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1 | INTRODUCTION

Accurate and timely wide QRS complex tachycardia (WCT) differenti-
ation into ventricular tachycardia (VT) and supraventricular wide QRS
tachycardia (SWCT) by way of 12-lead electrocardiogram (ECG) inter-
pretation is a critical responsibility for frontline healthcare providers.
However, despite its undeniable clinical importance, the successful
distinction of VT from SWCT continues to be a difficult task in clinical
practice, especially for clinicians lacking sufficient ECG interpretation
expertise or a practiced proficiency using traditional ECG interpreta-
tion methods (Baxi et al., 2012; Isenhour et al., 2000; May et al., 2018).
Inopportune occasions that call attention to this limitation are com-
monplace, especially among clinicians who regularly encounter pa-
tients with VT or SWCT within demanding and high-stress clinical
environments (e.g., emergency departments and intensive care units).
Although numerous WCT differentiation criteria and algorithms are
readily available for clinical use (Akhtar et al., 1988; Brugada et al., 1991,
Chen et al., 2019; Griffith et al., 1994; Jastrzebski et al., 2017; Kindwall
et al., 1988; Lau et al., 2000; Marriott, 1970; Moccetti et al., 2022;
Pachonetal., 2019; Pavaetal., 2010; Sandler & Marriott, 1965; Vereckei
et al., 2008; Wellens et al., 1978), each universally possesses inherent
and inescapable limitations relating to their manual application. In gen-
uine “real-life” clinical circumstances, frontline clinicians must do the
following to accurately differentiate WCTs with a 12-lead ECG:

(i) acquire and then visually inspect a properly recorded and well-
timed 12-lead ECG that sufficiently “captures” the WCT event,

(i) summon forth or precisely recall one or more of the available
WOCT differentiation criteria or algorithms, and

(iii) sedulously implement the chosen WCT differentiation method(s)

without error, even while under duress.

As such, accurate and timely WCT differentiation may be up-
ended by the practical limitations of manual methods, and serious
clinical mistakes may ensue despite clinicians' well-intentioned
attempts to differentiate WCTs accurately. On occasions where
rontline clinicians arrive at a delayed or inaccurate VT or SWCT diag-
nosis, WCT patients may be unintentionally exposed WCT to harm-
ful medical treatments, missed therapeutic opportunities or unsafe
management decisions.

Given the inherent challenges associated with manually oper-
ated WCT differentiation methods, we created automated solutions
to distinguish VT and SWCT, including the WCT Formula (2019)
(May et al., 2019a), VT Prediction Model (2020) (May et al., 2020),
WCT Formula I (2020) (Kashou, DeSimone, Deshmukh, et al., 2020),
and VCG Model (2021) (Kashou et al., 2021). The fundamental

Conclusion: Accurate WCT differentiation may be accomplished using computerized
data of (i) the WCT ECG alone and (ii) paired WCT and baseline ECGs.

ventricular tachycardia/fibrillation < basic, non-invasive techniques—
electrocardiography < clinical

characteristic of each proposed method is the integration of novel
mathematically formulated parameters (e.g., frontal percent am-
plitude change [PAC] [%] or horizontal percent time-voltage area
change [PTVAC] [%]), directly derived from computerized ECG mea-
surement data, into an automatic binary classification model. For
each method (Kashou et al., 2021; Kashou, DeSimone, Deshmukh,
et al., 2020; May et al., 2019a, 2020), we found that automated WCT
differentiation models can provide an effective means to differen-
tiate WCTs accurately. However, given that each automated WCT
differentiation method requires the simultaneous analysis of paired
WCT and baseline ECG data, they cannot be immediately applied to
patients without a previously recorded and archived baseline ECG.
Our objective was to develop and evaluate novel WCT differen-
tiation approaches applicable to patients with and without a baseline
ECG. Central to this analysis is the introduction of a novel parame-
ter (i.e., percent monophasic time-voltage area [PMonoTVA] [%]) that
may be derived from computerized ECG measurements present on
the WCT ECG alone. Distinctively, PMonoTVA may be incorporated
into novel WCT differentiation models applicable to any WCT patient,
whether they present with or without a corresponding baseline ECG.

2 | METHODS

2.1 | Study design

In a two-part investigation we developed, trialed, and com-
pared novel WCT differentiation models comprised of novel (i.e.,
PMonoTVA) and previously described WCT differentiation param-
eters derived from WCT and baseline ECG data. In Part 1, a deri-
vation cohort of paired WCT and baseline ECGs were examined to
generate and evaluate high-performing logistic regression (LR) and
machine learning (ML) models designed to automatically distinguish
W(CTs into VT and SWCT. In Part 2, two LR models (i.e., Solo Model
and Paired Model) were prospectively evaluated against a separate
validation cohort of paired WCT and baseline ECGs.

2.2 | ECG selection

All paired WCT and baseline ECGs were recorded from patients who
presented in real-life clinical settings. ECGs were standard 12-lead
recordings (paper speed: 25mm/s and voltage calibration: 10 mm/
mV) accessed from data archives provided by a proprietary ECG in-
terpretation software system (MUSE [GE Healthcare]). WCTs were
required to satisfy standard WCT criteria (QRS duration 2120ms
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and ventricular rate 2 100 beats per minute) and possess an official
ECG interpretation of (i) “VT,” (i) “supraventricular tachycardia,” or
(iii) “wide complex tachycardia.” Baseline ECGs were defined as the
first non-WCT rhythm recorded after the WCT event.

Polymorphic WCTs and WCTs demonstrating grossly irregu-
lar atrioventricular conduction (e.g., atrial fibrillation or atrial flut-
ter with variable atrioventricular block) were excluded, and ECGs
demonstrating truncated WCTs (e.g., brief run of non-sustained
VT) occurring within a dominant baseline heart rhythm (e.g., normal
sinus rhythm) were not evaluated. If a WCT did not have a base-
line ECG or definitive clinical diagnosis established by the patient's
overseeing physician, it was excluded from further analysis. Among
patients having multiple WCT events, the surplus of WCT ECGs oc-
curring after the first WCT event were excluded (i.e., a single WCT

and baseline ECG pair was evaluated per patient).

2.3 | Study cohorts

2.3.1 | Derivation cohort

The derivation cohort comprised 421 consecutive patients with paired
WCT and baseline ECGs acquired at the Mayo Clinic Rochester or
Mayo Clinic Health System of South Eastern Minnesota (September 1,
2011 through November 30, 2016). The ECG selection processes and

clinical characteristics of this patient cohort are thoroughly described

623 WCT ECGs

WI LEYm

in previous reports (Kashou, DeSimone, Hodge, et al., 2020; May
et al., 2019a, 2019b, 2020). The Mayo Clinic Institutional Review

Board approved patient data acquisition and analysis.

2.3.2 | Validation cohort

The validation cohort comprised 235 consecutive patients with
paired WCT and baseline ECGs obtained at Barnes-Jewish Hospital
in St. Louis (January 1st, 2012 through December 31st, 2014).
Figure 1 shows a flow diagram of validation cohort selection. Of the
235 patients, 103 heart rhythm diagnoses (i.e., VT or SWCT) were
established with a corroborating electrophysiological procedure (EP)
or implantable intracardiac device recordings (i.e., gold standard co-
hort). Of the 235 patients, 132 heart rhythm diagnoses (i.e., VT or
SWCT) were established without a corroborating EP or implantable
intracardiac device recordings (i.e., non-gold standard cohort). Patient
data acquisition and analysis was approved by the Human Research

Protection Office of Washington University in St. Louis, Missouri.

2.4 | Heartrhythm diagnoses
Heart rhythm diagnoses (i.e., VT or SWCT) were established by the
patient's supervising physician. Physicians responsible for clinical di-

agnoses were stratified according to a hierarchy of clinical expertise:

* Measured QRS duration >120 ms
¢ Measured Heart rate >100 beats/minute

* ECG Laboratory diagnosis of

January 1%, 2012 — December 31%, 2014 “wide complex tachycardia”

OR

“ventricular tachycardia”
OR
“supraventricular tachycardia”
.17 Unestablished clinical diagnos
-41 Abbreviated or truncated WCT (visual adjudication)
™

-36 Irregular or polymorphic WCT (visual adjudication)

224 WCTs -10  Obvious ventricular pacing stimulus on WCT (visual adjudication)
Excluded -7 Poor ECG quality (visual adjudication)

-21 Not fulfilling WCT criteria (visual adjudication)

-12  Faulty or missing WCT ECG data

-59 Faulty or missing baseline ECG data

-21 No baseline ECG

399 ECG pairs from 235 patients
(WCT + Baseline ECGs)

164 WCTs
Excluded

235 ECG pairs from 235 patients
(WCT + Baseline ECGs)

¥ 4

Surplus ECGs from patients with multiple recorded WCT events

103 ECG pairs
Gold Standard

132 ECG pairs
Non-Gold Standard

FIGURE 1 Selection of WCT ECGs. Flow diagram depicting WCT ECG cohort selection. ECG, electrocardiogram; WCT, wide complex
tachycardia
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(i) heart rhythm cardiologist, (ii) non-heart rhythm cardiologist, and
(iii) non-cardiologist. Heart rhythm diagnoses were organized ac-
cording to whether they were supported by a corroborating EP or
implantable intracardiac device recordings (i.e., gold standard cohort
vs. non-gold standard cohort).

2.5 | Computerized ECG measurements

Standard computerized ECG measurements for WCT and baseline
ECGs, including QRS duration (ms), QRS axis (°), and T-wave axis
(°) were automatically generated by GE Healthcare's MUSE ECG in-
terpretation software. Computerized QRS amplitude (uV) and TVA
(time-voltage area [uV-ms]) measurements of waveforms above (r/R
and r'/R") and below (q/QS, s/S, and s'/S’) the isoelectric baseline were
automatically derived from the dominant QRS complex template of
each lead of the 12-lead ECG (Figure 2). Only amplitude and TVA
measurements representative of QRS complex waveforms were
analyzed. Measurements of the ventricular pacing stimuli or ECG

artifact were excluded from our analysis.
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2.6 | WHCT differentiation parameters

2.6.1 | Percent monophasic time-voltage area (%)
PMonoTVA is the percentage (%) of QRS TVA contained by mono-
phasic QRS complexes on the 12-lead ECG. This parameter is calcu-
lated as the percentage ratio of the sum of QRS TVA from ECG leads
with monophasic QRS complexes (i.e., monophasic TVA) to the en-
tire sum of QRS TVA from all ECG leads (i.e., monophasic TVA +mul-
tiphasic TVA) (Figure 3). Representative TVA measurements are
attained from QRS complex waveforms (q/QS, r/R, s/S, r'/R', and s'/S’)
of the dominant QRS complex template of individual leads of the
12-lead ECG.

2.6.2 | Frontal and horizontal percent amplitude
changes (%)

Frontal and horizontal PACs are quantifiable measures of QRS am-

plitude change between paired WCT and baseline ECG recordings

Negative (-) QRS waveforms
Vertical QRS complex waveforms
below isoelectric baseline

Interval

FIGURE 2 QRS complex waveform measurements. Schematic representation of a stereotypical QRS complex and its measurable
components provided by computerized ECG interpretation software. QRS amplitude (uV) represents the vertical height of positive (/R and
r'/R') and negative (q/QS, s/S, and s'/S’) QRS waveforms. QRS time-voltage areas (TVAs) (uV-ms) represents the “area” enveloped by individual
QRS complex waveforms above (r/R and r'/R’) or below (q/QS, s/S, and s'/S’) the isoelectric baseline. PA, p- wave amplitude; TA, T- wave

amplitude; TVA, time-voltage area
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FIGURE 3 Percent monophasic time-voltage area calculation. PMonoT VA calculation is derived from measured QRS waveform
TVA (time-voltage areas) (uV-ms) of the dominant QRS complex template within each lead of the 12-lead ECG. ECG, electrocardiogram;
PMonoTVA, percent monophasic time voltage area; TVA, time voltage area; WCT, wide complex tachycardia

(Figure S1 and S2) (May et al., 2019a, 2019b). They are derived from
computerized QRS waveform (q/QS, r/R, s/S, r'/R', and s'/S') ampli-
tude (pV) measurements from corresponding ECG leads of the fron-
tal (aVR, aVL, and aVF) and horizontal (V1, V4, and Vé) ECG planes,
respectively.

2.6.3 | Frontal and horizontal percent time-
voltage area change (%)

Frontal and horizontal PTVACs are quantifiable measures of the
degree of change in QRS TVA (time-voltage area) between paired
WCT and baseline ECGs (Figure S3 and S4) (Kashou, DeSimone,
Deshmukh, et al., 2020). They are derived from QRS complex wave-
form (q/QS, r/R, s/S, r'/R', and s'/S’) TVA measurements from specific
ECG leads within the corresponding frontal (aVR, aVL, and aVF) or
horizontal (V1, V4, and V6) ECG planes, respectively.

2.6.4 | WCT QRS duration (ms) and baseline QRS
duration (ms)

QRS duration (ms) measurements for both the WCT and baseline
ECGs were directly obtained from GE Healthcare's MUSE ECG inter-
pretation software.

2.6.5 | QRS duration change (ms)

QRS duration change denotes the absolute difference in QRS du-
ration (ms) measurements between paired WCT and baseline ECGs
(May et al., 2020).

2.6.6 | QRS axis change (°)
QRS axis change is the absolute difference in the frontal plane QRS
axis (°) between paired WCT and baseline ECGs (May et al., 2020).

2.6.7 | T-wave axis change (°)

T-wave axis change represents the absolute difference in the frontal
plane T-wave axis (°) between paired WCT and baseline ECGs (May
et al,, 2020).

2.7 | Statistical analysis
In Part 1, the derivation cohort was used to generate and evaluate
five different binary classification models: (i) LR (ii) artificial neural

network (ANN), (iii) Random Forests (RF), (iv) support vector machine
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(SVM), and (v) ensemble learning (EL). The EL model is the collective
average of VT probabilities from the LR, ANN, RF, and SVM models.
Other specific details relating to the structure of ML modeling tech-
niques can be found in Table S1. Each of the five models integrated
10 parameters: PMonoTVA (%), baseline, QRS duration (ms), WCT
QRS duration (ms), QRS duration change (ms), QRS axis change (°),
T-wave axis change (°), frontal PAC (%), horizontal PAC (%), frontal
PTVAC (%), and horizontal PTVAC (%). All methods were repeatedly
(100 times) trained and validated (70/30 split), each time outputting
performance measures for the validated set (i.e., accuracy, sensitiv-
ity, specificity, and AUC). In the trained data, 10-fold cross-validation
was used for tuning parameter selection. After model comparison,
a multivariate LR model (i.e., Paired Model), using paired WCT and
baseline ECG data, was generated for its application on the valida-
tion cohort (in Part 2) due to its simplicity, ease of interpretation, and
good performance. Given that only two parameters could be derived
from the WCT ECG alone, a simple LR model (i.e., Solo Model) was
generated to be trialed on the validation cohort (in Part 2).

In Part 2, two LR models (i.e., Solo Model and Paired Model) were
applied to 103 and 132 patients with gold standard and non-gold
standard diagnoses of the validation cohort, respectively. The Paired
Model incorporated seven parameters (i.e., PMonoTVA [%], WCT
QRS duration [ms], T-wave axis change [°], frontal PTVAC [%], hori-
zontal PTVAC [%], frontal PAC [%], and horizontal PAC [%]) derived
from data of WCT and baseline ECG pairs and the WCT ECGs alone
(Figure S5). The Solo Model incorporated the only two parameters
(i.e., PMonoTVA [%] and WCT QRS duration [ms]) that could be de-
rived from WCT ECG data alone (Figure Sé).

Categorical variables were compared using Chi-square tests. T-
tests were used to compare normally distributed and Wilcoxon rank-
sum tests were used to compare non-normally distributed continuous
variables. Outlier values for modeling parameters were winsorized to
diminish undue influence on model coefficients. Binary heart rhythm
classification (i.e., VT or SWCT) was established using a pre-specified
VT probability partition of 50% (i.e., VT 250% and SWCT <50%).
Performance metrics (i.e., accuracy, sensitivity, specificity, and AUC)
for each model were assessed according to their agreement with the
correct heart rhythm diagnosis (i.e., VT or SWCT). Comparison of fit
between prediction models was completed using a Delong test. The
Bonferroni method was used to adjust p-values for multiple com-
parisons. A two-tailed p value of <0.05 was considered statistically
significant. All statistical analysis was performed using R Statistical

Software (R Foundation for Statistical Computing, Vienna, Austria).

3 | RESULTS
3.1 | Clinical characteristics
3.1.1 | Derivation cohort

Clinical characteristics of the derivation cohort are shown in Table 1.
Among derivation cohort patients, the VT group included more

TABLE 1 Characteristics of the derivation cohort®

SWCT VT
Derivation cohort (n =242) (n=179) p-value
Diagnosing provider
Cardiologist 84 (34.7) 16 (8.9) <.001
Heart rhythm cardiologist 92 (38.0) 155 (86.6)
Non-cardiologist 66 (27.3) 8(4.5)
Patient age
69.88 (14.85) 70 (15) 66 (14) .006
Clinical characteristics
Coronary artery disease 116 (47.9) 121 (67.6) <.001
Prior myocardial infarction 63 (26.0) 102 (57.0) <.001
Prior cardiac surgery 92 (38.0) 75 (41.9) 481
Congenital heart disease 16 (6.6) 12 (6.7) 1.0
Anti-arrhythmic drug use 36 (14.9) 97 (54.2) <.001
Ischemic cardiomyopathy 38(15.7) 89 (49.7) <.001
Non-ischemic 53(21.9) 54 (30.2) .07
cardiomyopathy
ICD 17 (7.0) 112(62.6) <.001
Pacemaker 18 (7.4) 4(2.2) .032
Left ventricular ejection fraction (%)
LVEF (>50) 140 (57.9) 48(26.8) <.001
LVEF (49-31) 48 (19.8) 60 (33.5)
LVEF (<30) 42 (17.4) 70(39.1)
LVEF unknown 12 (5.0) 1(0.6)
Gold standard diagnosis
Yes 63(26.0) 129(72.1) <.001

Abbreviations: ECG, electrocardiogram; ICD, implantable cardioverter-
defibrillator; SWCT, supraventricular tachycardia; VT, ventricular
tachycardia.

Numbers in parentheses are percent (%) of n or standard deviation.
Patients having a gold standard diagnosis were those with a
corroborating EP or implantable intracardiac device recordings.

patients with coronary artery disease, prior myocardial infarction,
ongoing antiarrhythmic drug use, ischemic cardiomyopathy, and an
implantable cardioverter-defibrillator (ICD). The SWCT group in-
cluded more patients with an implanted pacemaker. The VT group
comprised more patients with a severely depressed (< 30%) left ven-
tricular ejection fraction (LVEF), whereas the SWCT group included
more patients with a preserved (2 50%) LVEF. A majority of patients
with VT diagnoses had a corroborating EP or intracardiac device re-
cording. Conversely, a minority of SWCT patients had a corroborat-

ing EP or intracardiac device recording.

3.1.2 | Validation cohort

Clinical characteristics of the validation cohort are shown in
Table 2. Among validation cohort patients, the VT group included
more patients with ongoing antiarrhythmic drug use, ischemic
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TABLE 2 Characteristics of the validation cohort®

SWCT VT
Validation cohort (n = 158) (n=77) p-value
Diagnosing provider
Cardiologist 77 (48.7) 29 (37.7) .001
Heart rhythm cardiologist 36(22.8) 35 (45.5)
Non-cardiologist 45 (28.5) 13 (16.9)
Patient age
65 (15) 64 (14) .705
Clinical characteristics
Coronary artery disease 83 (52.5) 44 (57.1) .599
Prior myocardial infarction 71 (44.9) 43 (55.8) 152
Prior cardiac surgery 33(20.9) 26 (33.8) .048
Congenital heart disease 8(5.1) 2(2.6) .593
Anti-arrhythmic drug use 45 (28.7) 46 (59.7) <.001
Ischemic cardiomyopathy 55(34.8) 41 (53.2) 011
Non-ischemic 54 (34.2) 29 (37.7) 704
cardiomyopathy
ICD 37 (23.4) 47 (61.0) <.001
Pacemaker 7 (4.4) 0(0.0) 143
Left ventricular ejection fraction (%)
LVEF (250) 68 (43.0) 10(13.0) <.001
LVEF (49-31) 38(24.1) 18 (23.4)
LVEF (<30) 47 (29.7) 48 (62.3)
LVEF unknown 5(3.2) 1(1.3)
Gold standard diagnosis
Yes 55(34.2) 48(64.9) <.001

Abbreviations: ECG, electrocardiogram; ICD, implantable cardioverter-
defibrillator; SWCT, supraventricular tachycardia; VT, ventricular
tachycardia.

Numbers in parentheses are percent (%) of n or standard deviation.
Patients having a gold standard diagnosis were those with a
corroborating EP or implantable intracardiac device recordings.

cardiomyopathy, and an ICD. Similar to the derivation cohort, the VT
group comprised more patients with a severely depressed (< 30%)
LVEF, while the SWCT group included more patients with a pre-
served (250%) LVEF. Similar to the derivation cohort, most VT pa-
tients, and a minority of SWCT patients, had a corroborating EP or
intracardiac device recording.

3.2 | WOCT differentiation parameters

Table 3 summarizes WCT differentiation parameter values across VT
and SWCT groups for the validation cohort. The VT group expressed
greater PMonoTVA, WCT QRS duration, QRS duration change, QRS
axis change, T-wave axis change, frontal PAC, horizontal PAC, frontal
PTVAC, and horizontal PTVAC. The median and proportional dis-
tribution of PMonoTVA among VT and SWCT groups is shown in
Figure 4.

WI LEYJﬂ

3.3 | Part 1: Diagnostic performance of WCT
differentiation model subtypes

Diagnostic performance metrics of the five binary classification
models, when applied to the derivation cohort, is summarized in
Table 4. Overall, each model subtype demonstrated similar diagnos-

tic performance.

3.4 | Part 2: Solo model versus paired model
Diagnostic performance metrics of the Solo Model and Paired
Model is summarized in Table 5 and Figure 5. The Paired Model
demonstrated superior overall accuracy, sensitivity, specificity, and
AUC compared to Solo Model across the gold standard and non-gold
standard study cohorts (p <.0001).

4 | DISCUSSION

41 | WOCT differentiation model performance

In this work, we developed and evaluated novel automated WCT
differentiation models capable of accurately distinguishing VT and
SWCT. In Part 1, we demonstrated comparable diagnostic perfor-
mance among various ML techniques (LR modeling included) using
a broad collection of WCT differentiation parameters. In Part 2, we
validated two novel LR models, each with different application con-
straints (i.e., WCT ECG data alone [Solo Model] vs. WCT and base-
line ECG data [Paired Model]), on separate data using patients froma
different institution. The Paired Model (using paired WCT and base-
line ECG data) demonstrated superior overall accuracy, sensitivity,
specificity, and AUC compared with Solo WCT Model (using WCT
ECG data alone).

4.2 | Novel WCT differentiation
parameter: PMonoTVA

Central to this analysis was the integration of a novel WCT differenti-
ation parameter (i.e., PMonoTVA) representing the proportion of QRS
TVA contained by monophasic QRS complexes found on the WCT
ECG. We observed greater PMonoTVA values among patients with
VT as compared patients with SWCT. The conceptual basis for this
parameter helping differentiate WCTs relates to the manner in which

ventricular depolarization most commonly occurs for VT and SWCT.
4.2.1 | Ventricular depolarization by ventricular
tachycardia

For most VTs, ventricular depolarization wavefronts spread from
their site-of-origin (SOO) using cardiomyocyte-to-cardiomyocyte
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PMonoTVA (%)

Baseline QRS duration (ms)

WCT QRS duration (ms)

QRS duration change (ms)

QRS axis change (°)

T axis change (°)

Frontal PAC (%)

Horizontal PAC (%)

Frontal PTVAC (%)

Horizontal PTVAC (%)

Abbreviations: PAC, percent amplitude change; PMonoTVA, percent monophasic time voltage area;

WCT
(n = 235)

23.6 (5.5,
58.4)

132.0(112.0,
154.0)

146.0 (132.0,
162.0)

16.0 (6.0,
44.0)

23.0(8.0,
73.0)

42.0 (14.0,
103.0)

52.4(24.3,
96.9)

57.7 (36.8,
97.8)

59.9 (29.0,
145.0)

72.5(39.1,
153.8)

SWCT
(n=158)

11.7 (0.0,
36.6)

134.0 (114.0,
152.0)

140.0 (128.0,
152.0)

12.0 (4.50,
27.5)

12.5 (4.0,
34.5)

23.0 (9.0,
51.0)

29.7 (18.2,
55.4)

41.6 (26.4,
67.4)

35.5(23.0,
66.6)

54.3(30.9,
82.2)

VT (n=77)
55.6 (35.4,
74.2)

128.0 (110.0,
164.0)

162.0 (144.0,
186.0)

44.0 (16.0,
62.0)

89.0 (45.0,
127.0)

104.0(71.0,
142.0)

110.3 (81.0,
149.1)

111.8 (74.3,
140.2)

163.8 (127.8,
285.3)

168.5 (115.0,
238.6)

p-value

<.001

.884

<.001

<.001

<.001

<.001

<.001

<.001

<.001

<.001

PTVAC, percent time-voltage area change; SWCT, supraventricular tachycardia; VT, ventricular
tachycardia; WCT, wide complex tachycardia.

2Displayed numbers represent mean values. Numbers in parentheses are interquartile ranges.
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conduction, with little-to-no assistance from the specialized conduc-
tion tissue (Figure 6). As a result, the VT ventricular depolarization
wavefronts tend to spread homogeneously without rapid engage-
ment and subdivision along an arborized His-Purkinje network.

TABLE 3 WHCT differentiation
parameters®

FIGURE 4 PMonoTVA (%). Box-

plot demonstrating the median and
proportional distribution of PMonoTVA
(%). PMonoTVA, percent monophasic
time voltage area; SWCT, supraventricular
wide complex tachycardia; VT, ventricular
tachycardia

Without engagement of specialized conduction tissue, VT will sel-
dom create diametrically opposed and temporally separated QRS
complex waveforms. Rather, patients with VT will often demon-
strate monophasic QRS complexes (i.e., monophasic “QS complexes”
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TABLE 4 Diagnostic performance of
WCT differentiation model subtypes?

Logistic regression

Artificial neural network

Random forest

Support vector machine

Ensemble learner

Accuracy Sensitivity Specificity

(%) (%) (%) AUC

90 (88-90) 87 (85-89) 92 (90-93) 0.96
(0.96-0.97)

90 (89-91) 89 (85-91) 92 (89-93) 0.96
(0.96-0.97)

90 (85-94) 88 (74-96) 91 (82-97) 0.96
(0.92-0.99)

90 (85-95) 89 (80-98) 91(85-97) 0.96
(0.93-0.99)

90 (85-95) 89 (80-96) 91(83-97) 0.97
(0.93-0.99)

Abbreviation: AUC, area under the curve.

Summary of the diagnostic performance of various WCT differentiation model subtypes.
Displayed numbers represent mean values. Numbers in parentheses are interquartile ranges.

TABLE 5 Solo model and paired model
diagnostic performance?

Accuracy Sensitivity Specificity

Cohort (%) (%) (%) AUC
Solo model Gold standard 82 79 84 0.87
Non-gold 80 54 87 0.84

standard
Paired model Gold standard 88 83 93 0.95
Non-gold 89 88 90 0.95

standard

Abbreviation: AUC, area under the receiver operator curve.

aSummary of solo model and paired model diagnostic performance across the gold standard and

non-gold standard cohort.

FIGURE 5 Solo model versus paired _—
model. ROC curve with the solo model )
versus paired model as applied to the
gold-standard group of the validation
cohort. AUC, area under the receiver -
operating characteristic curve )
2
o
= 501
1]
=
Q
n
0.25 A
0.00 ’7

Solo Model AUC 0.87

—— Paired Model AUC 0.95

1.00

for ventricular depolarization wavefronts propagating away from any
of the 12 ECG leads or monophasic “R complexes” propagating to-
wards any of the any of the 12 ECG leads) (Figure S7), especially if
the SOO is remote from specialized conduction tissue or subjacent
to ventricular epicardium.

0.75 0.50 0.25 0.00
Specificity

4.2.2 | Ventricular depolarization by
supraventricular wide complex tachycardia

In contrast to VT, most SWCT subtypes rely heavily upon the
heart's specialized conduction tissue—not only as the primary link
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Negative Monophasic

Positive Monophasic

FIGURE 6 Ventricular tachycardia:
Ventricular depolarization producing

- L
ot

Lead aVF

Depolarization Depolarization monophasic QRS complexes. lllustration
([-] QRS complex aVF) ([+] QRS complex V1) of the development of monophasic
QRS complexes due to VT. Left panels
demonstrate the development of a
Se negative monophasic QRS complex in
lead aVF. Right panels demonstrate the
Lead V1 — LeadV1 — development of a positive monophasic

QRS complex in lead V1. Each panel
series (A to B to C) demonstrates the
1 progression ventricular depolarization
wavefronts that spread uniformly from
the site-of-origin. Embedded yellow

arrows depict the directionality of

ventricular depolarization. Red shading
represents depolarized myocardium. LV,
left ventricle; RV, right ventricle; SOO,
site-of-origin. Created with BioRender.
com

Lead V1 | Lead V1 o
A, /\/
Lead aVF
\
\
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Lead V1 | Lead V1 o

Lead aVF
|

that couples supraventricular impulses to ventricular depolarization
but also as the indispensable conduit by which biventricular depo-
larization is accomplished. Among SWCTs arising from aberrant
conduction (e.g., left bundle branch block [LBBB] or right bundle
branch block [RBBB]), the rapid initial stages of ventricular depo-
larization, affected by propagation through specialized conduction
tissue, is subsequently followed by a slower ventricular depolariza-
tion wavefront, which primarily relies upon slower cardiomyocyte-
to-cardiomyocyte conduction (Figure 7). As a result, the different
and temporally distinct components of ventricular depolarization
(i.e., initial vs. late) tend manifest multiphasic QRS complexes hav-
ing diametrically opposed and temporally separated QRS complex
waveform components (i.e., positive [+] QRS waveforms [r/R, r'/R']
vs. negative [-] QRS waveforms [q/Q, s/S, s'/S']) (Figure S8).

4.3 | Established WCT differentiation parameters
4.3.1 | WHCT QRS duration and absolute change in
QRS duration

We observed that patients presenting with VT demonstrate
greater WCT QRS duration and absolute change in QRS duration

than patients with SWCT. These findings are in agreement with
a prior study (May et al., 2020) that demonstrated that param-
eters relating to QRS duration (i.e., WCT QRS duration, base-
line QRS duration, and absolute change in QRS duration) are
quite useful in differentiating WCTs. Our findings reinforce the
concept that WCTs having greater WCT QRS duration, baseline
QRS duration, and absolute change in QRS duration are more
likely VT, while WCTs demonstrating lesser values are more likely
SWCT.

4.3.2 | QRS axis change and T-wave axis change

We observed WCTs exhibiting larger QRS axis and T axis changes
compared to the baseline rhythm were more likely VT, while WCTs
demonstrating smaller QRS axis and T axis changes were more likely
SWCT. These findings are in agreement with a prior study (May
et al., 2020) and support the concept that changes in the direction
of the mean electrical vector of ventricular depolarization (i.e., QRS
axis change) and/or repolarization (i.e., T axis change) are valuable
in differentiating the underlying WCT rhythm (i.e., VT or SWCT)—
that is, large changes predict VT and smaller changes predict SWCT
(Evenson et al., 2021).
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FIGURE 7 Supraventricular wide

complex tachycardia: Ventricular Multiphasic Multiphasic
depolarization producing multiphasic Depolarization Depolarization

QRS complexes. lllustration of the (RBBB) (LBBB)
development of multiphasic QRS

complexes due to SWCT with aberrancy. | e Lead V1

Left panels demonstrate the creation ‘ =

of multiphasic QRS complex in leads I~ 7 o ?

V1 and V6 due to RBBB. Right panels N~ 1 "\\ g5
demonstrate the creation of multiphasic RA w / RA w ,/

QRS complex in leads V1 and Vé due i A : AR
to LBBB. Each panel series (A to B #o ‘ 0 .
to C) demonstrates the progression [ w

ventricular depolarization wavefronts
that stereotypically occur for RBBB (left

panels) and LBBB (right panels). Embedded ‘
yellow arrows depict the directionality L
and intensity of mean electrical vector
during ventricular depolarization.

Lead V1

Red shading represents depolarized o
myocardium. Ao, aorta; LA, left atrium;
LBBB, left bundle branch block; LV, left Ao

ventricle; RA, right atrium; RBBB, right
bundle branch block; RV, right ventricle.
Created with BioRender.com

Lead V1

Lead V1

RA

Ao

Lead V1

LA

4.3.3 | Percent amplitude change and percent time-
voltage area change

Frontal and horizontal PAC and PTVAC are novel calculations that
broadly quantify the extent of QRS amplitude and TVA changes be-
tween WCT and baseline ECGs, respectively. In this work, we ob-
served that WCTs exhibiting larger frontal and horizontal PAC and
PTVAC were more likely VT while WCTs demonstrating smaller
frontal and horizontal PAC and PTVAC were more likely SWCT.
These findings are in agreement with prior investigations (Kashou
et al, 2021; Kashou, DeSimone, Deshmukh, et al., 2020; May
et al., 2019a) that demonstrated paired WCT and baseline ECGs with
greater frontal and/or horizontal PAC and PTVAC values were more
commonly associated with VT.

The aforementioned observations may be explained by the dif-
ferences by which VT and SWCT ordinarily depolarize the ventric-
ular myocardium (Evenson et al., 2021). In general, VT categorically
demonstrates greater number of possibilities in the manner to which
ventricular depolarization may occur compared to its relatively con-
strained SWCT counterpart. Thus, the broad expanse of VT manifes-
tations can yield a vastly greater number of distinct QRS complexes

than what can develop from SWCT, which in turn can translate into
larger QRS amplitude and TVA changes for VT compared to SWCT.

4.4 | Prospective clinical applications
Ideally, accurate and reliable separation of VT and SWCT would occur
immediately upon 12-lead ECG acquisition. Unfortunately, auto-
mated ECG interpretation software programs have not yet achieved
sufficient diagnostic accuracy for interpretation of many complex
heart rhythms (Schlapfer & Wellens, 2017), including WCTs. Current
computerized ECG interpretation software does not reliably dif-
ferentiate VT and SWCT; instead, in most circumstances, recorded
WCTs are simply given the general label “wide complex tachycardia,”
thereby providing little diagnostic assistance to clinicians. Thus, cli-
nicians must rely on traditional manual ECG interpretation methods
and techniques, which universally have inherent limitations relating
to their application (Kashou, Noseworthy, DeSimone, et al., 2020).
Several studies (Kashou et al., 2021; Kashou, DeSimone,
Deshmukh, et al., 2020; May et al., 2019a, 2020) have introduced novel
automated approaches to differentiate WCTs using computerized
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ECG interpretation software, each offering a compelling option that
avoids the practical and diagnostic limitations inextricably associated
with manual ECG interpretation methods. Recently, a separate analy-
sis has confirmed that one automated WCT differentiation model (i.e.,
VT Prediction Model) improved users' diagnostic performance (Kashou
et al., 2022). By design, automated methods transform computerized
ECG data, which is routinely processed by ECG interpretation software
programs, into novel parameters (e.g., frontal and horizontal PTVAC)
that can be integrated into binary classification modeling techniques
(i.e., LR). The central advantage of these novel WCT differentiation
methods is that they can provide clinicians an immediate and unambig-
uous estimation of VT likelihood (i.e., 0.00% to 99.99% VT probability)—
independent of clinicians' ECG interpretation expertise or competency.
Therefore, clinicians could integrate the VT probability estimate along
with the influence of traditional WCT differentiation methods (e.g.,
Brugada algorithm (Brugada et al., 1991)) or other relevant clinical in-
formation (e.g., history of VT). Lastly, it is conceivable that the novel pa-
rameters described in this work may be used to create novel algorithms
that also take into account clinical information, similar to the approach
recently described by Moccetti and colleagues (Moccetti et al., 2022).
By these means, commercially available ECG interpretation software
platforms could more adeptly assist clinicians in distinguishing VT and
SWCT accurately and, hopefully, transform a once historically challeng-
ing clinical task into an outmoded diagnostic problem.

Until now, a universal limitation of automated WCT differentiation
methods is that they require computerized data provided by both the
WCT ECG and its corresponding baseline ECG. In this work, we devel-
oped a novel means to distinguish VT and SWCT accurately using ECG
data solely provided by WCT. The so-called Solo WCT Model makes
use of two highly predictive parameters derived solely from the WCT
ECG: (i) a standard and universally reported ECG measurement (i.e.,
WCT QRS duration) and (ii) a novel computationally derived parame-
ter (i.e., PMonoTVA). As such, the Solo WCT Model can deliver accu-
rate VT probability estimates any time a WCT is recorded by a 12-lead
ECG—even in the absence of a baseline ECG. In addition, Solo WCT
Model application can be coordinated with other high-performing
models that require computerized data from paired WCT and base-
line ECGs (Figures S9 and S10). For instance, once a previously absent
baseline ECG is recorded after the WCT event, the Paired Model can
proceed with its application to provide a more robust VT probability
estimate. However, if a patient already possesses a digitally archived
baseline ECG that is available for automated WCT differentiation al-
gorithm application, VT or SWCT classification (or VT probability es-
timation) may be executed by models that leverage paired WCT and
baseline ECG comparisons, and thereby supersede the classification
or VT probability predictions attained by the Solo Model, which only
analyzes computerized ECG data provided by the WCT itself.

4.5 | Study limitations

This study is best evaluated in the context of its limitations. First, our
study examined any patient with a clinically encountered WCT that

was formally diagnosed by the patient's overseeing physician. As a
result, our study evaluated WCTs with and without a corroborating
EP or implanted intra-cardiac device recording. Although we found
Solo WCT Model and Paired Model performed well on gold stand-
ard and non-gold standard cohorts, we acknowledge that a significant
proportion of this analysis includes VT or SWCT diagnoses not estab-
lished by the traditional “gold standard.” Second, as our analysis exam-
ined 12-lead ECGs acquired within clinical settings, we cannot make
more exhaustive conclusions regarding automated model perfor-
mance among various SWCT (e.g., SWCT due to bystander conduc-
tion over accessory pathways) and VT (e.g., fascicular VT) subtypes.
Characterization of various VT and SWCT subtypes would require
review of WCT heart rhythms recorded during an electrophysiology
procedure. Nevertheless, by deliberately evaluating “all comers” who
presented with a WCT captured by the 12-lead ECG in genuine clini-
cal circumstances, and not just a minority of WCT patients who have
their VT or SWCT diagnoses confirmed by the conventional “gold
standard,” the performance achieved by the novel automated models
are more generalizable for broader clinical use. Lastly, the diagnostic
performance of automated models were not directly compared with
traditional manual WCT differentiation approaches. Additional re-
search is necessary to determine whether automated models exhibit
diagnostic superiority over traditional manual interpretation methods.

5 | CONCLUSION

Accurate automatic WCT differentiation may be accomplished
through the use of novel parameters derived from computerized
data of the (i) WCT ECG alone and (ii) paired WCT and baseline
ECGs. Once automated WCT differentiation models are inte-
grated into commercially available computerized ECG interpreta-
tion software, they may help clinicians distinguish VT and SWCT
accurately.
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