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Abstract

The electrocardiogram is a valuable diagnostic method providing insight into pathologies of the
heart, especially rhythm disorders or insufficient myocardial blood supply (myocardial
ischemia). The commonly used surface ECG is, however, limited in detecting short-lasting
myocardial ischemia, in particular in the territory of the left circumflex coronary artery supplying
the postero-lateral wall of the left ventricle. Conversely, an ECG recorded in close vicinity to
the myocardium, i.e., within a coronary artery (intracoronary ECG, icECG) has been thought
to overcome these limitations. Since its first implementation during cardiac catheterization in
1985, icECG has shown ample evidence for its diagnostic value given the higher sensitivity for
myocardial ischemia detection when compared to the surface ECG. In addition, icECG has
been demonstrated to be a direct measure of myocardial ischemia in real-time, thus, providing
valuable information during percutaneous coronary diagnostics and interventions. However, a

lack of analysing systems to obtain and quantify icECG in real-time discourages routine use.

The goals of this MD-PhD thesis are two-fold: First, to determine the diagnostic accuracy of
icECG ST-segment shift during pharmacologic inotropic stress in comparison to established
indices for coronary lesion severity assessment using quantitative angiographic percent
diameter stenosis as reference (Project I). Second, to determine the optimal icECG parameter

for myocardial ischemia detection and quantification (Project Il and I1).

In essence, this thesis demonstrates that the icECG is an easy available diagnostic method
providing highly accurate information on the amount of myocardial ischemia in real-time.
Quantitative assessment of acute, transmural myocardial ischemia by icECG is most
accurately performed by measuring ST-segment shift at the J-point, while the quantitative
assessment during physical exercise, respectively its pharmacologic simulation, is most

accurately performed by measuring ST-segment shift 60ms after the J-point.



Intracoronary electrocardiogram as a direct measure of myocardial ischemia

Abbreviations

ATP Adenosine triphosphate

AUC Area under the (ROC) curve

CAD Coronary artery disease

CFlI Collateral flow index

CFR Coronary flow reserve

CMD Coronary microvascular dysfunction

CNN Convolutional neural networks

CvP Central venous pressure

ECG Electrocardiogram

FFR Fractional flow reserve

icECG Intracoronary electrocardiogram

iFR Instantaneous wave-free ratio

LAD Left anterior descending coronary artery
LCX Left circumflex coronary artery

LV Left ventricle

Pao Aortic pressure

PCI Percutaneous coronary intervention

Paist Distal coronary pressure (measured downstream of a stenosis)
Poccl Coronary occlusive pressure

PTCA Percutaneous transluminal coronary angioplasty
%S Percent diameter stenosis

QCA Quantitative coronary angiography

QTc Corrected QT-time

RCA Right coronary artery

TPE T-peak-to-end time

ROC Receiver-operating characteristic (analysis)

Please note: Figures of the thesis are numbered by Roman numerals, while figures of the published

papers/ the manuscripts are numbered by Arabic numerals starting at “1” for each manuscript.
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1. Introduction

The heart is responsible for the maintenance of adequate blood supply to all organs. In order
to achieve this purpose, an electrical signal (via depolarization of myocardial cells) originating
from the sinoatrial node propagates across the atrial myocardium, the atrioventricular node
and the ventricular conduction system induces a temporally and spatially organized contraction
of the myocardium. This results in the subsequent ejection of blood in the pulmonary,

respectively the systemic circulation.

Because of the electrical conductivity of the human tissue, it is possible to record this electrical
activity of the heart by simple methods, i.e., using electrodes attached directly on the body
surface, resulting in an electrocardiogram (ECG). The ECG represents the vectored sum of
the electrical processes in myocardial cells as a function of time and of the position of the
recording electrodes. Hence, analysis of strategically placed electrodes allows assessment of
the cardiac electrical activity in different planes, and thus, the diagnosis of various cardiac

pathologies.

11
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1.1 Electrocardiogram

At the end of the 19" century, electrical impulses as the trigger for muscle contractions were
well recognized®. This led to the investigations of the physiologist Augustus Desiré Waller who
connected a pair of chest electrodes to a Lippmann’s capillary electrometer (device for
detecting electric current using mercury solutions), the experimental setup of which resulted in
the movement of the mercury “slightly but sharply at each beat of the heart” (i.e., the first
human electrocardiogram)?. In this study, Waller described not only the temporal dependence
of the electrical activity preceding the heartbeat, but also the relationship between the electrical

signal and the placement of the electrodes?.

In 1889, Waller presented his findings at the First International Congress of Physiology in
Basel, Switzerland®. There, Willem Einthoven witnessed the recording of a human ECG and
pursued this concept. However, further development of the Waller approach did not lead to
appropriate results. Hence, Einthoven replaced the capillary electrometer by a string
galvanometer. This device comprises a thin filament passing between two electromagnets.
The filament then moves accordingly to the applied electrical voltage**®. This device allowed
the recording of cardiac electrical activity in a quality comparable to current days. Besides the
improvement in recording, Einthoven further introduced the use of three leads (i.e., Einthoven

I,I and 11, see figure 1) to calculate the axis of the heart®.

Several years later, the ECG was expanded by six chest leads (Vi-Vs as introduced by Frank

Norman Wilson), and three additional extremity leads called augmented voltage leads (avR,

avL, aVF in the context of a 50% voltage augmentation introduced by Emanuel Goldberger)’.

12
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Figure I: Overview of the electrocardiogram (ECG). A) Placement of the ten electrodes necessary to record a
standard 12-lead ECG, as shown in B). Three out of the 12 leads are bipolar (i.e., they record the difference
between two electrodes), while the rest is pseudo-unipolar (i.e., they record against a reference point with close to
zero potential. C) lllustration of the different structures of the cardiac conductive system and their representation
in the ECG. D) Electromechanical coupling: Depolarization of the myocardium (i.e., the QRS-complex) causes
contraction of the ventricle, resulting in pressure generation and blood ejection, once the circulation pressure is
exceeded.

A and C were taken from Leonard S. Lilly — Pathophysiology of Heart Disease, Fifth Edition and further adapted,

D was generated using www.harvi.online.

In comparison to the bipolar leads of Einthoven, the additional leads are historically called
unipolar leads (even if this term is not correct). Hence, they do not record the difference in the
electrical potential between two electrodes, but rather between one electrode and a reference
value with close to zero potential. For the chest leads according to Wilson, the reference point
is called Wilson Central Terminal, defined as the arithmetic mean of the three extremity leads,
i.e., left and right arm plus left leg divided by three. For the Goldberger-leads, this reference
value is constructed by connecting two electrodes through a central point with high resistance
(5000 Ohm), resulting in a neutral point, i.e., for avR, the reference value for the right arm
electrode is the neutral point constructed as described between the left arm and left leg

electrode.

13
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Intracoronary electrocardiogram as a direct measure of myocardial ischemia

As outlined above, the electrical activity of the heart usually originates from the sinoatrial node
and is coupled to myocardial contraction. This electric propagation is reflected in the ECG with
distinctive patterns. Atrial depolarization is represented by the P-wave (figure I) followed by a
return to baseline (isoelectric line = full cardiac de- or repolarisation). This return, i.e., the PQ-
interval represents the conduction delay at the atrioventricular node. The next deflection of the
ECG is the QRS-complex, representing depolarization of the ventricular myocardium, which
is, once again, followed by return to the baseline (ST-segment). The last deflection of the ECG
is called T-wave, which represents the repolarization of ventricular myocardium. On surface

ECG, atrial repolarization is masked by the large amplitude QRS-signal.

The twelve standard ECG leads reflect the cardiac electric activity in two planes, i.e., the frontal
plane (Einthoven and Goldberger) and the transverse (or horizontal) plane (Wilson). This
electrode placement enables three-dimensional imaging of the electrical activity of the heart,
thus, providing information about spatially localized electrical activity based on the occurrence

in different (grouped) leads:

Lead Il, lll and aVF represent the inferior wall of the left ventricle

Lead Vi-V2 the anteroseptal region of the left ventricle

Lead V3-V,4 the anteroapical region of the left ventricle

Lead I, aVL, Vs and Vg the anterolateral region of the left ventricle

In conclusion, the ECG is an easy to acquire diagnostic tool providing information about cardiac
electrical activity in real-time. In this context, the ECG is a valuable diagnostic method in the
daily clinical practice, especially in the timely diagnosis of heart rhythm disorders or acute

myocardial ischemia.

14
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1.1.1 Myocardial ischemia detected by ECG

Inadequate coronary blood flow to myocardial cells, i.e., myocardial ischemia, causes a
depletion of adenosine triphosphate (ATP), which is often referred to as the "molecular unit of
currency of intracellular energy transfer’®. Shortage of ATP directly affects all energy-
dependent cellular processes in the myocardium, in particular ion channels and transporters.
These membrane proteins are responsible for the maintenance of ion gradients between the
intra- and extracellular space, which are necessary for rapid in- and efflux of ions during de-
and repolarisation. The resting membrane potential is roughly -90 mV?® (and increases during
depolarization within milliseconds to +50 mV because of massive sodium inflow®). During
myocardial ischemia, however, the resting potential is reduced causing a pathologic ion current
across the “injured” cell membrane with subsequent distortion of the normally isoelectric ECG
ST-segment!®!, Simultaneously, opening of ATP-potassium channels'? distorts myocardial

repolarization and thus, directly affects the morphology and duration of the T-wave°,

On surface ECG, myocardial ischemia affecting a large territory causes ST-segment elevation
in the leads representing this region (figure 1l). This electrical pattern representing myocardial
ischemia was first described by Harold Pardee®® one hundred years ago. Since then, ECG ST-
segment shift assessment in suspected acute coronary syndrome has become crucial for the
subsequent management!4, and the extent of ST-segment elevation (number of leads,
amplitude of the shift) reflects the size of myocardial ischemia at risk for infarction, and as

such, cardiovascular outcome?®.

15



Lead | (mV)

Lead Il {mV)

£0.5

Lead Ill (mV)

Intracoronary electrocardiogram as a direct measure of myocardial ischemia

1

E
— ~ 3 A o N -
- : > \¢ - Fa
\._ﬂ_: |
3 | |
S s
1 P
500 1000 1500 2000 2500 3000 3500 4000 4500 500 1000 1500 2000 2500 3000 3500 4000 4500
o 05
| z
E
™ ! . < . _
y | E
e
- 08
500 1000 1500 2000 2500 3000 3500 4000 4500 -'JUU 000 1500 2000 2500 3000 3500 4000 4500
; 0
E |
| T |
o ) - > 4 | i | b
N ;] U ¥
F
8 s
s ;
500 1000 1500 2000 2500 3000 3500 4000 4500 500 1000 1500 2000 2500 3000 3500 4000 4500

ad W1 (mVy}

Le:

Lead V2 (mV)

Lead V3 (mV)

1 1 | 1
0.5 = 05" | \ |
= 1
) E | | |
ok A A T g s \
|| | - ~re ] | el
I | B
0.5 | | — a5
4 -1
500 1000 1500 2000 2500 3000 3500 4000 4500 500 1000 1500 2000 2500 3000 3500 4000 4500
1 1
| |
05 = 05} |
! >
\ = | |
P} = \
o | A v g L |
-l . z ! |
m
| o
0.5 | 1 - 05
1000 1500 2000 2500 3000 3500 4000 4500 500 1000 1500 2000 2500 3000 3500 4000 4500
1 4
[ =
— f f
05 | o ? {1 / '5
&1 I !
1 i | w I !
0 I\f f =0 -~ \ o |||
| | - Bl S \,..J f LV
=]
=]
4.5 ) | e-2r
1 4
00 1000 1500 2000 2500 3000 3500 4000 4500 500 1000 1500 2000 2500 3000 3500 4000 4500

Figure II: 11-lead surface electrocardiogram (ECG) during coronary balloon occlusion of the left anterior

descending artery (LAD). In this patient, proximal coronary balloon occlusion of the LAD caused myocardial

ischemia in the anteroseptal, -apical and —lateral region as reflected by ST-segment elevation in V2-V4, | and avL.

The chest lead Vs was replaced by the intracoronary ECG (black) within the course of a clinical trial. Please note

the different scales for the surface and the intracoronary ECG.

Myocardial ischemia affecting a smaller territory, i.e., not the entire ventricular wall but rather

the innermost part (subendocardial myocardium), is represented by ST-segment depression.

This is often the case in coronary artery disease (CAD, see chapter 1.4.1), whereby obstructed,

but not completely occluded coronary arteries result in a perfusion supply/ demand mismatch,

to which the subendocardial region is more exposed than the epicardial area due to the

transmission of LV diastolic filling pressure.

In clinical practice, ECG ST-segment shifts (i.e., elevation and depression) in the acute setting

are measured directly at the J-point!* (i.e., the transition of the QRS-complex to the ST-

segment), while ST-segment shifts assessed during physical exercise for diagnostic

evaluation of CAD are measured 60 ms after the J-point'®17 (figure Il1).
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s
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Figure Ill: Assessment of the ECG ST-segment shift In acute coronary syndrome: ST-segment shift is
measured directly at the J-point (crossing of black dotted lines) as the difference between the J-point and the
isoelectric line (solid red line). During (physical) stress test to detect coronary artery disease, ST-segment shift is
measured 60ms after the J-point (crossing between the black and red dotted lines).

Hence, the ECG is an indispensable tool in the diagnosis of myocardial ischemia. However,
the commonly used surface ECG has several limitations. It is susceptible to other physiologic
electrical activities, i.e., muscle contraction during breathing or limb movements. Further, as
stated by Birnbaum and Alam?8, the amplitude of ST-segment shifts are directly affected by
lead positioning, habitus and even by the posture of the patient. Finally, short-lasting or minor
myocardial ischemia, especially in the territory of the left circumflex coronary artery (i.e., the
posterior wall of the left ventricle) remain often undetected in the commonly used 12-lead

surface ECG.
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1.2 Intracoronary ECG

An ECG recorded in close vicinity to the myocardial region of interest was thought to overcome
the spatial limitations of the surface ECG. In 1976, Hashimoto et al.’® were the first to record
an ECG with electrodes placed within a coronary artery, i.e., an intracoronary ECG (icECG).
In this study, the authors analyzed the course of the icECG ST-segment shift during complete
coronary balloon occlusion during up to 3 hours in 18 dogs. They concluded that “the
intracoronary ST-segment elevations after coronary occlusion resembled those recorded from
the epicardial surface but were free of artifacts™®. Nine years later, Meier and Rutishauser
were the first to employ an icECG during percutaneous transluminal coronary angioplasty
(PTCA) by attaching a reusable alligator clamp to a coronary guidewire and connecting it to an
ECG electrode®. With the guidewire positioned in a coronary artery, the derived (pseudo-)
unipolar icECG served as a local epicardial ECG. Meier and Rutishauser showed the clinical
value of the icECG to monitor myocardial ischemia during coronary angioplasty. These results,
which were reproduced in larger clinical trials by Friedman et al.?!, Pande et al.??2 and
additionally confirmed by a meta-analysis?, demonstrated the higher sensitivity of the icECG
to detect transient myocardial ischemia during PTCA when compared to the surface ECG. In
cases with no ischemic changes in the icECG, either a prior myocardial infarction in the territory
undergoing balloon dilatation or angiographic collaterals were present, consistent with the fact
that ischemia was not inducible in necrotic myocardium or prevented by sufficient collateral
supply. ECG ST-segment shifts seen by both methods occurred sooner and more pronounced

using icECG?42,

Currently, our research group acquires icECG signals by attaching a reusable alligator clamp
to a pressure monitoring angioplasty guidewire positioned in a major coronary artery, and
connecting it to a precordial lead (mainly Vs, see figure Il). Use of the pressure-monitoring

guidewire with non-conductive coating allows the generation of an icCECG-lead between the

18
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Wilson Central Terminal and the conductive pressure sensor of the guidewire located near the

tip without the need for additional isolation (figure 1V).

Location of the Conductive Non-conductive Conductive Isolated Pressure sensor Radiopaque
adapter for pressure cover layer coating cover layer connection (piezoelectric «floppy» end,
measurement ~144 cm 28 cm element), conductive with
conductive a high resistance
| | 1 |
[ 17 11 1 I_I_II 1 I_I_II 1

1
// // VI ISTL SIS SIS ISSSI S

Figure IV: Structure of the pressure-monitoring angioplasty guidewire The non-conductive coating makes an
additional isolation redundant. The conductive part (black) before the isolated connection (orange) is placed within

the guiding catheter, and thus, isolated by the catheter.

Recording of an icECG-lead provides independent information on the regional myocardium,
i.e., the particular territory supplied by the wired coronary artery. Hence, the exact position of
the guidewire up- or downstream in the coronary artery directly affects the recorded signal by

altering signal vectors as well as the amount of directly adjacent myocardial mass as shown

by figure V.

Figure V: The intracoronary ECG as a function of the guidewire position within the coronary artery This
figure shows the angiography of a right coronary artery (RCA) and the corresponding icECG recordings at different
locations. In the proximal part, the RCA is close to the right atrium and ventricle, while the distal parts of the RCA
are adjacent to the myocardium of the left ventricle. Hence, recording of the icECG lead (between the Wilson
Central Terminal and the pressure sensor located near the tip) demonstrates a large ventricular signal (i.e., QRS-
complex) in the distal RCA ((4)). During guidewire pullback, ((4)>(1)), the QRS-amplitude decreases, while the
amplitude of the atrial signal (i.e., P-wave) increases. Guidewire pullback changes the position of the distal ECG

electrode and thus, changes the morphology of the recorded icECG signal because of an altered vector.

19
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ICECG recording is performed at a sampling frequency of 2’000 Hz, and with standard system
filtering (corresponding to a bandpassfilter 0.05-100Hz). Thus, application of this filter method

does not affect the ECG signal with frequencies between 10-50 Hz?.

1.2.1 IcECG for quidance of percutaneous coronary intervention

The higher sensitivity to detect myocardial ischemia of the icECG when compared to the
surface ECG was further demonstrated by Hishikari et al.?’. The authors assessed the
occurrence of ST-segment elevation in the icECG in patients with non-ST-segment elevation
myocardial infarction (NSTEMI, diagnosed with the commonly 12-lead ECG) and showed, that
27.6% of patients before percutaneous coronary intervention (PCI) had a significant ST-
segment elevation in the icECG (>0.1 mV). This discrepancy between icECG and surface ECG
was more common with LCX than other culprit lesions?’. In a subsequent clinical trial, the same
research group conducted a multiple regression analysis, showing that ST-segment shift in the
iCECG predicted greater peak values of troponin levels, consistent with greater myocardial
injury?®. Thus, they concluded that the icECG “might help to identify high-risk NSTEMI patients
with greater myocardial injury”?. In patients undergoing elective PCI, Uetani et al.?° as well as
Balian et al.*® showed that icECG provided a useful method to predict peri-procedural
myocardial injury. In this context, Sato et al.>! have applied the icECG to assess the relation
between lipid core burden of coronary lesions (as determined by intravascular ultrasound and
near-infrared spectroscopy) and peri-interventional myocardial ischemia by distal embolization
of lipid contents. They could demonstrate that higher lipid burden was associated with

prolonged ST-segment elevation after PCI.

Balian et al.*? conducted a clinical trial to assess, whether icECG ST-segment shift during
maximal pharmacologic vasodilation (by intravenous adenosine) could be used as an estimate
of hemodynamic relevance of a coronary lesion (as defined by the fractional flow reserve
(FFR), see chapter 1.4.1 and Project I). They demonstrated a modest linear correlation

(r>=0.206) between the tested icECG and the reference FFR and concluded, that icECG
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“during adenosine infusion may be of value in assessing the functional significance of a

borderline stenosis”®?.

1.2.2 IcECG for the assessment of myocardial viability

In the context of the icECG’s sensitivity to detect changes of myocardial physiology, and due
to the fact that myocardial scar remains electrically silent, icECG provides an opportunity to
assess myocardial viability during PCI. First, Ferrari et al.>* showed that icECG ST-segment
shifts occurring during angioplasty indicates myocardial viability in 20 patients using thallium-
201 myocardial scintigraphy as the reference for viability assessment. Subsequently and with
the same reference method, Yaijma et al.** evaluated the clinical value of icECG for detecting
myocardial viability in acute myocardial infarction among 65 patients. They demonstrated
preserved myocardial viability by scintigraphy after treatment when an amplified icECG ST-

segment shift of >0.2 mV occurred during emergency coronary angioplasty.

Using low-dose dobutamine echocardiography as another reference method to identify viable
myocardium after myocardial infarction, Abaci et al.*® demonstrated high diagnostic accuracy
of icECG ST-segment shift assessment during coronary angioplasty. Further, a positive
correlation has been shown between the number of viable segments in the low-dose

dobutamine echocardiography and the magnitude of icECG ST-segment shift®.

More recently, real-time assessment of myocardial viability during coronary catheterization
using icECG was proposed by Petrucci et al.*®. They recorded peak-to-peak voltage of the
icECG using a common PCI-guidewire electrically isolated by a microcatheter, and matched
their results with corresponding segments containing scar by cardiac magnetic resonance
imaging as the reference standard. Using this approach, the icECG amplitude (in mV,
measured between the highest and the lowest peak of the QRS-complex) distinguished viable

from non-viable left ventricular segments with a sensitivity of 99% and a specificity of 69%.
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1.2.3 IcECG and the assessment of the coronary collateral circulation

The coronary collateral circulation represents a pre-existing inter-arterial anastomotic network
of the coronary artery circulation®” established during embryogenesis. The peak density of this
network occurs in neonates and declines subsequently by physiological regression, a process
called pruning®-+!, Nevertheless, these coronary anastomoses do not vanish completely but
rather recede in calibre and present in varying functionality to prevent myocardial ischemia in
the setting of an acute or chronic coronary syndrome“2. Quantitative evaluation of the coronary
collateral circulation is based on coronary occlusive pressure measurements, from which
collateral flow index (CFI)**4* is derived. CFIl is calculated as mean coronary occlusive
pressure relative to mean aortic pressure, both subtracted by central venous pressure as
obtained during a 1-minute proximal coronary balloon occlusion*® (figure VI). As the coronary
collateral circulation is capable to prevent myocardial ischemia, icECG as a direct measure of
myocardial ischemia has been used in several clinical trials to assess functionally sufficient

coronary collateral circulation.

In 2003, Wustmann et al. showed that functional collaterals exist in angiographically normal
coronary arteries to the extent, that 20-25% of the subjects did not show signs of myocardial
ischemia in the icECG during brief coronary occlusion**. The same research group
demonstrated that “absence of ECG ST-segment shift during brief coronary occlusion in
patients with chronic coronary artery disease conveys a decreased mortality and is directly
influenced by a well-developed collateral supply to the right versus left coronary ischemic
region™®. In this context, Seiler et al.*” documented the prognostic value of icECG by assessing
coronary collateral function and the associated icECG ST-segment shift at the end of a 1-
minute angioplasty coronary balloon occlusion in 1181 patients. During a follow-up of 7.3+4.3
years, absence of icECG ST-segment shift during coronary balloon occlusion has been shown

associated with reduced all-cause mortality*’.
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Figure VI: Collateral flow index (CFI) measurement. A) Simultaneous recordings of mean and phasic aortic (red
signals), coronary occlusive (black signals) and central venous pressure (blue signals) immediately before (left
side) and during coronary artery occlusion in a patient with poor coronary collateral function. B) Detection of
myocardial ischemia during coronary artery occlusion by intracoronary electrocardiogram (icECG). Immediately
after balloon occlusion, icECG shows marked electrical alterations with inverted T-waves and ST-segment
elevation (after 40sec). Generally, a CFl of >0.20-0.25 is related to absent signs of ischemia on icECG during a 1-
min proximal coronary balloon occlusion. C) Detection of myocardial ischemia during the same coronary artery
occlusion by surface ECG (lead avF). Note the difference in ischemic alterations when compared to icECG (slightly
later (after 45sec) and less pronounced signal amplitude).

ICECG was also used as an independent measure of myocardial ischemia to assess
myocardial ischemic preconditioning*®-5* or the success of various therapeutic approaches to
augment coronary collateral function®®8, In the study by Billinger et al.*®, 30 patients
underwent three repetitive 2-minutes coronary artery balloon occlusions, whereby coronary
collateral recruitment could be demonstrated with each occlusion, but also a simultaneous
decrease in icECG ST-segment shift. In a similar study with four consecutive balloon
inflations*®, a significant decrease in ST-segment shift due to collateral recruitment was shown
by icECG, but not on surface ECG, hence providing additional evidence for the superior

sensitivity of icECG compared to surface ECG in detecting subtle changes in myocardial

pathophysiology.
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1.3 Myocardial perfusion

The heart is responsible for the maintenance of adequate blood supply to all organs. Hence, it
is also responsible for adequate self-sufficiency. Myocardial blood supply, however, has
several specific characteristics, most importantly, cardiac cycle-dependent myocardial
perfusion. During systole with contraction of the left ventricular myocardium the high
intramyocardial pressure compresses and obliterates intramural coronary blood vessels, and,
thus, blocks coronary arterial flow®. Hence, left (and less pronounced right) myocardial
perfusion is restricted to diastole’™. As opposed to other organs, e.g., skeletal muscle, the
myocardium maintains a high level of oxygen extraction even at rest’:. Because of this
characteristic, exercise induced increases in myocardial oxygen demand is mainly responded

to by an increase in coronary blood flow"2.

Resting myocardial perfusion is equal to 1ml/min/g. The coronary microcirculation, the key
regulator of coronary resistance and thus myocardial flow, acts as resistance-to-flow
regulator” and maintains resting blood flow over a broad range of arterial perfusion pressures
between 50-150 mmHg® ", the physiologic feature of which is called coronary flow
autoregulation. In situations of increased oxygen demand, the adequate increase in coronary
blood flow is carried out by reducing coronary arteriolar resistance up to 80% as compared to
resting levels’. This resistance reduction, in combination with a 20%—40% elevation of mean
arterial pressure’?, allows a 4-5 fold blood flow increase during physical exercise®’, also called

coronary flow reserve (CFR).
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1.4 Myocardial ischemia

Myocardial ischemia is defined as reduction or interruption of myocardial perfusion’® resulting
in a discrepancy between myocardial oxygen demand and supply. Hence, it is reflected by
inadequate myocardial oxygen supply and with consecutive impairment of all energy-
dependent processes, which causes impaired diastolic and systolic ventricular function. The
etiology of myocardial ischemia is diverse, but mainly due to impaired myocardial perfusion as
a consequence of coronary artery atherosclerotic narrowing lesions, due to coronary
vasospasm, to coronary microvascular dysfunction (CMD), and to increased transmural
pressure in the context of elevated ventricular filling pressure. Additionally, there are other
etiologies for myocardial ischemia as arterial hypotension or severely decreased blood oxygen
content because of marked anemia or impaired oxygenation’®. This introduction will focus on

pathophysiologies of the coronary circulation, i.e., CAD and CMD.

The prognostic impact of inducible myocardial ischemia has been shown both by non-invasive
and invasive stress testing’’. The extent of myocardial ischemia depends on multiple factors,
namely duration of insufficient oxygen supply, ischemic area at risk for infarction, myocardial

oxygen consumption and coronary collateral blood supply*’:

Extent of myocardial ischemia

_ Duration of insufficient oxygen supply * Area at risk * Myocardial oxygen consumption

Coronary collateral blood supply

2:being related to

In this formula, area at risk depends on the involved coronary artery and its supply territory as
well as the degree of coronary stenotic lesions, varying from narrowings only relevant under
strenuous physical exercise or symptomatic already at rest. Hemodynamic mild stenoses
predominantly affect subendocardial regions and thus, a smaller mass of myocardium while

the latter induces transmural myocardial ischemia in the whole vascular territory given absence
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of coronary collateral blood supply, which itself limits the area at risk. Myocardial oxygen
consumption is mainly dependent on heart rate, myocardial contractility and ventricular wall
stress’®. In this context, “it is estimated that the exercise-induced increases in oxygen
consumption can be explained for 50%-70% by heart rate, for 15%—-25% by contractility, and
for 15%—25% by stroke work’2.” Coronary collateral blood supply is the only factor preventing

myocardial ischemia as outlined in chapter 1.2.3.

1.4.1 Coronary artery disease

CAD is a leading global cause of death’, accounting for approximately 20% of deaths in
developed countries®. The underlying pathology of CAD is atherosclerosis, a disease of the
arterial wall with inflammation, lipid infiltration and smooth muscle cell proliferation®®. Driven by
cardiovascular risk factors as hereditary disposition, tobacco smoking, diabetes mellitus,
arterial hypertension and abnormal circulating low-density lipoprotein cholesterol (LDL-C),
endothelial cells and smooth muscle cells are stimulated to produce pro-inflammatory
cytokines, which allow leukocyte infiltration into the arterial wall®2. This disturbance of the
integrity of the arterial wall causes accumulation of intracellular lipid in the subendothelial
region®.-8 with local oxidation of LDL-C. Oxidized LDL-C is then metabolized by macrophages,
transforming them into “foam cells” (i.e., lipid-filled macrophages)®. Macroscopically, an
accumulation of these foam cells gives the arterial wall the appearance of a “fatty streak”!.
Cholesterol accumulation in the arterial wall impairs endothelial function and causes abnormal
vascular tone already at an early stage’®. With progression of atherosclerosis, migration of
smooth muscle cells from the arterial media into the intima’® as well as apoptosis of foam cells
leads to further accumulation of extracellular lipoproteins, which eventually forms an avascular
core of lipid-rich debris®. In comparison to fatty streaks, which are covered by an intact layer
of endothelium, these lipid-rich cores are covered by a fibrous cap of collagenous material and
prone to rupture. Hence, calcification of these plaques is induced as adaptive healing response

to limit the atherosclerotic diseases®. All these pathologic processes can directly influence
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coronary blood flow by progressive narrowing of the arterial lumen as well as impaired vascular

tone’® and become hemodynamically relevant coronary lesions causing myocardial ischemia.

Hemodynamically relevant coronary lesions are defined as those inducing restriction to flow
beyond the compensatory autoregulation of the myocardial microcirculation under stress
conditions. As outlined above, coronary blood flow can normally be increased 4-5 fold during
physical exercise. With increasing coronary narrowing, this so-called coronary flow reserve
(defined as the maximal coronary blood flow divided by the resting coronary blood flow®¢, figure
VII) allows a compensatory microcirculatory vasodilatation to maintain adequate resting
perfusion at the cost of a decreased CFR. Accordingly, in situations with higher oxygen
demand, for example during physical exercise, the limited microcirculatory vasodilatory
reserve causes myocardial ischemia. Figure VII illustrates this interaction between extent of

coronary stenosis, coronary blood flow and myocardial ischemia.

Maximal coronary flow

- Maximal coronary blood flow
. CFR =

f«— Coronary flow reserve (CFR) > Restmg coronary blood flOW

Norm values:
Resting coronary blood flow: 1ml/min/g
Max. coronary blood flow: 3-5mil/min/g

Resting coronary flow

1 --------------------------------.....

Coronary blood perfusion
(ml/min/g)
~N
|

I I I I |
o 20 40 60 80 100

% diameter stenosis

Figure VII: Coronary blood perfusion and coronary flow reserve as a function of coronary stenosis Because
of compensatory coronary vasodilatation, resting coronary perfusion is not affected by narrowing of up to 80 percent
in arterial diameter. However, preservation of an adequate resting perfusion occurs at the expense of a decreased
coronary flow reserve (CFR) as outlined by the distance between the dotted black line (i.e., resting coronary flow)
and the solid red line (i.e., maximal coronary flow). Starting from a 50% diameter stenosis, increasing narrowing
causes a simultaneous decrease of the CFR. Situations that require coronary blood flow beyond the CFR result in
myocardial ischemia (red striped area above the maximal coronary flow curve).

Constructed according to a schema from Leonard S. Lilly — Pathophysiology of Heart Disease, Fifth Edition
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In clinical practice, i.e., during coronary catheterization, assessment of coronary lesion severity
necessary to guide coronary revascularization is mainly performed by physician-based visual
assessment with its notorious tendency to overestimate lesion severity?’. Instead, quantitative
coronary angiography (QCA, figure VIII A), i.e., the measurement of coronary diameter at the
narrowest point in proportion to the non-diseased reference diameter as obtained in more than

one image projection has a well-documented basis for PCI5:88,

In comparison to this angiographic, structural approach, diagnostic assessment of functional
stenosis relevance by coronary pressure measurement has been suggested to affect patient
outcome®®. Unlike direct measurement of coronary blood flow reserve, coronary pressure
measurements are technically more robust. Given temporary paralysis of the coronary
microcirculation by, e.g., pharmacologic vasodilation, pressure is, theoretically, directly related
to coronary flow®. Thus, the pressure drop across a coronary stenosis, i.e., fractional flow
reserve (FFR®, figure VIII B), respectively instantaneous wave-free ratio (iFR%%, | figure VIII
C) provides an estimate of its restrictive effect on flow. Figure VIII provides an overview of
these three parameters. In-detail description of the assessment of hemodynamic relevance of
coronary lesions is provided in project | (Functional assessment of myocardial ischemia by

intracoronary electrocardiogram).
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Figure VIII: Parameters for the assessment of coronary lesion severity A) Quantitative coronary angiography
with determination of percent diameter stenosis. This assessment is performed in two orthogonal planes to
account for non-concentric (i.e., eccentric) coronary lesions. B) Determination of the pressure drop across a
coronary stenosis during maximal vasodilatation, i.e., fractional flow reserve. It is calculated as mean distal
coronary pressure (solid, thick black line) divided by mean aortic pressure (solid, thick red line), both measured
over several heart cycles during maximal vasodilatation. C) Determination of pressure drop across a coronary
stenosis at rest, i.e., instantaneous wave-free ratio, defined as phasic distal coronary pressure (black solid line)
divided by the phasic aortic pressure (red solid line), both measured in the wave-free period of the diastolic phase

(grey area).

29



Intracoronary electrocardiogram as a direct measure of myocardial ischemia

1.4.2 Coronary microvascular dysfunction

A large proportion of patients with angina pectoris and evidence of myocardial ischemia do not
have obstructive CAD when undergoing coronary angiography®* (i.e., ischemia with non-
obstructive coronary arteries). In these patients, myocardial ischemia is caused by CMD,
elevated left ventricular filling pressure (hypertensive heart disease), and/or epicardial vascular
dysfunction (i.e., arterial spasm). CMD shares the cardiovascular risk factors with
atherosclerotic CAD®6, Hence, there is a significant overlap of these pathologies including
the adverse cardiovascular outcomes compared with the general population®”. However, as
compared to CAD, CMD affects predominantly female patients®°° and women with CMD

are younger than those with CAD®.

From the pathophysiologic point of view, the underlying mechanism of CMD is structural
microcirculatory remodeling and/or functional arteriolar dysregulation'®. In the first case,
inward remodeling of capillary arterioles impairs the microcirculatory conductance and oxygen
delivery, resulting in a decreased vasodilatory range and thus, decreased CFR!%1:1%2  This
remodeling is often seen in the presence of left ventricular hypertrophy!®l. The latter
component of CMD affects larger arterioles, where flow-mediated vasodilation is impaired even
to paradoxical vasoconstriction in situations with increased oxygen demand. Vasoconstriction
can also be triggered by stimuli such as systemic blood pressure peaks, cold exposure,
emotional stress or smoking®®. Cocaine has also been recognized to provoke severe

vasospastic reactions leading even to acute myocardial infarction031%4,

Concerning the therapeutic management, all etiologies of myocardial ischemia require an
adjustment of lifestyle factors. In addition, hemodynamically relevant coronary lesions are
treated by revascularization (i.e., PCI or coronary-artery bypass graft), while microvascular
dysfunction requires anti-ischemic treatment with beta-blockers and/or calcium channel

blockers.
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2. Hypotheses and aims of the thesis

2.1 Project|

Objective: To determine the diagnostic accuracy of icECG ST-segment shift during
pharmacologic inotropic stress in comparison to established hemodynamic indices (FFR, iFR)
for coronary lesion severity assessment using quantitative percent diameter stenosis (%S) as

reference value.

Hypothesis: ICECG-ST-segment shift during pharmacologic hyperemia correlates positively

with the severity of hemodynamic obstruction as defined by %S.

2.2 Project ll

Objective: To determine the diagnostic accuracy of different icECG ischemia parameters in
comparison to icECG ST-segment shift (reference) during a controlled, 1-minute proximal

coronary balloon occlusion.

Hypothesis: Myocardial ischemia at the end of a 1-minute proximal coronary balloon occlusion

is most accurately detected by icECG ST-segment shift measured at the J-point.
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2.3 Project Il

Objective: To determine the optimal icECG ischemia parameter using a deep learning

approach with two pretrained convolutional neural networks.

Hypothesis: Using coronary patency or occlusion as reference for absent or present
myocardial ischemia, convolutional neural networks distinguish more accurately between non-

ischemic and ischemic icECG tracings than manually determined icECG ST-segment shift.

2.4 Project IV

Objective: To determine the diagnostic accuracy of different icECG ischemia parameters
during pharmacologic inotropic stress in comparison to pretrained neural networks and to
hemodynamic stenosis severity indices (FFR, iFR) using percent diameter stenosis (%S) as

reference value.

Hypothesis: From the different icECG parameters and the neural networks, icECG-ST-

segment shift during pharmacologic hyperemia has the highest diagnostic accuracy to

distinguish between non-relevant and relevant stenotic lesions as defined by quantitative %S.
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3. Results

While Project | and Il have been published in peer-reviewed journals, Project Il has not been
accepted yet for publication. Project IV has been conducted exclusively for the course of my

MD / PhD program to apply the results of Project Il and Il to data from Project I.

3.1 Project|

Functional assessment of myocardial ischemia by intracoronary ECG

The first project aimed to test the amount of myocardial ischemia by icECG during inotropic
stress for coronary lesion severity assessment in comparison to structural quantitative stenosis
severity (%S; reference), and to established hemodynamic indices for lesion severity (FFR,

iFR).

My contributions were acquiring, analyzing and interpreting the data, statistical data analysis,

writing the first draft including production of all figures and revision of the manuscript.

The paper has been published in Open Heart in January 2021. In the year of publication, Open

Heart had an impact factor of 2.130 and was ranked Q1 according to SCImago Journal Rank

in Cardiology and Cardiovascular Medicine.
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Coronary artery disease

Functional assessment of myocardial
ischaemia by intracoronary ECG

Marius Reto Bigler

, Michael Stoller, Fabien Praz, George C M Siontis,

Raphael Grossenbacher, Christine Tschannen, Christian Seiler

ABSTRACT

Introduction In patients with chronic coronary
syndrome, percutaneous coronary intervention targets
haemodynamically significant stenoses, that is, those
thought to cause ischaemia. Intracoronary ECG (icECG)
detects ischaemia directly where it occurs. Thus, the goal
of this study was to test the accuracy of icECG during
pharmacological inotropic stress to determine functional
coronary lesion severity in comparison to the structural
parameter of quantitative angiographic per cent diameter
stenosis (%S), as well as to the haemodynamic indices of
fractional flow reserve (FFR) and instantaneous wave-free
ratio (iFR).

Method The primary study endpoint of this prospective
trial was the maximal change in icECG ST-segment

shift during pharmacological inotropic stress induced

by dobutamine plus atropine obtained within 1 min after
reaching maximal heart rate(=220 - age). IcCECG was
acquired by attaching an alligator clamp to the angioplasty
guidewire positioned downstream of the stenosis. For

the pressure-derived stenosis severity ratios, coronary
perfusion pressure and simultaneous aortic pressure were
continuously recorded.

Results There was a direct linear relation between
icECG ST-segment shift and %S: icECG=—0.8+0.03*%S
(r=0.164; p<0.0001). There were inverse linear
correlations between FFR and %S: FFR=1.1-6.1*10-
3*%S (r2=0.494; p<0.0001), and between iFR and %S:
iFR=1.27-8.6*10-3*%S (r’=0.461; p<0.0001). Using

a %S-threshold of >50% as the reference for structural
stenosis relevance, receiver operating characteristics-
analysis of absolute icECG ST-segment shift during
hyperemia showed an area under the curve (AUC) of
0.678+0.054 (p=0.002; sensitivity=85%, specificity=50%
at 0.34 mV). AUC for FFR was 0.854+0.037 (p<0.0001;
sensitivity=64%, specificity=96% at 0.78), and for

iFR it was 0.816+0.043 (p<0.0001;sensitivity=62%,
specificity=96% at 0.83).

Conclusions Hyperaemic icECG ST-segment shift detects
structurally relevant coronary stenotic lesions with high
sensitivity, while they are identified highly specific by FFR
and iFR.

INTRODUCTION

In patients with chronic coronary syndrome
(CCS), percutaneous coronary intervention
(PCI) targets haemodynamically relevant
stenotic lesions, that is, those thought to cause
ischaemia. That is, coronary lesions inducing

Key questions
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What is already known about this subject?

» Diagnostic assessment of functional stenosis rele-
vance by coronary pressure measurement (that is,
fractional flow reserve, instantaneous wave-free
ratio) has been shown to be efficacious on patient
outcome.

» Intracoronary ECG provides a direct measure of
myocardial ischaemia in real time, and thus, is use-
ful to predict postprocedural myocardial injury.

What does this study add?

» The theoretical stenosis-specificity of the pressure-
derived functional indices was directly corroborated
for the first time in clinical practice.

» Hyperaemic intracoronary ECG ST-segment shift de-
tects structurally relevant coronary stenotic lesions
with high sensitivity

How might this impact on clinical practice?

» In a selected population, intracoronary ECG can act
as a high-sensitivity rule out test for relevant steno-
sis severity.

flow restrictions beyond the compensatory
autoregulation of the myocardial microcir-
culation under stress conditions. This key
feature of coronary resistance, and thus,
myocardial perfusion normally allows a four-
fold to fivefold blood flow increase' (that is,
coronary flow reserve, CFR), respectively, is
responsible for maintaining constant resting
myocardial perfusion of 1mL blood per
minute per gram over a broad range of arte-
rial perfusion pressures. Hence in patients
with CCS, compensatory coronary vasodil-
atation preserves adequate perfusion at the
expense of decreased CFR. Accordingly,
in situations with higher oxygen demand,
for example, during physical exercise, the
limited vasodilatory reserve causes ischaemia.
Gould and Lipscomb?® were the first to inves-
tigate these coronary pathophysiologic mech-
anisms. Based on their findings, coronary
angiographic lesion severity of 250% diam-
eter narrowing has been extensively used as
the relevant threshold for PCI.
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Collateral flow index measurement for the induction of reactive hyperaemia. Simultaneous recordings of mean and

phasic aortic (upper panel, red signals), coronary occlusive pressure (upper panel, black signals) and intracoronary ECG (lower
panel, icECG). Fractional flow reserve during reactive hyperaemia is calculated immediately after the 1 min occlusion, followed

by angiography (marked by the outlier of the red pressure signal).

Compared with the structural, mostly visual angio-
graphic approach, diagnostic assessment of functional
stenosis relevance by coronary pressure measurement has
been suggested to affect patient outcome.” In comparison
to direct measurement of coronary blood flow reserve,
coronary pressure measurements are more robust. Given
temporary paralysis of the coronary microcirculation,
pressure is, theoretically, directly related to coronary
flow.* Thus, the pressure drop across a coronary stenosis,
that is, fractional flow reserve (FFRE’), respectively, instan-
taneous wave-free ratio (iFR® 7) provides an estimate of its
restrictive effect on flow. However and despite their prog-
nostic value derived from large randomised clinical trials,
both FFR and iFR rely on the, so far, untested concept
of their being stenosis-specific,” and not stenosis-plus
microcirculatory-specific, the fact of which limits their
usefulness in defining a true ischaemic threshold.

Conversely, intracoronary ECG (icECG) provides a
direct measure of myocardial ischaemia in real time*"'
(figure 1). Hence, the goal of this study was to test the
amount of myocardial ischaemia by icECG during
inotropic stress for coronary lesion severity assessment
in comparison to structural quantitative stenosis severity
(%S), and to established haemodynamic indices for
lesion severity (FFR, iFR).

METHODS

Study design and patients

This was a prospective observational study in 100 patients
with CCS undergoing diagnostic coronary angiography
due to chest pain. The primary study endpoint was the
maximal change in icECG ST-segment shift during phar-
macological inotropic stress induced by dobutamine plus
atropine obtained within 1 min after reaching maximal
heart rate in beats per minute (=220 -age). Secondary

study endpoints were %S using biplane quantitative coro-
nary angiography, and the pressure-derived haemody-
namic indices FFR and iFR. Criteria for study inclusion
were age >18 years, and written informed consent for
study participation. Exclusion criteria were acute coro-
nary syndrome, severe aortic stenosis, prior myocardial
infarction in the vascular territory undergoing study
measurement, presence of left bundle branch block,
presence or history of non-sinus rhythm or paced rhythm,
contraindication to pharmacological inotropic stress as
well as severe hepatic or renal failure (creatinine clear-
ance <15mL/min/1.73 m?).

All patients gave written informed consent before the
start of the study procedure.

Cardiac catheterisation and quantitative coronary
angiography

Patients underwent left heart catheterisation and coro-
nary angiography for diagnostic purposes from the right
radial artery approach via a 6-in-5F introducer sheath.
Biplane coronary angiography was performed followed
by left ventriculography. Coronary artery stenoses were
assessed quantitatively in two orthogonal planes as per
cent diameter narrowing (%S) using the guiding cath-
eter for calibration. In the situation of serial coronary
lesions, %S of the most severe stenosis was calculated.

Acquisition of the icECG

IcECG was acquired by attaching an alligator clamp to
the 0.014-inch pressure monitoring angioplasty guide-
wire (PressureWire X Guidewire, Abbott, Chicago, Illi-
nois, USA) positioned downstream of the stenosis, and
connecting it to a precordial lead generating a pseudo-
unipolar lead between Wilson Central Terminal and the
pressure sensor. Due to the structure of the pressure guide-
wire with integrated isolation, isolating the guidewire
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Figure 2 Pharmacological inotropic stress test with recording of intracoronary ECG (icECG). With increasing heart rate and
myocardial oxygen consumption, flow impairment of the coronary lesion causes first subendocardial and later transmural
myocardial ischaemia with a positive icECG ST-segment shift. Turquoise=ICECG of a single heartbeat, black=signal-averaged
icECG of at least 12 consecutive QRS-complexes, %S, per cent diameter stenosis; FFR, fractional flow reserve; iFR,

instantaneous wave-free ratio.

also proximally was not required.'' IcECG recording
was performed at a sampling frequency of 2000 Hz, and
with standard system filtering (corresponding to a band-
passfilter 0.05-100Hz). The primary study endpoint,
maximal change in icECG STsegment shift obtained
within 1 min after reaching maximal heart rate was meas-
ured 60ms after the J-point on 10-15 consecutive and
signal-averaged QRS-complexes (figure 2).

Assessment of pressure-derived haemodynamic indices

For the pressure-derived ratios FFR and iFR, distal coro-
nary artery pressure (P, mm Hg) and aortic pressure (P_,
mm Hg) were continuously recorded. FFR, defined as
‘the ratio of maximal blood flow downstream of a stenosis
relative to unimpaired maximal blood flow (=meanP d/
meanP, ) during hyperaemia’® was calculated continu-
ously during pharmacologic inotropic stress. In addition,
to receive an independent reference method for the
assessment of stenosis severity, FFR was also determined
during reactive hyperaemia. Hyperaemia was induced by
a 1 min proximal coronary artery balloon occlusion in
the vessel of interest (figure 1) immediately followed by
angiography. This method has been previously validated
against FFR denosine,m and it allowed also the determination
of collateral flow index (CFI), defined as mean coronary
occlusive pressure relative to mean aortic pressure, both
subtracted by central venous pressure.' *

IFR was calculated offline according to the proposed
method of Sen et al’ as the pressure ratio P d/ P in the
so called diastolic wave-free period. During this period,
that is, beginning 25% of diastolic duration (ms) after
the dicrotic notch of the phasic aortic pressure curve,
and ending 5ms before the start of the next ECG QRS

complex, coronary resistance is thought to be stable and
minimal.®

Study protocol

Immediately following right radial artery sheath inser-
tion, 5’000 units of intravenous heparin plus two puffs of
oral isosorbidedinitrate were given. Following diagnostic
coronary angiography, the 0.014 inch pressure moni-
toring angioplasty guidewire was set at zero, calibrated,
advanced through the guiding catheter, and positioned
in the distal part of the vessel downstream of the coronary
stenosis. Special care was taken to ensure the position of
the guidewire in the main vessel to exclude the possibility
of coronary side branch occlusion. Before start of phar-
macologic inotropic stress, flushing of the catheter with
15mL of saline allowed the recording of unsmoothed
aortic and coronary pressure signals necessary for the
calculation of iFR. Immediately after recording of iFR,
pharmacological inotropic stress test using intravenous
dobutamine at a rate of 20 pg/kg/min was started for
2min, followed by 4min of intravenous dobutamine at a
rate of 40 pg/kg/min. To prevent cardiac preload reduc-
tion, that is, a conventional side effect of dobutamine,
continuous infusion of saline was maintained throughout
the study procedure. If the maximal heart rate (=220
-age) was not reached after 6min, 0.5-1mg of intrave-
nous atropine was given. At maximal heart rate, infu-
sion of dobutamine was maintained for another minute
to allow for full development of ischaemia. Afterwards,
dobutamine was stopped, and esmolol (10mg stepwise)
was given to slow down the heart rate. During the entire
procedure, continuous recording of the icECG, P, and
P, was performed.
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After normalisation of heart rate, an adequately sized
angioplasty balloon catheter was positioned in the ostial
part of the vessel of interest. Coronary balloon inflation
for measurement of CFI and induction of reactive hyper-
aemia occurred at an inflation pressure of 1-2 atmo-
spheres for exactly 1 min. Complete coronary occlusion
was confirmed by angiography. Immediately after balloon
deflation, reactive hyperaemia, that is, postocclusive FFR
was obtained following angiography.

Treatment of the coronary lesion was independent of
the study results, and at the discretion of the interven-
tional cardiologist.

Statistical analysis

For the purpose of data presentation, two study groups
were formed based on %S (<or 250%). Between-group
comparison of continuous demographic variables
and haemodynamic parameters was performed by an
unpaired Student’s t-test.

Linear regression analysis was performed for univar-
iate association testing between icECG ST-segment
shift and secondary study endpoints. Non-parametric
receiver operating characteristics (ROC) curve analysis
was used for accuracy assessment of detecting a %S of

250% defining coronary structural stenosis significance
by icECG ST-segment shift, FFR and iFR. Comparison of
the area under the ROC curve was performed using the
DeLong-Test.

Statistical significance was defined at a p<0.05. Contin-
uous variables are given as mean+SD. All analyses were
performed using SPSS V.25 (IBM Statistics) or MedCalc
for Windows, V.19.1 (MedCalc Software, Ostend,
Belgium).

RESULTS

One hundred patients were included in the study. Using
the %S threshold of >50% as definition for structural
significance, 52 patients were in the group with a signifi-
cant coronary stenosis.

Patient characteristics

There was no significant difference between the groups
in terms of age, sex, body mass index or cardiovascular
risk factors (table 1). There was a significant difference
between the groups in Canadian cardiovascular society
class, demonstrating a higher level of symptoms in
patients with a significant coronary lesion. Regarding

Table 1 Patient characteristics

Overall %S<50% %S250% p-value
No of patients 100 48 52 -
Patient characteristics
Age 6611 6710 6611 0.623
Female gender, n (%) 25 (25) 15 (31) 10 (19) 0.176
Height (cm) 174+8 174+8 174+8 0.803
Weight (kg) 84+16 85+17 83+15 0.627
Body mass index (kg/m?) 28+5 28+5 27+4 0.523
Angina pectoris before intervention (%) 53 58 48 0.324
Duration of angina pectoris (months) 9+21 6+6 13+30 0.414
Canadian cardiovascular society class of angina pectoris 2.10+1.05 1.67+0.83 2.56+1.12 0.002
Diabetes mellitus (%) 23 21 25 0.643
Arterial hypertension (%) 69 67 Al 0.670
Current smoking (%) 12 8 15 0.362
Cumulative pack years of cigarettes 38+21 36+20 40+24 0.664
Dyslipidaemia (%) 73 75 ! 0.822
Family history for coronary artery disease (%) 32 33 31 0.832
Prior myocardial infarction (%) 37 29 44 0.148
Medical treatment
Aspirin (%) 87 83 90 0.377
Platelet inhibitor (%) 43 38 48 0.317
Calcium channel-blocker (%) 27 31 23 0.377
Beta-blocker (%) 51 42 60 0.109
Nitrate (%) 12 15 10 0.544
Oral anticoagulation (%) 7 6 8 1.000
Statin (%) 77 77 77 1.000
ACE-inhibitor or ARB (%) 7 63 79 0.082
Diuretics (%) 28 33 23 0.274

ACE, angiotensin-converting enzyme; ARB, angiotensin receptor blocker.
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Table 2 Haemodynamic parameters

Overall %S<50% %S>50% p-value
Heart rate (beats per minute) 77+16 76+20 78+12 0.545
Systolic blood pressure (mm Hg) 122+21 12120 124+22 0.540
Diastolic blood pressure (mm Hg) 66+12 66=11 67+12 0.578
Left ventricular end-diastolic pressure (mm Hg) 11+6 116 116 0.898
Left ventricular ejection fraction (%) 63+8 64+7 63+8 0.552
Coronary angiographic parameters
No of diseased vessels 1.81+0.94 1.50+0.99 2.10+0.84 0.001
No of coronary lesions (visually relevant) 1.83+1.60 1.21+1.21 2.38+1.68 <0.001
Target vessel distribution
Left anterior descending, n 55 23 32 0.362
Left circumflex coronary artery, n 24 14 10
Right coronary artery, n 21 11 10
Study parameters
Maximum heart rate achieved (beats per minute) 150+16 149+18 151+13 0.508
Maximal heart rate in % of theoretical maximal heart rate (220-age) 98+11 98+12 98+10 0.705
Quantitative coronary angiography of the lesion of interest (%) 53+17 39+6 66+12 -
Fractional flow reserve 0.798+0.143 0.887+0.073 0.716+0.143 <0.001
Instantaneous wave-free ratio 0.812+0.209 0.922+0.052 0.710+0.245 <0.001
Intracoronary ECG ST-segment shift measured @ J-Point +60 ms (mV) 0.965+1.324 0.545+0.892 1.352+1.533 0.002
within 1 min after maximal heart rate
Collateral flow index 0.118+0.100 0.083+0.070 0.148+0.113 0.001

cardiovascular medication, there was no difference

between the groups.

Haemodynamic and coronary angiography data

There was no significant difference between the groups
in basic haemodynamic parameters, that is, heart rate at
rest, left ventricular ejection fraction or arterial blood
pressure. Patients with a %S >50% showed a higher
number of structurally relevant stenoses on coronary
angiogram (table 2).

Left anterior descending artery served more often as
the study vessel than other coronary arteries; maximum
heart rate was similar between the groups. Overall, %S,
FFR and iFR were equal to 53+17, 0.789+0.143, and
0.812+0.209, respectively.

There was a direct linear relation between icECG
STsegment shift and %S: icECG = -0.840.03%%S
(r*=0.164; p<0.001, figure 3). There were inverse linear
correlations between FFR and %S: FFR=1.1-6.1%¥10"%%S
(r*=0.494; p<0.001, figure 4), and between iFR and %S:
iFR=1.27-8.6%¥10"%%$ (r*=0.461; p<0.001, figure 4).

Using a %S threshold of 250% as the reference for
structural stenosis relevance, ROC-analysis of absolute
icECG ST-segment shift showed an area under the curve
(AUC) of 0.678:0.054 (p=0.002). AUC for FFR was
0.854+0.037 (p<0.0001), and for iFR it was 0.816+0.043
(p<0.0001, figure 5).

The DeLong-Test of the ROC-curves showed a signifi-
cant difference for FFR and iFR as compared with icECG
ST-segment shift (p=0.002, respectively p=0.024). There

was no relevant difference in AUC between FFR and iFR
(p=0.3151).

Regarding the optimum cut-off for icECG, an abso-
lute ST-segment shift of 0.34mV (taken 60ms after the
Jpoint) distinguished best between haemodynamically
relevant and irrelevant stenotic lesions; sensitivity 85%,
specificity 50%.

The best cut-off point for FFR to detect a %S250% was
0.78 (sensitivity 64%, specificity 96%). For iFR, the best
cut-off point was 0.83 (sensitivity 62%, specificity 96%).

y=-0.8+0.03
©=0.164

Intracoronary ECG ST-segment shift
(mV)
.
.

% diameter stenosis

Figure 3 Linear regression between intracoronary ECG
(icECG) ST-segment shift and per cent diameter coronary
stenosis. solid line=regressionline; dashed line=marker for
0mV icECG ST-segment shift.
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Fractional flow reserve
8
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2= 0.494
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% diameter stenosis

100

Instantaneous wave-free ratio

y=1.27-8.6"10%x .
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Figure 4 Linear regression between fractional flow reserve, respectively, instantaneous wave-free ratio and per cent diameter
coronary stenosis. Solid lines=regression lines; dashed lines=common thresholds, that is, %S>50%, FFR <0.80, iFR <0.89. %S,
per cent diameter stenosis; FFR, fractionalflow reserve; iFR, instantaneous wave-free ratio.

Adverse events associated with dobutamine/atropine
infusion were the following: one ventricular fibrillation
requiring defibrillation (provoked by wedge position of
the guiding catheter during maximal hyperemia), and
two cases of supraventricular tachycardia (terminated
during esmolol infusion at the end of the study protocol).

DISCUSSION

When tested against the structural parameter of per cent
diameter coronary narrowing, haemodynamically rele-
vant stenotic lesions are -overall- detected less accurately

—r
¢

Sensitivity

—FFR
—iFR
—icECG ST-segment shift

04

1 - Specificity
Figure 5 Non-parametric receiver-operating characteristic
curve of intracoronary ECG (icECG) ST-segment shift,

FFR and iFR, using a %S threshold of 50% as structural
significance definition. The black circle marks the best cut-off
point for icECG ST-segment shift according to the Youden-
Index: 0.34 mV, sensitivity 85%, specificity 50%. %S, per
cent diameter stenosis; FFR, fractional flow reserve; iFR,
instantaneous wave-free ratio.

08

by icECG ST-segment shift during myocardial ischaemia
than by hyperaemic FFR or diastolic wavefree coro-
nary pressure ratio. The theoretically claimed stenosis-
specificity of the pressure-derived functional indices
was directly corroborated for the first time in our study,
while icECG during hyperaemia very sensitively detected
a relevant coronary stenosis responsible for myocardial
ischaemia.

icECG as direct indicator of myocardial physiology

The ECG is essential in the diagnosis of myocardial
ischaemia, the amount of which is a crucial prognostic
factor.'” The commonly used surface ECG is, however,
limited in detecting shortlasting or minor myocardial
ischaemia. Conversely, due to its close vicinity to the
myocardium, icECG is much more sensitive than surface
ECG in detecting myocardial ischaemia.® Thus, several
clinical trials have assessed the value of icECG to guide
PCI, and rated it useful to predict postprocedural myocar-
dial injury.”'®

The detection of vasodilator-induced ischaemia by
icECG is not unprecedented. Balian et al'' compared
icECG ST-segment shift during intravenous adenosine
with FFR. Eighty-one per cent of the 48 patients with an
FFR <0.80 showed a significant icECG ST-segment shift
during adenosine infusion, while 14% did so despite an
FFR >0.80 (false positive cases). The major limitation of
the study as stated by the authors was the induction of
coronary perfusion heterogeneity by adenosine, that is,
coronary steal.!! Hence, the use of dobutamine as a phar-
macologic simulator of physical exercise with consec-
utive physiological hyperaemia might be preferable,
since unmasking a haemodynamically relevant coronary
stenosis does not require asymmetric stenosis distribu-
tion within the coronary tree as in the case of adenosine-
induced hyperaemia.

Using dobutamine/atropine for ischaemia induc-
tion, icECG ST-segment shift showed a significant, but
modest linear correlation with per cent diameter stenosis
(r*=0.164, figure 3). However, myocardial ischaemia, that
is, the cause of icECG STsegment shift, does not only
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depend on structural stenosis severity, but also on the area
of ischaemic myocardium, and on the extent of coronary
collateral blood supply. Accounting for these different
determinants of ischaemia, the accuracy analysis results
for icECG ST-segment shift is not surprising, showing a
high sensitivity but a low specificity for structural stenosis
relevance (figure 5). Hence, icECG could act as a rule out
diagnostic test, that is, a functional test with high nega-
tive predictive value similar to the non-invasive coronary
computed tomography angiography. Practically speaking,
the presence of myocardial ischaemia on icECG with a
STsegment shift of >0.34mV requires further structural
and/or function assessment while the absence of isch-
aemia allows abstaining from further tests.

Aside from its high test sensitivity for detecting structur-
ally relevant stenoses, icECG has a remarkable temporal
sensitivity for dynamically changing ischaemia as illus-
trated by figure 2. IcECG as the vectored sum of energy
dependant electrical processes in myocardial cells directly
reflects the adequacy of myocardial perfusion, and is able
to detect subtle voltage changes. Thus, in this patient
with a haemodynamically significant coronary lesion
(FFR=0.66, iFR=0.76, %S=68%), icECG recorded shortly
after the start of the pharmacologic stress test showed
subendocardial ischaemia. With progressive pharmaco-
logical stress, regional ischaemia extended across the
myocardial wall. Transmural ischaemia, however, resolved
quickly after termination of dobutamine infusion.

Taken together, for the detection of coronary struc-
tural (figure 5) as well as myocardial temporal supply
(figure 2) changes, icECG is a highly sensitive instrument.

Assessment of haemodynamic significance of epicardial
coronary lesions
Gould et al showed that epicardial coronary lesions cause
diminished flow at rest once the arterial diameter reduc-
tion reaches 80%, or 50% in case of maximal coronary
blood flow."” Thus, quantitative coronary angiography
has offered a well-documented basis for revascularisation
given a non-diseased reference diameter as obtained in
more than one image projection. Yet, physician-based
visual assessment with its notorious tendency to over-
estimate lesion severity remained the standard method
instead of quantitative angiographic assessment for
guiding revascularisation.'®

Hence, to reduce unnecessary PCIs of coronary
lesions, haemodynamic stenosis parameters have been
introduced. FFR, which first has been validated against
exercise stress testing to determine a cut-off value for
inducible myocardial ischaemia (FFR <0.66'") has later
been compared with various exercise stress tests, dobu-
tamine stress echocardiography and myocardial perfu-
sion imaging vielding a threshold for stenosis relevance
of 0.75.” In the subsequent FFR versus Angiography for
Multivessel Evaluation (FAME-trials), a higher cut-off
value of 0.80 has been selected based on the previously
demonstrated practice of interventional cardiologists
to perform PCI in the grey zone of 0.75-0.80.” Among

patients preselected for PCI by conventional visual
(instead of quantitative) coronary angiographic assess-
ment, the FAME-1 trial documented an advantage of
angiography- plus FFR-guided versus angiography-guided
PCI on major adverse cardiac events after 1year.

In theory, FFR has been thought to be stenosis-specific
under the -uncertain- condition of adenosine-induced
constant and minimal coronary arterial microcirculatory
resistance.”” This concept has been mutually adopted
based on an early study claiming FFR to be ‘a lesion-
specific index that reflects the effect of the epicardial
stenosis on maximum myocardial perfusion’.®* In this
regard, the present study’s results corroborated for the
first time the assumption of FFR’s stenosis specificity,
revealing specificity values of 96% for both FFR and
iFR when tested against the truly structural quantitative
parameter of %S (figure 5). Of note, the optimum cut-
off value for FFR to detect a structural relevant stenosis of
250% diameter narrowing was 0.78, thus demonstrating
an almost perfect agreement with the commonly used
FFR threshold of 0.80.

More recently, a drug-free and thus more practical
approach for haemodynamic stenosis assessment, iFR,
has been introduced and compared with FFR, yielding
good agreement between the two indices.” In a subse-
quent clinical trial using a threshold of <0.89, iFR has
been proven non-inferior to FFR in guiding PCL” In
regard to our study results, iFR showed an almost iden-
tical diagnostic performance to FFR with the same speci-
ficity, that is, demonstrating stenosis-specificity as well.

Nevertheless, both indices are affected by the distri-
bution of coronary atherosclerotic disease, by asymmet-
rically distributed regional vascular resistances. This can
only be accounted for by direct regional assessment of
myocardial ischaemia as with icECG. In a broader sense
and in the context of coronary blood flow as the source
for the myocardium,* icECG reflects the adequacy of
regional myocardial perfusion.

ECG and haemodynamic mismatch
Itis important to reiterate, that coronary pressure indices
are not a true reference for myocardial ischaemia. Accord-
ingly, a value below the threshold does not automatically
represent myocardial ischaemia, but rather indicates
a higher probability to induce myocardial ischaemia.
Consequently, lesions with lower vs higher values benefit
more from revascularisation as shown previously.”” The
oversimplification of the relation between a coronary
pressure ratio and myocardial ischaemia has been further
demonstrated by the comparison of FFR and CFR,
showing disagreement between the two methods in 40%
of cases.”* There, the discrepancy has been assumed to be
the result of variable stenosis morphology and its effect
on coronary blood flow, that is, that focal atherosclerotic
disease can cause a relevant pressure drop without rele-
vant impairment of coronary blood flow.**

A similar situation was also encountered in the present
study using the icECG as indicator for myocardial
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ischaemia. Applying a binary cut-off of 0.6 mV for icECG,
as derived from the surface ECG cut-off of 0.1 mV and
adjusted to the sixfold higher signal amplitude of the
icECG, and an iFR cut-off of 0.89, only 29% of the cases
were concordant in demonstrating absent ischaemia, and
31% were concordant with ischaemia; 17% were discor-
dant without ischaemia in the presence of focal disease,
while 23% were discordant in the presence of diffuse or
small-vessel disease. IcECG in combination with coronary
pressure-derived indices allow comprehensive assess-
ment of myocardial perfusion and thus, also an appraisal
of the regional extent of atherosclerotic disease. Taken
into account the results of the FAME-II-trial, where 80%
of patients with abnormal FFR values did not experience
cardiac events throughout the 2-year follow-up period,**
an optimal functional assessment should be preferred.

Study limitations

The major limitation of this study is the lack of infor-
mation on cardiovascular outcome as a function of
the amount of myocardial ischaemia by icECG ST-seg-
ment shift. Although myocardial ischaemia was proven
several times as the principal predictor of cardiovascular
outcome,15 its assessment would have increased the
validity of the presented method. However, the present
study was primarily designed to evaluate the interaction
between structural and functional parameters of myocar-
dial ischaemia. Thus, it would have been underpowered
as an outcome trial.

Additionally, the employed stress test required an elab-
orated study protocol, which prolonged the assessment
of coronary lesion severity. However, the observed high
test sensitivity of icECG can be attributed to dobutamine/
atropine for ischaemia induction. In a post hoc analysis
with assessment of the icECG ST-segment shift during
reactive hyperaemia (that is, simultaneous assessment
with the FFR), diagnostic performance shifted towards a
higher specificity while completely losing sensitivity.

Clinical implication

IcECG is an easy to acquire parameter providing insight
into myocardial physiology in real time with a fraction of
the costs as it does not require expensive pressure moni-
toring angioplasty guidewires. Clinical application is,
however, for a selected population with relative contrain-
dications to PCI (for example bleeding history), where
the prolonged measurement duration is out-weighed
by the importance of accurate coronary lesion assess-
ment. There, icECG can act as a high-sensitivity rule out
test for relevant stenosis severity. Consequently, absence
of ischaemia in the icECG during pharmacological
inotropic stress represents maintained coronary blood
flow and thus, PCI can be deferred. On the other hand,
icECG ST-segment shift in combination with normal iFR
may reflect diffuse epicardial or microvascular disease
with a hampered vasodilator reserve capacity, in which
case medical treatment would be indicated.*

CONCLUSION

Hyperaemic icECG ST-segment shift detects structurally
relevant coronary stenotic lesions with high sensitivity,
while they are identified highly specific by FFR and iFR.
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ARTICLE INFO ABSTRACT

Available online xxxx Introduction: The electrocardiogram (ECG) is a valuable diagnostic tool for the diagnosis of myocardial ischemia
during acute coronary syndrome. Aside from the commonly used ST-segment shift indicative of ischemia, several
other ECG parameters are pathophysiologically reasonable. Thus, the goal of this study was to assess the accuracy
of different ischemia parameters as obtained by the highly susceptible intracoronary ECG (icECG).

Method: This was a retrospective observational study in 100 patients with chronic coronary syndrome. From each
patient, a non-ischemic as well as ischemic icECG at the end of a one-minute proximal coronary balloon occlusion

was available, and analysed twice by three different physicians, as well as once together for consensual results.

Keywords:

Intracoronary electrocardiogram
Myocardial ischemia
ST-segment shift

ST-integral The evaluated parameters were icECG ST-segment shift (mV), ST-integral (mV*sec), T-wave-integral (mV*sec),
T-wave-integral T-peak (mV), T-peak-to-end time (TPE; msec) and QTc-time (msec).
?ngt to-end fime Results: All six icECG parameters showed significant differences between the non-ischemic and the ischemic re-
Q'ch time cording. Using the icECG recording during coronary patency or occlusion as criterion for absent or present myo-
cardial ischemia, ROC-analysis of icECG ST-segment shift showed an area under the curve (AUC) of 0.963 4 0.029
(p < 0.0001). AUC for ST-integral was 0.899 4+ 0.044 (p < 0.0001), for T-wave integral 0.791 + 0.059
(p < 0.0001), for T-peak 0.811 + 0.057 (p < 0.0001), for TPE 0.667 + 0.068 (p < 0.0001), and for QTc-time
0.770 + 0.061 (p < 0.0001). The best cut-off point for the detection of ischemia by icECG ST-segment shift
was 0.365 mV (sensitivity 90%, specificity 95%).
Conclusion: When tested in a setting with artificially induced absolute myocardial ischemia, icECG ST-segment
shift at a threshold of 0.365 mV most accurately distinguishes between absent and present ischemia.
© 2020 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction by various ECG parameters. Nevertheless, assessment of the ST-

The electrocardiogram (ECG) is a valuable diagnostic tool and essen-
tial in the diagnosis of various cardiac pathologies, in particular acute
myocardial ischemia. The presence or absence of ECG ST-segment ele-
vation determines subsequent therapeutic management [1].

Historically, acute myocardial ischemia has been thought to cause
sequential and stepwise development of ECG-alteration, starting with
a tall and upright T-wave, followed by ST-segment elevation and finally
QRS-complex alteration. However, intracoronary ECG (icECG) during
invasive coronary angiography with its increased susceptibility to ische-
mia as compared to the standard 12-lead surface ECG [2,3] has provided
evidence for a continuous transition among these steps [4], the fact of
which is reasonable as myocardial ischemia affects all energy depen-
dent cellular processes over the entire cardiac cycle involving de- and
repolarization alike. Hence, ischemia can be detected and quantified

* Corresponding author at: Inselspital, Bern University Hospital, Department of
Cardiology, University of Bern, Freiburgstrasse 8, Bern CH-3010, Switzerland.
E-mail address: christian.seiler@insel.ch (C. Seiler).

https://doi.org/10.1016/j.jelectrocard.2020.11.018

segment shift has dominated in clinical practice so far. ECG ST-
segment shift is based on the reduced resting potential of the ischemic
myocardial cells, caused by a pathologic ion current across the “injured”
cellular membrane with subsequent distortion of the normally isoelec-
tric ST-segment [5]. Of note, not only the shift, i.e., the amplitude of
the distortion but also the temporal area of the repolarization abnormal-
ity, i.e.,, ST-segment integral, can serve as a measure of ischemia.

Simultaneously, inadequate energy supply during ischemia causes
opening of adenosine triphosphate-potassium channels [6], thus, di-
rectly affecting the morphology and duration of the T-wave as electro-
cardiographic representation of the ventricular repolarization [5].
Accordingly, quantification of voltage (amplitude or area under the T-
wave) or temporal (T-wave peak to end interval, TPE) T-wave parame-
ters have been evaluated in various settings [7,8]. QT interval reflecting
both de- and repolarization has been shown to be affected during ische-
mia [6,8-10].

So far, comprehensive and side-by-side accuracy testing of these
pathophysiologically reasonable ECG parameters during controlled
myocardial ischemia has been lacking. Thus, the goal of this study

0022-0736/© 2020 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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using icECG was to assess the diagnostic accuracy of the described myo-
cardial ischemia parameters.

Methods
Study design and patients

This was a retrospective observational study in 100 patients with
chronic coronary syndrome undergoing coronary angiography due to
chest pain and participating in clinical trials [11,12] of our research
group with determination of coronary collateral flow index (CFI), the
quantitative measure of coronary collateral function during a brief, arti-
ficial coronary occlusion. A detailed description of CFI has been previ-
ously published [13]. In brief, CFI is a measure of coronary collateral
blood supply obtained during a 1-min proximal coronary artery balloon
occlusion, and is defined as mean coronary occlusive pressure relative to
mean aortic pressure, both subtracted by central venous pressure [14].
Hence, in the absence of sufficient collateral blood supply, coronary bal-
loon occlusion induces maximal myocardial ischemia at the end of the
occlusion. This allows the direct comparison of icECG-parameters dur-
ing non-ischemic (i.e. before the occlusion) and controlled ischemic
(i.e. at the end of occlusion) conditions. Study endpoints were the six
icECG parameters described below. Criteria for retrospective study in-
clusion were previously conducted measurement of CFI with simulta-
neous recording of icECG, and written informed consent for further
use of the patient's data. Exclusion criteria were prior Q-wave myocar-
dial infarction in the vascular territory undergoing icECG measurement,
presence of ECG bundle branch blocks, presence of non-sinus rhythm or
paced rhythm as well as sufficient coronary collateral supply (defined as
CFI 20.217 [15]).

All original studies had been approved by the Ethics Committee of
the Canton of Bern, Switzerland, and all patients gave written informed
consent for further use of their data.

Acquisition of the intracoronary ECG

IcECG was acquired by attaching an alligator clamp to the 0.014-in.
pressure monitoring angioplasty guidewire (PressureWire™ X
Guidewire, Abbott, Chicago, Illinois, United States) positioned in the dis-
tal third of a major coronary artery, and connecting it to a precordial
lead. The structure of this guidewire with non-conductive coating al-
lows the generation of an icECG-lead between the Wilson Central Ter-
minal and the conductive pressure sensor of the guidewire located
near the tip without the need for additional isolation. ICECG recording
was performed at a sampling frequency of 2’000 Hz, and with standard
system filtering (corresponding to a bandpassfilter 0.05-100 Hz). Of
note, the same angioplasty guidewire served as guidance for the balloon
catheter used for proximal coronary balloon occlusion.

In a subsequent step, 12 to 15 consecutive cardiac cycles were man-
ually chosen, signal averaged, and, according to the time of recording,
labelled as “non-ischemic” or “ischemic”, thus, leading to 100 non-
ischemic icECGs and 100 ischemic icECGs.

Assessment of the ECG parameters

Quantitative processing of icECG parameters was performed with
customized software (written in Matlab, R2017b), presenting each
icECG without information on the ischemic state. All icECGs were
analysed twice by three different physicians (MRB, PZ and AP) as well
as once together for a consensual result. Calculation of the different
icECG-parameters was based on the following cornerstones (Fig. 1):

« Isoelectric line (Fig. 1, solid red line, manually determined): The refer-
ence line for the determination of any shifts. PQ-junction, which is the
end of the PR segment, was used in the absence of a relevant atrial re-
polarization signal (occasionally visible in the icECG) as recommended
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[16]. In case of unstable PR-segment, TP-segment served as reference.
* Q-point (Fig. 1, solid black line, manually determined): Start of the
QRS-complex
* Junction(]J)-point (Fig. 1, intersection between the two dashed black
lines, manually determined): Transition of the QRS-complex to the
ST-segment
Start of T-wave (Fig. 1, dashed/dotted red line, automatically deter-
mined): Point of intersection between the height of J-point (Fig. 1, ver-
tical dashed black line) and the tangent at the steepest point of T-wave
upslope (Fig. 1, dashed green line).
Peak of T-wave (Fig. 1, solid blue line, automatically determined): Au-
tomatically determined by the algorithm as maximum between the
start and end of T-wave.
End of T-wave (Fig. 1, dashed/dotted red line, automatically deter-
mined): Point of intersection between isoelectric line (Fig. 1, solid
red line) and the tangent at the steepest point of T-wave downslope
(Fig. 1, dashed green line).

Alternatively, start and end of T-wave was determined manually in
case of a noisy signal disturbing tangent calculation.

Using the described cornerstones, the different parameters were de-
fined as follows:

 ST-segment shift: Difference in mV between the isoelectric line and

the ST-amplitude at the J-point. In addition, ST-segment shift was

assessed 40, 60 and 80 msec after the J-point.

ST-integral: Area under the ST-segment in mV*sec defined as the time

integral between the isoelectric line and the entire ST-segment from

the J-point to the start of the T-wave.

T-wave integral: Area under the T-wave in mV*sec defined as the time

integral between the isoelectric line and the entire T-wave between

the start and the end of the T-wave.

 T-peak: Amplitude of the T-wave in mV.

* T-peak-to-end time: Time in msec between T-peak and the end of the
T-wave.

* QTc-time: Defined as QT-interval between Q-point and the end of the
T-wave in msec, corrected according to Framingham [17] (QTc =
QT + 0.154*(1000-RR)) as previously described [18].

Statistical analysis

The two study groups of non-ischemic and ischemic icECG were
based on the time of icECG recording, i.e., before or at the end of the cor-
onary balloon occlusion. Between-group comparison of continuous de-
mographic variables and hemodynamic parameters was performed by a
paired student's t-test.

For determining measurement variability, one way analysis of vari-
ance (ANOVA), Bland and Altman [19] analysis as well intraclass corre-
lation coefficients (ICC) [20] were calculated. Intra-rater ICC was based
on absolute-agreement, two-way mixed-effects model for all individual
measurements (i.e. n 1200). Inter-rater ICC was based on an
absolute-agreement, two-way random-effects model for the second
performance (n = 600). Linear regression analysis was performed for
calculation of the regression line in the scatter plots for the illustrative
presentation of intra-rater as well as inter-rater variability.

Nonparametric receiver operating characteristics (ROC) curve anal-
ysis was used for accuracy assessment of detecting myocardial ischemia
by the icECG parameters. For reasons of readability, only the parameter
with the best performance was presented in case of multiple possibili-
ties (i.e., different time points after the J-point for the determination
of ST-segment shift). Optimal cut-off points for each parameter were
determined by the Youden-Index. Comparison of the area under the
ROC curves was performed using the DeLong-Test.

Statistical significance was defined at a p-level of <0.05. Continuous
variables are given as mean + standard deviation. All analyses were
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Fig. 1. Assessment of the icECG parameters. Isoelectric line = solid red line; Q-point = solid black line; J-point = dashed black lines; tangents for the determination of start and end of the
T-wave = dotted green lines; start and end of the T-wave = dashed/dotted red lines; T-peak = solid blue line; R- and S-peak = dotted blue lines. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)

performed using SPSS version 25 (IBM Statistics, Armonk, New York) or
MedCalc for Windows, version 19.1 (MedCalc Software, Ostend,
Belgium).

Results

Two hundred icECGs from 100 patients were included in the study.
From each patient, a non-ischemic as well as an ischemic icECG were

Table 1
Patient characteristics.
Overall

Number of patients 100
Patient characteristics
Age (years) 68 + 11
Female gender (%) 22
Body mass index (kg/m?) 27 + 4
Angina pectoris before intervention (%) 50
Duration of angina pectoris (months) 11 + 22
Canadian cardiovascular society class of angina pectoris 1.98 + 092
Diabetes mellitus (%) 25
Arterial hypertension (%) 68
Current smoking (%) 14
Cumulative pack years of cigarettes 42 + 28
Dyslipidemia (%) 76
Family history for coronary artery disease, CAD (%) 29
Prior myocardial infarction in vessel of interest 10
Medical treatment
Aspirin (%) 84
Platelet inhibitor (%) 41
Calcium channel-blocker (%) 25
Beta-blocker (%) 49
Nitrate (%) 13
Oral anticoagulation (%) 9
Statin (%) 78
ACE inhibitor or ARB (%) 66
Diuretics (%) 31

52

analysed. Left anterior descending (LAD) artery served twice as often
as the study vessel than the other coronary arteries.

Patient characteristics

Patient characteristics are presented on Table 1.

Intra-rater and inter-rater variability

One-way ANOVA factorial analysis did not show significant differ-
ences between intra-rater or inter-rater measurements (supplemental
Table 1). Determination of the ICC showed the lowest variability for T-
peak (intra-rater ICC 0.996, inter-rater ICC 0.994), followed by T-wave
integral (intra-rater ICC 0.990, inter-rater ICC 0.987), ST-segment shift
(intra-rater ICC 0.987, inter-rater ICC 0.979) and ST-integral (intra-
rater ICC 0.953, inter-rater ICC 0.949). The highest variability was ob-
served with time measurements. Classified according to Koo et al.
[21], extent of variability was excellent for ST-segment shift, ST-
integral, T-wave-integral and T-peak, good for QTc-time and moderate
for TPE. Please see Table 2 for a presentation of the variability analysis,
Figs. 2 and 3 for graphical illustration of the intra-rater respectively
inter-rater variability and supplemental Figs. 1 and 2 for Bland and Alt-
man plots.

Descriptive statistics

Descriptive statistics are presented on Table 3 and on Fig. 4, grouped
according to the non-ischemic vs. ischemic state. Overall, all six icECG
parameters showed significant differences between the groups, while
TPE was not different on a per vessel basis in the LAD, and in the right
coronary artery (RCA, Table 3). There was a significant gender-
difference in all parameters except for QTc-time during ischemia
(Table 4). Of note, because of the inclusion of seventy-seven patients
from a pharmacological stress study with intravenous administration
of dobutamine and atropine before CFI measurement, heart rate in the
absence of ischemia was significantly lower than during ischemia.
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Table 2
Intraclass correlation coefficient and Bland and Altman analysis for intra-rater and inter-rater variability.
Intraclass correlation coefficients Bland and Altman
ICC coefficient 95%Cl Meanp;g SE of Meanp;s 95% CI for Meanp;gr SDpjfr 95% limits of agreement

ST-segment shift at J-point (mV)
Intra-rater analysis 0.987 0.985-0.989 0.0067 0.0065 —0.006-0.019 0.1580 —0.303-0.316
Inter-rater analysis 0.978 0.971-0.983 —0.0446 0.0082 —0.061- -0.029 0.2013 —0.439-0.350
ST-segment integral (mV*sec)
Intra-rater analysis 0.953 0.945-0.960 0.0013 0.0012 —0.001-0.004 0.0283 —0.054-0.057
Inter-rater analysis 0.949 0.936-0.960 —0.0021 0.0012 —0.004-0.000 0.0291 —0.059-0.055
T-wave integral (mV*sec)
Intra-rater analysis 0.990 0.989-0.992 —0.0006 0.0012 —0.003-0.002 0.0304 —0.060-0.059
Inter-rater analysis 0.987 0.983-0.990 0.0045 0.0014 0.002-0.007 0.0354 —0.065-0.074
T-peak (mV)
Intra-rater analysis 0.996 0.996-0.997 0.0058 0.0065 —0.007-0.019 0.1597 —0.307-0.319
Inter-rater analysis 0.994 0.993-0.995 0.0050 0.0084 —0.011-0.022 0.2061 —0.399-0.409
T-peak to end-time (msec)
Intra-rater analysis 0.760 0.724-0.792 —0.2290 0.6735 —1.549-1.091 16.4974 —32.56-32.11
Inter-rater analysis 0.674 0.610-0.733 —1.4881 0.7871 —3.031-0.055 19.2800 —39.28-36.30
QTc-time (msec)
Intra-rater analysis 0.792 0.760-0.820 —0.6521 1.0199 —2.651-1.347 24.9821 —49.62-48.31
Inter-rater analysis 0.802 0.756-0.842 —4.2105 0.9516 —6.076- -2.345 23.3094 —49.90-41.48

Receiver-operating characteristic curves

Using the time point of icECG recording as allocation reference for
absent or present myocardial ischemia, ROC-analysis of icECG ST-
segment shift showed an area under the curve (AUC) of 0.963 + 0.029
(p < 0.0001). There was no statistically significant difference between

ST-segment shift @ J-point (mV)
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y =0.015 + 0.99*x y =0.002 + 0.98*x

Measurement 1
Measurement 1

7 ST-segment integral (mV*sec)

the assessment of the ST-segment shift at vs after the J-point (p =
0.951,p = 0.578, p = 0.226 for 40, 60 and 80 ms after the J-point respec-
tively). AUC for ST-integral was 0.899 + 0.044 (p < 0.0001), for T-wave
integral 0.791 + 0.059 (p < 0.0001), for T-peak amplitude 0.811 +
0.057 (p < 0.0001), for TPE 0.667 + 0.068 (p < 0.0001), and for QTc-
time 0.770 + 0.061 (p < 0.0001, Fig. 5).
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Fig. 2. Linear regression between test and retest measurements. Solid black lines = regression lines; dashed grey lines = reference lines, i.e. y = x.
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Fig. 3. Linear regression between the raters. The second performance of individual measurements were used for the illustration with the pairing MB-PZ, MB-AP and PZ-AP, resulting inn =
600. Solid black lines = regression lines; dashed grey lines = reference lines, i.e. y = x.

DeLong-Test of the ROC-curves showed a significant difference of ICECG ST-segment shift
AUC for ST-segment shift in comparison to all other parameters

(p £0.0001), as well as a significant difference for ST-integral as com- One hundred years ago, ST-segment shift as an ECG pattern during
pared to the remaining parameters (p < 0.0009). T-wave integral and acute myocardial infarction was first described by Harold Pardee [22].
T-peak showed a significant difference between each other (p = Since then, ECG ST-segment shift assessment in suspected acute coro-

0.029) as well as vs TPE (p < 0.0008 and p < 0.0005, respectively), but nary syndrome has become crucial for the subsequent management,
not vs QTc-time (p = 0.641, respectively p = 0.352). There was no sig- and the extent of ST-segment shift (number of leads, amplitude of the

nificant difference between the AUCs of the time measurements (p = shift) reflects the size of myocardial ischemia, and as such, cardiovascu-
0.076). lar outcome [23]. However as stated by Menown et al. [24], “the defini-
Regarding the optimum cut-off of the parameters for ischemia de- tion of significant ST-elevation varies considerably with respect to both

tection, a ST-segment shift of 0.365 mV distinguished best between the required minimum height of ST-elevation, and the number of leads
non-ischemic and ischemic ECG, sensitivity 90%, specificity 95%. The with ST-elevation”. In the same study, myocardial ischemia has been de-
best cut-off point for ST-integral was 0.061 mV*sec (sensitivity 77%, fined as an ECG ST-segment shift of >0.1 mV in inferior/lateral leads,
specificity 88%), for T-integral 0.242 mV*sec (sensitivity 53%, specificity or > 0.2 mV in anteroseptal leads [24]. ECG ST-segment shift is strongly
91%), for T-peak 1.834 mV (sensitivity 62%, specificity 87%), for TPE affected by age [25], gender [26] and ethnicity [27], and is highly vari-
60 msec (sensitivity 76%, specificity 57%) and for QTc-time 396 msec able even in healthy individuals without myocardial ischemia [27,28].
(sensitivity 84%, specificity 63%). Of note, all parameters but QTc-time In the latter, elevated J-points reflect earlier onset of repolarization,

increased during ischemia. Thus, the optimum cut-off point for QTc- which is an expression of variations in the ion channels across the myo-
time is inverse (i.e., ischemia below 396 msec). cardium [29]. This affects more often men than women, since testoster-
one is thought to be the common mechanism accounting for this

Discussion phenomenon [30]. Additionally, the amplitude of ST-segment shift in
the surface ECG is directly affected by lead positioning, habitus and

When tested in an experimental setting with systematically in- even by the posture of the patient as stated by Birnbaum and Alam [28].
duced, complete coronary balloon occlusion, and thus, absolute myocar- Conversely, icECG is located directly on the epicardium and thus, less

dial ischemia, non-ischemic and ischemic icECG is distinguishable most affected by noise signals. Furthermore, its configuration with a pseudo-
accurately by icECG ST-segment shift at an ischemia threshold of unipolar lead between Wilson Central Point and the pressure sensor en-
0.365 mV. Conversely, icECG time measurements are significantly less sures site specificity, which cannot be achieved by the 12-lead surface
accurate for ischemia detection. ECG. Consequently in our study, icECG ST-segment shift demonstrated
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Table 3
Study parameters.
Non-ischemic Ischemic p-value
Overall, n 100 100 -
ST-segment shift at J-point (mV) —0.011 £+ 0.270 1.272 4+ 0.998 p < 0.001
ST-segment integral (mV*sec) 0.013 £ 0.047 0.124 £ 0.093 p < 0.001
T-wave integral (mV*sec) 0.060 + 0.133 0.273 £ 0232 p < 0.001
T-peak (mV) 0.493 + 1.291 2420 +£ 1929 p < 0.001
T-peak to end-time (msec) 63.64 + 25.79 7395 + 19.86 p < 0.001
Heart rate 71 +£ 13 95 + 25 p < 0.001
QTc-time (msec)® 409.73 4+ 39.66  377.74 4+ 26.62 p < 0.001
Left anterior descending 50 50 -
artery, n

ST-segment shift at J-point (mV) 0.006 + 0.236 1.169 + 0.692 p < 0.001
ST-segment integral (mV*sec) 0.037 + 0.033 0.111 £+ 0.062 p < 0.001
T-wave integral (mV*sec) 0.129 + 0.105 0.316 +£ 0.156 p < 0.001
T-peak (mV) 1.074 + 1.004 2.802 + 1.117 p < 0.001
T-peak to end-time (msec) 69.80 + 31.28 7722 + 1659 p = 0.099
Heart rate 72 + 14 104 + 22 p < 0.001

QTc-time (msec)? 407.73 + 3517 37186 + 19.76 p < 0.001

Left circumflex artery, n 25 25 -

ST-segment shift at J-point (mV) 0.041 + 0.324 2.120 + 1.278 p < 0.001
ST-segment integral (mV*sec) —0.001 £+ 0.056 0.205 + 0.117 p < 0.001
T-wave integral (mV*sec) 0.053 + 0.128 0.367 +£ 0.314 p < 0.001
T-peak (mV) 0.575 £+ 1.372 3.287 4+ 2.689 p < 0.001
T-peak to end-time (msec) 55.79 + 11.86 71.00 + 1890 p < 0.001
Heart rate 69 + 12 92 + 20 p < 0.001
QTc-time (msec)? 416.80 + 3542  382.80 + 22.03 p < 0.001
Right coronary artery, n 25 25 -

ST-segment shift at J-point (mV) —0.099 4+ 0.244 0.630 + 0.542 p < 0.001
ST-segment integral (mV*sec) —0.021 £+ 0.030 0.069 + 0.062 p < 0.001
T-wave integral (mV*sec) —0.073 £+ 0.078 0.094 + 0.165 p < 0.001
T-peak (mV) —0.751 £ 0.781 0.790 + 1.314 p < 0.001
T-peak to end-time (msec) 59.16 + 20.99 7035 + 2575 p = 0.065
Heart rate 70 + 13 83 + 28 p = 0.030

QTc-time (msec)? 406.66 + 51.38  384.45 + 38.67 p = 0.041

2 QTc-time = QT-time corrected according to the Framingham method

a narrow distribution around zero in the non-ischemic state, and a dis-
tinctive increase during myocardial ischemia (Fig. 4). Also, the present
study protocol with systematically controlled for proximal balloon oc-
clusion, identical ischemia duration, and for exclusion of patients with
sufficient collateral supply provides ideal, but clinically realistic condi-
tions for the comprehensive analysis of electrocardiographic behavior

Normal: -0.011:0.270

Ischemia:  1.272:0.998

Frequency
3
Frequency
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T-peak (mV)
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during ischemia. Hence, icECG should serve as reference for ischemia
threshold determination, followed by adjustment for the 6-fold lower
signal amplitude in the surface ECG (unpublished data, comparison be-
tween icECG recordings in the LAD and lead V5 and V). Thus, taken into
account the optimal icECG ST-segment ischemia detection threshold of
0.365 mV measured at the J-point, the optimal cut-off point using the
surface ECG should be around 0.06 mV. Interestingly, this corresponds
well with the recommendation in isolated posterior myocardial infarc-
tion (20.05 mV in posterior chest wall leads V7-Vg) [1], and is quite
close to the abovementioned 0.1 mV registered in inferior leads.

Less accurate icECG ischemia parameters

Concerning the other parameters, icECG ST-integral as alternative
measure of the same pathophysiologic process as icECG ST-segment
shift performed second best (Fig. 5). The application of this parameter
as a measure of myocardial ischemia has been known for decades, and
has been explored for the improvement of coronary artery disease diag-
nosis during exercise test [31,32]. In addition, assessment of ST- and T-
wave integral (ST-T-integral) as well as T-wave amplitude with body
surface potential mapping has been shown as sensitive and specific
markers of transient myocardial ischemia [32]. However, despite the
use of the more sensitive icECG [2,3], the present study could not repro-
duce these findings and showed substantially less accuracy of all these
parameters when compared to ST-segment shift. Also, ischemia param-
eters were significantly less pronounced in women than in men
(Table 4). A possible explanation for this finding is the variable myocar-
dial mass being 25% to 38% bigger in men than in women [33], thus, gen-
erating a larger-amplitude ischemic signal.

Concerning time measurements on icECG, they provide less accurate
and less reliable results than the other parameters. Interestingly, both
TPE and QTc-time haven been shown clinically useful in estimating ar-
rhythmic risk [5], while their behavior during myocardial ischemia re-
mains ambiguous. It has been shown, that TPE as an index for
transmural dispersion of repolarization [5] (T-peak marks the end of
epicardial repolarization while the end of the T-wave marks the end of
repolarization for the entire myocardium [7]) decreases by 14 msec
after successful percutaneous treatment in patients with ST-elevation
myocardial infarction [7]. This finding could be indirectly confirmed in
the present study, in which a prolongation of icECG TPE of 10 msec dur-
ing ischemia was documented. The slight difference may be due to the
shorter ischemia time in our study. ICECG TPE showed the lowest

Normal: 0.013£0.047 Normal: 0.060:0.133

Ischemia:  0.124:0.093

Ischemia:  0.273:0.232

Frequency
u
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Normal: 63.64125.79 Normal:  409.73:39.66

Ischemia:  73.95:19.86 Ischemia: 377.74:26.62

Frequency
N

QTc-time (msec)

Figure 4

Fig. 4. Frequency distribution of the icECG parameters grouped by the physiologic state. Dark-grey: distribution of the non-ischemic group, light-grey: distribution of the ischemic group.

All values are mean 4 standard deviation.
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Table 4
Study parameters according to gender.
Non-ischemic Ischemic
Male Female p-value Male Female p-value
Overall, n 78 22 - 78 22 -
ST-segment shift at J-point (mV) —0.015 £ 0.298 0.000 £ 0.133 p = 0.732 1.358 + 0.110 0.967 £ 0.383 p = 0.010
ST-segment integral (mV*sec) 0.014 + 0.050 0.012 £ 0.033 p = 0.901 0.135 £ 0.101 0.086 + 0.037 p = 0.001
T-wave integral (mV*sec) 0.057 + 0.141 0.068 + 0.103 p = 0.705 0.294 + 0.249 0.199 + 0.138 p = 0.022
T-peak (mV) 0.455 + 1.376 0.627 £ 0.941 p = 0.503 2.628 + 2.072 1.682 4+ 1.034 p = 0.004
T-peak to end-time (msec) 63.33 + 26.04 64.73 £+ 2543 p = 0.824 71.56 + 18.77 82.41 £ 21.70 p = 0.023
Heart rate 70 + 13 76 + 14 p = 0.062 94 + 24 102 + 26 p = 0.178
QTc-time (msec)? 407.80 + 39.99 416.59 + 38.57 p = 0.361 376.39 £ 27.69 382.54 4 22.31 p = 0.341

@ QTc-time = QT-time corrected according to the Framingham method

accuracy for ischemia detection in our study, and in the LAD and RCA
even failed to be statistically different during ischemia as compared to
the non-ischemic state (Table 3).

The effect of temporary acute ischemia on the QTc-time has been
widely evaluated with ambiguous results. Meier et al. measured QTc-
time from surface ECG leads II, aVL and aVF in 150 patients during a
one-minute coronary balloon occlusion and showed a significant in-
crease during occlusion of the LAD and the left circumflex artery
(LCX), but not in the RCA [18]. These findings are in line with other

measurements of QT-interval from surface ECG during balloon angio-
plasty [34,35]. On the other hand, QTc-interval during ischemia assessed
by icECG quite consistently revealed a shortening [6,36] within the
range of our results. In the present study, both, QTc-time as well as un-
corrected QT-time decreased significantly during ischemia.

Because of the consistent difference between icECG and surface ECG,
a systematic difference responsible for the diverging findings is most
likely. Possibly, the higher sensitivity of the icECG associated with
more frequent recording of ischemia induced U-waves than in the

Sensitivity

02
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— T-wave peak (mV)
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~— QTc-time (msec)
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1 - Specificity
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Figure 5

Fig. 5. Nonparametric receiver-operating characteristic curve of the icECG parameters using the time point of icECG recording as reference. Of note, all parameters but QTc-time increased

during ischemia. Thus, QTc-time is below the reference line (dashed black line).
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surface ECG is liable for the difference [37]. Thus, considering the recom-
mended measurement at the nadir between T- and U-wave [38], QT-
time will be systematically shorter in the presence versus the absence
of an U-wave. However, since the U-wave as well as the behavior of
the QT-interval in the surface ECG were not analysed in this study, the
above explanation remains untested. Consequently, further prospective
studies with simultaneous recording of icECG and surface ECG would be
required to elucidate the actual behavior of the QT-interval during acute
ischemia.

Study limitations

The present study results were obtained in a selected population (no
arrhythmia or bundle branch blocks) of the same ethnicity, and may be
not generally representative. Furthermore, the low percentage of female
patients did not allow a separate ROC-analysis for calculation of gender-
specific ischemia threshold values of icECG ST-segment shifts.

In addition, retrospective inclusion of seventy-seven patients from a
pharmacological stress study with higher heart rate at the time of ische-
mia directly affected the time-measurements (i.e. TPE and QTc-time) as
well as time integrals. However, first, QT-interval was corrected for
heart rate and second, a posthoc-analysis of the remaining twenty-
three patients revealed similar results.

Clinical implication

Quantitative assessment of myocardial ischemia by icECG should be
performed by measuring ST-segment shift at the J-point. An ST-segment
shift of 0.365 mV distinguished best between non-ischemic and
transmural ischemic myocardium. Thus, cut-off values commonly
used in the surface ECG (i.e. 0.1-0.2 mV) are not applicable in the icECG.

Conclusion

When tested in a setting with artificially induced absolute myocar-
dial ischemia, icECG ST-segment shift at a threshold of 0.365 mV most
accurately distinguishes between absent and present ischemia.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jelectrocard.2020.11.018.
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3.2.1 Supplemental material
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Supplemental figure 1
Supplemental figure 1: Bland and Altman plots for intra-rater variability. Difference = measurement 1 minus
measurement 2; Solid black lines = mean difference; dashed grey lines = 95% limits of agreement. Y-axis is scaled
1,5-fold minimum respectively maximum value. Please see table 2 for the detailed Bland and Altman analysis
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Supplemental figure 2

Supplemental figure 2: Bland and Altman plots for inter-rater variability. Difference = rater 1 minus rater 2
with the following pairing: MB-PZ, MB-AP, PZ-AP; Solid black lines = mean difference; dashed grey lines = 95%
limits of agreement. Y-axis is scaled 1,5-fold minimum respectively maximum value. Please see table 2 for the

detailed Bland and Altman analysis.
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Supplemental table 1: ANOVA table of results for intra-rater and inter-rater variability
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Intra-rater Inter-rater
Degrees of Mean Degrees of Mean

freedom Square F-Value freedom Square F-Value
ST-segment shift at J-point (mV)
Between groups 1 0.014 0.014 2 0.245 0.255
Within groups 1198 0.959 p=0.905 597 0.960 p=0.775
ST-segment integral (mV*sec)
Between groups 1 0.001 0.062 2 0.001 0.134
Within groups 1198 0.009 p=0.804 597 0.008 p=0.875
T-wave integral (mV*sec)
Between groups 1 0.000 0.002 2 0.003 0.069
Within groups 1198 0.047 p=0.965 597 0.048 p=0.934
T-peak (mV)
Between groups 1 0.010 0.003 2 0.006 0.002
Within groups 1198 3.620 p=0.958 597 3.639 p=0.998
T-peak to end-time (msec)
Between groups 1 15.73 0.028 2 630.39 1.105
Within groups 1198 566.90 p=0.868 597 570.64 p=0.332
QTc-time (msec)
Between groups 1 127.56 0.085 2 2403.09 1.714
Within groups 1198 1500.21 p=0.771 597 1402.42 p=0.181

53




Intracoronary electrocardiogram as a direct measure of myocardial ischemia

3.3 Project Il

Detection of Myocardial Ischemia by Intracoronary ECG Using Convolutional Neural
Networks

The third project aimed at determining the optimal icECG ischemic parameter using a deep
learning approach. In comparison to the second project, where different icECG parameters
were selected based on a literature search and analyzed in a setting with artificially induced
absolute myocardial, this project used the same (extended) data to train convolutional neural
networks (CNN) to differentiate between non-ischemic and ischemic 2D-images of icECG as
good as possible. In a second step, visualization of the activation patterns of the CNN were
used to detect the morphology responsible for the network prediction. These activation

patterns were evaluated with regard to pathophysiologic plausibility.

My contributions were the conception and design of this retrospective study as well as data
analysis and interpretation, writing the first draft with production of all figures and revision of

the manuscript.

The results of this project have been accepted for publication in PLOS ONE in May 2021. In
the year of publication, PLOS ONE had an impact factor of 3.04 and was ranked Q1 according

to SCImago Journal Rank in the subject area “Multidisciplinary”.

For a better understanding of the used methodology, the project starts with a brief introduction

to deep learning and CNN with an explanation of the most important terms and the general

principles. However, in depth explanation of deep learning is beyond the scope of this thesis®.
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3.3.1 Preamble: Convolutional neural networks

Machine learning and deep learning

Machine learning is a field of expertise in computational sciences, where applied statistics are
used to estimate complex functions assumed behind data patterns. The algorithm tries to find
natural patterns in the data without relying on a predetermined model. Machine learning is
used to solve problems in a wide variety of applications such as classification (e.g., object/face
recognition), regression (e.g., temperature development) or transcription (e.g., speech

recognition).

Generally, machine learning uses two types of learn mechanisms: supervised and
unsupervised learning. The first involves observing numerous examples of data X (e.g.,
images) and associating it with data Y (e.g., classification labels) to predict Y from X. In other
words, supervised learning imitates (“learns”) the pattern of a (training) data set to later apply
the gained evidence on a new and uncertain (test) data set to predict the required output.
Unsupervised learning observes examples of a data set to find hidden patterns in the
distribution without available labels/output classes resulting in the formation of clusters within

the data set05106,

Deep learning is a subset of machine learning with the basic principle that data are generated
by a probability distribution called the data-generating process. For clinical data,
pathophysiologic mechanisms are the basis for this probability distribution, e.g., the different
distribution of icECG ST-segment shifts before or at the end of a coronary balloon occlusion
as shown in figure 4 of Project Il. Assuming that the test data to be analyzed share the
underlying data-generating distribution, deep learning applies the basics of machine learning
to approximate the function of this underlying probability distribution. In this process, deep
learning uses a composite of functions called networks'®. The most common architecture of

this central structure in deep learning is a chain of layers (figure 1X). In simple terms, assuming
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a network with three functions fi, f,, and fs, the functions are in succession so that they form
f(x) = fa(f2(f1(x)))*%. f1 is called the first layer of the network, f. the second layer and so on.
Layers, where the network does not show the output (i.e., layer 1 and 2 in our example) are

called hidden layers.

Input layer Hidden layer 1 Hidden layer 2 Output layer
Figure IX: lllustration of a simplified network with three functions in a chain structure.
The length of this chain-function defines the depth of the model and is responsible for the term
“deep learning”. In addition, these networks are called neural networks because they were
inspired by the organization of the animal visual cortex'. Similar to the natural model, a neural
network adaptively learns spatial hierarchies of features from low (i.e., edges) to high-level
patterns'®-1% |n deep learning, each neuron represents a unit that receives an input and

computes its own activation value (output).

Feedforward networks are models where the information is processed form the input x through
all functions to the output y. There is no feedback mechanism in such models between the
layers. Networks with feedback connections are called recurrent neural networks. However,
most of the networks used for classification are feedforward networks. Consequently, | will

restrict the introduction to these networks.
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Operating principle of neural networks

For a brief explanation of the operating principle, it is straightforward to start with a linear model
and subsequently provide solutions for its limitation. This linear model is given by y = x*w,
where x represents the input data, w the weight of the function and y the known output. During
supervised learning, the algorithm adapts the weight of the function until the predicted value
y* corresponds to the true value y as good as possible with respect to the squared error (see

figure X)105.106,

Squared error (y-y*)?

f(X) Random start
point

Input Output

f(x) = x*w
With:
X =input
y* = predicted value
y =true value

Figure X: Linear network and its corresponding cost function with squared error. Using squared, rather than
direct error causes a weighting of the error (i.e., small error cause less correction than big errors).Note that this cost
function is solely for illustrative purposes. Commonly used cost functions are more complicated and have multiple

local minima, complicating the search of the optimal configuration (see below).

This procedure is conducted by a three-tier principle:

1. Prediction

2. Comparison

3. Adaptation
After initialization with random weights, y" is calculated by the underlying function of the
network. In the next step, this prediction is compared with the known output and an error (y-
y*) is calculated. According to this error, the weight is adapted, and the procedure starts with
a second prediction iteration. This sequence is repeated until the prediction has reached

optimality (that is a minimal squared error) or time has run out.
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This starter example shows a linear relation between inputs and expected output. However,
most of the problems to which neural networks are applied are non-linear. Therefore, multiple
functions have to be stacked to achieve a reasonable prediction?®® (figure IX). This concept is

explained by the schematic of a heart and its binary representation (figure XI).
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Figure XI: Schematic picture of a heart and its binary representation in a matrix

While it is not possible to recognize the heart by a single pixel, the combination of several
pixels form the characteristic structure. Hence, several pixels have to be jointly analyzed for
an optimal prediction. This is, however, not possible in a linear network and in general also not
with a single function in a single layer and requires more sophisticated structures. In these
structures, the prediction of the first layer serves as the input to the second layer, i.e., it
produces intermediate measures, serving as inputs to the next layer. Such intermediate layers
are denoted as hidden layers, since their output is not visible from outside of the neural
network. However, in a linear model, every network with two functions (y=(x*w1)*w,) can be
replaced by a simpler function with a combination of the weights (i.e., y = X*Wcomb; With
Weomb.=W1*W2)1%. Hence, there is no benefit of a deeper structure in this situation. Differently,
implementation of non-linear functions, for example functions that are linear for values meeting
the condition and return the value “0” otherwise, enable the network to deal with different inputs

and increase the efficacy of deeper structures. This characteristic is also called conditional
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correlation, and the corresponding function is called activation function. The default activation
function of most neural networks is the rectified linear unit (ReLU)%12 which is linear for x>0

and returns 0 otherwise (figure XII).

output (y)

Figure XIlI: Illustration of a rectified linear unit. This activation function is linear for all input values x>0 and 0

for all other input values.

The last layer of the network serves as the output function. Its purpose is to receive the results
of the previous layers and merge them into one prediction. If the network is used for a
classification task, the output function produces a probability measure for every class, i.e., a
value between 0 and 1. Obviously, the probabilities of all classes should sum up to 1. This is
achieved by the application of a so-called softmax function. This function represents the

probability distribution over C different classes and is given by the formula:

Inputvalue x;

softmax(x;) = < Inputvalue x;

j=1€
The application of this function leads to the result, that the more probable one option is rated,
the less probable are all other options (i.e., a form of “the winner takes it-all’!°®). Hence, it
enhances the effect of a strong prediction, independent of its correctness. This characteristic

will be important for the next steps.

After calculation of the probability measure of each class, the result is compared with the actual
value (1 for the correct class, O for all others) during supervised learning. The error can be
determined by computing the mean squared error over all classes. In practice, however, the
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error is commonly determined by calculation of the cross entropy loss, i.e., the difference
between two probability distributions for a set of events. Cross entropy is derived from the
information theory, where lower probability events have more information (as they are rarer),
and the term entropy is used for “the number of bits required to transmit a randomly selected
event from a probability distribution”®, Pursuing this information theory, cross-entropy
calculates the number of additional bits to represent an event using the distribution Y (network
prediction) instead of P (data generating distribution). Cross entropy loss for multi-label

classification is given by the following formula®'*:

loss = — Z(Pi'j * In( Yl-,j))

N
=1 ]:]_

i
with: Y;; = softmax output for a given category

P j target value of that category

C = total number of categories
N = total number of examples

In short, “that is, the probability that the network associates the i input with class j."°.
Application of this negative log-likelihood cost function leads to a strong penalization of the
most active incorrect prediction, while correct answers contributes little to the overall training

adaptation®,
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This adaptation is performed according to the calculated error and causes a change in every
weight of each function, which has contributed to the results. Hence, functional paths which
has been set to 0 by the ReLU-function are not updated. The process of weight updating is
called backpropagation and is performed by an optimizer algorithm. This algorithm searches
the optimal configuration of weights, which produces a minimal error. Hence, from a
mathematical point of view, optimizer algorithms search minima in the cost function. One of
the simplest algorithms fulfilling this requirement is called gradient descent. This algorithm
computes the gradient of the loss function, i.e., its first derivative in respect to the current

weight. Then, to find a minimum, the algorithm has to move into the opposite direction of the

gradient (see figure XIlII).

Figure XIII: Simplified cost function with ~ Squared error (y-y*)*

illustration of the gradient at a randomly
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chosen point. On the right side of the
minimum, the gradient will be positive,
while it is negative on the left side of the
minimum. Hence, for the correct adaptation
of the weight (on the x-axis), we have to
move into the opposite direction of the
gradient (e.g., decrease of the weight by a

Weight (w)

negative value at the current position). Minimum

While moving into the opposite direction, it is important to avoid an exaggeration of the
correction. For this purpose, optimizer algorithms multiply the intended step with a value
between 1 and 0, called the learning rate. Thus, it moves only a fraction of the initially intended
step into the right direction and starts with the three-tier principle from this new point. Correct

choice of the learning rate is the most crucial factor for a successful learning process.
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Algorithms that use the entire data set for one adaptation of the weights are called deterministic
gradient methods. However, currently, most of the programmers use a stochastic method
where the data set is divided into n training sets (called minibatch) and the weights are updated
after each minibatch. This method is called stochastic gradient descent (SGD)!%117, SGD can
be enhanced by applying an additional momentum algorithm?8, which introduces inertia to the
SGD by calculating an exponentially decaying moving average of past gradients!®. In short,
SGD with momentum (SGDM) gains speed (=takes bigger steps) when several calculated
gradients showed into the same direction. Figure XIV illustrates the advantage of this

approach!?,

Squared error (y-y*)? Squared error (y-y*)?

Cost function

I~
L
°©
c
S
2
7
c
Q

Minimum Minimum

Stochastic gradient descent Stochastic gradient descent
without momentum with momentum

Figure XIV: lllustration of weight adaption with two different optimizer algorithms Stochastic gradient descent
without momentum calculates the gradient at each point and takes a step into the right direction (multiplied by the
learning rate to prevent an exaggerated step). On the right side, additional momentum algorithm increases the step

size after several steps showed into the same direction resulting into a higher speed.

The second common optimizer algorithm is an adaptive moment estimation learning rate
algorithm, short ADAM*?1, ADAM uses an exponentially decaying average of the past squared
gradients to scale the learning rate and in addition a moving average of the gradient (similar
to momentum)%®122_|n this process, ADAM estimates the first and second moments (i.e., the

mean and the uncentered variance of the cost function'?®) to adapt the learning rate for each

weight of the neural network?2,
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In general, ADAM reaches a minimum in fewer steps than SGD'%. However, both optimizer
algorithm perform fairly robust and there is ho consensus on the choice of the right optimization
algorithm as stated by Goodfellow et al.1%. Thus, a practical recommendation is to spend more
time on the optimal network model (see below), rather than on a more sophisticated optimizer

algorithm.

Convolutional neural networks

The special algorithm behind convolutional neural networks was first introduced by LeCun et
al.’** in 1989 and most of the current classification networks are based on it1?5129,
Convolutional networks use a special kind of linear operation called convolution in at least one
of their layers'®. The idea behind the convolutional stages is to replace a large-scale linear
layer through multiple small-scale linear layers which “search” for specific features!®. Of note,
convolution in deep learning does not precisely correspond to the mathematical definition used

in engineering etc.1%,

In neural networks, convolution operation applies a special weight matrix called kernel to the
input to extract features of it'?4. Figure XV illustrates this procedure in a simplified form with a
4x4 kernel reacting to diagonal lines from bottom left to upper right, which investigates a 9x9
input matrix. After calculating the output value at position 0 (upper left corner) by multiplying
each input value with the corresponding kernel weight and reporting the sum of all
multiplications, the kernel migrates one pixel to the right and repeats its operation. This results
in a 6x6-output matrix that presents us the position of diagonal lines in the input value. Hence,
convolutional layers in the neural network can be seen as a scan procedure with a template
(i.e., kernel), where related structures causing a higher output value. Application of multiple
different kernels with randomly chosen initial weights and weight adaptation during the training
process allows a complex scan of the input data with extraction of various features necessary

for pattern recognition.
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Kernel Output

6x

9x9 4x4 6x6

Figure XV: lllustration of the convolution process. Application of a single kernel to the input data with extraction
of one feature. In this example, the 4x4 kernel reacts in the presence of diagonal lines from the bottom left corner
to the upper right corner (all other elements are 0 in this kernel). The output of the kernel sums up all multiplication
(in this example 16 per position) and then moves one position on the input matrix further. Of note, the dimension of
the convolutional stage output depends on the input size, the kernel size, the steps of the kernel as well as the

number of different kernels. In this example, it would be 6x6x1 (as only one kernel was used).

Convolutional stages with parallel application of kernels are then followed by an activation

function (e.g., ReLU) as well as a pooling function® (see figure XVI).

Convolutional layer

Convolution stage Activator function, Pooling stage

e.g., ReLU
N —

uapun

Input ——— — Output

Figure XVI: lllustration of the components of a common convolutional layer. In a first step, the
convolutional stage, multiple, parallel running kernel-operations enables the simultaneous extraction of various
features. After this (linear) step, an activator function (normally a rectified linear unit (ReLU) is used to introduce
non-linearity, followed by the pooling stage to merge the results of each kernel into a single matrix, necessary

for the output.
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The latter merges the results of all the different kernel output matrixes together for the final
output of the convolutional layer. There are different possibilities of this procedure with
element-by-element addition, mean calculation of all output values or extraction of the highest
value (called max-pooling®*°). As an advantages of this last step, pooling “helps to make the
representation approximately invariant to small translation of the input™®. This is especially
helpful if we are more interested in the presence (yes/no) than the exact location of a feature®.
Notable, it is possible to illustrate the activation map of each layer (respectively each kernel)
to understand the procedures on the different layers of the network (for the Matlab code see
Appendix 8.6). However, with increasing depth, the activation map becomes more and more

abstract.

Current convolutional neural networks consists of several convolutional layers with variable
connection between the layers. The number of layers as well as the specific connection
between the layers are defined by the architecture of the network. The general architecture
includes an input layer, a variable number of convolutional layers as well as a fully connected
layer. This fully connected layer receives his input from each unit of the previous layer (thus,
fully connected) to merge all the previously performed calculation and returns an output vector
with the size of the numbers of categories. After this step, an activation function (usually
softmax in classification networks) as well as a classification layer complete the structure.

Figure XVIl illustrates a simple convolutional neural network with a depth of six layers.
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Input layer Convolutional Convolutional Convolutional Fully connected Output layer
layer layer layer layer

Pixel values Identification Combination Identification Combination Weighting
detection of edges of edges of features of features (softmax) and
classification

Figure XVII: Structure of a convolutional neural network with a depth of six layers The connections between
the layers as well as the different intended tasks vary for each layer. With increasing depth, the extracted features

can hierarchically and progressively become more complex3.

This architecture, i.e., the number of convolutional layers is crucial for the performance of a
neural network. As a rule of thumb, the capacity, i.e., “the ability to fit a wide variety of
function™% grows with an increasing number of layers. However, with increasing capacity, a
network is prone to overfit. This means that there are enough functions to remember each
example of the training data resulting in an excellent classification accuracy in the training
without extracting of the underlying data pattern. As a result, the network performs low in
previously unseen inputs. This ability, i.e., to perform well on unseen inputs, is called
generalization'®. Achievement of an optimal generalization is the central challenge in the

design and training of neural networks.

While a lower capacity does not have the problem of overfitting (also called overspecialization),
it is often socialized with a high training error (i.e., underfitting). In this situation, the network is
not able to extract the different underlying data pattern to calculate reasonable prediction
because of the restricted possibilities. Hence, most up-to-date approaches use network
architectures with a high capacity and introduce further restrictions to prevent overfitting. The

best solution to prevent overfitting is to increase the number of training data.
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This is, however, not always possible. Hence, another possibility is to augment the existing

training data by random translocation, rotation and/or reflection of the images%-106,

Further, most networks are trained with a restriction called dropout!®!. This function randomly
samples a binary mask to all input and hidden units in the network, removing all units that

received a “0” from the underlying network (see figure XVIII).

Figure XVIII: lllustration of the dropout regularization procedure. The dropout function randomly deactivates
units in the network and creates a subnetwork with a decreased capacity. This prevents overfitting. Weights of

neurons, which do not participate in the current prediction, are not updated.

This binary mask is removed after each minibatch and a newly configured mask is applied
before the start of the next minibatch iteration. Application of this dropout function decreases
the capacity of the network and “regularizes each unit to be not merely a good feature but a
feature that is good in many context”. From another point of view, dropout generates
numerous subnetworks with lower capacity, which are not able to recognize all details of the
images. Hence, every subnetwork will focus on the same strong signal, while considering
randomly various small details (i.e., data noise). Thus, combination of all these subnetworks
results in an augmentation of the strong signal and a deletion of the randomly small noise

signals'®®,
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Last, a very simple but effective method to prevent overfitting is the manual early stopping of
the training process®2133 after the occurrence of first overfitting signs, i.e., the divergence of
the training and validation performance. For this purpose, the training process is displayed in
real-time showing the current performance on the training data as well as the preliminary
performance on the validation data. Figure XIX shows an example of such a training process,
where missing data augmentation caused overfitting at an early stages and where manual

early stopping should have been performed.
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Figure XIX: Overfitting due to missing data augmentation. Overfitting is characterized by early divergence of
the training performance (blue) and the validation performance (black, performed every 10 iterations). After 150

iterations, there is no improvement in the validation accuracy, while the training accuracy is close to 100%.

Of note, it is rarely possible to achieve an accuracy of 100% on previously unseen data even
for an utopian ideal model. This is because on the natural noise within the data-generating
distribution (see also Project Il, figure 4 for a frequency distribution of the icECG parameters
grouped by the non-ischemic and the ischemic state). This error incurred by an utopian ideal

model is called Bayes error'®.

Hyperparameter of a neural network

Adaptation of each weight during the training process occurs based on the underlying optimizer
algorithm. However, there are parameters, called hyperparameters, which are not
automatically adapted during the training process. Instead, adaptation is conducted according

to the performance of the trained network on the validation data.
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The most important hyperparameter is the learning rate. Hence, it is recommended to spend
most time optimizing this parameter. The learning rate determines the size of each adaptation
step towards a minimum. Setting the learning rate above a certain range causes overshooting
corrections with consecutive oscillation of the network, while an inadequate low learning rate
results in a prolongation of the training process®* (see figure XX). In addition, choice of the
learning rate depends on the optimizer algorithm. For example, training with SGDM requires
an approximately 10-fold higher learn rate than training with ADAM?*3®, In practice, the learning
rate is normally adapted during the training progress, i.e., starting with a high learning rate,

which gradually decreases after each x training iterations°®,
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Figure XX: Effect of the learn rate on the training process A) Training process with an inadequate high learning
rate (7*10) resulting in overshooting corrections with consecutive oscillation around a low level of prediction
accuracy. B) Training process with an inadequate low learning rate (1*10-) results in a low performance increase
within a reasonable amount of time. Both networks were trained using the ADAM optimizer algorithm with the same

training data and hyperparameter settings except of the learning rate. Training duration was 75 minutes each.
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Another important hyperparameter is the probability for the binary mask in the dropout layer to
randomly remove layers from the network. Those newly formed subnetworks should be big
enough to have an adequate capacity to solve the task but small enough to prevent overfitting.
As recommended by Goodfellow et al., hidden units should be excluded with approximately a
probability of 50% (i.e., 0.5)1%. Of note, if this number is too high, a significant proportion of
the resulting subnetwork does not have input units and in the worst case, there exists no path

connecting the input to the output resulting in a non-functional network.

A further hyperparameter is the minibatch size, i.e., the size of the subset of the training data
that is used to evaluate the gradient of the loss function and to update the weights. The
optimizer algorithm calculates the steps towards minimizing the loss function after completion
of all images within a minibatch. In general, larger minibatches provide a more accurate
estimation of the gradient. However, small batches have been shown to offer a regularizing
effect on the training process, probably because of the noise they add since each training
image has more direct impact on the weight adaptation*®s. Consequently, minibatch size
affects the acceptable range of possible learning rates. In a recent study analyzing the effect
of the minibatch size on the training process, the authors concluded that “smaller is better and

the best performance is obtained by minibatch size between 2 and 32",

Last, the number of iterations of all training data, called an epoch, affects the training process.
Preliminary termination of the training process because of a limited number of epochs causes
suboptimal network performance, while missing termination increases the risk for overfitting.
Most training options includes a preliminary termination term, which terminates the training

process when the validation and the training performance diverges several steps in a row*,
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Hyperparameter optimization

Unfortunately, the setting of these parameters is often more or less based on trial and error
(within a certain range)!. The simplest option to find the best hyperparameter setting is a grid
search®®®, This approach requires a small finite set of values to explore for each
hyperparameter (i.e., 2-32 for the minibatch size) and then trains a model for every possible
hyperparameter configuration within this finite set (see figure XXI A). Afterwards, the
experiment with the best validation accuracy is chosen to be the optimal hyperparameter
setting. Another more convenient approach is random search (figure XXI B)!%8. Here,
hyperparameter configurations are randomly chosen within a range. The model is then trained
x-times with a random configuration. In practice, random search provides faster good values®.
However, neither approach does include the results of the preceding trainings into its
evaluation and thus, does not guarantee a successful search of an optimal hyperparameter
setting (i.e., tracing of a global minima as outlined in figure XXI). In addition, both approaches

require numerous training runs and thus, time.
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Figure XXI: Searching of optimal hyperparameter settings using grid and random search on a complex cost
function with several local minima and one global minimum. A) Grid search with organized testing of different
hyperparameter settings within a finite set. There is a constant difference between the tested hyperparameters
settings B) Random search of the optimal settings with varying differences between the tested hyperparameter
settings. Black thin line = one tested hyperparameter setting; black point = achieved error rate with the

corresponding settings; red thin line = best hyperparameter setting; black star = best achieved error rate
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Another, more systematic approach is based on the Bayes’ theorem, i.e., “the updating of a
previous belief in light of new information to produce an updated posterior belief’'®. This
Bayesian optimization approach!*® starts with few training runs with randomly chosen
hyperparameter settings. After n-runs, a surrogate function of the cost-function is constructed,
which is considerable simpler than the true cost function (see figure XXII for an illustration of
this approach). In a second step, minima of this surrogate function are calculated and
designated as promising regions. Hence, in the second round of n-runs, the algorithm tries
different combination in these promising regions as well as on a different region to update the
surrogate function (as it is possible that the first function missed an important region). Thus,
after a certain number of iterations, the algorithm will find a good configuration of the

hyperparameters.

Error Error

Hyperparameter
settings

Hyperparameter
settings

Figure XXII: Searching of optimal hyperparameter settings using Bayesian optimization A) After initialization
with random hyperparameter settings (black point = one training run), a surrogate function (dashed black line) of
the cost function is calculated. Based on this surrogate function, a promising region is defined (grey; around the
minimum of the surrogate function including the currently best configuration (black star)). B) In the second step,
new configurations within the promising region are tried (blue circle) as well as few randomly chosen settings to
update the surrogate function beyond the promising region (dashed blue line). After this iteration, a new promising
region is defined based on the best configuration (blue star) as well as the newly calculated minima of the cost

function.

Nevertheless, Goodfellow et al.!® does not unambiguously recommend Bayesian hyper-
parameter optimization as it fails in very complex cost functions. However, they recommend to

try it once to see if it works on that particular problem.
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Transfer learning

Transfer learning generally refers to the situation, where a model trained on one task is used
in some way on a second task, which is similar to the first one to some extent'#!. It has the
benefit of decreasing the training time and further results in lower generalization error42,
However, the most important reason to use transfer learning is that there are not enough data
to adequately train a deep neural network. Hence, instead of provoking overfitting by numerous
iterations on the smaller data set, usage of a deep neural network, which has been previously

trained on a large data set, is preferable!®,

Of note, transfer learning is only possible if the features learned from the first tasks are
general’®, In image classification task, these features include recognition of characterizing
structures as edges, lines and other geometrical patterns. As these features are essential in
every classification task, it is common to use a neural network previously trained for weeks on
a challenging image classification tasks as ImageNet'*4. ImageNet is a large image database,
which offers millions of sorted images in 1000 categories to train networks. Further, its

ImageNet Large Scale Visual Recognition Competition (ILSVRC*; http://www.image-

net.org/challenges/LSVRC/ ) is a reputed platform to compare classification neural networks

and most of the commonly used networks for transfer learning won this challenge once!?>
121,129 These networks are publicly available with the trained weights proven effective on
extracting features from images and serve as the starting point for the new training process

after a few adaptation.
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3.3.2 Abstract
Introduction The electrocardiogram (ECG) is a valuable tool for the diagnosis of myocardial
ischemia as it presents distinctive ischemic patterns. Deep learning methods such as
convolutional neural networks (CNN) are employed to extract data-derived features and to
recognize natural patterns. This study aimed to determine the optimal ischemic parameter as
obtained from the highly susceptible intracoronary ECG (icECG) using pre-trained CNN.
Method This was a retrospective observational study in 228 patients with chronic coronary
syndrome. Each patient had participated in clinical trials with icECG recording and ST-segment
shift measurement at the beginning (i.e., non-ischemic) and the end (i.e., ischemic) of a one-
minute proximal coronary artery balloon occlusion establishing the reference. Using these data
(893 icECGs in total), two pre-trained, open-access CNN (GoogLeNet and ResNet101) were
trained to recognize ischemia. The best performing CNN during training were compared with
the icECG ST-segment shift for diagnostic accuracy in the detection of artificially induced
myocardial ischemia.
Results Using coronary patency or occlusion as reference for absent or present myocardial
ischemia, receiver-operating-characteristics(ROC)-analysis of manually obtained icECG ST-
segment shift(mV) showed an area under the ROC-curve(AUC) of 0.903+0.043 (p<0.0001,
sensitivity 80%, specificity 92% at a cut-off of 0.279mV). The best performing CNN showed an
AUC of 0.924 (sensitivity 93%, specificity 92%).DelLong-Test of the ROC-curves showed no
significant difference between the AUCs. The underlying morphology responsible for the
network prediction differed between the trained networks but was focused on the ST-segment
and the T-wave for myocardial ischemia detection.
Conclusions When tested in an experimental setting with artificially induced coronary artery
occlusion, quantitative icECG ST-segment shift and CNN using pathophysiologic prediction
criteria detect myocardial ischemia with similarly high accuracy.
Keywords: Intracoronary electrocardiogram, myocardial ischemia, ST-segment shift,

convolutional neural networks, deep learning
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3.3.3 Introduction

The electrocardiogram (ECG) is an easy available biomedical tool yielding diagnostic
information on various cardiac pathologies, specifically acute myocardial ischemia, where the
presence or absence of ECG ST-segment shift has therapeutic consequences?.

However, as myocardial ischemia directly affects all energy-dependent cellular processes,
several ECG parameters other than ST-segment shift also reflect myocardial ischemia.
Recently, our research group employed an experimental setting with complete coronary artery
balloon occlusion during 1 minute, thus creating a brief myocardial ischemia? 3. Intracoronary
ECG (icECG) was used to assess the diagnostic accuracy of various ECG parameters for
ischemia detection*, whereby the icECG ST-segment shift measured at the J-point at a
threshold of 0.365mV was superior to other parameters for ischemia detection. In the
mentioned study, selection of the analyzed parameters was based on a literature search for
ECG ischemia parameters. Thus, it is likely that potentially well-performing parameters were

overlooked based on missing literature.

In comparison, deep learning methods, such as convolutional neural networks (CNN) are not
affected by a selection bias based on available literature. Instead, the algorithm tries to find
patterns in a given dataset to solve a pre-defined task® ¢. Hence, CNN focuses on data-derived

features rather than on pre-defined parameters, offering an interesting novel approach.

The present study aimed to determine the optimal icECG parameter for myocardial ischemia
detection using a deep learning approach with transfer learning (i.e., retraining) of pre-trained
CNN. In a first step, multiple CNN were trained to differentiate between non-ischemic and
ischemic images of iCECG. Then, parametric visualization of the CNN-derived activation

patterns was used to find the ECG morphology responsible for the network prediction.
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3.3.4 Methods

Study design and patients

This was a retrospective observational study in patients with chronic coronary syndrome who
underwent coronary angiography due to chest pain, and participated in one of several clinical
trials’® our research group carried out between July 2016 and October 2020. As part of all
those trials, coronary collateral flow index (CFI) was obtained, i.e., the quantitative measure of
coronary collateral function during a brief, artificial coronary artery occlusion. A detailed
description of CFI has been previously published?®. In brief, CFl is a measure of collateral blood
supply to a coronary artery proximally balloon-occluded for the duration of 1 minute, and it is
defined as mean coronary occlusive pressure relative to mean aortic pressure, both subtracted
by central venous pressure!l. Hence, the present study employs the same temporal landmarks
with non-ischemic (i.e., before coronary occlusion), and controlled ischemic (i.e., at the end of
the occlusion) conditions as recently*. Of note, the experimental setting of a brief artificial
coronary balloon occlusion creates an independent reference essential for the subsequent

analysis.

Criteria for inclusion in the present analysis were previously conducted CFI measurements
with simultaneous recording of icECG, and written informed consent for further use of the
patient’s data. Exclusion criteria were the presence of ECG bundle branch blocks, and of non-
sinus rhythm or paced rhythm. Application of these criteria resulted in 893 icECG tracings. A
patient could thus provide more than two (one non-ischemic and one ischemic) icECG tracings

to the data set. ICECGs did not have to be present in pairs of both conditions.

All original studies had been approved by the Ethics Committee of the Canton of Bern,

Switzerland, and all patients gave written informed consent for further use of their data.
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Acquisition and preparation of the intracoronary ECG

ICECG was acquired by attaching an alligator clamp to the 0.014-inch pressure monitoring
angioplasty guidewire (PressureWire™ X Guidewire, Abbott, Chicago, Illinois, United States)
positioned in the distal third of a major coronary artery, and connecting it to a precordial lead.
The structure of this guidewire with non-conductive coating allows the generation of an icECG-
lead between the Wilson Central Terminal and the conductive pressure sensor of the guidewire
located near the tip without the need for additional isolation. ICECG recording was performed
at a sampling frequency of 2’000 Hz, and with standard system filtering (corresponding to a
bandpassfilter 0.05-100Hz). The same guidewire served as angioplasty guidewire for the

balloon catheter used for proximal coronary balloon occlusion.

In a subsequent step, 12 to 15 consecutive cardiac cycles were manually chosen according to
the intra-procedural tagging as “non-ischemic” or “ischemic” (i.e., recorded during coronary
patency respectively coronary occlusion). The chosen cardiac cycles were then signal
averaged, additionally plotted in Matlab and saved as jpg -images and stored in group-specific
folders (491 non-ischemic, and 402 ischemic icECG images; figure 1).

Non-ischemic Ischemic
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Figure 1: Input data for the neural networks The input data were taken from the original study analysis and
converted into jpgs with a predefined image size (224x224x3 pixels). Each image contained either the illustration
of a non-ischemic (i.e., recorded directly before the coronary balloon occlusion) or an ischemic (i.e., recorded at
the end of the balloon occlusion) intracoronary ECG as well as the corresponding label (non-ischemic respectively
ischemic). In this example, both icECGs are from the same vessel (left anterior descending coronary artery) from

the same patient. ICECG ST-segment shift was 0.056mV respectively 0.858mV.
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Image allocation and data augmentation

Of the 893 icECG images, 58 were randomly separated into an examination folder for final
diagnostic accuracy assessment independent of the training and validation data. The
remaining 835 icECG images were randomly allocated to training and validation data (80%
respectively 20% as recommended by Goodfellow et al.®), the validation data being used to
assess the performance of the trained networks during the training process. This resulted in
668 training and 167 validation images. Because of the strong spatial dependence of the
iIcECG with relevant regional morphologic changes within each patient, the likelihood that the
network performs overfitting on single patients was judged small. Thus, randomization was not
made on a patient level and recordings from two different coronary arteries of the same patient

were allowed in two different data sets.

Before the start of each training iteration, all training images were randomly shuffled and
processed by adding data noise to prevent overfitting® 2. That is, the images were randomly
rotated in a range between £45°, translocated +10 pixels in every direction and/or reflected on

the horizontal axis.

Selection and preparation of the pretrained convolutional neural networks
Pretrained CNN were trained on millions of images (for the ImageNet'® Large Scale Visual

Recognition Challenge (ILSVRC; http://www.image-net.org/challenges/LSVRC/ ), whereby

general pattern recognition skills have been already previously developed, thus, allowing the
application of a complex network architecture on a small data set. For this study, two CNN with
different depth and network architecture were chosen. Both had an input size of 224x224x3
pixels for the images allowing a single data set preparation.
e GoogLeNet (GN) is a 22 convolutional layer deep CNN developed by Szegedy et al.*
named in honor of the first CNN (LeNet by Yann LeCun®®). GN has a special

architecture with networks within networks (called inception modules). These modules

79


http://www.image-net.org/challenges/LSVRC/

Intracoronary electrocardiogram as a direct measure of myocardial ischemia

contain multiple different filter sizes allowing simultaneous feature extraction on
different levels of details®.

e Resnetl01 (RN) is a 101 convolutional layer deep CNN developed by Kaiming He et
al.'” using a special residual learning framework allowing the training of a deeper and
thus more accurate network. As a trade-off, its prediction time is significantly longer as

that of GN.

To prepare for the transfer learning process, the last three layers of the networks responsible
for the network prediction had to be replaced for the new task, i.e., the classification of icECG
images into non-ischemic respectively ischemic. In addition, a dropout layer was added to
prevent the network from overfitting*. The remaining layers responsible for pattern recognition
and feature extraction were not changed. General learning rate was chosen low while the new
layers received a learning rate weight factor of 10 (i.e., 10-fold the normal learning rate) to

improve and accelerate their training process.

Transfer learning (CNN training)

During transfer learning, the pretrained CNN were retrained on the new task. For this purpose,
the network analysed each image in the training data set and classified it. After n-images (i.e.,
minibatch size), the network parameters were updated to reflect the new insights learned from
the n-images, and the training continued until all images were analyzed once (i.e., one epoch).
During this process, several parameters were involved, which had to be determined before
training. In this study, GN was used for determining the range of the four hyperparameters,
i.e., learning rate, dropout probability, minibatch size and number of epochs. For each
hyperparameter, approximately ten training runs were conducted within a broad range of
values (e.g. for the dropout probability 0-1 in 0.1 steps) using two optimizer algorithms
(stochastic gradient descent with momentum, SGDM?°, and adaptive moment estimation

learning rate algorithm, ADAM?°).
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After defining a range of working values for each hyperparameter, 111 training runs using the
random search approach?! were performed using the ADAM optimizer algorithm. A random
search was performed only with ADAM because of the better performance in less time. Further,
hyperparameter optimization for GN with five cycles of Bayesian optimization?? (each with 30
training runs, three cycles with SGDM, two cycles with ADAM) was performed resulting in 150

trained networks.

Based on the experience with GN hyperparameter optimization and the concordance of
working values for each hyperparameter with the literature, no grid or random search was
performed for RN. Instead, optimal setting of the hyperparameter was directly assessed by
Bayesian optimization. Because of the significantly longer training duration for RN compared
to GN, only two cycles (each with 30 training runs using the ADAM optimizer algorithm) were

performed.

Network performance analysis

Network performance analysis resulted in 321 trained networks (261 GN, 60 RN). Networks
performing above the arbitrary threshold of 85% classification accuracy (i.e., (true positive +
true negative)/(true positive + true negative + false positive + false negative)) on the validation
data were stored for in-depth evaluation with determination of diagnostic accuracy on the
validation data, the examination data as well as the combined data sets. Based on the results
of this evaluation, the best ten networks (independent of the architecture) were further
evaluated with class activation mapping (CAM)?* 24, j.e., parametric visualization of their
activation patterns to findthe morphology responsible for the network prediction using ten

characteristic icECGs (supplemental figures 1-10).
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Computational hardware

Network training was simultaneously performed on two computers (Intel® Core™ i7-7700
CPU@3.60GHz, 8GB RAM respectively Intel® Core™ i7-8550U CPU@1.80GHz, 8GB RAM)
using customized software (written in Matlab R2019b and R2020a). Average training time

during Bayesian optimization was 117 minutes for GN and 186 minutes for RN.

Statistical analysis

Two study groups based on the temporal landmarks for non-ischemic (i.e., before coronary
occlusion) and controlled ischemic (i.e., at the end of the occlusion) conditions were formed.
Between-group comparison of continuous study parameters was performed by a paired
student’s t-test.

Network performance was analyzed by determination of classification accuracy (i.e., correct
classified images/all images) using a 4-field matrix and calculation of sensitivity, specificity and
F1-score (harmonic mean of sensitivity and positive predictive value). Nonparametric receiver
operating characteristics (ROC) analysis using the reference of coronary patency or occlusion
for absent or present myocardial ischemia was performed for accuracy assessment of
detecting myocardial ischemia by manually obtained icECG ST-segment shift (continuous) and
the CNN prediction (dichotomous). Comparison of the area under the ROC curves was

performed using the DeLong-Test.

Statistical significance was defined at a p-level of <0.05. Continuous variables are given as
mean + standard deviation. All analyses were performed using SPSS version 25 (IBM
Statistics, Armonk, New York) or MedCalc for Windows, version 19.1 (MedCalc Software,

Ostend, Belgium).

82



MD / PhD-Thesis Marius Reto Bigler

3.3.5 Results
Eight-hundred ninety three icECGs from 228 patients were included in the study. Six-hundred
sixty eight were used for CNN training and two-hundred twenty five icECGs for the

performance evaluation.

Patient characteristics

Patient characteristics are presented on table 1.

Descriptive statistics

Descriptive statistics of icECG ST-segment shift and the target vessel distribution grouped
according to the non-ischemic vs. ischemic state are presented on table 2. Right coronary
artery served most frequent as the study vessel. Manually determined ICECG ST-segment shift

was different between the groups in each data set.

Figure 2 shows the distribution of icECG ST-segment shift grouped according to the state of
absent or present coronary artery balloon occlusion for the combination of validation and
examination data as well as the corresponding network prediction from a selected trained

network (RN5).
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Figure 2: ICECG ST-segment shift grouped according to the state of absent or present coronary artery
balloon occlusion Combination of the validation and the examination data (n=225) was used for the performance
analysis. Black circles: Non-ischemic prediction of RN5, black crosses: Ischemic prediction of RN5. Red signals:

wrong predictions of RN5. Error bars indicate mean values and SD

Receiver-operating characteristic curves

Using coronary artery patency or occlusion as dichotomic reference for absent or present
myocardial ischemia, receiver-operating-characteristics (ROC) analysis of manually obtained
iCECG ST-segment shift in mV showed an area under the ROC-curve for the combined
validation and examination data of 0.903+0.043 (p<0.0001; figure 3). AUC for the training data
was 0.941+0.019 (p<0.0001), for validation data 0.897+0.051 (p<0.0001), for examination data
0.927%0.074 (p<0.0001) and for the complete data 0.932+0.018 (p<0.0001, supplemental table
1)

Regarding the optimum cut-off for ischemia detection, an icECG ST-segment shift of 0.279mV
distinguished best between non-ischemic and ischemic myocardium, sensitivity 80%,

specificity 92% for the combined validation and examination data
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Figure 3: Nonparametric receiver-
operating characteristic curve of
the icECG ST-segment shift and
the network predictions using o
coronary artery patency or
occlusion as dichotomic reference
for absent or present myocardial
ischemia Of note, network prediction 06
provides a dichotomous output (non-

ischemic  respectively ischemic),

Sensitivity

resulting in a triangular ROC-curve.
Hence, there is only one combination
of sensitivity and specificity possible
for each CNN. Dashed black line =

reference line. -

—|IcECG ST-segment shift
ResNet5

ResNet6

— GoogLeNet10

1 - Specificity

Network performance

Prediction of the ten best performing networks and their accuracy, sensitivity, specificity and
network-activating icECG morphology are presented on table 3, and in detail on supplemental
table 2. Using the reference (i.e., temporal landmarks before respectively at the end of a
coronary balloon occlusion) for absent or present myocardial ischemia, the three best-
performing networks showed a diagnostic accuracy of 92% (RN5: sensitivity 93%, specificity
92%; RNG6: sensitivity 88%, specificity 96%; GN10: sensitivity 89%, specificity 95%; figure 3).
Visualization of the network activation patterns are shown on figure 4, and in detail on

supplemental figures 1-10.

Comparison of icECG ST-segment shift and network performance

DeLong-Test of the ROC-curves (figure 3) showed no significant difference of AUCs between
manually obtained icECG ST-segment shift and the three networks (RN5: p=0.384; RNG6:
p=0.435; GN10: p=0.438). There was no significant difference either between the AUCs

among the three networks.
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Figure 4: Visualization of network activation patterns of the three best performing CNN Red regions
contributed most to the network class prediction. Please note the rather uncertain prediction of ResNet6 on the
ischemic ECG.
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3.3.6 Discussion
When tested in an experimental setting with systematically induced, complete coronary balloon
occlusion, thus establishing the reference of non-ischemic and ischemic myocardium, these
conditions are distinguishable by icECG with equal accuracy using manually determined
iCECG ST-segment shift and convolutional network analysis. The underlying morphology
responsible for the network prediction differs between the trained networks, but for myocardial

ischemia detection focuses mainly on the icECG ST-segment and the T-wave.

Assessment of myocardial ischemia by intracoronary ECG

Slightly different from previously published results, icECG ST-segment shift showed a lower
diagnostic accuracy (0.903+0.043 for the evaluation data versus 0.963+0.029%), and was less
pronounced during myocardial ischemia in the current analysis (0.915+0.972mV vs.
1.272+0.998mV). This resulted in a lower optimal cut-off level for ischemia detection at
0.279mV (compared to 0.365mV). This difference is related to biological and not statistical
variance between the recent and the actual investigation. The extent of myocardial ischemia,
i.e., the cause of icCECG ST-segment shift, depends on multiple factors, namely duration of
coronary occlusion, ischemic area at risk for infarction, myocardial oxygen consumption and

coronary collateral blood supply?:

] ] Duration of occlusion * Area at risk * Myocardial oxygen consumption
Extent of icECG ST-segment shift 2

Coronary collateral blood supply

£: peing related to

While the duration of coronary artery occlusion was identical in the recent and the present
study (i.e., 60 seconds), the other determinants of myocardial ischemia differed. Compared to
the previous analysis®, where left anterior descending coronary artery was the most frequent
study vessel, the right coronary artery currently served as the most frequent study vessel,

causing a relevant decrease in the myocardial area at risk.
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In addition, considering the higher heart rate during myocardial ischemia in the previous study
(95+25 vs 72+14 beats per minute), it can be assumed that myocardial oxygen consumption
(resulting from ventricular wall stress, heart rate and contractility) was increased as well. Last,
coronary collateral function presently did not serve as an exclusion criterion. Accordingly, CFI
was significantly higher in the present than the former analysis: 0.123+0.081 vs. 0.084+0.055

(p<0.001).

Application of CNN on icECG

Based on the ubiquitous availability of the ECG in clinical practice, and together with the rise
of wearable devices, an increasing amount of ECG data is available. Effective processing of
these data by physicians is not feasible even if it could provide valuable information. Thus,
several studies used CNN to process ECGs, primarily with the intention of classifying them
according to their rhythm?6-2°, Further, one study has demonstrated that CNN trained on a per-
patient level may be an interesting, low-computational possibility to automatically monitor long-
term continuous ECG data (e.g., output of implantable devices)*.

Aside from arrhythmia detection, CNN has also been used to distinguish between other cardiac
pathologies. Van de Leur et al. used a huge data set with >300°000 ECG recordings to train a
CNN to perform a triage into four categories (normal, not acutely abnormal, subacutely
abnormal and acutely abnormal)®!. A panel of five cardiologist served as the reference. Deep
neural network in that study demonstrated an excellent overall discrimination with an AUC of
0.93. So called class activation mapping has shown that the network based its predictions on
the same regions in the ECG as would physicians®..

Makimoto et al. trained a small 6-layered CNN on 289 images of a 12-lead ECG resulting in a
comparable capability as physicians in recognizing myocardial ischemia on ECG®.
Visualization of the activation patterns revealed that the CNN was triggered by elevated ST-T-
segments. However and as stated by the authors, conclusions of this visualization have to be

drawn carefully, as it has been shown that class activation mapping can fail to properly localize
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objects in an image if the image contains multiple occurrences of the same classification (as it

is the case in a 12-lead ECG)*2,

Comparison of CNN and manual icECG ST-segment shift measurement

This study demonstrated that transfer learning of a pretrained CNN is highly accurate for
detecting myocardial ischemia as reflected by icECG. CNN focuses on distinctive features in
the icECG ST-segment and the T-wave. The pathophysiologic basis of these characteristic
patterns is the reduced resting potential of the ischemic myocardial cells, caused by a
pathologic ion current across the injured cell membrane with subsequent distortion of the
normally isoelectric ST-segment* 3. In addition, inadequate energy supply during ischemia
directly affects the ventricular repolarization and thus, the morphology and duration of the T-
wave®®. As shown by our previous study, icECG ST-segment shift measured at the J-point
outperformed all other icECG parameters in differentiating between non-ischemic and
ischemic icECG tracings (area under the ROC curve of 0.963+0.029 vs 0.811+0.057 for
amplitude of the T-wave?). Hence, it is remarkable that CNN, which focused on the same ECG
morphologies revealed a trend to even higher diagnostic accuracy than manually obtained
icECG ST-segment shift for ischemia detection.

As compared to icCECG ST-segment shift, CNN were not limited to a single, “hand-picked” but
to all icECG parameters. Hence, combination of two characteristics, e.g., ST-segment and T-
wave integral, enabled the numerically higher diagnostic accuracy. Most CNN used one
morphology for the non-ischemic (e.g., QRS-complex), and another one for the ischemic
images. Thus, they were also able to differentiate between the physiologic and
pathophysiologic state of ischemia on a larger scale.

ICECGs recorded in the RCA are especially challenging as they often show a large atrial signal
(P-wave), unstable isoelectric lines and negative T-waves (supplemental figures 1-10, middle
image in both rows). Further, recording of the icECG in the proximal and mid RCA assesses
myocardial ischemia in the low-mass right ventricle (i.e., small ischemic signal) further

complicating ischemia detection. Thus, it is not astonishing that 14 out of the 17 (82%) falsely
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classified images of RN5 were recorded in the RCA, the latter of which represented 60% of
the data (see supplemental figure 11 for all falsely classified icECGs of RN5). Nevertheless,
and despite the high proportion of RCA icECG recordings, CNN were able to distinguish
between non-ischemic and ischemic images with high accuracy demonstrating the robustness

of the method.

Limitations

The biggest limitation of the application of CNN on various problems lies in the very nature of
neural networks, i.e., “its complicated interconnected hierarchical representations of the
training data to produce its predictions”™* on unseen data. Thus, interpretation of these
predictions is challenging and often referred to as a “black box” problem34. While class
activation mapping offers a visualization of the activation patterns and enables conclusions on
the general distinction procedure, prediction can remain unexplainable. Supplemental figure
11 demonstrates all falsely predicted icECG images of RN5. Most of them are understandable,
e.g., ischemic morphology of a non-ischemic icECG recorded in the RCA. However, some
predictions are incomprehensible. Track-down of the activation pattern in each convolutional
layer would possibly enlighten the erroneous predictions. However, such a process within a
network architecture with numerous convolutional layers is extremely complex and time-

consuming.

Further, the used networks were exceeding the complexity of the presented task by far. This
was, however, on purpose, as the objective of our study was to demonstrate the feasibility of
a hypothesis-generating process. Thus, to ensure generalizability to other, future tasks, highly
capable pretrained networks were used in combination with excessive data augmentation to
prevent overfitting. Hence, this method does not provide the most appropriate and efficient
CNN, but rather a well-performing CNN to allow generating hypotheses, which need further
verification. In addition, the presented task (i.e.,to distinguish between non-ischemic and

ischemic icECG tracings), would have been possible with raw icECG signal data without the
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conversion into jpg-images associated with an increase of data points and a loss of details. In
this case, pretraining would have been feasible with open source ECG databases. However,
this approach would limit the generalizability of the proposed, deep learning approach, as the

requirements are not ubiquitous applicable.

While transfer learning of pretrained CNN enabled the application of networks with a high
capacity on a small data set, this approach determines also the format of the input data. Thus,
data has to be images with restricted input size, which limits the resolution. A requirement,
which could cause the missing of subtle patterns. In addition, quantitative assessment is not
possible using this deep learning approach and it requires a certain accordance between the
original task and the problem to be addressed. As this requirement is not always given, it is
possible that the presented approach does not provide accurate network predictions. However,
taken into account the relatively low effort and the potentially valuable information, we

recommend to try this approach at least once on a particular problem.

Finally, ROC-analysis with binary predictors (i.e., the dichotomous classification by the CNN)
is a potential misleading metric®. However, the ROC-analysis was not the only statistical

assessment of the network performance and all (consistent) results were shown.

Implications

This study demonstrates the feasibility of a hypothesis generating process using transfer
learning of pretrained CNN on a small (n<1000) data set. Contrary to previously conducted
ECG studies using deep learning, the goal of this study was not to develop a diagnostic aid for
physicians in daily clinical practice, but rather to enable an unbiased view on a well-known
clinical phenomenon, i.e., myocardial ischemia. Implementation of this view did not require big
data or specialized computational hardware. Instead, a small but well-defined data set was
used to perform transfer learning on pretrained CNN using single CPU computers. Hence, the

proposed approach is feasible without extensive computational hardware and for a wide variety
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of clinical problems. Conditions are the presence of a well-defined, independent reference
(absent vs present ischemia), and the possibility to transform the data into images (as most of

the high capacity, open-available CNN were trained on the ImageNet'® database).

In the present study, data-derived features used by the CNN to distinguish between absent or
present myocardial ischemia were similar to the common practices and focused mainly on the
icCECG ST-segment and the T-wave. Hence, the hypothesis-generating process did not provide
unknown ischemic patterns but rather confirmed the common parameters used to quantify

myocardial ischemia in the icECG.

Conclusion
When tested in an experimental setting with artificially induced coronary artery occlusion,
guantitative icECG ST-segment shift and CNN using pathophysiologic prediction criteria detect

myocardial ischemia with similarly high accuracy.
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3.3.7 Tables

Table 1: Patient characteristics

Overall
Number of patients 228
Patient characteristics
Age (years) 68+10
Female gender (%) 17
Body mass index (kg/m?) 28+5
Angina pectoris before 50
intervention (%)
Duration of angina pectoris
(months) 817
Canadian cardiovascular
society class of angina pectoris 213097
Diabetes mellitus (%) 34
Arterial hypertension (%) 75
Current smoking (%) 17
Cumulative pack years of
cigarettes 38225
Dyslipidemia (%) 80
Family history for coronary 29
artery disease, CAD (%)
Prior myocardial infarction (%) 44
Medical treatment
Aspirin (%) 85
Platelet inhibitor (%) 40
Calcium channel-blocker (%) 28
Beta-blocker (%) 61
Nitrate (%) 14
Oral anticoagulation (%) 18
Statin (%) 78
ACE inhibitor or ARB (%) 70
Diuretics (%) 38
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Table 2: ST-segment shift and target vessel distribution

Overall Non-ischemic Ischemic p-value
Overall, n 893 491 402 -
ST-segment shift at J-point (mV) - 0.004+0.300 1.015+0.956 p<0.001
Left anterior descending (LAD), n 278 147 131
Left circumflex coronary artery (LCX), n 196 107 89 p=0.630
Right coronary artery (RCA), n 419 237 182
Training data 668 368 300 -
ST-segment shift at J-point (mV) - -0.00740.309 1.050+0.950 p<0.001
Left anterior descending (LAD), n 229 119 110
Left circumflex coronary artery (LCX), n 154 85 69 p=0.456
Right coronary artery (RCA), n 285 164 121
Validation data 167 92 75 -
ST-segment shift at J-point (mV) - 0.042+0.290 0.931+0.820 p<0.001
Left anterior descending (LAD), n 46 26 20
Left circumflex coronary artery (LCX), n 35 19 16 p=0.978
Right coronary artery (RCA), n 86 47 39
Examination data 58 31 27 -
ST-segment shift at J-point (mV) 0.026+0.197 0.870+1.326 p=0.003
Left anterior descending (LAD), n 3 2 1
Left circumflex coronary artery (LCX), n 7 3 4 p=0.876
Right coronary artery (RCA), n 48 26 22
Validation + Examination data 225 123 102 -
ST-segment shift at J-point (mV) - -0.038.£0.269 0.915+0.972 p<0.001
Left anterior descending (LAD), n 49 28 21
Left circumflex coronary artery (LCX), n 42 22 20 p=0.897
Right coronary artery (RCA), n 134 73 61
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Table 3: Prediction and performance of the best ten trained networks

el e UL ol Ischemic | Accurac Sensitivity | Specificit F1-score eLiEe
neural network Predicted | ischemic y Y| =P Y Morphology
Non-
. . 113 7 Area under the
ResNetS: 4 £so :Z‘éuimﬁ 92.44 93 92 0918 | ST-segmentand
- 10 95 the T-wave
GooglLeNet10: ggﬁémic 117 11 QRS + J-point
Lle-4_D0.26_M18_E28 Ischemic 6 91 92.44 89 95 0.915 ST-segment + T-
wave
ResNet6: ggﬁémic 118 12 ST-segment
: - 92.44 88 96 0.914
L2e-4_D0.52_M25_E60 Ischemic 5 90 End of T-wave
Non- .
. . 114 9 RS + J-point
GoogLeNet2: ischemic 92.00 91 93 0.912 ° P
Lle-4_D0.25_M18_E20 Ischemic 9 93 Mainly J-Point
ResNet7: ggﬁémic 116 11 .
Lie-4 DO.60_M14_E60 Ischemic § o1 92.00 89 94 0.910 Mainly T-wave
Non- .
. . 119 14 RS + J-point
GoogLeNets: ischemic 92.00 86 97 0.907 © P
Lle-4_DO0.45_M18_E25 Ischemic 4 88 Mainly J-Point
Non-
. . 120 15 Small QRS
GoogLeNet12: ischemic 92.00 85 98 0.906 °
Lle-4_D0.6_M15_E20 Ischemic 3 87 J-Point
ResNet10: ggﬁémic 113 9 ST-segment
: - 91.56 91 92 0.907
Lle-4_D0.63_M12_E60 Ischemic 10 93 T-wave
Non- 121 17 J-point/ST-
ResNet8: ischemic segment
Lle-4 D0.64_M22_E60 | Ischemic 91.56 83 98 0.899
2 85 T-wave
GoogLeNet13: ggﬂémic 121 17 QRS
. - 91.56 83 98 0.899
Lle-4_D0.3_M20_E30 Ischemic 2 85 Mainly T-wave

Order according to accuracy. L = learning rate, D = dropout rate, M = minibatch size, E = number of epochs.
Please note that all ResNet-networks were trained with a preliminary termination term (thus, all had E60 but were automatically
stopped by the training algorithm).
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3.3.9 Supplemental material
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Supplemental figure 1: Visualization of network activation patterns of ResNet5 Red regions contributed most

to the network class prediction.
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Supplemental figure 2: Visualization of network activation patterns of GoogLeNet10 Red regions contributed

most to the network class prediction.
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Supplemental figure 3: Visualization of network activation patterns of ResNet6 Red regions contributed most

to the network class prediction.
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Supplemental figure 4: Visualization of network activation patterns of GoogLeNet2 Red regions contributed

most to the network class prediction.
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Supplemental figure 5: Visualization of network activation patterns of ResNet7 Red regions contributed most

L)

Supplemental figure 6: Visualization of network activation patterns of GoogLeNet8 Red regions contributed

most to the network class prediction.
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Non-ischemic

Supplemental figure 7: Visualization of network activation patterns of GoogLeNet12 Red regions contributed
most to the network class prediction.
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Supplemental figure 8: Visualization of network activation patterns of ResNet10 Red regions contributed

most to the network class prediction.
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Supplemental figure 9: Visualization of network activation patterns of ResNet8 Red regions contributed most

to the network class prediction.
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Supplemental figure 10: Visualization of network activation patterns of GooglLeNetl3 Red regions

contributed most to the network class prediction.
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Supplemental tables

Supplemental table 1: Nonparametric receiver-operating characteristic curves of manually

determined icECG ST-segment shift and corresponding collateral flow index and heart rate

Overall
Overall, n 893
AUC 0.932+0.018
CFI (mmHg/mmHg) 0.116+0.085
Heart rate (bpm) 7314
Training data, n 668
AUC 0.941+0.019
CFI (mmHg/mmHg) 0.114+0.086
Heart rate (bpm) 74114
Validation data, n 167
AUC 0.897+0.051
CFI (mmHg/mmHg) 0.122+0.080
Heart rate (bpm) 72114
Examination data, n 58
AUC 0.927+0.074
CFI (mmHg/mmHg) 0.126+0.084
Heart rate (bpm) 74+16
Validation + Examination
data, n 225
AUC 0.903+0.043
CFI (mmHg/mmHg) 0.123+0.081
Heart rate (bpm) 72+14
AUC = Area under the ROC-curve; CFl =
Collateral flow index
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Supplemental table 2: In-detail performance of the ten best performing networks
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3.4 Project IV

The fourth project aimed at combining the methods of Project Il and |1l with the data of Project
I. More specifically, diagnostic accuracy of the six icECG parameters was assessed for
determining a hemodynamic relevant stenotic lesion according to the structural parameter of
percent diameter coronary narrowing during induced myocardial ischemia. Further, the same

iCECGs at maximal heart rate were classified by three CNN.

Please note that there is no intention to publish these results taken into account the missing
clinical relevance of this analysis. All analysis were primary conducted to complete this thesis.
The following sections summarizes the methods and results used, while the discussion of the

results is integrated in the general discussion of the thesis.

3.4.1 Methods

Study design and patients

This was a retrospective analysis of the icECGs with maximal ST-segment shift obtained within
1 minute after reaching maximal heart rate (i.e., icECG data from Project ). Primary endpoint
was the diagnostic accuracy of the icECG parameters from Project Il to detect a hemodynamic
relevant coronary lesion according to percent diameter stenosis. Further, the icECG tracings
were classified into non-ischemic and ischemic by the three best performing CNN from Project

Assessment of icECG

In the original study, primary study endpoint, i.e., the maximal change in icECG ST-segment
shift obtained within 1 minute after reaching maximal heart rate, was measured 60ms after the
J-point on 10-15 consecutive and signhal-averaged QRS-complexes. The identical signal-
averaged icECGs were used for assessment of the icECG parameters as described in Project
II. In brief, quantitative processing of icECG parameters was performed with customized
software (written in Matlab, R2017b) by manually determine six cornerstones (isoelectric line,
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Q-point, J-point as well as start, peak and end of the T-wave). Further, the icECGs were

converted in jpg-images without labels for the CNN.

For illustration, figure XXIII shows the development of each icECG parameter and the

corresponding network prediction of ResNet5 during the pharmacologic inotropic stress test

(i.e., analogous to figure 2 of Project I).

Non-ischemic: 0.99007

Baseline: 74bpm,

ST-segment shift @JP +0.20 mV
ST-segment shift@JP60ms +0.29 mV
ST-segment integral +0.04 mV*sec
T-wave integral +0.32 mV*sec
T-peak: +2.50 mV
T-peak to end-time 86 ms
QTc-time 417 ms

Ischemic: 0.91745

o

+6min: 156bpm,

ST-segment shift@JP +0.83 mV
ST-segment shift@JP60ms +1.76 mV
ST-segment integral +0.07 mV*sec
T-wave integral +0.31 mV*sec
T-peak: +3.64 mV
T-peak to end-time 65 ms
QTc-time 353 ms

Non-ischemic: 0.99923

J

+2min: 110bpm,

ST-segment shift@JP -0.36 mV
ST-segment shift@JP60ms -0.04 mV
ST-segment integral -0.01 mV*sec
T-wave integral +0.23 mV*sec
T-peak: +2.24mV
T-peak to end-time 74ms
QTc-time 392 ms

Ischemic: 0.91624

&

+7min: 152bpm,

ST-segment shift@JP +1.05mV
ST-segment shift@JP60ms +2.08 mV
ST-segment integral +0.06 mV*sec
T-wave integral +0.33 mV*sec
T-peak: +3.82mV
T-peak to end-time 68 ms
QTc-time 344 ms

Non-ischemic: 0.90409

U

+4min: 127bpm,

ST-segment shift@JP +0.27 mV
ST-segment shift@JP60ms +0.68 mV
ST-segment integral +0.04mV*sec
T-wave integral +0.23 mV*sec
T-peak: +2.67 mV
T-peak to end-time 64 ms
QTc-time 367 ms

Non-ischemic: 0.79276

\J

+9min: 127bpm,

ST-segment shift@JP +0.45 mV
ST-segment shift@JP60ms +1.09 mV
ST-segment integral +0.05 mV*sec
T-wave integral +0.47 mV*sec
T-peak: +4.57 mV
T-peak to end-time 71ms
QTc-time 375ms

LAO 0°, Caudal 41°

LAO 0°, Caudal 0°

FFR: 0.66 | iFR: 0.76 | %S: 68%

Figure XXIII: Pharmacological inotropic stress test with recording of intracoronary ECG (icECG, analog to

figure 2 of project ). With increasing heart rate and myocardial oxygen consumption, flow impairment of the

coronary lesion causes first subendocaridal and later transmural myocardial ischemia with an icECG ST-segment

elevation. Each icECG represents at least 12 consecutive, signal-averaged QRS-complexes. Probability measure

and corresponding network predictions are above the visualization of the network prediction. Red regions

contributed most to the network class prediction. %S, percent diameter stenosis; FFR, fractional flow reserve; iFR,

instantaneous wave-free ratio; LAO, left anterior oblique projection
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Statistical analysis

For the purpose of data presentation, two study groups were formed based on %S (< or 250%).
Between-group comparison was performed by x2 for nominal parameters and by an unpaired

student’s t-test for continuous study parameters.

Linear regression analysis was performed for univariate association testing between icECG
parameters and % diameter stenosis. One-way analysis of variance (ANOVA) was performed

to analyse continuous study parameters as a function of the network predictions.

Nonparametric receiver operating characteristics (ROC) curve analysis was used for accuracy
assessment of detecting a %S of 250% defining coronary structural stenosis significance by
iCECG parameters respectively the CNN. Optimal cut-off points for each parameter were
determined by the Youden-Index. Comparison of the area under the ROC curves was

performed using the DeLong-Test.

Statistical significance was defined at a p-level of <0.05. Continuous variables are given as
mean * standard deviation. All analyses were performed using SPSS version 25 (IBM
Statistics, Armonk, New York) or MedCalc for Windows, version 19.1 (MedCalc Software,

Ostend, Belgium).

3.4.2 Results
One hundred patients were included in the study. Using the %S threshold of 250% as definition
for structural significance, 52 patients were in the group with a significant coronary stenosis.
Patient characteristics and coronary angiography data were described in the original study
(Project I). Of note, patients with a %S250% showed a higher number of structurally relevant
stenosis on coronary angiogram. Further left anterior descending artery served more often as

the study vessel than other coronary arteries.
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Descriptive statistics are presented on table 1, grouped according to %S (< or 250%). Overall,

four icECG parameters (ST-segment shift measured at the J-point, ST-segment integral, T-

wave integral and T-peak) showed significant differences between the groups, while TPE and

QTc-time were not statistically different. From the three CNN, only predictions from GoogLeNet

showed a significant difference between the groups.

Table 1: Angiographic data and study parameters grouped according to % diameter stenosis

Overall %S<50% S250% p-value
Number of patients 100 48 52 -
Coronary angiographic parameters
Number of diseased vessels 1.81+0.94 1.50+0.99 2.10+0.84 0.001
Number of coronary lesions (visually relevant) 1.83+1.60 1.21+1.21 2.38+1.68 <0.001
Target vessel distribution
Left anterior descending (LAD), n 55 23 32
Left circumflex coronary artery (LCX), n 24 14 10 0.362
Right coronary artery (RCA), n 21 11 10
Original study parameters
Maximum heart rate achieved (beats per minute) | 150+16 149+18 151+13 0.508
- — - -
Maximal heart rate in % of theoretical maximal 08+11 08+12 08+10 0.705
heart rate (220-age)
Qu_antltatlve coronary angiography of the lesion 53+17 3046 66412 )
of interest (%)
Fractional flow reserve 0.798+0.143 0.887+0.073 0.716+0.143 <0.001
Instantaneous wave-free ratio 0.812+0.209 0.922+0.052 0.710+0.245 <0.001
Intracoronary electrocardiogram ST-segment
shift measured @ J-point+60ms (mV) within 1 | 0.965+1.324 0.545+0.892 1.352+1.533 0.002
minute after maximal heart rate
Collateral flow index 0.118+0.100 0.083+0.070 0.148+0.113 0.001
ICECG study parameters
ST-segment shift @ J-point (mV) 0.367+0.806 0.151+0.559 0.565+0.944 0.010
ST-segment integral (mV*sec) 0.026+0.045 0.016+0.038 0.036+0.048 0.022
T-wave integral (mV*sec) 0.167+0.184 0.117+0.159 0.214+0.194 0.007
T-peak (mV) 1.767+1.949 1.160+1.717 2.328+2.072 0.003
T-peak to end-time (msec) 62.47+16.32 59.84+18.62 64.91+13.59 0.121
QTc-time (msec) 351.62+28.70 | 356.59+32.44 347.03+24.17 0.096
Network predictions
Non-ischemic 52 28 24
ResNet5 - 0.237
Ischemic 48 20 28
Non-Ischemic 52 30 22
GoogLeNet10 - 0.048
Ischemic 48 18 30
Non-Ischemic a7 26 21
ResNet6 - 0.229
Ischemic 53 22 31
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Linear regression

There was a direct linear relation between icECG ST-segment shift at J-point and %S: ST-
segment shift@JP = -0.8 + 0.02*%S (r?>=0.183; p<0.001, figure XXIV), between ST-segment
integral and %S: STI = -3*102 + 1*10°*%S (r’=0.143; p<0.001), between T-wave integral and
%S: Tl = -4*102 + 3.9*10%*%S (r’=0.123; p<0.001) and between T-peak and %S: T-peak = -
0.7 + 4.6*10*%S (r?>=0.147; p<0.001). There was an inverse linear correlation between QTc-
time and %S: QTc-time = 371 — 0.37*%S (r?>=0.045; p=0.035). Linear correlation between TPE

and %S was not significant.

Correlation coefficients respectively x? or Eta and the corresponding significance are shown in

table 2.

|y =-0.04+3.9"0%
2=0123

| y=-0.03+ 1710

y =-0.75 +0.02%
?2=0.143

2=0.183

(mV*sec)
’
(mV*sec)

Intracoronary ECG ST-segment shift@J-point
(mV)
Intracoronary ECG ST-segment integral
Intracoronary ECG T-wave integral

% diameter stenosis % diameter stenosis % diameter stenosis

y=52+0.19% B | y=371-037%

y =-0.7 + 4.6*102*x
?=0.038 ~ r2=0045

?=0.147

(ms)

Intracoronary ECG T- wave peak
(mv)
Intracoronary ECG QTc-time

Intracoronary ECG T-peak-to-end time
(ms)

% dia;meter‘ stem;sis V % diémete} stenosis 7 % di;mete; stenosis
Figure XXIV: Linear regression between intracoronary ECG parameters and percent diameter coronary

stenosis. Solid line=regression line; dashed line=marker for 0 (if the parameters showed negative and positive

values)
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Table 2: Correlation coefficient and DeLong-Test
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ST- ST- ST-
FFR iFR :ﬁ?fr@? ot :ﬁlgf :n @egn ; isnet% Qrzrl'nt i.l;tvég\rIZI T-peak ZEE S;Ce ResNet5 ﬁg&%l‘e ResNet6
JP60ms

;@ E‘T’Xf';“o”’ 0.703 | -0.679 | 0.406 0.428 0.378 0.350 0.384 0.194 0211 | 0.157 0.341 0.203
signm:stg gﬁ’é 9 @ | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p=0.053 | p=0.035 | p=0.119 | p=0.001 | p=0.043
ggxf';ﬁ"“/ 0.858 -0.505 -0.476 -0.450 -0.435 | -0.452 | -0.251 | 0.206 0.275 0.413 0.322

FFR tsaiﬁ’é 0 @ p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p=0.012 | p=0.040 | p=0.006 | p<0.001 | p=0.001
?g;‘:’”g' p=0.315 | p=0.002 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001
g.‘r’xf';“"”/ -0.491 -0.526 -0.461 0393 | 0419 | -2.15 0.226 0.295 0.437 0.305

iFR tsaiﬁé 8 @ p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p=0.032 | p=0.024 | p=0.003 | p<0.001 | p=0.002
?eeSLt‘:’”g' p=0.024 | p=0.008 | p=0.005 | p=0.010 | p=0.009 | p<0.001 | p=0.001 | p<0.001 | p<0.001 | p<0.001

o1 o 0.858 0869 | 0912 | 0895 |0403 |-0084 | 0357 | 0520 | 0400
zﬁﬂ["@f”t tsaii?é " @ p<0.001 | p<0.001 | p<0.001 | p<0.001 | p<0.001 | p=0.406 | p<0.001 | p<0.001 | p<0.001
JP60ms ?2;‘:’“9' p=0.360 | p=0.084 | p=0.466 | p=0.547 | p=0.118 | p=0.304 | p=0.054 | p=0.113 | p=0.056
ot E.‘r’f&f')?i"”/ 0.882 0.717 0.678 0.348 -0.208 | 0.576 0.600 0.533
zﬁ?f;“@?m tsaii?é " @ p<0.001 | p<0.001 | p<0.001 | p<0.001 | p=0.038 | p<0.001 | p<0.001 | p<0.001
P ?g;‘:’“g' p=0.660 | p=0.768 | p=0.746 | p=0.449 | p=0.513 | p=0.072 | p=0.335 | p=0.128
E?Kf');“""’ 0.820 0.821 0.308 -0.133 | 0.365 0.489 0.396
_ft-etrg-]merrt tsaiﬁ’é " - p<0.001 | p<0.001 | p=0.002 | p=0.188 | p<0.001 | p<0.001 | p<0.001
HearE ?eeSLt‘:’”g' p=0.474 | p=0.443 | p=0.563 | p=0.653 | p=0.238 | p=0.554 | p=0.274
Eg;{f';“o”' 0.974 0.464 0.101 0.169 0.403 0.237

L;’Z‘Z‘r’; tsaii?é a @ p<0.001 | p<0.001 | p=0.319 | p=0.092 | p<0.001 | p=0.017
_'?ss':t‘:’ng' p=0.858 | p=0.239 | p=0.471 | p=0.161 | p=0.313 | p=0.145
E.‘FX?';“”’ 0.347 0.062 0.105 0.385 0.205

T-peak gﬁ’éd) (22 p<0.001 | p=0.538 | p=0.300 p<0.001 p=0.040
_'?ss':t‘:’ng' p=0.271 | p=0.448 | p=0.160 | p=0.297 | p=0.162
Eg;{f';“o”' 0.343 0.203 0.261 0.148

TPE tsaiﬁ’é ) @ p<0.001 | p=0.043 | p=0.009 | p=0.142
?g;?”g' p=0.997 | p=0.638 | p=0.928 | p=0.722
%’Kf';z“o”' 0.241 0.275 0.216

QTC tsaii?é 3 = p=0.016 | p=0.006 | p=0.031
_'?ee;t‘:’ng' p=0.626 | p=0.935 | p=0.711
E.‘Fxf')?i"“/ 0.639 0.784

ResNet5 tsaiiﬁ’é g @ p<0.001 | p<0.001
?eesLt‘:’”g' p=0.351 | p=0.810
CE:_?X?IXaZtionI 0.704

ﬁ‘éﬂ%Le tse;igl;éd) @ p<0.001
e p=0.414

FFR = Fractional flow reserve; iFR = instantaneous wave-free ratio; JP = J-point; TPE = T-peak-to-end time; QTc = corrected QT time
Sig. = significance; Non-significant (i.e., p=0.05) correlations are marked by a grey background, significant differences in the area under the curves by a bold p-value.
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One-way ANOVA

There was a significant difference in %S in the predicted groups of GoogLeNet10 and ResNet6

(p=0.001 respectively p=0.043, figure XXV), but not in the groups according to ResNet5
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Figure XXV: Individual values of percent diameter stenosis grouped according to the network prediction

Error bars indicate mean values and SD.

Receiver-operating characteristic curves

Using a %S threshold of 250% as the reference for structural stenosis relevance, ROC-
analysis of absolute icECG ST-segment shift at the J-point showed an area under the curve
(AUC) of 0.604+0.057 (p=0.073). AUC for ST-integral was 0.588+0.058 (p=0.129), for T-wave
integral 0.642+0.055 (p=0.015), for T-peak amplitude 0.642+0.056 (p=0.014), for TPE

0.595+0.059 (p=0.102), and for QTc-time 0.595+0.057 (p=0.101, figure XXVI).

Using the same reference for assessment of the network predictions, AUC for ResNet 5 was
0.560 (p=0.294), for GoogLeNet10 0.600 (p=0.082), and for ResNet6 0.570 (p=0.235, figure

XXVI)
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AUC of the original study parameters was 0.678+0.054 (p=0.002) for icECG ST-segment shift
measured 60ms after the J-point, 0.854+0.037 (p<0.001) for FFR, and 0.816+0.043 (p<0.001)

for iFR.

Sensitivity

icECG ST-segme

1t Shit@JP+60ms
—icECG Q

04 08 08

1 - Specificity 1 - Specificity

Figure XXVI: Non-parametric receiver-operating characteristic curve of intracoronary ECG (icECG)
parameters (left) and CNN predictions (right) using a %S threshold of 250% as structural significance
definition. Original study parameters (FFR, iFR and icECG ST-segment shift measured 60ms after the J-point) are
presented with a dashed ROC-curve. Of note, all parameters but QTc-time increased with increasing %S. Thus,
QTc-time is below the reference line (dotted black line). %S, percent diameter stenosis; FFR, fractional flow reserve;

iFR instantaneous wave-free ratio.

The DelLong-Test of the ROC-curves showed a significant difference for FFR and iFR as
compared with all icECG parameters. There was no relevant difference in AUC between the

iCECG parameters and/or the CNNSs. All results of the DeLong-Test are shown in table 2.

Regarding the optimum cut-off of the parameters for detection of a structurally relevant
coronary lesion, a ST-segment shift measured at the J-point of 0.543mV distinguished best
between non-ischemic and ischemic ECG, sensitivity 55%, specificity 67%. The best cut-off
point for ST-integral was 0.017mV*sec (sensitivity 73%, specificity 52%), for T-integral
0.118mV*sec (sensitivity 73%, specificity 47%), for T-peak 1.03mV (sensitivity 81%, specificity
48%), for TPE 51msec (sensitivity 88%, specificity 40%) and for QTc-time 359msec (sensitivity

75%, specificity 48%). Of note, all parameters but QTc-time increased with increasing %S.
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Thus, the optimum cut-off point for QTc-time is inverse (i.e., structurally relevant coronary

lesion below 359msec).

There is no optimum cut-off point for the CNNs, but the other statistical measures of
performance (ResNet 5 sensitivity 54%, specificity 58%; GoogLeNetl0 sensitivity 58%,

specificity 63%; ResNet 6 sensitivity 60%, specificity 54%).

3.4.3 Conclusion
Of the icECG parameters during pharmacologic inotropic stress, ST-segment shift measured
60ms after the J-point distinguished most accurately between non-relevant and relevant
stenotic lesions as defined by the structural parameter of percent diameter coronary narrowing.
However, differences were not statistical significant between the icECG parameters or CNN

predictions and overall detection is less accurate by icECG than by hemodynamic indices.
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4. Discussion

The main aims of this PhD project were to investigate the diagnostic accuracy of icECG ST-
segment shift during pharmacologic inotropic stress to assess the hemodynamic relevance of
coronary artery stenotic lesions (Project 1), and the determination of the optimal parameter for
myocardial ischemia detection in the icECG (Project Il and IIl). The studies demonstrate that
icECG is a sensitive instrument qualitatively and quantitatively in the sense of accuracy
measurement for the assessment of myocardial ischemia. It provides information about the
adequacy of coronary blood flow to the regional mass of viable myocardium independent of
structural or hemodynamic parameters. The iCECG does, however, not distinguish between

the causes of myocardial ischemia.

4.1 Intracoronary ECG as a direct measure of myocardial ischemia

The objective of Project | was to determine the diagnostic accuracy of icECG ST-segment shift
during pharmacologic inotropic stress in comparison to established hemodynamic indices for
coronary lesion severity assessment using percent diameter stenosis as reference value. The
underlying idea is based on the relation of coronary blood flow and coronary stenosis severity
as illustrated by figure VI. The concept was that by induction of maximal coronary blood flow,
coronary lesions inducing flow restrictions beyond the compensatory autoregulation of the
myocardial microcirculation would be unravelled by icECG recording myocardial ischemia.
However, the study showed that though icECG during pharmacologic inotropic stress is highly
sensitive it is not specific for a hemodynamically relevant stenosis. Hence, presence of
myocardial ischemia requires further specification of coronary lesion severity, while the

absence of ischaemia allows abstaining from further tests.

As outlined in chapter 1.4, myocardial ischemia has multiple causes and is not always related
to epicardial coronary lesions (i.e., CAD). Instead, CMD (most often within the course of a

hypertensive cardiomyopathy) can cause myocardial ischemia in the absence of relevant
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(mv)

Intracoronary electrocardiogram as a direct measure of myocardial ischemia

coronary stenosis providing an explanation for the low specificity of the icECG. Hence, in the
situation of a hemodynamic index clearly above the threshold of myocardial ischemia on
iIcCECG, CMD can be assumed (as it is the most likely cause in this situation). As shown in the
original paper using a combination of icECG and iFR, 23% of the study participants belonged
in this subgroup (figure XXVII, upper right corner). Fifteen (65%) of the patients in this group
showed signs of hypertensive cardiomyopathy in the ventriculography and/or the typical
corkscrew pattern on coronary angiography. This pattern is caused by undirected growth (both
in coronary artery calibre and length) during structural arterial remodelling (a process called

arteriogenesis) to comply with an increase in myocardial mass®*t148,

800| y=3.49-3.11"x
r2=0.241

6.00

4.00 ie

00 20 40 60 80 1.00

Instantaneous wave-free ratio
Figure XXVII: Linear regression between intracoronary ECG (icECG) ST-segment shift measured 60ms
after the J-point and instantaneous wave-free ratio (iFR) solid line=regression line; dashed horizontal
line=marker for 0 mV icECG ST-segment shift; dashed vertical line = threshold for iFR (0.89); grey box = absence
of myocardial ischemia according to the icECG; red dots = angiographic signs of hypertensive cardiomyopathy

(only assessed for the 23 patients with a relevant icECG ST-segment shift but an iFR above the threshold.
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However, diagnosis of hypertensive cardiomyopathy requires the determination of myocardial
mass!*’ and thus, the statement above remains speculative. Apart from arterial hypertension,
diabetes mellitus has been associated with CMD®, In the respective subgroup of our study,
eight out of the twenty-three (35%) patients had diabetes mellitus (overall prevalence in the

study population was 23%).

Differentiation between CAD and CMD can be difficult because of the significant overlap of
these pathologies®. Coronary flow measurements could help to distinguish the different
contribution of CAD and CMD to the recorded myocardial ischemia'#®14°, However, invasive
measurement of coronary flow is practically not feasible in the clinical setting”. Instead,
surrogates of coronary flow are used and obtained either by Doppler-derived coronary flow
velocity or by thermodilution, i.e., “the transit time of an intracoronary bolus of saline at room
temperature over a defined distance”’®. Together with simultaneous pressure measurement
and during hyperemia, coronary hemodynamic indices (e.g., CFR or the index of microvascular
resistance (IMR)) can be calculated. While CFR estimates both, macro- and microcirculatory
function, IMR provides an estimate of microcirculatory function. Hence, combination of these
two hemodynamic indices would provide the required information. However, both methods for
coronary blood flow estimates are prone to inaccurate measurements, technically demanding
and time consuming. The reason why they were replaced by the more robust coronary

pressure measurement in daily clinical practice.

To conclude, myocardial ischemia relies on the interplay between macro- and microcirculation
as well as additional factors (e.g., perfusion pressure, ventricular filling pressure, blood
oxygenation) and thus, explains icECG ST-segment shift inferior diagnostic specificity to
diagnose structurally significant coronary lesions when compared to hemodynamic indices.
While the latter are capable of specifying epicardial coronary lesions, icECG reflects the
supply-demand (mis-)match of regional myocardial perfusion and thus, CAD, CMD and

additional factors. Accordingly, other icECG parameters or re-trained CNN do -obviously- not
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significantly change its diagnostic accuracy as this discrepancy is related to pathophysiologic

mechanisms.

4.2 Time point of icECG ST-segment shift determination

The retrospective analysis of Project IV demonstrated that during pharmacologic inotropic
stress (i.e., simulation of physical exercise) with coronary artery patency, icECG ST-segment
shift measured 60ms after the J-point provided the highest diagnostic accuracy (AUC =
0.678+0.054) followed by T-wave integral and T-wave peak (0.642+0.055 respectively
0.642+0.056). ICECG ST-segment shift measured at the J-point had a numerically lower AUC
of 0.604+0.057. Conversely in Project Il, that is a setting with artificially induced coronary
occlusion, i.e., absolute myocardial ischemia, ST-segment shift measured at the J-point
distinguished best between absence and presence of ischemia (AUC = 0.963+0.029 versus
0.956+0.031 for ST-segment shift measured 60ms after the J-point with a best cut-off value of
0.579mV, sensitivity 84%, specificity 97%). The icECG ST-segment shift data at the J-point
are, however, not statistically significant different from those obtained 60ms after the J-point
(DeLong-Test 0.360 and 0.578 for pharmacological stress, respectively absolute myocardial

ischemia).

Nevertheless, the numerically higher diagnostic accuracy is in accordance with common
practice, i.e., determination of ST-segment shift directly at the J-point in the acute setting?,
and assessment of ST-segment shifts 60ms after the J-point during (physical) stress test!:17,
The latter has been evidenced by multiple studies assessing the diagnostic accuracy of
exercise electrocardiogram to detect CAD"159-153 |n the setting of physical stress testing,
especially subendocardial myocardial ischemia is encountered resulting in ST-segment
depression on surface ECG. While quantifying ST-segment deviation, the authors observed a
relationship between ST-segment shift and the slope of the ST-segment!*%-152, Okin et al.l’

showed that clinically normal subjects with a J-point depression presented with rapidly
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upsloping ST-segments, while patients with CAD did not exhibit this behaviour of the ST-
segment. The concluded that this behaviour can be captured by measurement of the ST-
segment deviation 60ms after the J-point. In the study by Okin et al.'’, application of this
consideration resulted in a higher diagnostic accuracy for the ST-segment measurement 60ms
after the J-point when compared to the measurement at the J-point (AUC of 0.88 versus 0.82,

p=0.001).

On icECG, ST-segment depression is rarely seen during maximal hyperemia (figure XXVII).
Instead, most patients developed elevated and upsloping ST-segment because of
simultaneously altered ST-segment and T-wave morphology. Hence, ST-segment shift
measured 60ms after the J-point increases faster than ST-segment shift measured at the J-
point. As a result, the measurement 60ms after the J-point enables differentiation between
non-relevant and relevant ST-segment shift at an earlier stage of myocardial ischemia than
measurement at the J-point. This behaviour is shown by figure XXIII, where ST-segment shift
measured 60ms after the J-point exceeds the threshold of transmural ischemia (i.e., 0.579 mV
for this parameter) at a time point during the pharmacologic stress test, where ST-segment

shift measured at the J-point is still below its threshold (i.e., 0.365mV).

This advantage is, however, only present at the beginning of myocardial ischemia and
mitigates with the formation of transmural ischemia as outlined by figure XXVIII. Considering
the population of Project | with a broad range of coronary lesion severity (20-95% diameter
stenosis) and thus, varying degree of myocardial ischemia during exercise stress test, the
advantage of earlier discrimination of present or absent myocardial ischemia for ST-segment
shift measured 60ms after the J-point versus at the J-point diminishes. Hence and conversely
to the results by Okin et al.Y’, the results of Project IV did not show a statistical significant
difference between the two parameters. On the other hand, the simplicity of the measurement
directly at the J-point provides an explanation for the application of this parameter during acute

transmural myocardial ischemia in daily clinical practice.
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Figure XXVIII: Collateral flow index (CFI) measurement (identical to figure VI). A) Simultaneous recordings of mean and phasic aortic (red signals), coronary occlusive (black

signals), central venous pressure (blue signals) and intracoronary ECG (B) immediately before (left side) and during coronary artery occlusion in a patient with poorly functional

collaterals. C) Quantitative measurement at the ST-segment shift for every single heartbeat; blue cross = measurement at the J-point, red star = measurement 60ms after the J-point.

D) First derivative of the ST-segment shift filtered with a moving-average filter (window-size = 10).
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4.3 Limitation

The results of this thesis were obtained in a selected population without arrhythmia or bundle
branch blocks as these disorders are known to distort the ST-segment and to impede
myocardial ischemia detection on ECG®*1%®, Hence, diagnostic accuracy and cut-off threshold

values may be not generally representative.

The low percentage of female patients in the different projects did not allow gender specific
statistical analysis. However, such an analysis would have been beneficial taken into account
the gender specific difference in myocardial mass with consecutive difference in the amplitude

of ischemic signals®®®.

All icECG analysis were performed offline. Thus, direct quantitative feedback to the
interventional cardiologist was not possible restricting the application of the icECG to a

scientific context.

4.4 Conclusion

The intracoronary electrocardiogram is an easy available diagnostic method providing highly
accurate information on the amount of myocardial ischemia in real-time. Quantitative
assessment of acute, transmural myocardial ischemia by icECG is most accurately performed
by measuring ST-segment shift at the J-point, while the quantitative assessment during
physical exercise, respectively its pharmacologic simulation, is most accurately performed by

measuring ST-segment shift 60ms after the J-point.
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5. Outlook

As stated by Yong et al.?%, “the current lack of commercially available systems to obtain and
quantify icECG discourages routine use” despite ample evidence for its diagnostic value as
outlined by this thesis. Hence, we started an interdisciplinary research project in collaboration
with Prof. R. Wildhaber (Institute for Human Centered Engineering, Bern University of Applied
Sciences) to develop and validate an autonomous icECG analysing device. The project aims
to enable quantitative assessment of the icECG ST-segment shift in real-time during coronary

interventions.

For the development a fully autonomous icECG analysing algorithm, R. Wildhaber applies an
existing ECG software, denoted as EsolLive, currently developed at University of Applied
Science, Biel. The algorithm starts with a baseline wander extraction method akin to Kalman
filtering®®’ (i.e., an algorithm that uses a series of measurements with noise to produce
estimates of unknown variables with higher accuracy than those based on a single
measurement alone). Then, a common QRS-complex detection sets the initial points for a
sophisticated “edge”, i.e., J-point, search using model-based and machine-learning related
approaches!®®. In the next step, the algorithm processes in a similar way to identify the
isoelectric line level. Temporal as well as quantitative (in mV) determination of those two points
allows the calculation of the icECG ST-segment shift for each single QRS-complex. Figure

XXIX shows the approach of the algorithm on the known CFI measurement from figure VI.
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Figure XXIX: Preliminary software-algorithm based quantitative assessment of icECG ST-segment shift
during a 60-second proximal coronary balloon occlusion (known from figure VI) A) Native icECG with
development of electrical alterations directly after the balloon occlusion (black arrow). Conversely to the icECG in
figure VI, this icECG was additional filtered by the algorithm to remove the baseline wander. B) Autonomous
detection of the isoelectric line (blue marks) as well as well as the J-point (blue cross) for every single heartbeat.

C) Quantitative determination of the icECG ST-segment shift in mV for each heartbeat. Dashed black line = 0mV.

Preliminary validation analysis demonstrated already an excellent correlation of the algorithm
with the manual analysis by M. Bigler (r> = 0.945; ST-segment shiftagorithm = -7.5*102 + 1.06*ST-
segment shiftw gigler; p<0.001). Using the icECG recording during coronary patency or occlusion
as criterion for absent or present myocardial ischemia (similar to Project Il and lll), ROC-
analysis of icECG ST-segment shift measured by M.Bigler showed an AUC of 0.968+0.021,
while AUC for the algorithm was 0.967+0.026. DeLong-Test of the ROC-curves showed no

significant difference (p=0.925).

The current, preliminary algorithm (currently set-up for off-line processing) demonstrates
feasibility of a fully software-based beat-per-beat detection with good agreement to manual
analysis results. However, there exist remaining inaccuracies (especially in the analysis of
icECG recorded in the RCA) and the implementation into a device has to be solved to

overcome the barriers, which discourages routine use of icECG.
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8. Appendix

The following sections include the code used on Matlab R2019b. Since the Matlab version
R2020b, Matlab provides the application “Experiment Manager”, allowing the creation of a
“deep learning experiment to train networks under various initial conditions and to compare the

results” (Cited from: https://ch.mathworks.com/help/deeplearning/ ref/experimentmanager-

app.html). Usage of this application requires less programming work.

8.1 Awvailable pretrained neural networks on Matlab

Matlab provides multiple pretrained neural networks for classification tasks. Each network has
different characteristics like network accuracy, speed and required size on the disc. It is
recommended to start with a simple and fast network (e.g., AlexNet/GoogLeNet) and later try
the tested settings on a network with a more sophisticated architecture (e.g., ResNet). For
more detailed information, please see https://ch.mathworks.com/help/deeplearning/

ug/pretrained-convolutional-neural-networks.html .
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Appendix figure |: Overview of the available pretrained classification networks on Matlab. As illustrated,
choice of the network is socialized with a tradeoff between accuracy and relative prediction time. Of note, the
prediction time is directly dependent on the used computational power (i.e., CPU vs GPU). The area of each
marker is proportional to the size of the network on disk. The used networks for Project Il are highlighted in red.

This image was taken from: https://ch.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-

networks.html and slightly adapted for my purpose.
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Appendix figure Il: Network architecture of GoogLeNet. GoogLeNet is a 22 convolutional layer deep convolutional neural network with a special architecture containing networks
within the network architecture (called inception modules). These modules contains multiple different filter sizes (1x1, 3x3, 5x5) allowing simultaneous feature extraction on different

levels of details. For transfer learning, the last four layers (marked red) were adapted to the new task.
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8.2 Image randomization, allocation and augmentation

oo

This is a MATLAB m-file

oe

% File : Imagerandomisation and allocation.m

% Author : Marius Reto Bigler, adapted from an example from
% Mathworks

% Date adapted : 15.10.2020

% Last Change : 20.10.2020

% Institute : Department of Cardiology

% Description:

oo

oe

This function randomly allocates all available data into a virtual
training and a validation datastore necessary for the transfer learning
process.

Further, it uses data augmentation to prevent overfitting.

o® o0 o oe

o\

The code is based from an MathWork example and adapted to this task. Link
to the original example:
https://ch.mathworks.com/help/deeplearning/ref/trainnetwork.html#fmw d13a492
2-1dd5-4409-a0fd-fc489c353a9f

o\

% File path
parentDir = 'C:\Users\Marius\Documents\Googlenet';

[}

% Folder name
dataDir = 'DataZ2';

o\

Create a data store of all images. Of note, the ECG images have to be
already sorted to “normal” and “ischemic” according to the time point of
ECG recording (i.e. before or at the end of a l-minute coronary
occlusion)in two subfolders named accordingly.

allImages = imageDatastore(fullfile (parentDir,dataDir), ...
'IncludeSubfolders', true, ...

'LabelSource', 'foldernames') ;

o° o

o°

% rng default => "controlled" randomization, repeatable so that each

% network is trained with the same training data, which was once randomly
% selected

rng default

% randomly allocate the images to training and validation with a ratio of
% 80% training and 20% validation images
[imgsTrain, imgsValidation] = splitEachlLabel (allImages, 0.8, 'randomized') ;

[}

% display the number of image in each group

disp ([ 'Number of training images: ',num2str (numel (imgsTrain.Files))]);
disp (['Number of validation images:
',num2str (numel (imgsValidation.Files))]);

% define the inputSize (for both CNNs the same)
inputSize = [224,224,3];

% Data augmentation

Data augmentation (i.e., an augmented data store), transforms batches of
training sets with optional preprocessing such as resizing, rotation etc.
This helps to prevent the network from overfitting and memorizing the
exact details of the training image => in particular recommended with
limited data.

o0 o0 o o o

o
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% Define the preprocessing, here with a random rotation, a shift in both
% directions and reflection along the x-axis
imageAugmenter = imageDataAugmenter ('RandRotation', [-45,45], ...
'RandYReflection', 1, ...
'RandXTranslation', [-10,10]
'RandYTranslation', [-10,10]);
% create the augmented data store
augimgsTrain = augmentedImageDatastore (inputSize,imgsTrain, ...
'DataAugmentation', imageAugmenter) ;
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Appendix figure 1V: Visualization of the data augmentation effect. The original icECG image (the same as
figure 1 in Project Ill) is depicted on the upper left corner. Three different data augmentation effects were used: 1.
Translocation up to 10 pixels in every direction (x and y-axis). 2. Rotation up to 45° in every direction (in the bottom
left corner, the image is rotated 10°) 3. Reflection along the x-axis (bottom right corner). Data augmentation was

performed to prevent overfitting and to make the network invariant to translation of the input.
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8.3 Transfer learning using Bayesian optimization

oo

This is a MATLAB m-file

o\

% File : deeplearningusingbayesianoptimization.m

% Author : Marius Reto Bigler, adapted from an example from
% Mathworks

% Date adapted : 15.10.2020

% Last Change :19.10.2020

% Institute : Department of Cardiology

% Description:

oo

o\

Hyperparameter optimization using Bayesian optimization. After few
training runs with randomly chosen hyperparameter settings within the
predefined range, a surrogate function of the cost-function is
constructed and further hyperparameter settings are tried according to
the presumed minima.

o® o® o° o° o

o

Please note, explanations are directly copied from the Mathworks example:
https://ch.mathworks.com/help/deeplearning/ug/deep-learning-using-
bayesian-optimization.html

o°

o°

% Deep Learning Using Bayesian Optimization

o°

% Choose hyperparameter to optimize

optVars = [
optimizableVariable ('InitiallearnRate', [le-5 2e-4], 'Type', 'real',
'Transform', 'log")
optimizableVariable ('MiniBatchSize', [8 32], 'Type', "integer',
'Transform', 'none')
optimizableVariable ('Dropout', [0.3 0.8], 'Type', 'real',
'Transform', 'none')];

% Create the objective function for the Bayesian optimizer, using the
% training and validation data as inputs. The objective function trains a
% convolutional neural network and returns the classification error on the
validation set. This function is defined at the end of this script.

% Because bayesopt uses the error rate on the validation set to choose the
% best model, it is possible that the final network overfits on the

% validation set. The final chosen model is then tested on the independent
% test set to estimate the generalization error.

ObjFcn = makeObjFcn (XTrain,YTrain,XValidation,YValidation);

% Perform Bayesian optimization by minimizing the classification error on
% the validation set. After each network finishes training, bayesopt

% prints the results to the command window.

BayesObject = bayesopt (ObjFcn,optVars) ;

% Evaluation

3 Load the best network found in the optimization and its validation
accuracy.

bestIdx = BayesObject.IndexOfMinimumTrace (end) ;

fileName = BayesObject.UserDataTrace{bestIdx};

savedStruct = load(fileName) ;

valError = savedStruct.valError

O o

% Predict the labels of the test set
[YPredicted, probs] = classify(savedStruct.trainedNet, imgsExam) ;
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% Compare it to the true values (i.e., the image labels). Further,
% calculate the test error.
testError = 1 - mean(YPredicted == imgsExam.Labels)

% Plot the confusion matrix for the test data. Display the precision and
% recall for each class by using column and row summaries.

figure ('Units', 'normalized', 'Position', [0.2 0.2 0.4 0.41);

cm = confusionchart (imgsExam.Labels, YPredicted) ;

cm.Title = 'Confusion Matrix for Test Data';

cm.ColumnSummary = 'column-normalized';

cm.RowSummary = 'row-normalized';

oo
oo

Objective Function for Optimization
Define the objective function for optimization. This function performs
the following steps:

o° o o

o°

1) Takes the values of the optimization variables as inputs. bayesopt
calls the objective function with the current values of the optimization
variables in a table with each column name equal to the variable name.
For example, the current value of the network section depth is
optVars.SectionDepth.

o® A o° o° o

o°

2. Defines the network architecture and training options.

o\

o\

3. Trains and validates the network.

o\

o°

4. Saves the trained network, the validation error, and the training
options to disk.

o° o°

o

5. Returns the validation error and the file name of the saved network.
function ObjFcn = makeObjFcn (XTrain,YTrain,XValidation,YValidation)
ObjFcn = @valErrorFun;

function [valError,cons,fileName] = valErrorFun (optVars)

%% load the pretrained neural network
net = resnetl0l; %or alternatively GoogLeNet

o)

% display the structure of the network including some information
numClasses = numel (categories (YTrain));

lgraph = layerGraph (net);

% remove the previous output layers

lgraph =

removeLayers (lgraph, { "'£c1000', 'prob', 'ClassificationLayer predictions'});

% define new layers for this specific task including a new classification

% layer with normal and ischemic classes

newlLayers = [dropoutlLayer (optVars.Dropout, 'Name', 'newDropout")
fullyConnectedLayer (numClasses, 'Name', 'new fc', 'WeightLearnRateFactor'
,10, 'BiasLearnRateFactor',10)
softmaxLayer ('Name', "softmax')
classificationlLayer ('Name', 'new classoutput')];

% add the layers at the end of the CNN and connect them
lgraph = addLayers (lgraph,newlLayers);

lgraph = connectlayers (lgraph, "'pool5', 'newDropout');
inputSize = net.Layers(l).InputSize;
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numberOfLayers = numel (lgraph.Layers);

oo

To check that the new layers are connected correctly, plot the new layer
graph and zoom in on the last layers of the network. (Please note, this
was only done once and not for each network)

figure ('Units', 'normalized', 'Position', [0.3 0.3 0.4 0.41);

plot (lgraph)

ylim([0,10])

oo

o\

oo

define the training options for the transfer learning. Please note, this
example was coded with ValidationPatience = “number of times that the
loss on the validation set can be larger than or equal to the previously
smallest loss before network training stops.” Thus, number of epochs was
chosen large as the training stopped automatically.

options = trainingOptions('adam', ...
'MiniBatchSize',optVars.MiniBatchSize, ...

'MaxEpochs', 60, ...

'"ITnitiallearnRate',optVars.InitiallearnRate, ...
'ValidationData',XValidation, ...

'ValidationFrequency',10, ...

'ValidationPatience',15, ...

'Verbose', 1, ...

'Shuffle', 'every-epoch', ...

'ExecutionEnvironment', 'auto', ...

'Plots', 'training-progress');

o° o0 oP

o\

[}

% start with the training process
trainedNet = trainNetwork (datasource, lgraph,options);

Evaluate the trained network on the validation set, calculate the
predicted image labels, and calculate the error rate on the validation
data.

YPredicted = classify(trainedNet,XValidation);

valError = 1 - mean (YPredicted == YValidation);

o oo

o°

o)

% save the network using the calculated error rate as name

fileName = num2str (valError) + ".mat";
save (fileName, 'trainedNet', 'valError', 'options")
cons = [];
end
end
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8.4 Network performance analysis

This is a MATLAB m-file

o° oo

% File : NetworkPerformanceAnalysis.m

% Author : Marius Reto Bigler, adapted from an example from
% Mathworks

% Date adapted : 15.10.2020

% Last Change :19.10.2020

% Institute : Department of Cardiology

% Description:

oo

oe

This function was used to assess the performance of the trained neural
network. First, it loads the images into a data store (exactly the same
code as in Appendix 1.2) and allocates them into the training group and
the validation group. Further, it loads the examination data from a
separate folder. Parts of the code are directly copied from
https://ch.mathworks.com/help/deeplearning/ug/deep-learning-using-bayesian-
optimization.html

o o° oP

o°

% File path

parentDir = '\\filer300\users3006\i0316914\Documents\Aktuelle Studien\MD-
PhD Thesis\Neural Network\ResNetl01l';

% Folder name
dataDir = 'NewData';

o\

create a data store of all images. Of note, the ECG images in data 2 are
already sorted to normal and ischemic according to the time point of

ECG recording (i.e. before or at the end of a l-minute coronary
occlusion)

allImages = imageDatastore (fullfile(parentDir,dataDir), ...
'IncludeSubfolders', true, ...

'LabelSource', 'foldernames') ;

o° o

o

$rng default => "controlled" randomization, repeatable
rng default

% randomly allocate the images to training and validation
[imgsTrain,imgsValidation] = splitEachLabel (allImages, 0.8, 'randomized');

% delete the training images and the first data store with all images as
% they are not further required in the workspace

clear allImages

clear imgsTrain

Further, the examination images as well as the combination of the
examination and the validation images were stored separately to simplify
the performance analysis.

Examination images

imgsExam = imageDatastore(fullfile (parentDir, 'NewExam'), ...
'IncludeSubfolders', true, ...

'LabelSource', 'foldernames') ;

o° oP

o\

o©

Q

% Combination of examination and validation images

imgsValExam =

imageDatastore (fullfile (parentDir, 'ValidationExaminationData'), ...
'IncludeSubfolders', true, ...

'LabelSource', 'foldernames') ;
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% Predictions

% Predict the labels of the Validation Data Set.
[

YPredictedl,probs] = classify(net,imgsValidation);

Q

% Compare it with the true labels and calculate the accuracy.

ValAccuracy = mean(YPredictedl == imgsValidation.Labels)

[}

figure (1) ;

% Visualize the results in a confusion matrix

cml = confusionchart (imgsValidation.Labels,YPredictedl);

cml.Title = 'Confusion Matrix for Validation Data';

cml.ColumnSummary = 'column-normalized';

cml.RowSummary = 'row-normalized';

% Predict the labels of the Examination Data Set.
[YPredicted, probs] = classify(net, imgsExam) ;

[}

[}

figure (2);

% Visualize the results in a confusion matrix

cm = confusionchart (imgsExam.Labels, YPredicted) ;

cm.Title = 'Confusion Matrix for Examination Data';

cm.ColumnSummary = 'column-normalized';

cm.RowSummary = 'row-normalized';

% Compare it with the true labels and calculate the accuracy.
ExamAccuracy = mean (YPredicted == imgsExam.Labels)

% Predict the labels of the ValidationExamination Data Set.
[YPredicted2,probs] = classify(net,imgsValExam) ;

o)

o)

figure (3);

cml = confusionchart (imgsValExam.Labels,YPredicted?2) ;

% Visualize the results in a confusion matrix

% Compare it with the true labels and calculate the accuracy.

ValExamAccuracy = mean (YPredicted2 imgsValExam.Labels)

cml.Title = 'Confusion Matrix for ValidationExaminationData';
cml.ColumnSummary = 'column-normalized';

cml.RowSummary = 'row-normalized';

Appendix figure V: Confusion matrix for the
combination of validation and examination
data for ResNet 5. As outlined above
(Appendix 8.1), choice of the network is a
tradeoff between accuracy and prediction time.
With increasing numbers of convolutional
layers, the prediction time rises. Upload into the
datastore, network prediction, calculation of the
accuracy and plotting of the three confusion
matrixes (code above) took 55sec for ResNet5
and for 19sec GoogLeNet10.

True Class

Ischemic

Normal
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8.5 Visualization of network predictions

o°

This is a MATLAB m-file

oe

% File : InvestigateNetworkPredictions.m

% Author : Marius Reto Bigler, adapted from an example from
% Mathworks

% Date adapted : 15.10.2020

% Last Change :19.10.2020

% Institute : Department of Cardiology

% Description:

o°

oe

This function gives us a visual explanation what triggered the prediction
of the neural network based on the code from the Mathworks example on
Investigate Network Predictions Using Class Activation Mapping
(https://ch.mathworks.com/help/deeplearning/ug/investigate-network-
redictions-using-class-activation-mapping.html )

o° oo

o°

The class activation map shows which regions of the input image
contributed the most to the predicted class (red = the most).

o oe oe [T

o°

Load a pretrained convolutional neural network for image classification.
load ("\\filer300\users3006\10316914\Documents\Aktuelle Studien\MD-PhD
Thesis\Neural Network\ResNetlOl\BestResnetlOl\Resnet5 D0.80 M14 E60 Lle-

4 . mat')

% Provide the general network architecture (necessary to know the name of
% the correct output layer required for the class activation mapping
netName = "resnetlOl";

o°

Extract the image input size and the output classes of the network.

The activationLayerName helper function, defined at the end of this
example, returns the name of the layer to extract the activations from.
This layer is the ReLU layer that follows the last convolutional layer of
the network.

inputSize = net.Layers(l).InputSize(1l:2);

classes = net.Layers(end) .Classes;

layerName = activationLayerName (netName) ;

o o o

o°

o°

Display Class Activation Maps
Create a figure and perform class activation mapping in a loop.
To terminate execution of the loop, close the figure.
= figure('Units', 'normalized', "Position', [0.05 0.05 0.9
.8], 'Visible', 'on');

O T d° o° oo

while ishandle (h)

o

File paths of the ten images used to discover the underlying morphology
responsible for the network prediction (i.e., Project III, supplemental
figures). Please note, for reasons of space, only one file path is shown.
im = imread ('\'\\filer300\users3006\10316914\Documents\Aktuelle Studien\MD-
PhD Thesis\Neural
Network\VisualisierungsData\38002 vessell arm 1 cfi60 ECGavg.mat.jpg');

o° oP

o\

The class activation map for a specific class is the activation map of
the RelLU layer that follows the final convolutional layer, weighted by
how much each activation contributes to the final score of that class.

o° o©

o©
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o\

Those weights equal the weights of the final fully connected layer of the
network for that class. Please note, you can generate a class activation
map for any output class. For example, if the network makes an incorrect
classification, you can compare the class activation maps for the true
and predicted classes.

o o

o° o°

o\

o°

However, here, we are interested in the class activation map for the
predicted class with the highest score.
scores = sqgueeze (mean (imageActivations, [1 2]));

o°

if netName ~= "squeezenet"
fcWeights = net.Layers (end-2) .Weights;
fcBias = net.Layers (end-2) .Bias;
scores = fcWeights*scores + fcBias;

[~,classIds] = maxk(scores, 3);

weightVector = shiftdim(fcWeights(classIds(1l),:),-1);

classActivationMap = sum(imageActivations.*weightVector, 3);
else

[~,classIds] = maxk(scores, 3);

classActivationMap = imageActivations(:,:,classIds(1l));
end

% Calculate the top class labels and the final normalized class scores.
scores = exp(scores)/sum(exp(scores));
maxScores = scores (classIds);
labels = classes (classIds);

o°

Plot the class activation map. Display the original image in the first
subplot. In the second subplot, use the CAMshow helper function, defined
at the end of this example, to display the class activation map on top of
a darkened grayscale version of the original image. Display the top three
predicted labels with their predicted scores.

subplot (1,2,1)

imshow (im)

o° o o©

o

subplot (1,2,2)
CAMshow (im, classActivationMap)
title(string(labels) + ", " + string(maxScores));

drawnow
end
%% ActivationLayerName function

% provides the correct layer name, i.e., the name of the RelLU layer that

% follows the final convolutional layer

function layerName = activationLayerName (netName)
if netName == "squeezenet"
layerName = 'relu convl0';
elseif netName == "googlenet"
layerName = 'inception 5b-output';
elseif netName == "resnetl8"
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layerName = 'res5b relu';
elseif netName == "resnetlOl"

layerName = 'res5c relu';
elseif netName == "mobilenetv2"

layerName = 'out relu';

end

end

%% CAMshow function
% Please note, this function was provided by the Mathworks example

function CAMshow (im, CAM)

imSize = size (im);

CAM = imresize (CAM,imSize(1:2));

CAM = normalizeImage (CAM) ;

CAM (CAM<0.2) = 0;

cmap = jet (255) .*linspace(0,1,255)"';
CAM = ind2rgb (uint8 (CAM*255),cmap) *255;

combinedImage double (rgb2gray(im)) /2 + CAM;
combinedImage = normalizelImage (combinedImage) *255;
imshow (uint8 (combinedImage)) ;

end

Ischemic, 0.98319
Normal, 0.01681

0 1000 2000 3000

Appendix figure VI: Visualization of network activation patterns of GoogLeNet10 as it is shown by running
the code above. Red regions contribute most to the network prediction, while grey region do not contribute to the

prediction.
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8.6 Visualization of hidden layers

oo

This is a MATLAB m-file

o°

$ File : VisualizationofHiddenLayers.m

% Author : Marius Reto Bigler, adapted from an example from
% Mathworks

% Date adapted : 01.12.2020

% Last Change I

% Institute : Department of Cardiology

% Description:

oo

o°

This function gives us a visual explanation of the activation in each
convolutional layer of the network. The code is based on the Mathworks
example on Visualize Activations of a Convolutional Neural Network
https://ch.mathworks.com/help/deeplearning/ug/visualize-activations-of-a-
convolutional-neural-network.html

and further adapted for the application on a trained GoogleNet-CNN.
Descriptions are directly copied from the example.

o oo

o°

o oo oP

o°

The function returns 24 figures, 2 of each central convolutional layer of
GoogleNet. One with an overview and one with the strongest channel. All
figures are grayscaled with white = strongest activations.

o°

o\

o°

% Visualization of hidden layer activations
% load a pretrained network
net = savedStruct.trainedNet;

% load an image

im = imread ('\\filer300\users3006\10316914\Documents\Aktuelle Studien\MD-
PhD Thesis\Neural Network\Beispiel Ischamieentwicklung\Bspljpgs\

35068 FU vessel2 arm 1 maxhf dobu ECGavg.mat.jpg');

% and show it

figure (1)

imshow (im)

% Save its size for future use.

imgSize = size (im);

imgSize = imgSize(1:2);

o°

% Investigate features by observing which areas in the convolutional
layers activate on an image and comparing with the corresponding areas in
the original images. Each layer of a convolutional neural network
consists of many 2-D arrays called channels. Pass the image through the
network and examine the output activations of the convl layer. Please
note that we have to adjust the number of subplots (i.e., actsize)
according to the number of kernels of this convolutional layer (e.g., 64
for the first example)

o

0% o° d° o° o

o

for i=1:12 $ since we want to get figures from each central convolutional
layer (e.g., “convl-7x7 s2”)

if i==1
actl = activations(net,im, 'convl-7x7 s2');
actsize = [8 8];

filtername = 'convl-7x7 s2';
elseif i==
actl = activations(net,im, 'conv2-3x3 reduce');
actsize = [8 8];
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filtername = 'conv2-3x3 reduce';

elseif i==

actl = activations (net,im, 'conv2-3x3");
actsize = [12 16];

filtername = 'conv2-3x3';

elseif i==

actl = activations (net,im, 'conv2-norm2') ;
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actsize = [12 16];

filtername = 'conv2-norm2';

elseif i==

actl = activations(net,im, "inception 3a-output');
actsize = [1l6 16];

filtername = 'inception 3a-output';

elseif i==

actl = activations(net,im, "inception 3b-3x3");
actsize = [12 16];

filtername = 'inception 3b-3x3'";

elseif i==

actl = activations(net,im, "inception 3b-output');
actsize = [20 24];

filtername = 'inception 3b-output';

elseif i==

actl = activations(net,im, "inception 4a-output');
actsize = [16 32];

filtername = 'inception 4a-output';

elseif i==

actl = activations(net,im, "inception 4b-output');
actsize = [1l6 32];

filtername = 'inception 4b-output';

elseif i==10

actl = activations(net,im, "inception 4c-output');
actsize = [1l6 32];

filtername = 'inception 4c-output';

elseif i==11

actl = activations(net,im, "inception 4d-output');
actsize = [22 24];
filtername = 'inception 4d-output';

elseif i==12

actl = activations(net,im, "inception 4e-output');
actsize = [26 32];

filtername = 'inception 4e-output';

end

o\

The activations are returned as a 3-D array,
indexing the channel on the convl layer. To
the imtile function,
input to imtile represents the image color.

oe

o° oP

o\°

o\°

dimension indexes the channel.
size (actl);
reshape (actl, [sz (1)

0]

z
actl

sz(2) 1 sz(3)]);
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o°

Now you can show the activations. Each activation can take any value,
so normalize the output using mat2gray. All activations are scaled so
that the minimum activation is 0 and the maximum is 1. Display the 64
images on an 8-by-8 grid, one for each channel in the layer.

o0 oo

o°

I = imtile (mat2gray(actl), 'GridSize',actsize);
figure (1)

txt = ['Overview Activation pattern of ',filtername];
imshow (I, 'Parent', gca );

title(gca, txt );

o°

Each tile in the grid of activations is the output of a channel in the
convl layer. White pixels represent strong positive activations and
black pixels represent strong negative activations. A channel that is
mostly gray does not activate as strongly on the input image. The
position of a pixel in the activation of a channel corresponds to the
same position in the original image. A white pixel at some location in
a channel indicates that the channel is strongly activated at that
position

00 o° o° o° o° o°

o°

%% Find the strongest activation
[maxValue,maxValueIndex] = max (max (max (actl)));
actlchMax = actl(:,:, :,maxValuelndex);
actlchMax mat2gray (actlchMax) ;

actlchMax imresize (actlchMax, imgSize) ;

I = imtile({im,actlchMax});

figure (i+12)

txt = ['Strongest Activation pattern of ',filtername];
hImage = imshow (I, 'Parent', gca );

title(gca, txt );

end

Appendix figure VII: Overview of the
activation pattern of the first
convolutional layer of GooglLeNet
(conv1-7x7_s2): As outlined in figure
XVII, the first convolutional layer is
responsible for the detection of simple
geometric structures (e.g., edges). The
first convolutional layer of GooglLeNet
uses 64 different kernels for this purpose.
“White pixels represent strong positive
activations and black pixels represent
strong negative activations. A channel
that is mostly gray does not activate as
strongly on the input image.” Cited from

https://ch.mathworks.com/help/deeplear

ning/ug/visualize-activations-of-a-

convolutional-neural-network.html
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do

4
0 1000 2000 3000

Appendix figure VIII: Strongest activation pattern of the first convolutional layer of GoogLeNet (conv1-
7x7_s2): The first convolutional layer is responsible for edge detection. Hence, the strongest activation was
provided by a kernel which activates positively (i.e., white signal) on dark left /light right edges and negatively (i.e.,
black signal) on light left/dark right edges. Consequently, the activation is strongest on the QRS-complex, the up-
and downslope of the T-wave as well as on the frame of the image. The underlying kernel operation is a simple

subtraction of the value from one pixel and its neighboring pixel.

Appendix figure IX: Overview of the activation pattern of the first inception convolutional layer of
GoogLeNet (inception_3a_output): This layer is notable deeper in the network architecture. Thus, illustration of
the activation patterns shows more abstract patterns as the purpose of these layers is to extract features, rather
than geometrical structures. Of note, inception_3a_output is a layer that uses 256 different kernels, resulting in

the illustration of 256 different activation pattern.
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