meanPG > 6 mmHg,
AV maxPG > 15 mmHg, and serum albumin < 43 g/L.

Cluster 3 mainly consists of women, the patients in clusters 2 and 3 are older than
those in clusters 0 and 1, and in cluster 2, the patients are more obese. Moreover, in clusters
0 and 3, heart murmur is present in most cases, while it represents a rarity in clusters 1 and
2. Diastolic blood pressure is the highest in cluster 0. HCM in family history is most often
present in the majority of cases in cluster 1. Genetic disease as comorbidity is most often
present in cluster 0. Systolic anterior motion is most often present in cluster 3 and absent in
cluster 1. LDH is the highest in cluster 0, while creatinine is higher in cluster 2.
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Echocardiography parameters showed that cluster 3 had the smallest diameters and
volumes of the left ventricle in both systole and diastole with the highest thickness of the
interventricular septum, while cluster 2 had the highest measurements of the left ventricle
cavity. Accordingly, left ventricular systolic function expressed through ejection fraction
was greatest in cluster 3 and lowest in cluster 2. However, cluster 3 had the most impaired
diastolic function and the highest left ventricular filling pressures expressed through E/e’.

Cluster 0 could be described as consisting of younger patients with heart murmur,
higher diastolic blood pressure, and higher LDH values.

Cluster 1 is also made up of younger patients, usually without heart murmur and
systolic anterior motion, but with HCM in their family history.

Cluster 2 involves older, more obese males, usually without heart murmur and with
relatively higher serum creatinine. It has the highest measurements of the left ventricle
cavity and the lowest left ventricular systolic function.

Cluster 3 is mainly a female cluster, consisting of older patients, usually with heart
murmur and systolic anterior motion in around 60% of cases. It has the smallest diameters
and volumes of the left ventricle and the highest thickness of the interventricular septum,
as well as the greatest left ventricular systolic function. In addition, it has the most impaired
diastolic function and the highest left ventricular filling pressures.

4.2. Prediction of the Presence of HCM Features

Some of associations shown in Figures 3–23 are already described in the literature: The
presence of systolic anterior motion and mitral leaflet abnormalities was shown to be more
frequent in patients with mutation in the MYH7 gene, and calcifications of mitral annulus
were registered only in MYH7 patients [27]. A higher degree of mitral valve regurgitation
is found in patients with a mutation in the MYH7 gene [28], and MYH7 is proposed as
one of the genes that are most commonly mutated in early-onset AF [29]; HCM patients
with likely pathogenic or pathogenic mutations in MYH7 had a higher rate of incident AF
compared with other sarcomeric genes [30]. AF was found to be independently associated
with MYH7 variants amongst sarcomere-positive HCM [31], and a higher frequency of AF
was found in patients with mutation in the MYH7 gene [27,32]. Missense mutations in
MYBPC3 gene are proposed to be responsible for AV block [33].

Dyspnea has been reported as a factor associated with left ventricular dilatation in
hypertrophic cardiomyopathy [34], while higher prevalence rates of moderate to severe
dyspnea were found in hypertensive patients with reduced TAPSE [35]. In hepatic and
thyroid disorders as well as diabetes mellitus, pretibial edema might be found [36–39].

A higher anaerobic threshold in HF patients with AF is reported compared with
HF patients with sinus rhythm [40]. Left atrial (LA) remodeling represents an important
substrate for AF [41], and AF is associated with LA enlargement [42].

PR interval might be considered a predictor for AF, with both high and low extremes
associated with AF risk [43]. PR interval prolongation and AF share similar characteristics,
and PR interval prolongation has been proposed as a possible preliminary stage for AF [44].
AF is suggested to be of key importance in the development of AF in HF [45]. LA fibrosis is
an important event in AF pathogenesis and a risk factor for adverse outcomes in AF [46].
LA dyskinesia observed in the LASct4c and 4c views are proposed as independent risk
factors for AF recurrence following direct current cardioversion [47]. Endocrine factors
play an important role in AF pathogenesis, and endocrine dysfunction promotes AF [48].
Mitral regurgitation is sometimes associated with AV block [49–51]. RBBB is more frequent
in men [52–55].

Ischemia is associated with a shorter time to anaerobic threshold in HCM patients [56].

4.3. Technical and Statistical Aspects

The categorical features as part of combinations in this study have a “stop or pass the
value of the other feature” effect: when a categorical feature is negative (0), the multiplica-



Life 2022, 12, 1566 16 of 20

tion with another feature will produce 0 and nullify the value of another feature; however,
when it is positive (1), the other feature will retain its value.

Although the influence of a single feature could generally be both positive and neg-
ative, all combinations of features and predicted outcomes shown in this research are
directly correlated (with predicted feature positive if the shown combinations of features
are positive or larger, and vice versa). While we observed such trends in SHAP waterfall
plots that were inspected on a case-to-case basis, these findings are too extensive to be
presented in this paper.

In the feature selection phase, we excluded all feature combinations that appeared
completely clinically illogical.

Sets of features sufficient to “predict” a particular outcome should not be perceived as
predictors, but rather as a mixture of associations, causations, and co-expressions with the
“predicted” features. Some of these are already known, and more might be indicated in
rare studies; nevertheless, there are some that are completely unknown.

4.4. Limitations

“Cut-off” values for separating the clusters are estimated for the analyzed dataset and
need further confirmation or refinement before they could be used as cut-offs of any kind.

In the prediction of the presence of HCM features, the models’ performance appears to
be unexpectedly good. However, we performed an additional analysis to check the overall
approach. For each of the presented predictions, we created models using different machine
learning algorithms: decision tree, random forest, logistic regression, ridge classifier, linear
SVC, and RBF kernel SVC. In this paper, we presented only the best results. However, some
of the non-shown models had performance metrics around 0.75. Since feature importance
in general is more reliable for good classifiers than for moderate ones, and since the focus of
this study was on features that might indicate the presence of another feature, we proceeded
with models with better performance. The completely same methodology was applied
for the classification of the presence of the same features based on the genetic data only
(presence of mutations in different genes), and models produced had AUC values around or
below 0.5. Although there were many different genetic features, both in raw and engineered
form (following the same rules for combining them as presented in this manuscript), the
performance was no better than random guessing. To verify the methodology and check
if some kind of feature-overfitting might produce such a good performance, we created
an artificial feature with the value of 0 for all even-index patients and the value of 1 for
all odd-index patients in the database (patients in the database were already randomly
ordered). We applied the same methodology and again obtained AUC values around or
below 0.5. Furthermore, in choosing the features to be included in predictions of other
features, we removed all with a high number of null values, to exclude the possibility
that the model learns a few of them “by heart” and combines them to produce a good
result (i.e., learns the peculiarities of the dataset). We also removed all the features that
might provide direct answers to the models (for the questions asked in classifications), to
exclude the possibility of data leakage. In the end, a possible explanation for these results
could be that this is probably a trivial computational task, with some of these features (or
them altogether) immediately giving the correct answers to the models (whether or not
“predicted” features will be clinically presented). However, not all of them are yet known
as direct cause-and-effect or very-common-association combinations, especially since we
are here dealing with the combinations of features (rarely examined as such in classical
clinical research). Despite all the actions taken to overcome possible reasons for such perfect
performance, these results must be taken critically and observed as possibilities that need
further confirmation.

We do not claim that shown features in the prediction of the presence of other HCM
features are the best to predict shown outcomes; they were sufficient to predict the shown
features for this dataset, after removal of all the features that might mislead models and
dis-reflect actual associations and relationships.
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Presented results reflect statistical distributions contained in the data analyzed and
need further confirmation in other similar datasets or further investigation in clinical
settings.

In general, the machine learning algorithms used in this research are utilized to predict
important features based on other genotypic and phenotypic information. Some features
predicted in this paper would not be interesting or useful in clinical practice. However, the
sets and combinations of features that are sufficient to “predict” the features shown might
reveal some unknown associations between clinical presentations.

5. Conclusions

This research has proposed four subtypes of HCM assessed by machine learning
algorithms and based on the overall phenotype expressed by the participants of the study.
The most important features distinguishing the four HCM subtypes determined are: LDH,
AO, AOvs, PLWd, LVOT Vmax, MVmeanPG, MVmaxPG, Peak VE/VCO2, presence of
heart murmur, AV maxPG, AscAO, AscAO, HCM in family history, serum albumin, weight,
LVOT maxPG, MVVTI, AV meanPG, and RVSP. This could represent a step toward HCM
precision medicine. In addition, subsets of features sufficient to determine the presence
of particular HCM features from other genotypic and phenotypic information by ma-
chine learning algorithms are determined; these could provide deeper insights into the
mechanisms of HCM.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/life12101566/s1, Figure S1: Sex; Figure S2: Age, weight, and BMI;
Figure S3: Symptoms and signs; Figure S4: Blood pressure; Figure S5: Family history; Figure S6:
Comorbidities; Figure S7: Left atrial size; Figure S8: Pressure gradients across mitral valve; Figure S9:
Left ventricle; Figure S10: Left ventricle outflow tract pressure gradients; Figure S11: Left ventricle
wall motion abnormalities; Figure S12: Aortic valve and proximal aorta; Figure S13: Right ventricle
and tricuspid valve; Figure S14: Mitral apparatus irregularities, mitral regurgitation, and systolic
anterior motion; Figure S15: CPET; Figure S16: Rhythm and conduction; Figure S17: Ischemia and
Sokolow index; Figure S18: Enzymes and cardiac biomarkers; Figure S19: General clinical chemistry;
Figure S20: Lipid metabolism; Figure S21: An approximate interpretation of clustering—dendrogram;
Table S1: An approximate interpretation of clustering—feature importance.

Author Contributions: Conceptualization, M.G. and L.V.; methodology, M.G.; software, M.G.; formal
analysis, M.G.; investigation, M.G. and A.P.; resources, Ð.J., N.F. and L.V.; data curation, M.G., A.P.
and L.V.; writing—original draft preparation, M.G., L.V.; writing—review and editing, M.G., A.P. and
L.V.; visualization, M.G.; supervision, L.V.; project administration, M.G., Ð.J., N.F. and L.V.; funding
acquisition, Ð.J., N.F. and L.V. All authors have read and agreed to the published version of the
manuscript.

Funding: The research was funded by the Autonomous Province of Vojvodina—Projects of im-
portance for the development of scientific research activities (2021–2024) under the contract No.
142-451-2568/2021-01.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data available on reasonable request.

Acknowledgments: The authors would like to thank Igor Smirnov for his assistance at the data
science crossroads.

Conflicts of Interest: The authors declare no conflict of interest.

https://www.mdpi.com/article/10.3390/life12101566/s1
https://www.mdpi.com/article/10.3390/life12101566/s1


Life 2022, 12, 1566 18 of 20

References
1. Pydah, S.C.; Mauck, K.; Shultis, C.; Rolfs, J.; Schmidt, E.; Nicholas, J. Screening for hypertrophic cardiomyopathy. JAAPA 2021, 34,

23–27. Available online: https://journals.lww.com/jaapa/Fulltext/2021/10000/Screening_for_hypertrophic_cardiomyopathy.
4.aspx (accessed on 5 August 2022). [CrossRef] [PubMed]

2. Maron, B.J.; Desai, M.Y.; Nishimura, R.A.; Spirito, P.; Rakowski, H.; Towbin, J.A.; Dearani, J.A.; Rowin, E.J.; Maron, M.S.; Sherrid,
M.V. Management of Hypertrophic Cardiomyopathy: JACC State-of-the-Art Review. J. Am. Coll. Cardiol. 2022, 79, 390–414.
Available online: https://pubmed.ncbi.nlm.nih.gov/35086661/ (accessed on 5 August 2022). [CrossRef]

3. Maron, B.A.; Wang, R.S.; Carnethon, M.R.; Rowin, E.J.; Loscalzo, J.; Maron, B.J.; Maron, M.S. What Causes Hypertrophic
Cardiomyopathy? Am. J. Cardiol. 2022, 11, 6. Available online: http://www.ajconline.org/article/S0002914922006518/fulltext
(accessed on 6 August 2022). [CrossRef] [PubMed]

4. Glavaški, M.; Velicki, L. Shared Molecular Mechanisms of Hypertrophic Cardiomyopathy and Its Clinical Presentations: Auto-
mated Molecular Mechanisms Extraction Approach. Life 2021, 11, 785. Available online: https://www.mdpi.com/2075-1729/11
/8/785/htm (accessed on 6 August 2022). [CrossRef] [PubMed]

5. Akita, K.; Kikushima, K.; Ikoma, T.; Islam, A.; Sato, T.; Yamamoto, T.; Kahyo, T.; Setou, M.; Maekawa, Y. The association between
the clinical severity of heart failure and docosahexaenoic acid accumulation in hypertrophic cardiomyopathy. BMC Res. Notes
2022, 15, 139. Available online: https://pmc/articles/PMC9008933/ (accessed on 6 August 2022). [CrossRef]

6. Glavaški, M.; Velicki, L. Humans and machines in biomedical knowledge curation: Hypertrophic cardiomyopathy molecular
mechanisms’ representation. BioData Min. 2021, 14, 45. Available online: https://biodatamining.biomedcentral.com/articles/10
.1186/s13040-021-00279-2 (accessed on 29 August 2022). [CrossRef]

7. Maron, B.J.; Rowin, E.J.; Maron, M.S. Hypertrophic Cardiomyopathy: New Concepts and Therapies. Annu. Rev. Med. 2022,
73, 363–375. Available online: https://www.annualreviews.org/doi/abs/10.1146/annurev-med-042220-021539 (accessed on 6
August 2022). [CrossRef]

8. Guni, A.; Normahani, P.; Davies, A.; Jaffer, U. Harnessing Machine Learning to Personalize Web-Based Health Care Content. J.
Med. Internet Res. 2021, 23, e25497. Available online: https://pmc/articles/PMC8564651/ (accessed on 6 August 2022). [CrossRef]

9. Verma, A.A.; Murray, J.; Greiner, R.; Cohen, J.P.; Shojania, K.G.; Ghassemi, M.; Straus, S.E.; Pou-Prom, C.; Mamdani, M.
Implementing machine learning in medicine. CMAJ 2021, 193, E1351-7. Available online: https://pmc/articles/PMC8432320/
(accessed on 6 August 2022). [CrossRef]

10. Crase, S.; Thennadil, S.N. An analysis framework for clustering algorithm selection with applications to spectroscopy. PLoS ONE
2022, 17, e0266369. Available online: https://pmc/articles/PMC8970496/ (accessed on 6 August 2022). [CrossRef]

11. Carracedo-Reboredo, P.; Liñares-Blanco, J.; Rodríguez-Fernández, N.; Cedrón, F.; Novoa, F.J.; Carballal, A.; Maojo, V.; Pazos, A.;
Fernandez-Lozano, C. A review on machine learning approaches and trends in drug discovery. Comput. Struct. Biotechnol. J. 2021,
19, 4538. Available online: https://pmc/articles/PMC8387781/ (accessed on 6 August 2022). [CrossRef] [PubMed]

12. Cilluffo, G.; Fasola, S.; Ferrante, G.; Malizia, V.; Montalbano, L.; la Grutta, S. Machine Learning: An Overview and Applications in
Pharmacogenetics. Genes 2021, 12, 1511. Available online: https://pmc/articles/PMC8535911/ (accessed on 6 August 2022).
[CrossRef] [PubMed]

13. Severn, C.; Suresh, K.; Görg, C.; Choi, Y.S.; Jain, R.; Ghosh, D. A Pipeline for the Implementation and Visualization of Explainable
Machine Learning for Medical Imaging Using Radiomics Features. Sensors 2022, 22, 5205. Available online: https://pmc/articles/
PMC9318445/ (accessed on 6 August 2022). [CrossRef]

14. Tafelmeier, M.; Baessler, A.; Wagner, S.; Unsoeld, B.; Preveden, A.; Barlocco, F.; Tomberli, A.; Popovic, D.; Brennan, P.; MacGowan,
G.A.; et al. Design of the SILICOFCM study: Effect of sacubitril/valsartan vs lifestyle intervention on functional capacity in
patients with hypertrophic cardiomyopathy. Clin. Cardiol. 2020, 43, 430–440. Available online: https://pubmed.ncbi.nlm.nih.
gov/32125709/ (accessed on 24 September 2022). [CrossRef] [PubMed]

15. Preveden, A.; Golubovic, M.; Bjelobrk, M.; Miljkovic, T.; Ilic, A.; Stojsic, S.; Gajic, D.; Glavaski, M.; Maier, L.S.; Okwose, N.; et al.
Gender Related Differences in the Clinical Presentation of Hypertrophic Cardiomyopathy—An Analysis from the SILICOFCM
Database. Medicina 2022, 58, 314. Available online: https://www.mdpi.com/1648-9144/58/2/314/htm (accessed on 6 August
2022). [CrossRef] [PubMed]

16. Elliott, P.M.; Anastasakis, A.; Borger, M.; Borggrefe, M.; Cecchi, F.; Charron, P.; Hagege, A.A.; Lafont, A.; Limongelli, G.;
Mahrholdt, H.; et al. 2014 ESC Guidelines on diagnosis and management of hypertrophic cardiomyopathy: The Task Force for the
Diagnosis and Management of Hypertrophic Cardiomyopathy of the European Society of Cardiology (ESC). Eur. Heart J. 2014, 35,
2733–2779. Available online: https://academic.oup.com/eurheartj/article/35/39/2733/853385 (accessed on 24 September 2022).
[PubMed]

17. Glavaški, M.; Velicki, L. More slices, less truth: Effects of different test-set design strategies for magnetic resonance image
classification. Croat Med. J. 2022, 63, 370–378. Available online: https://pubmed.ncbi.nlm.nih.gov/36046934/ (accessed on 24
September 2022). [CrossRef]

18. Tang, B.; Song, Y.; Cui, H.; Ji, K.; Yu, Q.; Zhu, C.; Zhao, S.; Wang, S. Prognosis of adult obstructive hypertrophic cardiomyopathy
patients with different morphological types after surgical myectomy. Eur. J. Cardiothorac. Surg. 2018, 54, 310–317. Available online:
https://academic.oup.com/ejcts/article/54/2/310/4851140 (accessed on 6 August 2022). [CrossRef]

19. Prinz, C.; Farr, M.; Hering, D.; Horstkotte, D.; Faber, L. The Diagnosis and Treatment of Hypertrophic Cardiomyopathy. Dtsch.
Arztebl. Int. 2011, 108, 209. Available online: https://pmc/articles/PMC3078548/ (accessed on 6 August 2022). [CrossRef]

https://journals.lww.com/jaapa/Fulltext/2021/10000/Screening_for_hypertrophic_cardiomyopathy.4.aspx
https://journals.lww.com/jaapa/Fulltext/2021/10000/Screening_for_hypertrophic_cardiomyopathy.4.aspx
http://doi.org/10.1097/01.JAA.0000791464.54226.d8
http://www.ncbi.nlm.nih.gov/pubmed/34582381
https://pubmed.ncbi.nlm.nih.gov/35086661/
http://doi.org/10.1016/j.jacc.2021.11.021
http://www.ajconline.org/article/S0002914922006518/fulltext
http://doi.org/10.1016/j.amjcard.2022.06.017
http://www.ncbi.nlm.nih.gov/pubmed/35843734
https://www.mdpi.com/2075-1729/11/8/785/htm
https://www.mdpi.com/2075-1729/11/8/785/htm
http://doi.org/10.3390/life11080785
http://www.ncbi.nlm.nih.gov/pubmed/34440529
https://pmc/articles/PMC9008933/
http://doi.org/10.1186/s13104-022-06023-1
https://biodatamining.biomedcentral.com/articles/10.1186/s13040-021-00279-2
https://biodatamining.biomedcentral.com/articles/10.1186/s13040-021-00279-2
http://doi.org/10.1186/s13040-021-00279-2
https://www.annualreviews.org/doi/abs/10.1146/annurev-med-042220-021539
http://doi.org/10.1146/annurev-med-042220-021539
https://pmc/articles/PMC8564651/
http://doi.org/10.2196/25497
https://pmc/articles/PMC8432320/
http://doi.org/10.1503/cmaj.202434
https://pmc/articles/PMC8970496/
http://doi.org/10.1371/journal.pone.0266369
https://pmc/articles/PMC8387781/
http://doi.org/10.1016/j.csbj.2021.08.011
http://www.ncbi.nlm.nih.gov/pubmed/34471498
https://pmc/articles/PMC8535911/
http://doi.org/10.3390/genes12101511
http://www.ncbi.nlm.nih.gov/pubmed/34680905
https://pmc/articles/PMC9318445/
https://pmc/articles/PMC9318445/
http://doi.org/10.3390/s22145205
https://pubmed.ncbi.nlm.nih.gov/32125709/
https://pubmed.ncbi.nlm.nih.gov/32125709/
http://doi.org/10.1002/clc.23346
http://www.ncbi.nlm.nih.gov/pubmed/32125709
https://www.mdpi.com/1648-9144/58/2/314/htm
http://doi.org/10.3390/medicina58020314
http://www.ncbi.nlm.nih.gov/pubmed/35208637
https://academic.oup.com/eurheartj/article/35/39/2733/853385
http://www.ncbi.nlm.nih.gov/pubmed/25173338
https://pubmed.ncbi.nlm.nih.gov/36046934/
http://doi.org/10.3325/cmj.2022.63.370
https://academic.oup.com/ejcts/article/54/2/310/4851140
http://doi.org/10.1093/ejcts/ezy037
https://pmc/articles/PMC3078548/
http://doi.org/10.3238/arztebl.2011.0209


Life 2022, 12, 1566 19 of 20

20. Maron, B.J.; Towbin, J.A.; Thiene, G.; Antzelevitch, C.; Corrado, D.; Arnett, D.; Moss, A.J.; Seidman, C.E.; Young, J.B. Contemporary
definitions and classification of the cardiomyopathies: An American Heart Association Scientific Statement from the Council
on Clinical Cardiology, Heart Failure and Transplantation Committee; Quality of Care and Outcomes Research and Functional
Genomics and Translational Biology Interdisciplinary Working Groups; and Council on Epidemiology and Prevention. Circulation
2006, 113, 1807–1816. Available online: https://pubmed.ncbi.nlm.nih.gov/16567565/ (accessed on 6 August 2022).

21. Elliott, P.; Andersson, B.; Arbustini, E.; Bilinska, Z.; Cecchi, F.; Charron, P.; Dubourg, O.; Kühl, U.; Maisch, B.; McKenna, W.J.;
et al. Classification of the cardiomyopathies: A position statement from the european society of cardiology working group on
myocardial and pericardial diseases. Eur. Heart J. 2008, 29, 270–276. Available online: https://academic.oup.com/eurheartj/
article/29/2/270/433902 (accessed on 6 August 2022). [CrossRef] [PubMed]

22. Maron, B.J.; Gottdiener, J.S.; Epstein, S.E. Patterns and significance of distribution of left ventricular hypertrophy in hypertrophic
cardiomyopathy: A wide angle, two dimensional echocardiographic study of 125 patients. Am. J. Cardiol. 1981, 48, 418–428.
Available online: http://www.ajconline.org/article/0002914981900680/fulltext (accessed on 6 August 2022). [CrossRef]

23. Parato, V.M.; Antoncecchi, V.; Sozzi, F.; Marazia, S.; Zito, A.; Maiello, M.; Palmiero, P. Echocardiographic diagnosis of the different
phenotypes of hypertrophic cardiomyopathy. Cardiovasc. Ultrasound 2016, 14, 30. Available online: https://pmc/articles/PMC4
982201/ (accessed on 6 August 2022). [CrossRef] [PubMed]

24. Syed, I.S.; Ommen, S.R.; Breen, J.F.; Tajik, A.J. Hypertrophic Cardiomyopathy: Identification of Morphological Subtypes by
Echocardiography and Cardiac Magnetic Resonance Imaging. JACC Cardiovasc. Imaging 2008, 1, 377–379. [CrossRef]

25. Helmy, S.M.; Maauof, G.F.; Shaaban, A.A.; ElMaghraby, A.M.; Anilkumar, S.; Shawky, A.H.H.; Hajar, R. Hypertrophic Cardiomy-
opathy: Prevalence, Hypertrophy Patterns, and Their Clinical and ECG Findings in a Hospital at Qatar. Heart Views 2011, 12, 143.
Available online: https://pmc/articles/PMC3345148/ (accessed on 6 August 2022). [CrossRef]

26. Kim, E.K.; Lee, S.C.; Hwang, J.W.; Chang, S.A.; Park, S.J.; On, Y.K.; Park, K.M.; Choe, Y.H.; Kim, S.M.; Park, S.W.; et al. Differences
in apical and non-apical types of hypertrophic cardiomyopathy: A prospective analysis of clinical, echocardiographic, and cardiac
magnetic resonance findings and outcome from 350 patients. Eur. Heart J. Cardiovasc. Imaging 2016, 17, 678–686. Available online:
https://academic.oup.com/ehjcimaging/article/17/6/678/1748322 (accessed on 6 August 2022). [CrossRef]

27. Velicki, L.; Jakovljevic, D.G.; Preveden, A.; Golubovic, M.; Bjelobrk, M.; Ilic, A.; Stojsic, S.; Barlocco, F.; Tafelmeier, M.; Okwose,
N.; et al. Genetic determinants of clinical phenotype in hypertrophic cardiomyopathy. BMC Cardiovasc. Disord. 2020, 20, 516.
Available online: https://bmccardiovascdisord.biomedcentral.com/articles/10.1186/s12872-020-01807-4 (accessed on 19 July
2022). [CrossRef]

28. Waldmüller, S.; Erdmann, J.; Binner, P.; Gelbrich, G.; Pankuweit, S.; Geier, C.; Timmermann, B.; Haremza, J.; Perrot, A.;
Scheer, S.; et al. Novel correlations between the genotype and the phenotype of hypertrophic and dilated cardiomyopathy:
Results from the German Competence Network Heart Failure. Eur. J. Heart Fail. 2011, 13, 1185–1192. Available online:
https://onlinelibrary.wiley.com/doi/full/10.1093/eurjhf/hfr074 (accessed on 2 August 2022). [CrossRef]

29. Yoneda, Z.T.; Anderson, K.C.; Quintana, J.A.; O’Neill, M.J.; Sims, R.A.; Glazer, A.M.; Shaffer, C.M.; Crawford, D.M.; Stricker, T.;
Ye, F.; et al. Early-Onset Atrial Fibrillation and the Prevalence of Rare Variants in Cardiomyopathy and Arrhythmia Genes. JAMA
Cardiol. 2021, 6, 1371–1379. Available online: https://pmc/articles/PMC8427496/ (accessed on 21 August 2022). [CrossRef]

30. Lee, S.P.; Ashley, E.A.; Homburger, J.; Caleshu, C.; Green, E.M.; Jacoby, D.; Colan, S.D.; Arteaga-Fernández, E.; Day, S.M.; Girolami,
F.; et al. Incident Atrial Fibrillation Is Associated With MYH7 Sarcomeric Gene Variation in Hypertrophic Cardiomyopathy. Circ.
Heart Fail. 2018, 11, e005191. Available online: https://www.ahajournals.org/doi/abs/10.1161/CIRCHEARTFAILURE.118.0051
91 (accessed on 21 August 2022). [CrossRef]

31. Butters, A.; Isbister, J.C.; Medi, C.; Raju, H.; Turner, C.; Sy, R.W.; Semsarian, C.; Ingles, J. Epidemiology and clinical characteristics
of atrial fibrillation in patients with inherited heart diseases. J. Cardiovasc. Electrophysiol. 2020, 31, 465–473. Available online:
https://onlinelibrary.wiley.com/doi/full/10.1111/jce.14346 (accessed on 21 August 2022). [CrossRef] [PubMed]

32. Marsiglia, J.D.C.; Credidio, F.L.; de Oliveira, T.G.M.; Reis, R.F.; Antunes, M.D.O.; de Araujo, A.Q.; Pedrosa, R.P.; Barbosa-Ferreira,
J.M.B.; Mady, C.; Krieger, J.E.; et al. Screening of MYH7, MYBPC3, and TNNT2 genes in Brazilian patients with hypertrophic
cardiomyopathy. Am. Heart J. 2013, 166, 775–782. [CrossRef] [PubMed]

33. Mastroianno, S.; Palumbo, P.; Castellana, S.; Leone, M.P.; Massaro, R.; Potenza, D.R.; Mazza, T.; Russo, A.; Castori, M.; Carella,
M.; et al. Double missense mutations in cardiac myosin-binding protein C and myopalladin genes: A case report with diffuse
coronary disease, complete atrioventricular block, and progression to dilated cardiomyopathy. Ann. Noninvasive Electrocardiol.
2020, 25, e12687. Available online: https://pmc/articles/PMC7358828/ (accessed on 22 August 2022). [CrossRef] [PubMed]

34. Seiler, C.; Jenni, R.; Vassalli, G.; Turina, M.; Hess, O.M. Left ventricular chamber dilatation in hypertrophic cardiomyopathy:
Related variables and prognosis in patients with medical and surgical therapy. Br. Heart J. 1995, 74, 508. Available online:
https://pmc/articles/PMC484070/?report=abstract (accessed on 22 August 2022). [CrossRef]

35. Karaye, K.M.; Habib, A.G.; Mohammed, S.; Rabiu, M.; Shehu, M.N. Assessment of right ventricular systolic function using
tricuspid annular-plane systolic excursion in Nigerians with systemic hypertension. Cardiovasc. J. Afr. 2010, 21, 186. Available
online: https://pmc/articles/PMC3721899/ (accessed on 22 August 2022). [CrossRef]

36. Parlak, S.; Gulcek, S.; Kaplanoglu, H.; Altin, L.; Deveer, M.; Pasaoglu, L. Hepatic Artery Pseudoaneurysm: A Life-Threatening
Complication of Liver Transplantation. J. Belg. Soc. Radiol. 2015, 99, 61. Available online: https://pmc/articles/PMC6032380/
(accessed on 30 August 2022).

https://pubmed.ncbi.nlm.nih.gov/16567565/
https://academic.oup.com/eurheartj/article/29/2/270/433902
https://academic.oup.com/eurheartj/article/29/2/270/433902
http://doi.org/10.1093/eurheartj/ehm342
http://www.ncbi.nlm.nih.gov/pubmed/17916581
http://www.ajconline.org/article/0002914981900680/fulltext
http://doi.org/10.1016/0002-9149(81)90068-0
https://pmc/articles/PMC4982201/
https://pmc/articles/PMC4982201/
http://doi.org/10.1186/s12947-016-0072-5
http://www.ncbi.nlm.nih.gov/pubmed/27519172
http://doi.org/10.1016/j.jcmg.2008.02.008
https://pmc/articles/PMC3345148/
http://doi.org/10.4103/1995-705X.90900
https://academic.oup.com/ehjcimaging/article/17/6/678/1748322
http://doi.org/10.1093/ehjci/jev192
https://bmccardiovascdisord.biomedcentral.com/articles/10.1186/s12872-020-01807-4
http://doi.org/10.1186/s12872-020-01807-4
https://onlinelibrary.wiley.com/doi/full/10.1093/eurjhf/hfr074
http://doi.org/10.1093/eurjhf/hfr074
https://pmc/articles/PMC8427496/
http://doi.org/10.1001/jamacardio.2021.3370
https://www.ahajournals.org/doi/abs/10.1161/CIRCHEARTFAILURE.118.005191
https://www.ahajournals.org/doi/abs/10.1161/CIRCHEARTFAILURE.118.005191
http://doi.org/10.1161/CIRCHEARTFAILURE.118.005191
https://onlinelibrary.wiley.com/doi/full/10.1111/jce.14346
http://doi.org/10.1111/jce.14346
http://www.ncbi.nlm.nih.gov/pubmed/31930598
http://doi.org/10.1016/j.ahj.2013.07.029
http://www.ncbi.nlm.nih.gov/pubmed/24093860
https://pmc/articles/PMC7358828/
http://doi.org/10.1111/anec.12687
http://www.ncbi.nlm.nih.gov/pubmed/31524317
https://pmc/articles/PMC484070/?report=abstract
http://doi.org/10.1136/hrt.74.5.508
https://pmc/articles/PMC3721899/
http://doi.org/10.5830/CVJA-2010-031
https://pmc/articles/PMC6032380/


Life 2022, 12, 1566 20 of 20

37. Kazama, I.; Mori, Y.; Baba, A.; Nakajima, T. Pitting type of pretibial edema in a patient with silent thyroiditis successfully treated
by angiotensin ii receptor blockade. Am. J. Case Rep. 2014, 15, 111–114. Available online: https://pubmed.ncbi.nlm.nih.gov/2466
5353/ (accessed on 30 August 2022).

38. Nigussie, B.; Abaleka, F.I.; Gemechu, T.; Suhail, M.; Alikhan, S. Severe Pulmonary Hypertension and Cholestatic Liver Injury:
Two Rare Manifestations of Graves’ Disease. Cureus 2020, 12, e9236. Available online: https://pmc/articles/PMC7370659/
(accessed on 30 August 2022). [CrossRef]

39. Balal, M.; Paydas, S.; Seyrek, N.; Karayaylali, I.; Gonlusen, G. Other glomerular pathologies in three patients with diabetes
mellitus. Ren. Fail. 2004, 26, 185–188. Available online: https://pubmed.ncbi.nlm.nih.gov/15287204/ (accessed on 30 August
2022). [CrossRef]

40. Palermo, P.; Magrì, D.; Sciomer, S.; Stefanini, E.; Agalbato, C.; Compagnino, E.; Chircu, C.M.; Maffessanti, F.; Teodoru, M.;
Agostoni, P. Delayed Anaerobic Threshold in Heart Failure Patients With Atrial Fibrillation. J. Cardiopulm. Rehabil. Prev. 2016, 36,
174–179. Available online: https://pubmed.ncbi.nlm.nih.gov/27115075/ (accessed on 24 August 2022). [CrossRef]

41. Delgado, V.; di Biase, L.; Leung, M.; Romero, J.; Tops, L.F.; Casadei, B.; Marrouche, N.; Bax, J.J. Structure and Function of the Left
Atrium and Left Atrial Appendage: AF and Stroke Implications. J. Am. Coll. Cardiol. 2017, 70, 3157–3172. [CrossRef] [PubMed]

42. Thomas, L.; Abhayaratna, W.P. Left Atrial Reverse Remodeling: Mechanisms, Evaluation, and Clinical Significance. JACC
Cardiovasc. Imaging 2017, 10, 65–77. [CrossRef] [PubMed]

43. Schumacher, K.; Dagres, N.; Hindricks, G.; Husser, D.; Bollmann, A.; Kornej, J. Characteristics of PR interval as predictor
for atrial fibrillation: Association with biomarkers and outcomes. Clin. Res. Cardiol. 2017, 106, 767–775. Available online:
https://link.springer.com/article/10.1007/s00392-017-1109-y (accessed on 24 August 2022). [CrossRef] [PubMed]

44. Kornej, J.; Zeynalova, S.; Thiery, J.; Burkhardt, R.; Baber, R.; Engel, C.; Hagendorff, A.; Loeffler, M.; Husser, D. Association between
echocardiographic parameters and biomarkers in probands with atrial fibrillation and different PR interval lengths: Insight
from the epidemiologic LIFE Adult Study. PLoS ONE 2019, 14, e0212627. Available online: https://pmc/articles/PMC6394950/
(accessed on 24 August 2022). [CrossRef]

45. Sohns, C.; Marrouche, N.F. Atrial fibrillation and cardiac fibrosis. Eur. Heart J. 2020, 41, 1123–1131. Available online: https:
//academic.oup.com/eurheartj/article/41/10/1123/5622908 (accessed on 24 August 2022). [CrossRef]

46. Ma, J.; Chen, Q.; Ma, S. Left atrial fibrosis in atrial fibrillation: Mechanisms, clinical evaluation and management. J. Cell. Mol. Med.
2021, 25, 2764. Available online: https://pmc/articles/PMC7957273/ (accessed on 24 August 2022). [CrossRef]
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