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Abstract

Up to one-third of patients selected by current guidelines do not respond to cardiac resynchronization therapy (CRT),
the aim of this study was to find out novel analytical approaches to improve pre-implantation CRT response prediction.
Among 31 pre-implantation features of clinical, laboratory, electrocardiography (ECG), and echocardiography variables in
a consecutive cohort of patients receiving a first-time CRT device (CRT-pacemaker or CRT-defibrillator), we developed a
machine learning (ML) model with three classification algorithms (support vector machines (SVM), K nearest neighbors,
and random subspaces) with the best features combination to predict CRT response. Three categorical variables, left bundle
branch block (LBBB), nonischemic cardiomyopathy, and female gender, were independently associated with CRT responses.
Among continuous variables, including septal wall thickness, posterior wall thickness, and relative wall thickness (RWT),
could regularize ECG QRS duration (QRSd) and significantly enhance the correlation between QRSd and CRT response.
The 3 ML algorithms in a total of 38 features combinations constantly recognized that the features combined with QRSd/
RWT outperformed the combinations without it. For each of three algorithms, the triplet feature combination of QRSd/
RWT, LBBB, and nonischemic cardiomyopathy repeatedly increased the classification rate more than 8%. The best perfor-
mance for CRT response prediction occurred with SVM model, which proposed actual QRSd/RWT values that favored CRT
responses in patients both with and without LBBB. Lower QRSd/RWT values were required for CRT responses in patients
with ischemic cardiomyopathy compared to those with non-ischemic cardiomyopathy. ML from ventricular remodeling
characteristics—regularized QRSd improves CRT response prediction.

Keywords Cardiac resynchronization therapy - QRS duration - Machine learning - Classification - Ventricular geometric
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the features in each study group [10], to resolve the intricate
correlations between QRSd and clinical/imaging character-
istics, so as to improve CRT response prediction.

Methods
Patient selection and study design

Informed consent was obtained from each patient. The study
protocol conforms to the ethical guidelines of the 1975 Dec-
laration of Helsinki as reflected in a priori approval by the
Institutional Research Board of the Human Subjects Com-
mittee of State University of New York (SUNY) Upstate
Medical University.

From January 1, 2009 to December 31, 2015 in SUNY
Upstate Medical University Hospital, 184 consecutive
patients received CRT device implantation in accordance
with the American College of Cardiology Foundation/Amer-
ican Heart Association guidelines [2, 5]. After excluding 46
patients receiving CRT device replacement and 21 patients
having baseline atrial fibrillation which biventricular capture
less than 90%, we eventually enrolled 117 patients. Mean
follow-up duration was 33 (6—81) months. CRT response
was defined as (1) the improvement in clinical heart fail-
ure (HF) symptoms (New York Heart Association (NYHA)
functional class increases more than one class), and (2)
the reduction of left ventricular (LV) end systolic volume
(LVESV) > 15% after 6 months of CRT [13].

Clinical and laboratory data

We completed a systematic search of the computerized data-
base EPIC Electronic Medical Record through chart review
to obtain data before device implantation and after follow-
up. A total of 31 clinical, ECG, and echocardiographic vari-
ables were included (Tables 2, 3). The etiologies for HF were
classified as ischemic and nonischemic [14]. The NYHA
functional class was decided based on the highest functional
class reached.

ECG

A 12-lead surface ECG was recorded at 25 mm/s during
spontaneous rhythm before implantation of the CRT device.
QRSd analysis was performed according to standard pro-
tocols [15] and our previous publication [16]. Briefly, the
morphology of QRS was classified as either LBBB or non-
LBBB (including right bundle branch block and nonspecific
intraventricular conduction delay [17]). LBBB was defined
as a QRSd> 120 ms; QS or rS in lead V1; broad R waves in
leads I, avL, V5, or V6; and absent q waves in leads V5 and
V6. QRSd and morphology were measured and assessed
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electronically, and subsequently confirmed by 2 board-cer-
tified cardiologists (JL and BL) independently.

Echocardiography

Two-dimensional (2D) transthoracic echocardiography
(TTE) was performed with standard techniques using a GE
Vivid E9 machine (GE Healthcare, Vingmed Ultrasound
A/S, Norway) with a 3.5-MHz phased-array transducer.
Echocardiographic parameters included left atrial (LA)
dimension, LV end diastolic dimensions (LVEDD), sep-
tal wall thickness (SWT), posterior wall thickness (PWT),
LVESV, LV end diastolic volume (LVEDV) and LV ejection
fraction (LVEF). The LVEF was calculated by biplane Simp-
son’s method from apical 4- and 2-chamber views. SWT and
PWT were assessed by linear measurements in parasternal
long-axis view images at the level of the mitral leaflet tips at
end-diastole (at the onset of the R wave and LV in the largest
dimension) [18]. RWT was calculated as the sum of SWT
and PWT divided by LVEDD [19]. LV mass was calculated
as 0.8%(1.04*((LVEDD + PWT + SWT)’~(LVEDD)?) + 0.6
[20]. The rest of the measurements were performed accord-
ing to American Society of Echocardiography guidelines
[18, 21] and our previous publications [22, 23]. Echocardi-
ography data before and after 6-month CRT were recorded.
In order to reduce intra- and inter-observer variability, all the
measurements were done by the same person (JL), and all
the parameters were the mean of 3 measurements.

CRT device implantation

CRT device implantations were performed according to
published guidelines [6]. Briefly, a LV lead was inserted
transvenously via the subclavian route. A coronary sinus
venogram was obtained using a balloon catheter, and the LV
pacing lead was inserted through the coronary sinus with the
help of an 8-F or 9-F guiding catheter and positioned as far
as possible in the venous system, preferably in the lateral
or posterolateral vein. The atrial and RV leads were placed
regularly at the right atrial appendage and the RV apex.
All leads were connected to a dual-chamber biventricular
implantable cardiac device. The atrioventricular interval was
optimized using Ritter’s method with TTE [24].

Statistical analysis

Continuous variables were presented as mean + standard
deviation (SD) and dichotomous variables as an absolute
number with percentage. Comparisons between continuous
variables were made using both parametric and nonparamet-
ric methods—student’s #-test and permutation test. Dichoto-
mous variables were compared using chi-squared test. Logis-
tic regression model and univariate and multivariate analyses
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were performed to related demographic, clinical, ECG, and
echocardiographic parameters to the CRT response. All vari-
ables in univariate analysis with a p-value <0.20 entered
multivariate analysis. The variables with p-value < 0.05 were
in the final model. Receiver operating characteristic (ROC)
analysis were used, and area under the curve (AUC) were
calculated. A 2-sided p-value of 0.05 was set as statistically
significant. Statistical analyses were performed using SPSS
for Windows, version 22.0 (IBM Corporation, Armonk, New
York, USA) and R programming 3.2.3 for Windows (Updat-
eStar Inc., Berlin, Germany).

Machine learning/classification

After selecting appropriate features by standard statistical
techniques, the problem was formulated as a supervised
learning (classification) problem—a standard problem in
ML. Classification approaches learned some predictive
models that assigned an observation (a patient with various
measurements in our problem) to one of the given classes
(responders and non-responders), with the assistance of
some labeled observations (whether they were responders or
non-responders was known to us). Once the predictive model
was obtained, it could be generalized to new observations
and predict which class they belong to (Fig. 1). The clas-
sification procedures were carried out in MATLAB R2014a
with Windows (Mathworks Inc., Natick, Massachusetts,
USA).

Results
Demographic and clinical characteristics

Among 117 patients, 72 (61.5%) were male. The average
age was 68.5 + 13.6 years old. Fifty-four patients (46.2%)
had nonischemic cardiomyopathy. Seventy-four patients
(63.2%) had LBBB. Average QRSd was 161.9 +26.6 ms.
LVEF (before CRT) was 24.2% + 7.7%. Eighty-five patients
(72.6%) responded to CRT. Compared with CRT non-
responders, more CRT responders were female (44.7% vs.

Fig.1 Classification approaches
of building up predictive models
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21.9%, p <0.05), had nonischemic cardiomyopathy (54.1%
vs 25.0%, p<0.01) and LBBB (71.8% vs 40.6%, p <0.01).
There were no significant differences in age, NYHA func-
tional class, concomitant diseases, smoking history, alco-
hol abuse, lipid level, renal function, and drug treatment
between two groups (Table 1).

Feature selection for classification

Among the parameters that could be obtained before CRT
implantation (not procedural/device-related parameters, such
as lead location, pacing threshold, and % BiV pacing, etc.),
we included a total of 31 clinical, laboratory, and echocardi-
ography pre-implantation variables. A nonparametric two-
sample test—permutation test—was used to assess the asso-
ciation between continuous variables and the CRT response.
Ventricular geometric parameters (SWT and RWT) were
found to be significantly related to the CRT response. The
correlation between QRSd itself and the CRT response was
not significant (Table 2, left column). RWT-, PWT-, and
SWT-regularized QRSd were significantly associated with
the CRT response (Table 2, right column). Pearson’s chi-
squared test was used to test the correlations between the
categorical variables and the CRT response. LBBB, nonis-
chemic cardiomyopathy, and female gender were found sig-
nificantly associated with CRT response (Table 3). In the
subsequent ML model development, QRSd, RWT, QRSd/
RWT, LBBB, nonischemic cardiomyopathy, and female
gender served as candidate predictors for the classification
problems.

Classification

We investigated the predictive power of different combina-
tions of the candidate features by applying 3 established
classification methods, SVM [25], K nearest neighbors
(KNN) [26] and random subspaces (RS, an ensemble
method) [27] (Fig. 1; implementation details can be found
in the “Appendix”). Briefly, by exploring these different
classification methods into 1 algorithm, we were able to
demonstrate the general predictive power of the features.
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Table 1 Baseline patient characteristics

CRT responders CRT non-respond- p-value
(n=85,72.6%) ers (n=32,27.4%)

Female gender (%) 38 (44.7) 7(21.9) 0.024
Age (years) 67.6+13.4 70.8+14.1 0.259
Nonischemic cardio- 46 (54.1) 8 (25.0) 0.002
myopathy (%)
NYHA class 2.70+0.46 2.84+0.47 0.223
Hypertension (%) 68 (81.0) 24 (75.0) 0.479
Diabetes (%) 30 (35.7) 11 (34.4) 0.893
Smoking (%) 27 (32.9) 9 (29.0) 0.692
Alcohol (%) 22 (27.2) 7 (24.1) 0.751
SBP (mmHg) 126.2+20.2 126.1+17.2 0.972
DBP (mmHg) 729+11.5 70.8+8.6 0.348
Height (m) 1.69+0.12 1.71+0.12 0.319
Weight (Kg) 83.9+20.9 87.8+40.2 0.505
QRSd (ms) 161.3+25.9 163.4+28.9 0.728
LBBB (%) 61 (71.8) 13 (40.6) 0.000
Cholesterol (mg/dl) 157.4+39.3 137.0+29.7 0.071
Triglyceride (mg/dl) 153.7+115.3 112.0+£52.0 0.162
HDL-C (mg/dl) 52.1+19.6 463+11.6 0.273
LDL-C mg/dl 90.6+62.8 68.6+26.6 0.186
Creatinine (mg/dl)  1.31+0.87 1.30+0.44 0.935
ACEI/ARB (%) 70 (82.4) 23 (71.9) 0.211
fB-blocker (%) 71 (83.5) 26 (81.3) 0.770
Diuretic (%) 66 (77.6) 25 (78.1) 0.956
Spirolactone (%) 26 (30.6) 7(21.9) 0.351
Digoxin (%) 18 (21.4) 10 (31.3) 0.269

Data are number (%), mean + SD

ACEI angiotensin-converting enzyme inhibitors, ARB angiotensin
receptor blocker, CRT cardiac resynchronization therapy, DBP dias-
tolic blood pressure, HDL-C high-density lipoprotein cholesterol,
LBBB left bundle branch block, LDL-C low-density lipoprotein cho-
lesterol, NYHA New York Heart Association, QRSd QRS duration,
SBP systolic blood pressure

For instance, if including a specific feature led to improve-
ment in the results of all the three methods, then this feature
proved to be powerful in the prediction (and it is not due to
the advantage from a specific classification method). Even-
tually, we proposed the separating strategy obtained by the
method that gave the best result.

On the other hand, we randomly split our data into ten
subsets. In each experiment, we held out one subset for
validation and learned the predictive model (by the three
classification methods) from the rest of the data. Then the
accuracy of the predictive model was evaluated using the
held-out subset of the data (Fig. 1). The final result we report
in Table 4 is the average of ten such experiments (holding
out different subsets for validation). This procedure is known
as cross-validation in the field of ML (more details can be
found in the “Appendix”).
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Table2 Test of association between continuous variables and the
CRT response (left) and between regularized QRSd and the CRT
response (right) (sorted by p value from small to large)

Variables p value Regularized QRSd p value
RWT 0.021 QRSA/RWT 0.003
SWT 0.029 QRSd/PWT 0.005
Cholesterol 0.072 QRSd/SWT 0.005
LVEF 0.087 QRSd/LDL-C 0.070
PWT 0.093 QRSdJ/LVEF 0.109
LVEDD 0.124 QRSd/cholesterol 0.140
LVEDV 0.142 QRSJ/LVEDV 0.179
LA 0.153 QRSd/DBP 0.285
Triglyceride 0.167 QRSJ/LVEDD 0.324
LDL-C 0.187 QRSd/LVESV 0.341
Age 0.267 QRSd/HDL-C 0.374
HDL-C 0.286 QRSd/triglyceride 0.410
Height 0.325 QRSd/LA 0.422
DBP 0.346 QRSd/age 0.727
LVESV 0.475 QRSd/height 0.817
Weight 0.517 QRSd/weight 0.904
QRSd 0.732 QRSd/SBP 0.948
Creatinine 0.946 QRSd/creatinine 0.979
SBP 0.975

CRT cardiac resynchronization therapy; DBP: diastolic blood pres-
sure, HDL-C high-density lipoprotein cholesterol, LA left atrial,
LDL-C low-density lipoprotein cholesterol, LVEDD left ventricular
end diastolic diameter, LVEDV left ventricular end diastolic volume,
LVEF left ventricular ejection fraction, LVESV left ventricular end
systolic volume, PWT posterior wall thickness, QRSd QRS duration,
RWT relative wall thickness, SBP systolic blood pressure, SWT septal
wall thickness

Table3 Test of association between categorical variables and the
CRT response (sort by p value from small to large)

Categorical variables p value
LBBB 0.001
Nonischemic cardiomyopathy 0.003
Female gender 0.035
ACEI/ARB 0.303
Digoxin 0.322
Spirolactone 0.368
Hypertension 0.616
B-blocker 0.787
Alcohol 0.810
Smoking 0.820
Diabetes 1.000
Diuretic 1.000

ACEI angiotensin-converting enzyme inhibitors, ARB angiotensin
receptor blocker, CRT cardiac resynchronization therapy, LBBB left
bundle branch block
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Table 4 Classification rate” (%) (test rate) while using different combinations of features

Features/methods Size® (n) Naive rate® (%) SVM-RBF (%) KNN (%) Random
subspace
(%)
One feature
RWT 91 74.73 75.82 75.82 73.63
QRSd 105 72.38 72.38 72.38 72.38
QRSd/RWT 84 73.81 78.57 76.19 77.38
Female 117 72.65 72.65 72.65 72.65
LBBB 103 72.82 72.82 73.79 69.90
Nonischemic cardiomyopathy 113 71.68 71.68 71.68 71.68
Two features
RWT, QRSd 84 73.81 75.00 73.81 73.81
RWT, Female 91 74.73 76.92 78.02 74.73
RWT, LBBB 82 75.61 81.71 78.05 76.83
RWT, nonischemic cardiomyopathy 88 73.86 80.68 80.68 79.55
QRSd, female 105 72.38 72.38 72.38 72.38
QRSd, LBBB 98 73.47 75.51 73.47 73.47
QRSd, nonischemic cardiomyopathy 103 71.84 73.79 72.82 71.84
QRSdJ/RWT, female 84 73.81 78.57 77.38 77.38
QRSd/RWT, LBBB 80 75.00 82.50 80.00 81.25
QRSdJ/RWT, nonischemic cardiomyopathy 83 73.49 79.52 77.11 80.72
Female, LBBB 103 72.82 76.70 76.70 76.70
Female, nonischemic cardiomyopathy 113 71.68 72.57 72.57 71.68
LBBB, nonischemic cardiomyopathy 99 71.72 72.73 72.73 73.74
Three features
RWT, QRSd, female 84 73.81 73.81 73.81 73.81
RWT, QRSd, LBBB 80 75.00 78.75 76.25 76.25
RWT, QRSd, nonischemic cardiomyopathy 83 73.49 79.52 78.31 79.52
RWT, female, LBBB 82 75.61 78.05 75.61 75.61
RWT, female, nonischemic cardiomyopathy 88 73.86 81.82 80.68 77.27
RWT, LBBB, nonischemic cardiomyopathy 79 74.68 82.28 79.75 75.95
QRSd, female, LBBB 98 73.47 75.51 74.49 74.49
Qrsd, female, nonischemic cardiomyopathy 103 71.84 76.70 75.73 71.84
QRSd, LBBB, nonischemic cardiomyopathy 96 72.92 76.04 77.08 72.92
QRSdA/RWT, female, LBBB 80 75.00 76.25 76.25 77.50
QRSdJ/RWT, female, nonischemic cardiomyopathy 83 73.49 79.52 78.31 79.52
QRSdJ/RWT, LBBB, nonischemic cardiomyopathy® 79 74.68 84.81 82.28 81.01
Female, LBBB, nonischemic cardiomyopathy 99 71.72 75.76 76.77 75.76
Four features
RWT, QRSd, female, LBBB 80 75.00 76.25 75.00 75.00
RWT, Qrsd, female, nonischemic cardiomyopathy 83 73.49 79.52 78.31 78.31
RWT, QRSd, LBBB, nonischemic cardiomyopathy 79 74.68 82.28 79.75 77.22
RWT, female, LBBB, nonischemic cardiomyopathy 79 74.68 81.01 77.22 75.95
QRSd, female, LBBB, nonischemic cardiomyopathy 96 72.92 79.17 76.04 73.96
QRSdA/RWT, female, LBBB, nonischemic cardiomyopathy 79 74.68 83.54 77.22 81.01

*These rates are averaged testing rates, that is, we train the model using training set and test their accuracy on an independent test set. These
rates reflect how well the trained model could be generalized to new patients

KNN K-nearest neighbors LBBB left bundle branch block, PWT posterior wall thickness QRSd QRS duration, RWT relative wall thickness;
SVM-RBF: support vector machines with radial basis function kernel, SWT septal wall thickness

Size is the number of patients in the experiments. Due to the removal of missing data, sizes of different combinations are varied

®Naive rate is the percentage of responders to all patients. Following the above trained model, this responding rate can be raised to the reported
classification rate

“This combination seems to be the best for two reasons. First, the classification rate improves by about 10% at best (for SVM-LBF). Second, the
classification rates of improve by about 8% for all the three methods
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The best-performing model was developed with SVM.
We plotted the improvement (the increase of the classifica-
tion rate) over the naive rate in the following way: For each
feature, we took all the combinations containing this fea-
ture, sorted their SVM improvements, and then plotted these
sorted numbers (Fig. 2a). The feature QRSd/RWT exhibited
the strongest predictive power for CRT response. All of the
combinations with QRSd/RWT outperformed the combina-
tions without it. The next three powerful features were RWT,
nonischemic cardiomyopathy, and LBBB.

The combination of QRSd/RWT, LBBB, and nonis-
chemic cardiomyopathy gave the best performance, whose
classification rate increased (from the naive rate/rate of
responders in all patients) about 8% with each of the three
different classification methods. Applying SVM to these
three features indeed improved the classification rate by 10%
(from 74.68 to 84.81%) (Table 4). The AUC of combine with
QRSdA/RWT was significantly greater than that of combine
with QRSd (Fig. 2b).

In the SVM method, we plotted the decision boundaries
for ischemic and nonischemic cardiomyopathy, respectively
(Table 5; Fig. 3). This procedure provided different cut-off
values of QRSd/RWT for patients with different states of
LBBB and nonischemic cardiomyopathy. The sensitivity and
specificity obtained by this procedure are 96.6% and 50.0%,
respectively.

Discussion
The present study demonstrates that different ventricu-

lar remodeling patterns correlate with distinctive CRT
responses in patients with late-stage HF, and ML from
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Fig.2 a QRSd/RWT enhanced the power of QRSd to predict CRT
response. The feature QRSd/RWT had the best predictive power, fol-
lowed by nonishchemia, RWT, and LBBB. b The ROC curve of SVM
on LBBB and nonischemic cardiomyopathy combine with a speci-
fied feature. The AUC combined with QRSd/RWT is larger than the
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Table5 A summary of the classification procedure obtained by
applying SVM to QRSd/RWT, LBBB and nonischemic cardiomyopa-
thy

Nonischemic cardio- LBBB QRSdA/RWT (x) CRT
myopathy response
0 0 x<442 1
x>442 0
1 x<719 1
x>719 0
1 0 x<636 1
x>636 0
1 x<923 1
x>923 0

0 means no; and 1 means yes

CRT cardiac resynchronization therapy LBBB left bundle branch
block QRSd QRS duration, RWT relative wall thickness, SVM support
vector vachines

ventricular geometric characteristics—regularized QRSd
contributes to CRT response prediction.

Compared to real-time functional assessment, ventricu-
lar geometric characteristics mirror camulative myocardial/
structural remodeling effects and better stage chronic HF
[28]. Although non-uniform ventricular radius of curva-
ture and regional shape deformation are commonly seen
in a remodeling heart, septal and lateral walls are usually
subjected to greater wall stress than anterior and inferior
walls in late-stage systolic HF [29], therefore the change
of the regional wall thickness is particularly prominent for
septal and lateral walls [28]. RWT has been increasingly
used to reflect dyssynchronous temporal phases of ventricu-
lar wall hypertrophy and chamber dilation and discriminate

B f{OC curve of SVM on LBBB + Nonischemia + specified feature

o o
~ ©

o
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True Positive Rate (Sensitivity)
o o
w o

o
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——QRSJ/RWT (AUC=0.8339) |
——QRSd (AUC=0.74835)
0.8 1
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AUC combined with QRSd (0.834 vs. 0.748). AUC area under the
ROC curve, CRT cardiac resynchronization therapy, LBBB left bundle
branch block, QRSd QRS duration, ROC receiver operating character-
istic, RWT relative wall thickness, SVM support vector machines
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Fig.3 The cut-off values of A LBBB
QRSA/RWT for patients with 1000
different etiologies in predicting 900
CRT response. The different
values are shown for ischemic
and nonischemic cardiomyopa-
thy patients with (a) or without
(b) LBBB. LBBB left bundle
branch block, QRSd QRS
duration, RWT relative wall 400
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ventricular structural remodeling stages [28, 30]. The prog-
nostic roles of different ventricular structural remodeling
patterns in advanced HF have drawn particular attention
when adverse cardiovascular events and outcomes were
found to be more frequent in patients with eccentric hyper-
trophy and reduced RWT [19, 28, 31]. The present study
correlated different ventricular structural remodeling pat-
terns with distinctive CRT responses, and its results contra-
dict a traditionally “leitmotiv”’ concept: “the sickest hearts
benefit the most” from CRT [32]. When adverse myocardial
remodeling impairs myocardial mechanics to some extent,
there is no further therapeutic benefit because the heart
becomes too “sick” to respond to CRT.

QRSd thresholds have been utilized for CRT eligibility for
along time [5, 6], and QRSd values are sometimes assumed
to reflect the severity of electronic conduction dyssynchrony
in CRT-eligible patients. Nonetheless, QRSd values are nei-
ther proportional to mechanical dyssynchrony [9] nor con-
sistent with factual CRT responses [28]. In patients with
either QRSd between 120 and 150 ms, or QRSd > 150 ms,
about 30% constantly failed to demonstrate mechanical dys-
synchrony [8]. Extreme QRSd elongation (> 200 ms) was
found to be inversely correlated to CRT response [32].

In patients with late-stage HF, QRSd values are signifi-
cantly affected by ventricular structural alterations. While
both ventricular wall hypertrophy and chamber dilation elon-
gate QRSd, the effect from chamber dilation appears to be
more prominent [30]. In patients with advanced myocardial
remodeling, the “non-electronic dyssynchrony” components
could increasingly contribute to the added values of QRSd.
In our study, QRSd itself did not significantly correlate with
the CRT response. However, regularized QRSd, by ventricu-
lar geometric characteristics, became significantly associated
with the CRT response. Ventricular geometric characteris-
tics regularization likely helped boost the intrinsic linkages
of QRSd and CRT response.

Other than overt ventricular structural changes, covert
myocardial substrate characteristics might also affect QRSd.
Myocardial fibrosis/scar interferes with the propagation of
electronic activation, resulting in heterogeneous activation
sequences and QRSd changes [33]. In our study, patients

Nonischemia

Ischemia Nonischemia

with high QRSd values often had reduced RWT, but the cor-
relation was not linear (data not shown). For CRT response,
QRSd/RWT exhibits a stronger predictive power than QRSd
itself, implying an inherent linkage between myocardial
remodeling and electronic conduction abnormality. Explor-
ing the cross-talk between the ECG and anatomic imaging
information helps sort out their promiscuous correlations.

ML is a robust computational approach including a col-
lection of statistical learning and modeling techniques that
learn from established data and make predictions on unseen
or new data [6]. Compared to classical statistical methodolo-
gies, classification/ML focuses on finding the “best separa-
tion”, instead of the “best summary”, of the intrinsic rela-
tions among all the features in each group [10]. During ML,
the accuracy was evaluated on a different subset of the data,
independent from the subset used to determine the model.
This accuracy gave a good estimation on how well the model
could be generalized to future new observations. In our
study, the best performance for CRT response prediction
occurred while integrating the numerical measure of QRSd/
RWT with two categorical parameters, LBBB and nonis-
chemic cardiomyopathy. Based on presumptively adjusted
patient selection criterion, 84.81% (instead of 74.68%) of
the CRT-eligible patients became CRT responders (Table 4).

CRT non-responders had relatively high QRSd/RWT val-
ues throughout all patient groups (LBBB and non-LBBB,
ischemic and nonischemic cardiomyopathy). Patients with
LBBB had inclination to respond to CRT. But those LBBB
patients with extremely high QRSd/RWT values (with a
“dilation without hypertrophy” ventricular geometry) still
did not respond, reflecting their irreversible HF status and
limited pump function reserve. The cut-off QRSd/RWT
values to predict CRT responses were significantly lower
in patients with ischemic cardiomyopathy, suggesting that
ischemic burden/myocardial scar/fibrosis might essentially
impede CRT responses during early ventricular remodeling
stages.

Our study has several limitations. It is just an initial effort
to apply ML/classification for data analysis and model con-
struction to improve current CRT response prediction. In
order to standardize echocardiographic measurements and
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maintain consistency of data collection/analysis, we limited
this study strictly to a tertiary cardiovascular center. Never-
theless, the single-centered and retrospective nature of this
study warrants further validation. Both ventricular geometric
characteristics and the ML/classification methodology itself
need be validated in future multi-center prospective trials
for their roles in improving CRT response prediction and
reducing non-responders.

Conclusion

ML from ventricular remodeling characteristics—regularized
QRSd improves CRT response prediction.
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Appendix
Supplemental methods

For SVM, radial kernel was used. Mahalanobis distance was
used in KNN. For all of the three methods, cross-validation
was applied to choose appropriate values of the parameters.

Cross-validation, a well-known model/parameter selec-
tion technique, was performed to select appropriate param-
eters and estimate the test classification error. More spe-
cifically, we randomly split the whole data into ten subsets.
For each experiment, nine of subsets were used as training
data and the remaining one was used as test data. In other
words, the features and the corresponding labels of training
data were used to learn the model and then this model was
applied to the features of test data to predict the response.
The predicted labels were then compared with the ground
truth to compute the test classification rate. The subset for
testing is then permuted and ten experiments are carried
out. The report classification rate is the average over ten
experiments.

The advantage of cross-validation is twofold. First, the
best model and parameter can be determined using the train-
ing data. Second, there was no overlap between the training
and test data, and the ground-truth labels of the test data
were not used for predicting the labels. Therefore, the test
classification rate computed through the above procedure
was a good measure about how well the model performs
on further unseen data. Furthermore, the data are split at
random and the subset for testing is permuted. It is well

@ Springer

known that the variation in the averaged test classification
rate is small.
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