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ORIGINAL ARTICLE

A speckle-tracking strain-based artificial neural network model to differentiate
cardiomyopathy type

Jason Leo Walsha�, Wael A. AlJaroudib�, Nader Lamaaa, Ossama K. Abou Hassana , Khalil Jalkha,
Imad H. Elhajjc, George Sakrd and Hussain Isma’eela

aVascular Medicine Program, Division of Cardiology, American University of Beirut Medical Center, Beirut, Lebanon; bDivision of
Cardiovascular Medicine, Clemenceau Medical Center, Beirut, Lebanon; cDepartment of Electrical and Computer Engineering, American
University of Beirut, Beirut, Lebanon; dComputer Engineering Department, St Joseph University of Beirut, Beirut, Lebanon

ABSTRACT
Objectives. In heart failure, invasive angiography is often employed to differentiate ischaemic from
non-ischaemic cardiomyopathy. We aim to examine the predictive value of echocardiographic strain
features alone and in combination with other features to differentiate ischaemic from non-ischaemic
cardiomyopathy, using artificial neural network (ANN) and logistic regression modelling. Design. We
retrospectively identified 204 consecutive patients with an ejection fraction <50% and a diagnostic
angiogram. Patients were categorized as either ischaemic (n¼ 146) or non-ischaemic cardiomyopathy
(n¼ 58). For each patient, left ventricular strain parameters were obtained. Additionally, regional wall
motion abnormality, 13 electrocardiographic (ECG) features and six demographic features were
retrieved for analysis. The entire cohort was randomly divided into a derivation and a validation
cohort. Using the parameters retrieved, logistic regression and ANN models were developed in the
derivation cohort to differentiate ischaemic from non-ischaemic cardiomyopathy, the models were
then tested in the validation cohort. Results. A final strain-based ANN model, full feature ANN model
and full feature logistic regression model were developed and validated, F1 scores were 0.82, 0.79 and
0.63, respectively. Conclusions. Both ANN models were more accurate at predicting cardiomyopathy
type than the logistic regression model. The strain-based ANN model should be validated in other
cohorts. This model or similar models could be used to aid the diagnosis of underlying heart failure
aetiology in the form of the online calculator (https://cimti.usj.edu.lb/strain/index.html) or built into
echocardiogram software.
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Introduction

Heart failure has been estimated to affect 1–2% of the adult
population in developed countries, increasing to greater than
10% in people aged 70 and over [1]. There are numerous
underlying aetiologies of heart failure including hypertension,
viral infections, chemotherapy and inherited cardiomyopa-
thies. However, ischaemic coronary artery disease (CAD) is
the most common underlying cause [2]. Invasive angiography
is often required to differentiate underlying myocardial disease
due to CAD from other causes [3]. However, non-invasive
imaging is being increasingly utilized to make this distinc-
tion [4].

Clinical features obtained from history and examination,
echocardiography and electrocardiography are key for the
elucidation of the diagnosis underlying heart failure [5]. A
number of specific electrocardiographic features, criteria and
scores have been identified that can help characterise certain
types of myocardial disease [6–10]. For example, the

Selvester QRS score takes into account various Q wave
parameters and is a validated tool for both the identification
[11,12] and quantification of ischaemic myocardial damage
[7]. Further, a number of characteristic electrocardiogram
(ECG) features associated with the most common cardiomy-
opathy phenotypes (hypertrophic and dilated) have been
identified and conglomerated into predictive criteria and
scores [8–10,13]. Additionally, echocardiographic parameters
can be used to examine patterns of cardiac dysfunction and
refine the underlying cause of heart failure [3]. Measuring
strain parameters via speckle tracking echocardiography is
not widely used as a routine part of clinical heart failure
investigation, despite strain parameters emerging as a sensi-
tive method for detecting subtle cardiac dysfunction in sev-
eral clinical contexts [14–16]. To date, little has been done
to investigate the effectiveness of strain patterns in differen-
tiating types of myocardial disease underlying heart failure,
despite the improved sensitivity and reproducibility of these
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measures. However, strain parameters have been demon-
strated to independently predict prognosis in ischaemic car-
diomyopathy, using logistic regression modelling [17].

The use of logistic regression models to predict complex
biological relationships may be limited in some contexts, partly
because many biological relationships are non-linear [18,19].
Artificial Neural Networks (ANN) allow for modelling of both
linear and non-linear relationships and have been shown to be
a more accurate method than regression modelling for predict-
ing risk/outcome in several clinical settings [20–22].

Here, in a cohort of patients with an ejection fraction
<50% we developed and validated both a logistic regression
model and ANN models for differentiating individuals with
ischaemic cardiomyopathy (CM) from those with non-
ischaemic CM. These models were constructed using: (a)
speckle tracking strain patterns and (b) speckle tracking
strain patterns in combination with demographic and ECG
features. In summary, we aim to develop, validate and com-
pare ANN and logistic regression models for differentiating
ischaemic from non-ischaemic CM.

Materials and methods

Patient selection

From the American University of Beirut Medical Center
medical records, we retrospectively identified 231 consecu-
tive patients with systolic dysfunction (defined as an ejection
fraction (EF) <50% on echocardiography) who received a
subsequent coronary angiogram and ECG within 90 days
and did not have atrial fibrillation or a pacemaker, between
1 July 2013 and 1 December 2015. Of these, 204 had echo-
cardiogram images of suitable quality to allow post hoc left
ventricular strain measurements to be made, and were sub-
sequently included in the analysis. Demographic variables
and co-morbidities were retrieved from the medical records.

Electrocardiogram

All ECG were reviewed blindly by a board certified cardi-
ologist. Thirteen ECG variables previously linked to specific
types of myocardial disease were obtained and recorded includ-
ing: left bundle branch block, left anterior fascicular block, right
bundle branch block, right bundle branch block with left anter-
ior fascicular block, Cornell criteria, Sokolow-lyon criteria, right
atrial overload, Selvester score, hypertrophic cardiomyopathy
score and prolonged p wave duration [6–8,11–13].

Strain and other echocardiographic parameters

For each patient and for each of the 18 left ventricular seg-
ments, the following parameters were derived: (1) longitudinal
peak systolic strain (peak strain), presence of early systolic
lengthening (ESL; continued lengthening of a segment follow-
ing the initiation of systole); (2) presence of post systolic
shortening (PSS; as defined by the PSS peak being >90ms
after aortic valve closure) and (3) duration of PSS (PSSdtime;
as defined by milliseconds between aortic valve closure and

peak systolic shortening). Further, the presence or absence of
a regional wall motion abnormalities and left ventricular
internal dimension at end diastole (mm) were recorded. These
parameters were derived using DICOM images and analysed
using EchoInsightVR software. This is a non-vendor specific
software and therefore since all images are interrogated with
one software this reduces error from using different vendor
software. Images were obtained using Phillips and GE cardio-
vascular ultrasound machines.

Defining ischaemic and non-ischaemic cardiomyopathy

Diagnostic angiograms in addition to the presence or absence
of previous myocardial infarction or revascularisation were
used to categorise patients as having either ischaemic CM
(n¼ 146) or non-ischaemic CM (n¼ 58), as per Felker et al.’s
definition [23]. Patients with significant coronary artery dis-
ease (>50% stenosis) in two or more epicardial coronary
arteries, or significant single-vessel disease in the left main or
proximal left anterior descending artery, or significant single
vessel disease with a history of revascularization or myocardial
infarction were categorised as having ischaemic CM [23].

Statistical methods

Three statistical learning models were developed and vali-
dated to predict the known outcomes of ischaemic or non-
ischaemic CM (detailed in the data analysis section below).
The three models developed were: (1) a logistic regression
model utilizing all echocardiographic, electrocardiographic
and demographic variables, (2) an ANN model utilizing all
echocardiographic, electrocardiographic and demographic
variables (full feature models) and (3) an ANN model utiliz-
ing peak strain measurements and presence of regional wall
motion abnormality only (strain-based model).

In the data description, the average and the standard
deviations of each group of patients (ischaemic versus non-
ischaemic) were computed. In comparing the obtained mod-
els, the positive and negative predictive values were used as
well as the positive and negative likelihood ratios. Finally
note that all accuracies, sensitivities and specificities were
reported with their respective 95% confidence intervals.

Data analysis

Artificial neural network models
A detailed introduction to ANN has been described previ-
ously [19]. The architecture design for the ANN employed a
systematic method where the number of neurons was
changed incrementally, and bootstrapping was performed to
evaluate the accuracy of the models. We derived one model
to predict if a patient has ischaemic CM present by peak
strain and wall motion abnormality data only (ANN strain-
based model) and another model by using all strain data
(including PSS, PSSdtime and ESL), regional wall motion
abnormality data, ECG data and demographics (ANN full
feature model). The covariates used in the ANN full feature
model are present in Table 1 and the covariates used in the
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ANN strain model are highlighted in bold in Table 2. A
multilayer network was used for the predicted outcomes
consisting of one input layer one hidden layer and one out-
put layer. See Supplement 1 for an explanation of how the
artificial neural network models were developed.

Logistic regression
This method is the starting point for devising any best-fitting
model, and is essential because it gives an indication about
the relevance of each of the predictors used for risk predic-
tion. See Supplement 1 for an explanation of how the logistic
regression model was developed. The MATLAB implementa-
tion for logistic regression outputs the p value for every pre-
dictor coefficient. Predictors that had a p value <.05 were
selected for the logistic regression model.

Prediction model for ischaemic cardiomyopathy present
The derivation cohort was randomly chosen as follows: 29
out of the 58 patients who tested negative (non-ischaemic
CM) were added randomly to the derivation cohort and 73
out of the remaining 146 patients who tested positive were
also added randomly to the derivation cohort. The remain-
ing 102 patients were all added to the validation cohort and
were used only to test the performance of the model derived
using the derivation cohort.

ANN bootstrapping
ANN is a special type of non-linear regression that presents
multiple local minima; hence, every time we run the train-
ing algorithm it will converge in general to a different
model. In order to choose the best model, the training pro-
cess is repeated 200 times. In every iteration the algorithm
converges to a point that give the highest accuracy on the
validation set. Then, every model of the 200 generated mod-
els is tested on the testing cohort and the sensitivity and
specificity of the model are recorded. Some models pre-
sented good specificity but poor sensitivity, some models

the opposite, and some presented good specificity and sensi-
tivity. The results of the 200 models are presented as sensi-
tivity versus 1-specificity of each model. However, if two
models had the same specificity but different sensitivities,
then only the model with higher sensitivity was included.

Statistical analysis

The sensitivity and specificity was used to assess the
strength of each model. The F1-score defined as the geomet-
ric mean of sensitivity and specificity is computed by the
following formula:

F1 ¼ 2
sensitivity � specificity
sensitivity þ specificity

The F1 score will have a highest value of 1 when both
sensitivity and specificity are 1, which means a perfect
model, and a value of 0 if sensitivity or specificity is 0.

Finally, the percentage of avoided tests corresponding to
each model to predict ischaemic CM was then plotted
against the sensitivity of the prediction model. The number
of tests avoided was calculated assuming that the results of
the corresponding predictive model were respected. The
%avoided was then calculated as

%Avoided ¼ 100� N not sent for angiogram
Total

Percentage ordered is 100�%avoided.
Ethical approval was obtained from the institutional

review board at the American University of Beirut Medical
Center. The study abided by the Declaration of Helsinki.

Results

The cohort included 204 patients, 78% male, mean age
69 years. Patients in the ischaemic CM groups (n¼ 153)
were older, had more comorbidities and were more likely to
be male (Table 1). Eight of the 13 ECG parameters examined
showed significant differences between groups (Table 1).

Table 1. Demographic and electrocardiographic variables used in predictive models.

All patients, n¼ 204 Non-ischaemic, n¼ 58 Ischaemic, n¼ 146 p Value

Age 69 64 71 <.0001
Gender (female) 56 (27) 23 (40) 33 (23) <.0001
Hypertension 172 (84) 42 (72) 130 (89) <.0001
Dyslipidaemia 147 (72) 31 (53) 116 (79) <.0001
Smoking 97 (48) 17 (29) 80 (55) <.0001
Diabetes 93 (46) 21 (36) 72 (49) <.0001
LBBB 44 (21) 9 (17) 35 (23) <.0001
LAFB 23 (11) 7 (12) 16 (11) .92
RBBB 11 (5) 0 (0) 11 (8) <.0001
RBBBþ LAFB 20 (10) 4 (7) 16 (11) <.0001
Sokolow-lyon criteria 16 (8) 5 (9) 11 (8) .95
Cornell criteria 61 (30) 20 (34) 41 (28) <.0001
If either Sokolow or Cornell present 57 (28) 21 (36) 36 (25) <.0001
Right atrial overload 33 (16) 12 (21) 21 (14) <.0001
Prolonged P wave duration (>200ms) 30 (15) 12 (21) 18 (12) <.0001
Selvester score 7.7 ± (5.6) 6.4 ± (5.1) 8.2 ± (5.8) <.0001
HCM score 4.7 ± (2.3) 4.4 ± (2.3) 4.9 ± (2.3) .22

p Values represent significance differences between the two groups (non-ischaemic and ischaemic). LBBB: left bundle branch block; LAFB: left anterior fascicular
block; RBBB: right bundle branch block; HCM: hypertrophic cardiomyopathy. Numbers in the age row represent mean age, numbers in the Selvester score and
HCM score rows represent mean score with standard error in brackets. Otherwise unbracketed numbers¼ number of patients with the characteristic, bracketed
numbers¼ percentage of the study population with the characteristic.
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Table 2. Echocardiographic variables used in predictive models.

Ventricular
Segment Feature All patients, n¼ 204 Non-ischaemic, n¼ 58 Ischaemic, n¼ 146 p Value

Basal inferoseptal Peak strain �0.06 ± (0.05) �0.06 ± (0.06) �0.06 ± (0.05) 1
ESL 16% (33) 17% (10) 16% (23) <.0001
PSS dtime (ms) 28 ± (50) 15 ± (35) 33 ± (55) <.0001
PSS 14% (29) 7% (4) 17% (25) <.0001

Mid inferoseptal Peak strain �0.08 ± (0.06) �0.08 ± (0.06) �0.08 ± (0.05) 1
ESL 8% (16) 2% (1) 10% (15) <.0001
PSS dtime 16 ± (39) 4 ± (14) 22 ± (44) <.0001
PSS 7% (15) 0% (0) 10% (15) <.0001

Apical septal Peak strain �0.09 ± (0.08) �0.11 ± (0.08) �0.08 ± (0.08) .45
ESL 16% (33) 10% (6) 18% (27) <.0001
PSS dtime 15 ± (44) 9 ± (26) 18 ± (49) <.0001
PSS 6% (13) 3% (2) 8% (11) <.0001

Apical lateral Peak strain �0.08 ± (0.07) �0.09 ± (0.07) �0.08 ± (0.07) .88
ESL 19% (38) 17% (10) 19% (28) <.0001
PSS dtime 10 ± (36) 7 ± (31) 11 ± (38) <.0001
PSS 5% (11) 5% (3) 5% (8) <.1

Mid anterolateral Peak strain �0.07 ± (0.06) �0.09 ± (0.05) �0.07 ± (0.06) .025
ESL 15% (30) 14% (8) 15% (22) <.21
PSS dtime 15 ± (43) 8 ± (24) 18 ± (48) <.0001
PSS 7% (15) 3% (2) 9% (13) <.0001

Basal anterolateral Peak strain �0.09 ± (0.07) �0.09 ± (0.07) �0.09 ± (0.07) .8
ESL 26% (54) 31% (18) 25% (36) <.0001
PSS dtime 24 ± (52) 25 ± (59) 24 ± (49) .005
PSS 12% (25) 10% (6) 13% (19) <.05

Basal posterior Peak strain �0.08 ± (0.04) �0.09 ± (0.05) �0.08 ± (0.04) .9
ESL 29% (59) 21% (11) 31% (48) <.0001
PSS dtime 27 ± (53) 24 ± (55) 28 ± (53) <.0001
PSS 37% (75) 8% (4) 46% (71) <.0001

Mid posterior Peak strain �0.08 ± (0.05) �0.07 ± (0.06) �0.08 ± (0.05) .9
ESL 10% (20) 10% (5) 10% (15) 1
PSS dtime 13 ± (29) 10 ± (26) 14 ± (30) <.0001
PSS 4% (9) 2% (1) 5% (8) <.0001

Apical inferolateral Peak strain �0.09 ± (0.07) �0.10 ± (0.07) �0.09 ± (0.07) .9
ESL 16% (32) 15% (8) 16% (24) .9
PSS dtime 17 ± (44) 8 ± (21) 21 ± (50) <.0001
PSS 7% (31) 14% (8) 16% (23) <.0001

Apical anteroseptal Peak strain �0.08 ± (0.08) �0.10 ± (0.07) �0.08 ± (0.08) .8
ESL 16% (33) 8% (4) 19% (29) <.0001
PSS dtime 11 ± (33) 8 ± (27) 12 ± (36) <.0001
PSS 5% (11) 2% (1) 7% (10) <.0001

Mid anteroseptal Peak strain �0.10 ± (0.28) �0.09 ± (0.07) �0.10 ± (0.32) .9
ESL 16% (33) 13% (7) 17% (26) .23
PSS dtime 22 ± (44) 10 ± (29) 26 ± (48) <.0001
PSS 10% (20) 2% (1) 12% (19) <.0001

Basal anteroseptal Peak strain �0.07 ± (0.07) �0.07 ± (0.09) �0.08 ± (0.06) .9
ESL 23% (47) 29% (15) 21% (32 <.0001
PSS dtime 24 ± (45) 23 ± (49) 24 ± (43) .05
PSS 9% (18) 6% (3) 10% (15) <.0001

Basal inferior Peak strain �0.08 ± (0.06) �0.08 ± (0.05) �0.08 ± (0.06) 1
ESL 20% (41) 15% (8) 22% (33) <.0001
PSS dtime 23 ± (45) 16 ± (38) 25 ± (48) <.0001
PSS 35% (72) 6% (3) 45% (69) <.0001

Mid inferior Peak strain �0.09 ± (0.05) �0.09 ± (0.06) 0.09 ± (0.05) 1
ESL 18% (36) 4% (2) 8% (12) <.0001
PSS dtime 11 ± (28) 6 ± (22) 13 ± (30) <.0001
PSS 7% (14) 7% (4) 7% (10) <.0001

Apical inferior Peak strain �0.11 ± (0.08) �0.13 ± (0.08) �0.10 ± (0.08) .8
ESL 18% (36) 9% (5) 21% (31) <.0001
PSS dtime 15 ± (33) 6 ± (20) 18 ± (36) <.0001
PSS 6% (13) 2% (1) 8% (12) <.0001

Apical anterior Peak strain �0.08 ± (0.07) �0.10 ± (0.07) �0.08 ± (0.06) .8
ESL 11% (23) 5% (3) 14% (20) <.0001
PSS dtime 8 ± (28) 6 ± (26) 9 ± (28) <.0001
PSS 3% (6) 3% (2) 3% (4) .9

Mid anterior Peak strain �0.08 ± (0.06) �0.09 ± (0.07) �0.08 ± (0.06) .9
ESL 16% (33) 10% (6) 18% (27) <.0001
PSS dtime 14 ± (37) 13 ± (29) 14 ± (39) <.0001
PSS 4% (8) 3% (2) 4% (6) <.0001

Basal anterior Peak strain �0.09 ± (0.06) �0.08 ± (0.07) �0.09 ± (0.05) .9
ESL 27% (56) 22% (13) 29% (43) <.0001
PSS dtime 31 ± (58) 12 ± (30) 38 ± (64) <.0001
PSS 13% (26) 2% (1) 17% (25) <.0001

(continued)
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Global longitudinal strain (GLS) and EF did not differ
between groups (Table 2).

Examining individual left ventricular segments:

1. Peak strain did not differ significantly between groups,
however there was a trend towards reduced peak strain
in the apical segments in the ischaemic CM group.

2. Presence of ESL often differed significantly between the
groups (p value �.0001), however whether it was more
prevalent in the ischaemic or non-ischaemic groups was
heterogeneous between segments (Table 2).

3. PSS tended to be more prevalent and longer in duration
in the ischaemic CM group.

The variables found to be independent predictors of ischae-
mic CM for the cohort by logistic regression were older age
(p value¼ .039), having hypertension (p value¼ .05), a smok-
ing history (p value¼ .004) and the presence of a regional
wall motion abnormality (p value¼ .001).

Predictive models

For the development of the predictive models, the derivation
cohort consisted of 73 patients with confirmed ischaemic
CM and 29 patients with confirmed non-ischaemic CM,
selected randomly. The validation cohort comprised the
remaining 102 patients.

Table 3 shows sensitivity, specificity, negative and posi-
tive predictive values, likelihood ratios and F1 scores for the
full feature ANN and logistic regression models, and strain-
based ANN model. Both ANN models were more accurate
than the full feature logistic regression model. There was lit-
tle difference in the predictive accuracy between the full fea-
ture and strain-based models. The stain based ANN model
demonstrated good sensitivity, specificity, positive likelihood
ratio and positive predictive value for identifying patients
with ischaemic CM, however negative predictive value was
weaker (Table 3). Figure 1 shows the plot of the sensitivity
of the strain-based ANN model versus 1-specificity to pre-
dict ischaemic CM. The cut-off threshold was determined as
the one that maximizes the F1 score as it is the measure of
reference in our research. Figure 2 shows the ROC curve for
the ANN strain-based model. The probabilistic output of
the ANN has been thresholded at different levels to yield
different sensitivities and specificities. For each sensitivity–
specificity pair, the F1-score was calculated as defined by its
equation. The operation cutoff was chosen as the one that
maximizes the F1-score as shown in Figure 2.

Diagnostic angiograms avoided

As Figure 3 shows the sensitivity of a given model to predict
ischaemic CM increases, diagnostic angiograms avoided
decreases exponentially and diagnostic angiograms ordered
increases. This is based on the assumption that the results
of our predictive models are accepted, with the outcome of
ischaemic CM resulting in an invasive angiogram being
ordered and the outcome of non-ischemic CM resulting in
an invasive angiogram being avoided. Applied to our strain-
based model this would mean �40% of diagnostic angio-
grams would be avoided.

Discussion

In this study, we developed a logistic regression model and
ANN models to predict ischaemic CM in patients with sys-
tolic dysfunction, as demonstrated by coronary angiography.
We constructed and validated three predictive models: (1) a
logistic regression “full feature model” incorporating all
echocardiographic, electrocardiographic and demographic
features gathered; (2) a full feature ANN model and (3) a
strain-based model incorporating only segmental peak strain
and the presence of a wall motion abnormality.

Both ANN models were significantly more accurate than
the logistic regression model. Logistic regression has been
the traditional method for predicting outcome in medicine,
for example the use of variables from the Framingham
population to predict cardiovascular risk [24]. Increasingly,
artificial intelligence or machine learning methods such as
support vector machines and artificial neural networks are
being used for outcome prediction in medicine [25–27].
Contexts in which artificial neural networks have demon-
strated enhanced predictive accuracy over logistic regression
models include: prediction of acute coronary syndromes
using clinical features [20] and significant coronary artery
disease in patients with normal ECGs and biomarkers using
clinical features [27]. Here, we have demonstrated that the
differentiation of underlying ischaemic and non-ischaemic
CM in heart failure is another clinical context in which

Table 3. Accuracy of predictive models.

Sensitivity,
%

Specificity,
%

PPV,
%

NPV,
% LRþ LR� F1

Logistic regression 79 [68�88] 52 [33�72] 82 47 1.7 0.34 0.63
ANN full feature 83 [72�90] 76 [58�92] 92 64 4.1 0.2 0.79
ANN strain based 89 [80�96] 76 [58�92] 96 66 4.1 0.11 0.82

Sensitivity, specificity, positive predictive value (PPV), negative predictive value
(NPV), positive likely hood ratios (LRþ), negative likelihood ratios (LR�) and
F1 scores of the models for predicting ischaemic CM.

Table 2. Continued.

Ventricular
Segment Feature All patients, n¼ 204 Non-ischaemic, n¼ 58 Ischaemic, n¼ 146 p Value

Global longitudinal strain �0.08 ± (0.04) �0.09 ± (0.04) �0.08 ± (0.03) 1
EF 34 ± (5) 34 ± (5) 35 ± (4) .85
LVIDd 56 ± (10) 55 ± (11) 56 ± (10) .85
RWMA (present) 79% (162) 41% (24) 95% (138) <.0001

p Values represent significance differences between the two groups (non-ischaemic and ischaemic). Features in bold were incorporated into the strain-based
model. ESL: early systolic lengthening; PSS: post-systolic lengthening; PSSdtime: duration in milliseconds between aortic valve closure and peak systolic length-
ening; EF: left ventricular ejection fraction; LVIDd: left ventricular internal dimension at end diastole (mm); RWMA: regional wall motion abnormality.
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artificial intelligence offers enhanced predictive value over
traditional predictive methods. Non-linear modelling such
as ANN is likely to become more utilized in medicine.

Similar to other statistical methods, tools for this analysis
are available on several commercial statistical programs,
making the design of ANN analysis widely accessible.

Figure 1. Sensitivity versus 1-specificity for strain-based artificial neural network (ANN) model to predict ischaemic cardiomyopathy in systolic heart failure.

Figure 2. ROC curve for the strain-based ANN model.

Figure 3. Diagnostic angiograms avoided in relationship with model sensitivity. The number of diagnostic angiograms avoided decreased exponentially as the sen-
sitivity of the test increased.
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Interestingly, the strain-based ANN model was as good
as the full feature ANN model for predicting ischaemic CM.
Therefore, ECG features, demographics, PSS and ESL did
not add incremental validity.

ECG parameters often show poor predictive accuracy
when used to predict cardiovascular outcome [6,28,29]. Our
study demonstrates another context in which ECG features
provide poor incremental validity in predicting outcome.

PSS has been shown to be present in acute ischaemia,
however it tends not to persist for a prolonged period fol-
lowing recovery [30,31]. In our cohort, many of the patients
may not have had their echocardiogram during or soon
after an episode of acute ischaemia. Further, PSS may not
be specific to the acute ischaemic myocardium, as indicated
by our data (Table 2) and other work demonstrating PSS in
non-ischaemic cardiomyopathies [32,33]. These factors may
explain a lack of incremental validity offered by PSS in our
ANN model. ESL has been linked to coronary artery disease
[34], however in our cohort, although generally more preva-
lent in the ischaemic group it was also prevalent in the non-
ischaemic group (Table 2), which may explain why ESL did
not provide added predictive value in our model.

Our strain-based ANN model likely picks up on subtle
patterns in peak strain, such as the pattern of relatively
reduced apical strain in comparison to basal strain in the
ischaemic CM group. The outcome is also likely reinforced
or weakened with the presence or absence of a regional wall
motion abnormality, a feature that alone has been shown to
be a poorly sensitive and specific predictor of ischaemic CM
[3]. This strain-based ANN model showed good sensitivity
(89%), specificity (76%), positive predictive value (96%), but
a weaker negative predictive value (66%), meaning a positive
result of ischaemic CM makes a true positive highly likely.
However, the high positive predictive value and low negative
predictive value are likely influenced by the relatively high
prevalence of ischaemic CM in the study population.

Several possibilities could be explored to enhance the
predictive accuracy of the strain-based ANN model. Firstly,
additional features could be explored to add incremental
validity to the model. As ECG and demographic features
showed poor incremental validity in this study, perhaps the
best candidates for increasing predictive accuracy would be
other echocardiographic features or features identified in
other imaging modalities associated with specific types of
CM [3]. Secondly, the non-ischaemic outcome represents a
heterogeneous group. Perhaps generating a model that can
identify more specific types of non-ischaemic CM would
enhance accuracy in addition to more precisely guiding sub-
sequent investigation and management. However, this would
require a larger sample size than used in the current study
due to the large number of diagnoses encapsulated within
non-ischaemic CM.

Alternatively, perhaps there would be value in building pre-
dictive models that prioritise either specificity or sensitivity. In
this study, models were designed to maximise overall predict-
ive accuracy (F1 score), but perhaps in this context a useful
model might be one prioritising a high sensitivity for identify-
ing ischaemic cardiomyopathy or a high specificity for

identifying non-ischaemic cardiomyopathy, so one can identify
patients that do not need an angiogram to a high degree of
confidence, accepting as excess of “unnecessary” angiograms.

Some key limitations of this study should be noted.
Patients were categorised into either the ischaemic or non-
ischaemic CM groups based on burden of coronary artery
disease as assessed by invasive coronary angiography and
history of myocardial infarction or revascularisation.
However, a recent cardiac MRI study found that 11.8% of
patients traditionally categorised as ischaemic CM (by angi-
ography) and 1.5% of patients categorised as non-ischaemic
CM, demonstrated a pattern of mixed CM on MRI [4]. It is
likely, therefore, that a proportion of patients in our cohort
have mixed ischaemic and non-ischaemic CM, which would
not fit with the binary outcomes of our ANN model.
Patterns of mixed CM detected by stain could result in a
false positive or false negative in our ANN model, reducing
its predictive accuracy.

A further limitation is that this was a single centre study,
with a preponderance of subjects from an Eastern
Mediterranean ethnic background. Therefore, the strain-based
ANN model would require validation in other populations
before being utilized. An additional limitation is the potential
introduction of attrition bias, as 27 of the 231 eligible subjects
could not have speckle-tracking strain analysis due to sub-
optimal images.

Finally, patients included in the study had an EF <50%,
a subsequent coronary angiogram and an ECG, therefore,
selection bias may exist. For example, patients not receiving
an angiogram due to low risk of coronary artery disease or
deemed not fit for invasive coronary angiography would not
have been included in the study population. However, a
mitigating factor for this is that during the study period at
this institution most patients presenting with new onset sys-
tolic heart failure (EF <50%) received an invasive coronary
angiogram in accordance with appropriateness criteria [35].
Nonetheless, we acknowledge that the high prevalence of
ischaemic CM in our cohort does affect the NPV and PPV
generated and therefore limits the generalizability of our
results. However, the impact of prevalence of ischaemic CM
has a minor effect – indeed may not affect – the negative
and positive likelihood ratios.

In conclusion, we have developed and validated a strain-
based ANN model with good predictive accuracy to differenti-
ate ischaemic and non-ischaemic CM in systolic heart failure.
This model has been incorporated into an application: https://
cimti.usj.edu.lb/strain/index.html, which will be utilized to val-
idate this ANN model in larger cohorts before it can be used
to guide the diagnosis of underlying heart failure and poten-
tially reduce the burden of invasive coronary angiograms.
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