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Abstract
ABSTRACT

INTRODUCTION

Coronary artery disease (CAD) is the dominant cause of cardiac pathology and remains
the most relevant cause of morbidity and mortality worldwide. The invasive management of
CAD, with revascularization by Coronary Artery Bypass Graft (CABG) surgery or
Percutaneous Coronary Intervention (PCI), was made possible by the development of invasive
coronary angiography (CAG) in the 1950’s and 60’s.

A fundamental step in interpreting CAG is the estimating of lesion severity, as the
decision to proceed with revascularization hinges upon it. Notwithstanding, this critical step
has hardly changed for over 50 years. Indeed, visual estimation of percentage diameter stenosis
(DS) remains the cornerstone of severity assessment, but is prone to operator dependency,
resulting in potential over (or even under) estimation of severity, as multiple studies spanning
five decades have shown.

The development of Quantitative Coronary Analysis (QCA) enabled the objective and
reproducible assessment of lesion severity but has been understudied and underused.

To address these limitations, coronary physiology based methods were developed. Two
main indexes are used: Fractional Flow Reserve (FFR) and instantaneous wave-free ratio (iFR).
The former has been studied directly in outcomes studies, whereas the latter was mostly studied
as a surrogate of FFR. Nonetheless, no single index is perfect, and iFR may be more suitable
in certain scenarios, such tandem lesions assessment. Multiple clinical trials have confirmed
the usefulness and superiority of physiology vs angiography-alone in improving
revascularization decisions and hence clinical outcomes. However, their usefulness in more
complex clinical scenarios, such as multivessel disease and acute coronary syndrome, has been
challenged. The increased risk of iatrogeny in such contexts, together with the physiological
limitations imposed by the acute setting, likely contributed to these findings. Even in the
chronic coronary syndromes setting, coronary physiology remains underused.

The non-invasive derivation of coronary physiology from CAG images alone may
partially overcome these limitations. Such software systems have been developed, but are semi-
automatic and their reliability may be hampered by operator heterogeneity and inexperience.
Furthermore, available evidence to support their use is still insufficient and almost all studies

have focused solely on the derivation of FFR, not iFR. Lastly, the contribution of Al technology
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in improving or surpassing these systems has seldom been explored, as most methods have

used computational fluid dynamics (CFD) and three-dimensional (3D) QCA to derive
physiology.

OBJECTIVES

This dissertation aims to fulfil part of the pitfalls and gaps in evidence pertaining to the
interpretation of coronary angiography, exploring the potential role of Al as the primary tool
for the task. The specific objectives are:

1. To create fully automatic Al models capable of accurate CAG segmentation and
develop a scoring system capable of assessing their quality from a clinical perspective,
in addition to those of conventional metrics.

2. To validate both the Al models and said score in a multicentric external dataset.

3. To assess the impact of Al-based segmentation models in the assessment of coronary
lesions severity, namely its impact in inter-operator heterogeneity and overestimation
tendency.

4. To develop Al-based validation models capable of deriving instantaneous Wave-Free

Ratio (iFR) data from CAG images alone in fully non-invasive fashion.

METHODS

The following research projects were conducted to address the established objectives:

1. Arretrospective single center study of randomly selected patients undergoing CAG. Per
incidence, an ideal frame was segmented, forming a baseline human dataset (BH), used
for training a baseline Al model (BAI). An enhanced human segmentation (EH) was
created by combining the best of both. An enhanced Al model (EAI) was trained using
the EH. Results were assessed by expert physicians using eleven weighted criteria,
combined into a Global Segmentation Score (GSS- 0 — 100 points). The Generalized
Dice Score (GDS) and Dice Similarity Coefficient (DSC) were also used for assessing
the performance of Al models.
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2. A retrospective observational study with four centres was conducted. Consecutive
patients undergoing CAG and percutaneous coronary intervention or invasive
physiology assessment over a one-month period were selected. A single frame was
selected from images containing a lesion with a 50-99% DS by visual estimation
(%DSve). DS by Quantitative Coronary Analysis (%DSqca) was performed with a
validated software. Images were then segmented by the Al model. Lesion diameters,
area overlap [based on true positive (TP) and true negative (TN) pixels] and the global
segmentation score (GSS — 0 -100 points) - previously developed and published - were
measured.

3. %DSqca was performed in the validation dataset of project 2. Operators were asked to
estimate %DSve of lesions in angiography vs Al-segmented images in separate sessions
and differences were assessed using angiography %DSqca as reference.

4. A retrospective single-centre observational study of consecutive patients undergoing
invasive iFR. We developed Al models capable of binarily classifying target lesions as
positive (iFR < 0,89) or negative (iFR > 0,89) based on a single 2D-frame. The

predictions were then compared to the true invasive measurements.

RESULTS

1. 1664 processed images were generated. GSS for BH, EH, BAI and EAI were 96,9 +/-
5,7; 98,9 +/- 3,1; 86,1 +/- 10,1 and 90 +/- 7,6, respectively (95% CI, p < 0,001 for both
paired and global differences). The GDS for the BAIl and EAI was 0,9234 + 0,0361 and
0,9348 £ 0,0284, respectively. The DSC for the coronary tree was 0,8904 + 0,0464 and
0,9134 £ 0,0410 for the BAI and EAI, respectively. The EAI outperformed the BAI in
all coronary segmentation tasks but performed less well in some catheter segmentation
tasks.

2. 123 regions of interest from 117 images across 90 patients were included. There were
no significant differences between lesion diameter, percentage diameter stenosis and
distal border diameter between the original/segmented images. There was a statistically
significant albeit minor difference [0,19 mm (0,09 — 0,28)] regarding proximal border
diameter. Overlap accuracy ((TP+TN)/(TP+TN+FP+FN)), sensitivity (TP / (TP + FN))
and Dice Score (2TP / (2TP + FN + FP)) between original/segmented images was
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99,9%, 95,1% and 94,8%, respectively. The GSS was 92 (87 — 96), similar to the
previously obtained value in the training dataset.

3. %DSve was significantly higher in both the angiography (77% +-/ 20% vs 56% +-/
13%, p < 0,001) and segmentation groups (59% +-/ 20% vs 56% +-/ 13%, p < 0,001),
with a much smaller absolute difference in the latter. For lesions with %DSqca of 50 -
70% (60% +/- 5%), an even higher discrepancy was found (Angiography: 83% +/- 13%
vs 60% +/- 5% p < 0,001; Segmentation: 63% +/- 15% vs 60% +/- 5%, p < 0,001).
Similar, but less pronounced, findings were observed for %DSqca < 50% lesions, but
not %DSqca > 70% lesions. Agreement between %DSqoca / %DSve across %DSqca
strata (< 50%, 50 - 70%, > 70%) was approximately twice in the segmentation group
(60,4% vs 30,1%; p < 0,001). %DSve inter-operator differences were smaller with
segmentation.

4. 250 iFR measurements were included. Three models were developed. Model 3 had the
best overall performance: accuracy, NPV (NPV), PPV (PPV), sensitivity and
specificity were 69%, 88%, 44%, 74% and 67%, respectively. Performance differed per
target vessel. For the LAD, model 3 had the highest accuracy (66%), while model 2 the
highest NPV (86%) and sensitivity (91%). PPV was always low/modest. Model 1 had
the highest specificity (68%). For the right coronary artery, model 1’s accuracy was
86%, NPV 97% and specificity 87%, but all models had low PPV (maximum 25%) and
low/modest sensitivity (maximum 60%). For the circumflex, model 1 performed best:
accuracy, NPV, PPV, sensitivity and specificity were 69%, 96%, 24%, 80% and 68%,

respectively.

CONCLUSIONS

We successfully developed an Al model for CAG segmentation and validated it with data
from four centers, across a wide range of stenosis severity, target vessel, operators and
equipment. The models’ performance was extensively assessed by three different methods,
ensuring that segmentation is accurate as a whole, in stenosed regions, and also based on
clinical criteria as defined by experts (i.e. Interventional Cardiologists).

Visualization of Al automatic segmentation of CAG images rendered its interpretation
more reproducible across operators, significantly reducing the tendency severity

overestimation. Our immediate and fully automatic segmentation model, which requires no
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input but the image itself, therefore has the potential of reducing unwarranted revascularization,
potentially increase the use of physiology and/or imaging and hopefully have a meaningful
impact on clinical outcomes.

We successfully developed, for the first time, Al models capable of binary iFR lesion
classification using a single bidimensional frame. Despite the modest accuracy of all models,
the high NPV is clinically relevant, as a negative result effectively enables concluding the
procedure without further testing, invasive or non-invasive. Because 60 to 70% of
measurements in physiology are usually negative, this finding particularly relevant, opening a
totally new patient pathway. This is indeed the first time the derivation of iFR from CAG
images has been reported, namely using Al as the primary tool for the task.

These findings therefore highlight that automatic digital mapping systems of CAG
images are likely warranted, as they render their interpretation more objective, paving the way
for future research and potentially improving outcomes and reducing costs, so important in the

current health care management.

Keywords
Artificial Intelligence; Coronary Angiography; Coronary Artery Disease; Percutaneous

Coronary Intervention; Coronary Physiology.
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RESUMO

INTRODUCAO

A doenca das artérias coronarias (DAC) representa ainda a principal causa de patologia
cardiaca, morbidade e mortalidade a nivel global. O manejo invasivo da DAC, através da
cirurgia de revascularizagdo corondria ou intervencdo coronaria percutanea, foi viabilizado
pelo desenvolvimento da angiografia coronaria invasiva (CRG) nas décadas de 1950 e 60.

A avaliacdo da gravidade das lesdes em CRG é fundamental, pois ai assenta a decisao de
revascularizagdo, mas pouco mudou em mais de 50 anos. A estimativa visual da percentagem
de estenose considerando o diametro normal (DE) permanece, ainda hoje, a metodologia
padrdo. Porém, multiplos estudos, ao longo de 5 décadas, mostraram que esta abordagem é
propensa a variabilidade inter-operadores e a sobre (ou mesmo sub)-estimativa.

O desenvolvimento da Anélise Coronéaria Quantitativa (ACQ) possibilitou a avaliacdo
objetiva e reprodutivel da gravidade da lesdo, mas a sua base de evidéncia € reduzida, sendo a
técnica subutilizada.

Para ultrapassar estas limitacbes desenvolveram-se novos métodos baseados no
conhecimento da fisiologia coronaria, utilizando-se predominantemente dois indices:
Fractional Flow Reserve (FFR) e instantaneous wave-free ratio (iFR). O primeiro foi
directamente estudado em ensaios de outcomes/desfechos, enquanto o segundo foi
principalmente estudado em comparacdo com o FFR. Contudo, nenhum € perfeito e o iFR
podera ser, por vezes, mais adequado, como na avaliacdo de lesdes em tandem. Multiplos
ensaios clinicos confirmaram a utilidade/superioridade da fisiologia versus angiografia na
tomada de decisGes de revascularizagdo, com impacto em outcomes/desfechos. Porém, em
cenarios mais complexos, como doenca multivaso e sindrome coronaria aguda, a vantagem
destas técnicas ndo esta inteiramente estabelecida, provavelmente devido ao acrescido risco de
iatrogenia, juntamente com as limitagdes de fisiologia impostas pelo contexto agudo.
Adicionalmente, mesmo no sindrome coronario crénico, a fisiologia coronaria € subutilizada.

A derivacdo ndo invasiva da fisiologia coronaria a partir de imagens de CRG podera
superar parte destas limitagdes. Varios sistemas foram desenvolvidos, mas sdo semi-
automaticos e a fiabilidade pode ser prejudicada pela variabilidade inter-operador e/ou
inexperiéncia. A evidéncia disponivel é ainda insuficiente e os estudos concentram-se quase

exclusivamente na derivagdo do FFR - ndo do iFR. Adicionalmente, a contribuigdo da
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Inteligéncia Artificial (1A)para melhorar (ou superar) estes sistemas raramente foi explorada,
ja que a dinamica de fluidos computacional e a AQC tridimensional tém sido o principal

método utilizado nestes sistemas.

OBJETIVOS

Esta dissertacdo visa contribuir para preencher parte das lacunas e limitagbes da
interpretacéo contemporénea da CRG, explorando o enorme potencial da 1A, aqui utilizada

como ferramenta primaria. Para tal, definiram-se 0s seguintes objectivos:

1. Criar modelos de IA totalmente automaticos para segmentacao precisa de imagens de
CRG, desenvolvendo um sistema de scoring de avaliagdo de qualidade numa
perspectiva clinica, ndo somente por métricas convencionais.

2. Proceder a validacdo externa multicéntrica dos modelos de 1A e do sistema de scoring

3. Avaliar o impacto dos modelos de segmentacao baseados em IA na apreciacdo de lesbes
pelos operadores, aferindo o seu impacto na variabilidade inter-operador e tendéncia
para sobre-estimativa

4. Desenvolver modelos de IA capazes de derivar ndo invasivamente dados de iFR,

partindo somente de imagens de CRG

METODOS

Para alcancar os objectivos supra-expostos, desenvolveram-se 0s seguintes projectos:

1. Um estudo observacional retrospectivo unicéntrico de doentes submetidos a CRG,
selecionados aleatoriamente. Por cada incidéncia, segmentou-se um frame ideal,
formando uma segmentacdo humana basal (HB), usada para treinar um modelo de IA
basal (IAB). Da combinacdo de ambos formou-se uma segmentacdo humana
aperfeicoada (HA), utilizada para treinar um modelo de 1A aperfeicoado (IAA). Os
resultados foram aferidos com 11 critérios balanceados definidos por peritos,
combinados num Score de Segmentacdo Global (SSG — 0 — 100 pontos). Aplicaram-se
0 Score de Dice Generalizado (SDG) e Score de Dice de Similaridade (SDS) aos
modelos de IA.
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2. Um estudo observacional retrospectivo multicéntrico (quatro centros). Selecionaram-
se doentes consecutivos submetidos a ICP ou fisiologia invasiva durante um periodo de
um més. Por caso, selecionou-se um frame ideal onde constasse uma lesdo com DE de
50-99% por estimativa visual (%DEEV). Procedeu-se a afericdo de DE por ACQ
(%DEAacq) com um software validado. As imagens foram posteriormente segmentadas
pelo modelo de IA. Foram analisados os didmetros da lesdo, area de sobreposicao
[baseada em pixels positivos verdadeiros (\VP) e negativos verdadeiros (VN)] e Score
de Segmentacdo Global (SSG — 0 — 100 pontos).

3. A %DEAacq foi medida no conjunto de dados de validacéo do projeto 2. Os operadores
estimaram as lesdes através %DEEV em imagens de angiografia versus imagens
segmentadas por 1A, em sessOes separadas, avaliando as diferencas, tomando a
%DEacq como referéncia.

4. Um estudo observacional retrospectivo unicéntrico de doentes consecutivos submetidos
a medicdo de iFR. Desenvolveram-se modelos de IA capazes de classificar
binariamente lesdes-alvo como positivas (iFR < 0,89) ou negativas (iFR > 0,89),

comparando as previsdes dos modelos com medigdes reais.

RESULTADOS

1. Geraram-se 1664 imagens processadas. Os SSG paraa HB, HA, IAB e IAA foram 96,9
+/-5,7; 98,9 +/- 3,1; 86,1 +/- 10,1 e 90 +/- 7,6, respectivamente (IC 95%, p < 0,001 -
diferencas globais e emparelhadas). O SDG para o IAB e IAA foi 0,9234 + 0,0361 e
0,9348 + 0,0284, respectivamente. O SDS foi 0,8904 * 0,0464 e 0,9134 + 0,0410 para
0 IAB e IAA, respectivamente. O 1AA exibiu superior desempenho ao IAB para todas
as tarefas de segmentacdo coronaria, mas ndo para todas as de cateter.

2. Incluiram-se 123 regides de interesse de 117 imagens (90 doentes). N&o se observaram
diferencas significativas entre o didmetro da lesdo, 0 %DEacq e 0 diametro do bordo
distal entre imagens originais e segmentadas. Verificou-se uma ligeira diferenca
estatisticamente significativa [0,19 mm (0,09 — 0,28)] nas medi¢6es do bordo proximal.
A interseccdo sobre sobreposi¢do ((TP+TN)/(TP+TN+FP+FN)), sensibilidade (TP /
(TP + FN)) e Dice Score (2TP / (2TP + FN + FP)) foram de 99,9%, 95,1% e 94,8%,
respectivamente. O SSG foi de 92 (87 — 96), semelhante ao valor anteriormente obtido

nos dados de treino.
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3. O %DEEYV foi significativamente maior no grupo de angiografia (77% +-/ 20% vs 56%
+-/ 13%, p < 0,001) vs segmentacao (59% +-/ 20% vs 56% +-/ 13%, p < 0,001), com
uma diferenca absoluta de %DEEV muito inferior no segundo. Para lesdes com
%DEacqg de 50 a 70% (60% +/- 5%), observou-se uma discrepancia ainda maior
(Angiografia: 83% +/- 13% vs 60% +/- 5% p < 0,001; Segmentacdo: 63% +/- 15% vs
60% +/- 5%, p < 0,001). Observaram-se resultados semelhantes, mas menos
pronunciados, para lesdes com %DEacq < 50%, mas nédo para lesdes com %DEacq >
70%. A concordancia entre %DEacq / %DEEV entre estratos de %DSQCA (< 50%, 50
- 70%, > 70%) foi aproximadamente o dobro no grupo de segmentacdo (60,4% vs
30,1%; p < 0,001). As diferencas inter-operadores de %DEEV foram menores com
segmentagéo vs angiografia.

4. Incluiram-se 250 medigdes de iFR e desenvolveram-se trés modelos. O modelo 3 teve
o melhor desempenho geral: a acuidade, VPN (Valor Preditivo Negativo), VPP (Valor
Preditivo Positivo), sensibilidade e especificidade foram 69%, 88%, 44%, 74% e 67%,
respectivamente. Houve diferencas consoante o vaso-alvo. Para a descendente anterior,
0 modelo 3 exibiu a maior acuidade (66%), enquanto no modelo 2 se observou o melhor
VPN (86%) e sensibilidade (91%). O VPP foi sempre reduzido. O modelo 1 exibiu a
melhor especificidade (68%). Para a artéria coronaria direita, observou-se uma
acuidade de 86%, VPN 97% e especificidade 87% com o modelo 1, pese embora todos
0os modelos tenham exibido um VPP reduzido (méximo de 25%) e um grau de
sensibilidade apenas moderado (maximo de 60%). Para a artéria circunflexa, o modelo
1 exibiu o melhor desempenho: a acuidade, VPN, VPP, sensibilidade e especificidade
foram 69%, 96%, 24%, 80% e 68%, respectivamente.

CONCLUSAO

Desenvolveu-se um modelo de 1A capaz de segmentacdo de CRG, validado em quatro
centros, com vasta abrangéncia de gravidade de estenose das artérias coronarias, vaso-alvo,
operadores e equipamentos. O desempenho foi extensamente avaliado por trés métodos
diferentes, demonstrando-se boa acuidade globalmente, em regides de estenose, e ainda com

base em critérios definidos por peritos (i.e. Cardiologistas de Intervencéo).
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A segmentacdo de CRG por IA tornou a sua interpretacdo mais reprodutivel, reduzindo
significativamente a tendéncia para a sobre-estimativa da severidade de lesdes. O nosso modelo
de segmentacdo imediata, totalmente automatica, ndo carecendo de nenhum input para além da
imagem, poderad potencialmente reduzir a revascularizagdo desnecesséria, influenciando os
operadores a recorrer a fisiologia e/ou imagem, com potencial impacto clinico.

Pela primeira vez, desenvolveram-se modelos de IA capazes de classificar binariamente
lesbes com base em iFR, usando um Unico frame bidimensional. N&o obstante a modesta
acuidade de todos os modelos, o elevado VPN observado é muito relevante clinicamente, e
permitiria o término do procedimento sem testes adicionais, invasivos ou nao. Dado que 60 a
70% das medic6es que usam fisiologia sdo geralmente negativas, este achado € particularmente
relevante. Esta €, pois, a primeira vez que a derivacdo do iFR a partir de imagens de CRG é
reportada, usando IA como ferramenta principal.

Estes achados sugerem que o desenvolvimento de sistemas automaticos de mapeamento
digital de imagens de CRG se justifica, podendo tornar a sua interpretacdo mais objetiva,
abrindo caminho para investigacao futura, com expectavel melhoria de desempenho, resultados

clinicos e reducdo de custos.

Palavras-Chave

Inteligéncia Artificial; Coronariografia; Doenca Arterial Coronaria; Intervencéo

Coronéria Percutanea; Fisiologia Coronaria.
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Background

1. Invasive assessment and management of coronary artery
disease: the seminal role of coronary angiography from its

origins to today

1.1. Coronary artery disease: a persistent burden

Coronary artery disease (CAD) is most commonly caused by atherosclerotic disease
and broadly encompasses two clinical presentations: acute and chronic coronary syndromes.
The World Health Organization (WHO) data places CAD as the greatest cause of mortality
and loss of Disability Adjusted Life Years in the world. CAD is the most frequent cause of
cardiovascular mortality?. In Europe, CAD is also the leading cause of cardiovascular
morbidity and mortality. The prevalence of cardiovascular disease is approximately 113
million (with a small decline in the past 30 years), with an annual incidence of 12,7 million.
Currently, cancer is rivaling cardiovascular disease in many countries in Europe as the
leading cause of death?®.

Preventive and therapeutic approaches to CAD encompass a healthy lifestyle,
pharmacotherapy and revascularization. The routine availability of the latter was made
possible due to several pioneering steps in the history of Medicine. To proceed with
percutaneous coronary revascularization, one must establish percutaneous access,
catheterize the patient, perform angiography of the coronary arteries and, finally, proceed
with coronary intervention. Multiple seminal steps in history were key for todays’

developments.

1.2. The development of invasive Coronary Angiography

Werner Forssmann, a German Physician, aimed to develop a technique for injecting
drugs directly in the heart with a minimally invasive method. He performed the first cardiac
catheterization on himself in 1929, by inserting a urethral catheter (he went on to specialize
in Urology) in his antecubital vein and advancing it until his right atrium*, having co-won

the Nobel Prize for Physiology or Medicine in 1956.
Sven Seldinger, a Swedish Radiologist, is well known for the invention of the

Seldinger technique in 1953, which consists of advancing a wire into a vessel through a

needle, using the wire as a guide for placing a catheter, thereby effectively establishing a
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truly percutaneous access®. Prior to his achievement, surgical cutdown of an access was a
necessary requirement for introducing catheters large enough for angiography.

The visualization of cardiovascular structures by opacification with contrast and
simultaneous use of X-ray owes a great deal to several Portuguese Physicians, who were
truly pioneers of the field. Egas Moniz and Reynaldo dos Santos performed the first carotid
angiography in 1927° The latter, together with Augusto Lamas and José Pereira Caldas
inaugurated aortography and peripheral arterial angiography in 19297. Egas Moniz and Lopo
de Carvalho visualized the pulmonary circulation in 1931°. Jodo Cid dos Santos, the son of
Reynaldo dos Santos, performed the first in human phlebography in 1938°.

Coronary angiography was also pioneered by a Portuguese Physician. Eduardo
Coelho, among many other notable achievements, performed the first non-selective in vivo
coronary angiography in 1952 at the Santa Marta Hospital in Lisbon®, despite seldom
receiving the recognition he deserves, as he is rarely cited®®°. J.W. Hurst, of the Emory
School of Medicine, wrote®: “Sones should be credited for developing the technique and
moving on to his clinical usage. The volume of work he did in Cleveland led to its general

acceptance (1958). E. Coelho should be credited with originating the technique.”

Frank Mason Sones Jr performed the first selective coronary angiography in vivo in
1958 at the Cleveland Clinic in Ohio, USA. As is often the case in the History of Medicine
and Science, engagement of a catheter in the ostium of the right coronary artery happened
accidentally as, after a ventriculography, he was retracting the catheter into the aorta to
perform an aortography (Figure 1). As asystole occurred, probably due to occlusion of the
artery due to the caliper of the catheter, 30 mL of contrast were directly injected into the
coronary artery. After catheter removal, flow ensued, and the patient recovered. Sones
further developed the technique as he contributed to the development of the C-arm, enabling
lateral and cranio-caudal views, essential for properly appreciating coronary artery anatomy
and disease. His foundational work was widely praised from the lately 1950’s onwards, and
the idea of visualizing the coronary arteries with selective contrast injection with multiple
incidences remains fundamentally unchanged to this day. The one issue where Sones’
technique has completely changed was how access was established, as he used the brachial

artery via surgical arteriotomy, a rudimentary approach by today’s standards®®.
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Figure 1: The first image of a selective coronary angiography by Sones in 1958 1°,

Melvin Judkins trained with Sones and realized that his technique had two major
pitfalls. On one hand, Sones access route was not “truly” percutaneous, as mentioned. On
the other, no specific catheters with dedicated curves for facilitating access to the coronary
ostia were available. Judkins developed Teflon coated J wires placed distal to the catheters
for securely advancing them, while also developing catheters specifically curved for the
aortic anatomy!. To this day, the Judkins technique — both the catheters named after him, as
well as use of J-wire guidewires distal to the catheter, remain the cornerstone of a safe, easy
and quick coronary angiography, which can be performed by in less than 10 minutes by
experienced hands. Despite having trained in Lund (Sweden) with Stig Radner, who
pioneered aortic aortography from the radial artery in 19582, Judkins used the transfemoral
percutaneous approach, and the dedicated curves of the Judkins catheters clearly reflect this.
Indeed, while his catheters can also be easily used via the radial approach, femoral use of
these catheter curves is truly seamless, as even fellows with little experience are able to
perform a coronary angiography under supervision. Cordis began commercializing the
Judkins catheters in 1968, and today every medical company offers the Judkins catheters in

their portfolio.
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1.3. Revascularization: a revolution in the treatment of coronary artery

disease

The availability of CAG spawned the development of revascularization therapies.
First, surgical procedures were developed. Direct anastomosis of left internal mammary
artery (LIMA) into the left ventricle wall was invented by Arthur Vineberg in 1946%3, prior
to the advent of CAG images. But the first anastomosis to a coronary was performed in 1962
by Robert Goetz in New York, who anastomosed the right internal mammary artery (RIMA)
to the RCA. In the following years, saphenous venous grafts (SVG) were developed as
well*>18 and in 1968 George Green performed the first LIMA to LAD anastomosis®’, which
since then became the gold standard for CABG.

The development of CAG also led to the emergence of percutaneous intervention.
Once minimally invasive selective coronary access became established, it was only a matter
of time until percutaneous intervention of the coronaries themselves would ensue. Charles
Dotter performed the first transluminal angioplasty. In 1963, he inadvertently recanalized an
occluded right iliac artery with a diagnostic catheter, only to find it remained patent after
catheter removal. After partnering with William Cook, a dilatation kit was developed, and
the first intentional angioplasty was performed in a femoral artery in 19648, Despite his
success, his approach was quite controversial at the time. His findings led to the concept of
“the Dotter effect”, whereby plaques were found to be compressible by dilatation, a concept
which still underlies much of the percutaneous vascular intervention today. Dotter did not,
however, perform coronary interventions, nor did he apply balloon catheters, despite having
worked on its concept.

Eberhard Zeitler went on to further develop Dotter’s technique in Germany during the
late 1960°s and early 1970’s and gained significant recognition in the medical community™®.
Later on, with Zeitler as mentor, Andreas Grilintzig developed a single-lumen catheter
balloon in 1974 and a double lumen device in 1975 (to enable distal perfusion while
inflating), which were used for peripheral artery disease. After several experiments in dogs,
then 38-year-old Grintzig successfully performed the first transluminal percutaneous
coronary angioplasty (PTCA) in Zurich, Switzerland, in the left anterior descending artery
of an also 38-year old man, using a double lumen catheter balloon (Figure 2). After
presenting his first results at a poster session, he published the results of the first 50 cases®.
Due to this seminal step, he became known as the father of Interventional Cardiology, as he

effectively gave birth to the immensity that is the field today.

18



Background

Figure 2: schematic depiction of Griintzig’s double lumen angioplasty balloon. From Griintzig et al®.

A true revolution in percutaneous coronary revascularization techniques ensued,
which Gruntzig, tragically dead after a plane accident in 1985, would not come to witness.
In the early 1980’s, the use of guiding catheters, together with the development of coronary
guidewires (Griintzig’s balloon was advanced directly into the coronaries) made device
delivery possible into virtually any coronary segment - John Simpson played a key role in
their development?!. The creation of the monorail systems by Tassilo Bonzel enabled rapid
and easy exchange of coronary devices in 198622, The development of first bare-metal stents
(the self-expanding Wasllstent?® and the balloon-expandable Palmaz-Schatz?*) enabled the
treatment and prevention of iatrogenic dissection, abrupt vessel closure and recoil. Its’
benefits were established in a major randomized trial®®, but were hampered by restenosis. At
the turn of the century, J. Eduardo Sousa presented the first results regarding the use of drug-
eluting stents with an antiproliferative drug (sirolimus) in a series of 30 patients?. Two major
clinical trials further confirmed the advantage of these new stent types?’, but the devices’
very low rate of restenosis were limited by the occurrence of late-stent thrombosis. This
limitation was overcome in the last 10-15 years with many second-generation DES with very
thin struts and polymers. Numerous trials?32® 3031 3233 ‘haye rendered the DES the default
strategy for all PCI, effectively relegating BMS towards history, as clearly reflected in

current guidelines®.
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Lastly, the development of percutaneous coronary therapeutic techniques also enabled
the development of new diagnostic tools. Intra-coronary imaging, by means of Intravascular
Ultrasound (IVUS)* or Optical Coherence Tomography (OCT)% emerged in the 1980°s and
1990’s, respectively. Ever since, a large body of evidence has confirmed PCI clinical
outcomes can be improved with both IVUS®*"® and OCT®**#? with a potential impact on
mortality, while also adding complementary data regarding the insights provided by CAG
alone.

Invasive coronary physiology was another breakthrough in the diagnostic assessment

of coronary artery disease and will be the subject of a dedicated subchapter.

Today, revascularization plays a vital role in the management of coronary artery
disease. In the USA, over 600000 PCI and 200000 CABG procedures are performed
annualy®#, In Europe, these numbers account for approximately 5000 invasive diagnostic
and 2500 PCI per million people®. In Portugal, approximately 14000 PCI procedures are
performed every year*.

In acute coronary syndromes, a routine invasive approach has been demonstrated to
improve outcomes. In non-ST elevation myocardial infarction (NSTEMI), landmark trials
such as the TACTICS-TIMI*', TIMACS*®or VERDICT* have clearly shown that a routine
invasive strategy should be employed, ideally in the first 24 hours for many cases. In ST
elevation myocardial infarction (STEMI), primary PCI has been the default strategy for
approximately 20 years now, since the publication of one of the most important trials in the
field -DANAMI-2%. More recent trials have also shown that a complete revascularization
strategy should be pursued, for both STEMI! and (with less evidence) NSTEMI®252 patients.
And indeed, since the introduction of such techniques over the last 30 years, the mortality of
acute coronary syndromes, especially short-term (where the relative reduction is
approximately 80%), has dropped dramatically>!*,

In chronic coronary syndromes, the issue of revascularization remains controversial.
While the vast majority of trials have shown symptomatic improvement even in the era of
contemporary anti-anginal drugs*®®, a great deal of debate is commonplace in the
Cardiology community. The COURAGE®® trial and ISCHEMIA® trial were formally
negative trials. However, even in the latter, revascularization by either CABG or PCI
reduced the occurrence of spontaneous myocardial infarction by 33%. The FAME-2 trial®’
also compared PCI (guided by physiology) to medical therapy and a similar reduction in the

rate of spontaneous myocardial infarction was noted as well.
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Thus, whatever pitfalls remain, it is clear that revascularization is here to stay3*°8, The
pioneers of coronary angiography made it all possible, as without a clear delineation of

coronary anatomy and lesions, both reliable diagnosis and treatment would not be possible.
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2. Interpreting the coronary angiography: a persistent

conundrum

Currently, CAG images are acquired in specialized catheterization laboratories, where
dedicated X-ray equipment, digital imaging systems and emergency support are available.
CAG can be undertaken electively if chronic coronary syndrome is suspected, or
urgently/emergently in the case of acute coronary syndromes. Despite its age and simplicity
as compared to more recent techniques (such as CCTA or CMR), it remains the cornerstone
of the diagnostic management of coronary artery disease, as no decisions regarding
revascularization are undertaken without this prior fundamental step.

The purpose of a CAG is to (1) characterize the coronary anatomy and (2), if present,
coronary artery disease, as enabled by X-ray fluoroscopy and contrast luminography. Further
invasive or non-invasive testing, as well as revascularization, may ensue, either ad hoc or

electively.

2.1. Coronary Anatomy Characterization

2.1.1.Coronary anatomy and classification systems

The left coronary artery arises from the left sinus of Valsalva, consisting of a short
main trunk bifurcating into the left anterior descending artery (LAD) and circumflex (Cx).
The LAD is often classified per its length into the uncommon type I (only runs two thirds of
the distance between the base and the apex) and the common types Il (reaches the apex) and
Il (runs over the apex). Collateral diagonal branches supply the antero-lateral wall, while
septal branches the anterior part of the interventricular septum. The Cx travels the left
auriculo-ventricular sulcus, emitting obtuse marginal branches for the lateral and posterior
walls®®.

The right coronary artery (RCA) usually arises from the right sinus of Valsalva,
traverses the right auricular ventricular sulcus, giving off marginal branches that supply the
right ventricle, while also supplying the right ventricular outflow track (conus branch), the
sinus node and much of the atrio-ventricular node. If dominant (85% of cases), it bifurcates
into a crux, issuing the posterior-lateral (PLA) branch and the posterior descending artery
(PDA), irrigating part of the posterior-lateral walls and the inferior septum, respectively. If
the Cx is dominant, the PDA arises from this vessel, and the RCA is usually a vessel small

in both caliper and length®®.
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The coronary arteries are often divided into segments. An initial division of the
American Heart Association (AHA) encompassed 14 segments® (Figure 3). Later on, the
Coronary Artery Surgery Study (CASS) classification divided the coronaries into 27
segments®, while a further two (Figure 4, Table 1) were defined in the Bypass Angioplasty
Revascularization Investigators (BARI)®2. The latter classification was also formally
adopted by the American College of Cardiology (ACC), AHA and the Society for Cardiac

Angiography and Interventions (SCAI)%.

Figure 4: schematic of the 29 coronary segments classification from the BARI trial 6.
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Table 1: the BARI 29 segment coronary classification 8. AV: atrioventricular; LAD: left anterior

descending.

Segment

1

10

11

12

Map Location
Proximal right coronary artery
conduit segment
Mid-right coronary artery conduit
segment
Distal right coronary artery conduit
segment
Right posterior descending artery
segment
Right posterior atrioventricular

segment
First right posterolateral segment

Second right posterolateral
segment

Third right posterolateral segment

Posterior descending septal
perforators segment

Acute marginal segment(s)

Left main coronary artery segment

Proximal LAD artery segment

Segment

13

14

15

15a

16

16a

17

18

19

19a

20

20a

Map Location

Mid-LAD artery segment

Distal LAD artery segment

First diagonal branch
segment
Lateral first diagonal branch
segment
Second diagonal branch
segment
Lateral second diagonal
branch segment
LAD septal perforator
segments
Proximal circumflex artery
segment
Mid-circumflex artery
segment
Distal circumflex artery
segment
First obtuse marginal branch
segment
Lateral first obtuse marginal
branch segment

Segment

21

2la

22

22a

23

24

25

26

27

28

28a

29

29a

Map Location ‘
Second obtuse marginal branch
segment
Lateral second obtuse marginal
branch segment
Third obtuse marginal branch
segment
Lateral third obtuse marginal
branch segment
Circumflex artery AV groove
continuation segment
First left posterolateral branch
segment
Second left posterolateral branch
segment
Third posterolateral descending
artery segment
Left posterolateral descending
artery segment

Ramus intermedius segment

Lateral ramus intermedius

segment
Third diagonal branch segment

Lateral third diagonal branch

segment

In addition to substantial ‘“normal” variability, multiple pathological congenital

coronary abnormalities exist, particularly regarding their origin and anatomical course.

Briefly, there may be a single coronary artery originating from either the right or left

coronary sinus; anomalous origin of the left main coronary artery from the right aortic sinus,

which may then take an anterior, posterior or inter-arterial course with regards to the

pulmonary artery (an intra-septal course is also possible); anomalous origin of the left

circumflex from the RCA or the right coronary sinus, passing behind the coronary sinus;

anomalous origin of the RCA from the left coronary sinus; and rarely, the anomalous origin
of the LCA from the pulmonary artery (ALCAPA).

appreciated during CAG.

Lastly, coronary fistulas and intra-coronary bridging may sometimes also be
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2.1.2.Optimal angiographic views

To fully appreciate the coronary arteries, multiple orthogonal projections are
necessary. Despite minor variations across sites, usually a minimum of four projections for
the left coronary artery and three projections for the right coronary artery are undertaken.
These projections have been long established and are described in detail in specialty
textbooks>%4,

For the LCA, a left caudal view (left 60°-70°, caudal 25°-40°, the so called “spider”
view because of its resemblance with this arthropod) enables clear visualization of the left
main and the emergence of the left anterior descending (LAD) artery and the circumflex
(Cx). The proximal and mid-segments of the latter are also reasonably well individualized
in this projection.

A right caudal view (right 10° — 20°, caudal 30° — 40°) is complementary for the
appreciation of the remainder of the circumflex artery and obtuse marginal branches, which
are properly elongated in this view. Some proximal LAD lesions are well visualized in this
projection as well.

A right cranial view (right 10° — 20°, cranial 30° — 40Q°) is of particular use for an
elongated view of the LAD, usually enabling a full appreciation of its anatomy, particularly
for the mid and distal segments. At times, a more rightward (~30°) projection may be of use.
Lastly, the left cranial view (30°-45° left, 25°-40°cranial) also elongates the mid-distal
segments of the LAD, while often enabling clear appreciation of the ostial and proximal
segments of diagonal branches. In cases of left dominance, the crux and posterior descending
artery are clearly demarcated in cranial projections as well. Furthermore, the relationship
between the left main ostium and the sinus of Valsalva may also be clearly visible in cranial
projections, which is of particular importance for left main ostial lesions and interventions.
Lastly, cranial and caudal postero-anterior (PA) projections may be of use sometimes.

For the RCA, a simple left anterior oblique view (30° — 40°) is usually ideal for
cannulation and clearly displays the middle segment of the artery. A cranial angulation
(~30°) elongates the full vessel, clearly separating the crux and its bifurcation (i.e. the
postero-lateral and posterior descending branches). At times, a postero-anterior cranial
angulation separates the crux bifurcation even better. Lastly, a simple right anterior oblique
view elongates the posterior descending artery and its septal branches, while clearly
demarcating marginal branches emerging from the main vessel. Sometimes, full appreciation

of ostial lesions requires a “spider”-like projection as well.

26



Background

2.2. Assessment of Coronary Artery Disease with Invasive Coronary

Angiography

When characterizing coronary artery disease as viewed in CAG, coronary flow is
immediately appreciated. In the setting of myocardial infarction, especially STEMI, flow is
often classified as per the Thrombosis in Myocardial Infarction (TIMI) classification®®
(Table 2). In the setting of chronic coronary syndromes and/or non-culprit lesions, the
absence of flow is only encountered in chronic total occlusions. In such cases, flow
originating from collaterals is usually described as per the Rentrop classification: grade 0
implies no filling; grade 1, small side branches filling; grade 2, partial epicardial filling of

the occluded artery; grade 3, complete epicardial filling of the coronary artery®®.

Table 2: Thrombosis in Myocardial Infarction (TIMI) classification .

0 (no perfusion) There is no antegrade flow beyond the point of occlusion.

(penetration without perfusion) The contrast material passes beyond the area of obstruction but "hangs up" and fails to
opacify the entire coronary bed distal to the obstruction for the duration of the cineangiographic filming sequence.
(partial perfusion) The contrast material passes across the obstruction and opacifies the coronary bed distal to the
obstruction. However, the rate of entry of contrast material into the vessel distal to the obstruction or its rate of clearance
from the distal bed (or both) are perceptibly slower than its entry into or clearance from comparable areas not perfused
by the previously occluded vessel — e.g., the opposite coronary artery or the coronary bed proximal to the obstruction.
(complete perfusion) Antegrade flow into the bed distal to the obstruction occurs as promptly as antegrade flow into the
3 bed proximal to the obstruction, and clearance of contrast material from the involved bed as rapid as clearance from an

uninvolved bed in the same vessel or the opposite artery.

In addition to assessing flow, operators identify and characterize each individual lesion
and then consider their aggregate. When doing so, three major steps should be undertaken:
(1) classify lesion severity/significance; (2) characterize lesion morphology and complexity;
(3) combine both findings to fully appreciate the scope of coronary artery disease in a given
patient.

Establishing the severity/significance of a lesion or set of lesions has several goals.
First, from an interventionalist perspective, it fundamentally leads to the decision whether
revascularization should be considered or is unnecessary. Furthermore, regardless of
revascularization, the presence of significant lesions is associated with an increased risk of
cardiovascular events and thus a worse prognosis, rendering optimal medical therapy for the
prevention of cardiovascular events and, if present, symptom (i.e. angina or equivalent)

relief, mandatory®"-%8,
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The morphology and complexity of lesions is, once again from an interventionalist
perspective, primarily relevant for considering the risks and probability of success of
revascularization techniques.

The combination of both of the above is key in deciding the modality of
revascularization (i.e. CABG, PCI or hybrid). Furthermore, in the presence of impaired left
ventricle systolic function, the full appreciation of coronary artery disease may partially or
completely explain such a finding, while also significantly influence the decision to implant
cardioverter-defibrillator (ICD) devices, which are of particular use in ischemic dilated
cardiomyopathy vs non-ischemic dilated cardiomyopathy®®7°,

Multiple methods and scores are often used for attaining the goal of fully
characterizing coronary lesions in a patient based on CAG images. The following sections

outline the most relevant and commonly employed ones.

2.2.1. Assessment of coronary artery disease severity

In both clinical practice and many clinical trials, the severity of a lesion is primarily
assessed as the percentage diameter stenosis (DS). The operator assesses the diameter
reduction in a stenosed region, as compared with a normal reference segment, by visual
estimation. Because no exact measurement is actually undertaken, this method is prone to
operator heterogeneity. Indeed, prior to the development of an objective measurable method
of estimating stenosis severity, significant intra-observer and inter-observer variability had
already been reported in relatively small studies from the 1970’s, even when using expert
panels’ assessment as reference’>"2,

This limitation led to the development of Quantitative Coronary Analysis (QCA). This
method consists of measuring the actual diameters of a vessel, effectively calculating the
severity of a stenosis. An ideal end-diastolic frame, where perfusion is maximal and coronary
opacification usually best, is used. The diameters of the vessel are calculated based on the
distance between the centerline and the lumen contour. The true (rather than lesion-luminal)
vessel diameter can also be estimated, thereby enabling the calculation of the reference
diameter as well. This can be done by either averaging the diameters of adjacent normal
regions, considering their largest diameter, or using a more complex interpolation method
with regression methods (a straight tapering line is obtained)”®"*. Calibration can be
performed either by using a specific part of the image as reference (such as the catheter
caliper), or, in the digital era, automatically, given that image scale is present in the metadata

of current imaging systems.
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Conducting such measurements prior to the routine availability of computers or digital
methods was, however, a significant limitation in the early decades of CAG. However, the
first publication regarding this method dates back to the 1970’s, demonstrating its
feasibility”. The development of QCA using the above-mentioned methods saw significant
expansion and improvement in further decades, particularly from the 1980’s and 1990’s
onwards. Enhancements in image quality and digital systems has led to the creation of QCA
software that is available both online and offline, is highly reproducible and can provide
measurements for diameter values with less than 1 mm, which is of relevance given the small
diameter of the coronary arteries’7476-78 Furthermore, current software has been developed
to address more complex regions, such as bifurcations’”’®82 as well as provide 3D
reconstructions of the coronary artery’®88384 which may be of particular relevance in

eccentric lesions.

Figure 5: an example of modern day QCA software in a right coronary artery, with semi-automatic
measurements. Calibration in blue (catheter). Targeted region in yellow. From: Unidade de Cardiologia de
Intervencao Joaquim Oliveira. QCA: Quantitative Coronary Angiography.

Current QCA calculations are fully automatic and operators do not need concern
themselves with software technicalities. However, the process of actually obtaining
measurements itself is semi-automatic, as operators still have to provide some level of
manual input regarding the vessel pathway, while also sometimes adjusting the vessel
contour manually. Nevertheless, current software can be easily and quickly used (Figure 5).
Whatever the process, by comparing the estimated reference vessel diameter (RVD) with the
luminal diameter, minimal lumen diameter (MLD) and DS can be calculated as: DS = (1 —
MLD) / RVD.
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The appearance of QCA provided an objective means of quantifying DS, thereby
enabling the possibility of clearly assessing operators’ performance in their visual estimation
of DS. Since then, multiple studies, ranging from the 1990°s to relatively recent ones®*,
across different hospitals and countries have consistently shown two major findings: there
is significant heterogeneity in operator’s visual assessment of DS; operators tend to
overestimate the severity of lesions.

In 1990, Beauman et al conducted such an assessment with just 13 lesions. They found
that despite the reproducibility of QCA, visual interpretations of DS were quite inaccurate
(R = 0,78; SD 14,5%), as lesion severities of just 50% DS as measured by QCA were
estimated visually by operators ranging from 30 to 95%. Importantly, this did not improve
with operator experience®’. More than a decade later, in 2002, Fischer et al found low rates
of agreement (55%) across 83 lesions and 3 operators®.

Much more recently, a large multicentric Chinese study was undertaken, with 1548
lesions, all of which were treated by PCI. This is of particular relevance, because it focused
on lesions deemed as significant by operators, where disagreement might be anticipated to
be lower, as stenosis would be visually more impressive. The assessment of the significance
of lesions was carried out by visual estimation in approximately 90% of cases and further
analysis (physiology, IVUS or imaging) in the remainder, further emphasizing how DS
estimation by visual estimation remains the cornerstone of revascularization decisions all
over the world. Zhang et al found that operator estimation of DS was, in absolute terms, 16%
higher than QCA in non-myocardial infarction patients and 10% in cases of myocardial
infarction. Importantly, more than half (50,6%) of lesions assessed has > 70% DS visually
had a QCA DS < 70%, clearly depicting the operators’ tendency for overestimation. There
were also significant differences across 57 physicians and 30 hospitals®®.

The above-mentioned findings, which are consistent over a large period of time (where
improvements in image quality and digital systems have ensued), with increasing numbers
of lesions, physicians and hospitals, therefore suggest that visual estimation of DS method

is inherently prone to error.

Given the limitations of DS visual estimation and the high reproducibility and
objectivity of QCA, one might expect it to have become the standard in CAG-based lesion
severity estimation. However, that has not been the case. No data is available regarding the
implementation of routine QCA in everyday clinical practice, i.e. how much of DS is based

on visual estimation vs on QCA measurements. However, the very absence of such data
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speaks to its likely very low usage. Furthermore, as a defendant of this thesis, over a 10-year
period in catheterization laboratories across multiple countries and realities, my experience
is that QCA generally is not routinely used, quite the opposite.

Moreover, major clinical trials for several decades have used DS based on visual
estimation as the primary method of assessing stenosis severity from CAG images.

In the CASS trial, conducted during the late 1970’s and early 1980’s, the criteria for
defining a lesion as significant was a DS > 70% in any main vessel and 50% if left main®.

During the 1990’s, in the BARI trial (1990’s), a significant lesion was defined as DS
> 50% in any main vessel®%!. In the 2000’s, the COURAGE trial (2000’s) defined a
proximal DS > 70% in a major epicardial artery plus evidence of myocardial ischemia (or >
80% plus symptoms) as significant®. In the SYNTAX%, FAME® and STICH trials®*, a DS
> 50% was used.

In the 2010’s, the ISCHEMIA trial used a DS > 50% cutoff as well®®, as did four®%%-
% of five the trials regarding complete vs culprit-only revascularization in the context of
STEMI (the CVLPRIT®® trial used a > 70% cut-off). And in our current decade, the FAVOR-
1119 and FIRE®® trials used the > 50% cutoff as well, while the REVIVED trial*®* used a
DS > 70% for the major epicardial arteries and > 50% for the left main.

It is worth noting that all of the above trials used the visual estimation of DS method
as either the criteria for proceeding with revascularization or considering it (with the
additional presence of symptoms or demonstration of ischemia by either invasive or non-
invasive methods), regardless of the revascularization modality (PCI or CABG) or clinical
context (acute vs chronic coronary syndromes), clearly illustrating the ubiquity of this

approach.

As a result, current guidelines®#%192-104 3150 adopt the visual estimation of DS as the
primary method for either considering revascularization or engage in further testing to
determine the severity of a lesion, despite acknowledging its limitations'®®. A DS > 70% (>
50% if left main) threshold is suggested for proceeding with revascularization, especially in
cases where further testing is limited (such as valvular heart disease'®®). Guidelines also
suggest that intermediate lesions, starting with a DS > 50%, may warrant additional testing
(such as invasive physiology), namely in clinical settings such as chronic coronary
syndromes, with American guidelines limiting the upper cut-off of what constitutes an
intermediate lesion at 70%%21% while European guidelines suggesting that a more stringent
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upper cut-off of 90% may also be used**®®8, given that even in the 70-90% range, 20% of
coronary stenosis may not be significant, as assessed by FFR%,

If QCA would show good correlation with other better-established modalities of CAD
assessment, or an improvement in outcomes, then stronger support for its use in detriment
of visual DS estimation might ensue. As it stands, QCA measurements are still advocated

106 or scientific societies'®, but only seldomly.

for in some international research consortiums

QCA measurements have shown only modest correlation with IVUS or OCT severity
of lesions in older studies'®-11 although more recent evidence suggest that current software
might perform better with higher correlation!'?. With regards to ischemia testing, 2D-QCA
has shown modest to good correlation with FFR™311% albeit with wide variability across the
same DS values (Figure 6)'*%: modest to good correlation ischemia imaging tests*'’; and very
good correlation with 3D-QCA 7, which partly enabled the development of angiography-
derived FFR8, as outlined below. Furthermore, the idea that DS assessed by 2D-QCA might

better correlate to FFR than DS assessed by visual estimation has also been challenged®®.

T T T T T

0 20 40 60 80 100
QCA Stenosis diameter (%)

Figure 6: the relationship between FFR and 2D-QCA. Despite decreasing FFR values with increasing QCA
Stenosis diameter, the wide variability of FFR measurements across the same DS limits FFR prediction from
2D-QCA. From Nijjer et al'!®, FFR: Fractional Flow reserve; QCA: Quantiativa Coronary Angiography.
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Regarding clinical outcomes, while evidence is scarce, some studies suggest that the
use of QCA might provide some prognostic information: a subanalysis of the PROMISE
trial has shown that patients with obstructive disease as diagnosed by concordant QCA and
visual estimation had higher event rates than those where QCA assessment did not find
significant disease, even if visual estimation would classify it as such!'®. Furthermore, the
recently presented (albeit not yet published) results of the GUIDE-DES trial suggest that

optimizing PCI based on QCA may yield similar outcomes to IVUS-based optimization?°.

Thus, in light of all of the above, improvements in the assessment of the
severity/significance of coronary lesions as viewed in CAG, rendering it more objective and
reproducible, are evidently necessary. On one hand, the standard approach of performing DS
visual estimations has obvious limitations which have persisted for decades, including the
occulostenotic reflex, as coined by Eric Topol'?l. On the other hand, QCA is only semi
(rather than fully) automatic, still hampered by somewhat limited evidence and only seldom

used as a result.
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2.2.2. Assessment of lesion morphology and complexity

The assessment of coronary lesions also includes characterizing their morphology. The

most widely accepted classification is the AHA/ACC classification'?? (Table 3), which

classifies lesions as type A, B or C. Each type represents an increasing level of procedural

complexity and interventional failure rate. The following criteria are used for this

classification: length, eccentricity, tortuosity, degree of calcification, ostial/bifurcation

locations, complete total occlusion (CTO), presence of thrombus and native vs degenerated

graft.

Table 3: coronary lesion morphology and classification according to AHA/ACC 2,

Type A lesions (minimally
complex) — high success, > 85%; low
risk

Type B lesions (moderately complex) —
moderate success, 60 to 85%; moderate risk

Type C lesions (severely

complex) — low success, < 60%; high

risk

Discrete (Ilength <10 mm)

Tubular (length 10 to 20 mm)

Diffuse (length >2 cm)

Concentric

Eccentric

Excessive tortuosity of

proximal segment

Readily accessible

Moderate tortuosity of proximal segment

Extremely angulated segments
>90°

Nonangulated segment (<45°)

Moderately angulated segment (>45°,
<90°)

Total occlusions >3 mo old

and/or bridging collaterals

Smooth contour

Irregular contour

Inability to protect major side

branches

Little or no calcification

Moderate or heavy calcification

Degenerated vein grafts with
friable lesions

Less than totally occlusive

Total occlusions <3 mo old

Not ostial in location

Ostial in location

No major side branch

involvement

Bifurcation lesions requiring double

guide wires

Absence of thrombus

Some thrombus present
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2.2.3. Integrating severity and complexity as a whole

Combining the characteristics of all lesions is essential for fully appreciating CAD in
a patient and ensuing with the necessary pharmacotherapy and revascularization strategies.
Multiple scores may be used in the process.

The Leaman score considers the diameter stenosis of a lesion combined with the
amount of myocardium supplied by the affected artery, taking into coronary dominance, by
multiplying the relevance of a segment by a factor according to the severity of the

obstruction*?® (Figure 7).

RIGHT LEFT % LUMINAL DIAM,  WEIGHTING
DOMINANT DOMINANT —REDUCTION _FACTOR

; 70-89 1

3 1.0 0.0 90-99 3

y 100 5

5 5.0 6.0

6 3.5 3.5

7 2.5 2.5

8 1.0 1.0

9 1.0 1.0

10 0.5 0.5

1 1.5 2.5

12 1.0 1.0

13 0.5 1.5

14 0.5 1.0

15 0.0 1.0

Figure 7: the Leaman Score. From Leaman et al 1%,

A more complex score that also accounts for lesion complexity, diameter stenosis,
location and disease extension is the SYNTAX (SYNergy between PCI with TAXUS™ and
Cardiac Surgery) score, with higher values reflecting more complex and extensive disease.
Its calculation is complex, and an online calculator is available
(https://syntaxscore.org/calculator/syntaxscore/frameset.htm). This score was extensively
validated in the SYNTAX trial, where three terciles of severity were observed: low (< 23),
intermediate (23 — 32) and high (> 32). In general, in the landmark SYNTAX trial, higher
scores favored CABG over PCI®2. This is the most widely used score regarding decisions on
revascularization modality and it has been employed in other landmark studies, such as the
NOBLE!?* or EXCEL'? trials.

Yet another score is worth mentioning: the British Cardiovascular Intervention Society
- 1 Jeopardy Score (Figure 8). Like the Leaman Score, it considers the visually estimated

diameter stenosis severity and lesion location to describe the severity of myocardium in
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jeopardy and has been validated in the REVIVED trial'®. Its’ somewhat limited features
contrast with the much-increased simplicity of use, as opposed to the SYNTAX score.

However, it is far less widely used, as it has also been much less validated.

RE@IVED

BCIS-1 Jeopardy Score

Coronary Artery/Graft Instructions

LMS

if 250% lesion, score 8 and go to row 11
if <50% lesion, score 0 and go to row 2

Score

Proximal LAD (Before DG)

if =70% lesion, score 6 and go to row 5
if <70% lesion, score 0 and go to row 3

Mid LAD (After DG)

if =70% lesion, score 2 and go to row 4
if <70% lesion, score 0 and go to row 4

i

Major DG

if =70% lesion, score 2 and go to row 5
if <70% lesion, score 0 and go to row 5

If Cx dominant, go to row 8
If RCA dominant, go to row 6

Proximal RCA (Before PDA)

if =270% lesion, score 4 and go to row 10
if <70% lesion, score 0, go to row 7

PDA

if 270% lesion, score 2 and go to row 10
if <70% lesion, score 0, go to row 10

Proximal Cx (Before OM)

if =70% lesion, score 6 and go to row 14
if <70% lesion, score 0, go to row 9

Mid Cx (After OM)

if =70% lesion, score 2 and go to row 10
if <70% lesion, score 0, go to row 10

10

11

12

Major OM

if =70% lesion, score 2 and go to row 14
if <70% lesion, score 0 and go to row 14

If Cx dominant, score 4 and go to row 14
If RCA dominant, score 0 and go to row 12

Proximal RCA (Before PDA)

if =70% lesion, score 4 and go to row 14
if <70% lesion, score 0 and go to row 13

13

14

PDA

if =70% lesion, score 2 and go to row 14
if <70% lesion, score 0, go to row 14

Previous CABG? If yes, go to row 15
If no, go to row 21

if <70% graft lesion, score -4, go to row 16

15 | 1D gmftbeyand ba if >70%, poor run-off or n/a, score 0, go to row 16
. if <70% graft lesion, score -2, go to row 17

16 | Major DG graft if >70%, poor run-off or n/a, score 0, go to row 17
. if <70% graft lesion, score -2, go to row 18

1 | Bajarai g if =70%, poor run-off or n/a, score 0, go to row 18
18 Cx graft beyond OM if <70% graft lesion, score -4, go to row 19

(Cx dominant system) if >70%, poor run-off or n/a, score 0, go to row 19
if <70% graft lesion, score -4, go to row 21

19 [Bengmpibeloe by if >70% poor run-off or n/a, score 0, go to row 20
if <70% graft lesion, score -2, go to row 21

20 | PDA graft if =70% poor run-off or n/a, score 0, go to row 21

51 | ToTAL score Add filled in scores and enter

(range: 0 to 12)

Figure 8: the BCIS-1 Jeopardy Score 1%,
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3. Invasive coronary physiology —a major companion to invasive

coronary angiography

The limitations of assessing the significance of coronary artery lesions by CAG images
alone led to the development of other methods capable of complementing the imaging findings.
Ideally, such a method should provide an objective measurement index of some sort, while also
being applicable in the setting of cardiac catheterization procedure.

The emergence of percutaneous coronary interventions led not only to therapeutic
capabilities, but also the possibility of studying coronary flow and pressure from inside the
coronary arteries per se. Grintzig himself measured intra-coronary pressure across stenosis
with his double lumen balloon, noticing the significant drop in pressure gradient after
angioplasty?. In the 1980’s, Wijns et al noticed the same, all the while correlating the pressure
gradient with QCA-measured diameter stenosis, as well as ischemia assessed by thallium
scintigraphy%. Assessing pressure with coronary dilatation balloons is, however, problematic,
not only due to risk of iatrogeny, but also because the device itself may be partially occlusive,
further dampening pressures and overestimating the pressure gradient'?’. Hence, the
development of flow (via doppler or thermodilution) and/or pressure sensors integrated into
coronary wires in the 1990’s was a key step in enabling accurate physiological

measurementst28-130,

3.1. Fractional Flow Reserve

Given the that measuring flow directly is cumbersome, a shift towards intra-coronary
pressures as a surrogate of flow and measurement of the significance of epicardial disease (the
subgroup of CAD that is effectively amenable to revascularization) soon became dominant.
The most well-known and studied index, Fractional Flow Reserve (FFR), was introduced in
1993 in a seminal paper by Pijls et al, where the group conducted their experiments in five
dogs!3L. The premise of FFR is based on the concept that, in the absence of resistance, flow is
directly proportional to pressure, much like in Ohm’s Law, voltage = current x resistance'*2.
By abolishing micro-circulatory resistance with an agent (adenosine) that maximizes
vasodilatation, this concept can be put into practice. FFR is defined as the ratio between
pressure in the coronary arteries at the position of the transducer distal to a stenosis (Pd) relative
to the pressure proximal to the stenosis (Pa), in practice measured in the aortic root, correlating

strongly with flow as measure by a doppler wire!3!. The resulting value of FFR varies from 0
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to 1, with a value of 0,80 and 0,75 indicating a 20% and 25% drop in pressure, respectively.
Originally, FFR was described as myocardial FFR (FFRmyo), as the right atrial pressure (Pra)
was taken into account ((Pd - Pra) / (Pa— Pra)). However, because the impact Pra is negligible
and its measurement was an additional layer of complexity and invasiveness, a simplified
formula is used (Pd/Pa)*®,

To define thresholds associated with clinically significant ischemia, FFR was first
compared with non-invasive ischemia testing. Initially, treadmill stress tests were used. A
pivotal study of 60 patients with single-vessel disease and preserved ejection fraction was
undertaken. A cut-off > 0,1 mV ST depression was used for the treadmill test. The authors
found that an FFR cut-off < 0,75 had high accuracy for predicting a positive stress test34, On
a later study, 24 patients underwent evaluation with FFR, treadmill, thallium scintigraphy and
stress echocardiogram. 21 patients had a negative result on all three non-invasive tests. The
three with reversible ischemia in at least one test underwent revascularization, after which all
ischemia tests reverted to negative. The FFR cut-off of 0,75 was once again identified as the
one with the best accuracy overall (93%). Over the next two decades, many other groups
conducted relatively small studies (ranging from 20 to 232 patients) comparing FFR to non-
invasive testing, noticing the existence of a so-called “gray-zone” of 0,75 — 0,80 as the ischemic
threshold'®2. Considering than ischemia is a continuous rather than a binary concept, the finding
is hardly surprising.

No less important than establishing an ischemic cut-off of clinical significance is
determining whether the clinical use of FFR can have a meaningful impact on outcomes. Three
landmark trials, from the group whom originally developed FFR, addressed this issue.

The DEFER trial tested whether PCI was beneficial in patients with an FFR > 0,75. There
were no differences in either outcomes or symptoms in patients above the 0,75 cut-off, thereby
suggesting that PCl above the FFR ischemic threshold is unnecessary'®. Further large
registries, including a large Portuguese registry, have shown similar findings®.

The FAME trial compared angiography-guided (based on DS visual estimation) vs FFR-
guided (based on a FFR value of <0,80) PCI. The latter group experienced improved outcomes,
with a reduced rate of a composite outcome of death, myocardial infarction and repeat
revascularization, driven primarily by the latter two endpoints, both of which narrowly missed
statistical significance on their own®.

The FAME-2 trial assessed whether FFR-based PCI is superior to medical therapy alone.
The revascularization group experienced a sharp reduction (hazard ratio 0,32) in the primary
endpoint of death, myocardial infarction or urgent revascularization®’. The trial was strongly
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criticized for its early termination given the large superiority of the FFR arm, which might have
amplified its findings, as well as the fact that urgent revascularization was the main driver of
the primary endpoint difference. Notwithstanding that, long-term follow-up at five years has
shown that spontaneous myocardial infarction rates were reduced by 34% in the
revascularization group™’, a finding strikingly similar to that of the ISCHEMIA trial®®, where
ischemia was assessed by non-invasive methods, with very low usage rates of FFR. The
aggregated results of these FFR trials, entirely focused on chronic coronary syndromes, with
mostly one or two-vessel disease and PCI as the sole revascularization modality, strongly
reinforced the role of FFR in guiding revascularization, while also highlighting the limitations
of angiography-based assessment of coronary artery disease, as has been extensively discussed
in previous sections.

FFR has also been studied in the setting of more extensive multivessel coronary artery
disease in the FUTURE trial, which encompassed patients with two or three-vessel disease.
The trial included patients with acute coronary syndrome (46% - 47%), where FFR was used
in non-culprit lesions and was mandatory for all lesions with a DS > 50%, as assessed by visual
estimation. Any revascularization modality (PCI or CABG) could be used. Like the FAME-2
study, the FUTURE trial was also terminated early, but for the opposite reason - safety concerns
in the FFR arm. No significant differences were found between groups, with a concerning but
not significant trend towards increased mortality in the FFR group. The trial, however, had
several major pitfalls. The result of FFR was not always respected, as more than one-third of
FFR-negative lesions were revascularized. There were similarly low CABG rates across groups
despite different syntax scores. Revascularization was incomplete in most patients, thereby
downplaying its potential advantage. And, ultimately, the trial does not quite mimic standard
practice, since any lesions with DS > 50% had to undergo FFR, when in everyday practice only
intermediate lesions are tested. This likely led to the maneuvering of pressure wires (harder to
negotiate across lesions than standard wires) in relatively severe stenosis, which might explain
the unusually high complication rates of FFR observed in this trial*®8,

FFR has also been studied in the setting of acute coronary syndromes (ACS). Two of the
major trials of complete vs culprit only revascularization in STEMI patients mandated the use
of FFR in non-culprit lesions for deciding whether to proceed with revascularization or not®”%,
The recent FIRE trial, which also included NSTEMI patients and focused on an elderly
population also mandated physiology®®. All of these have shown better outcomes in the
revascularization group, reinforcing the role of an FFR-based strategy for revascularization
decisions in non-culprit lesions in the setting of ACS. However, the only trial to have directly
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compared an angiography vs FFR-based revascularization strategy failed to demonstrate an
advantage of the latter strategy in STEMI patients. The very large confidence intervals of the
results limit an exact interpretation of the results. However, given that microcirculatory
vasodilatation may be impaired in this context, one might argue that FFR assessment could
have led to an underappreciation of the severity of non-culprit lesions, due to incomplete
elimination of microcirculatory resistance. However, the average 2,6 / 2,7 days between index
procedure and FFR measurements should have attenuated this effect. In contrast, the FRAME-
AM I trial, with a much smaller population which included both NSTEMI and STEMI patients,
found better outcomes in the FFR group, driven by strikingly lower rates of all-cause death and
myocardial infarction®?. Thus, whatever the interpretation, the answer as to what the best
strategy (FFR vs angiography) for non-culprit lesions in ACS patients is clearly not established,
and recent ACS guidelines do not currently recommend the routine use of FFR in this setting®®.

3.2. Instantaneous wave-free ratio

As mentioned above, the calculation of FFR requires the use of adenosine, which is
associated with patient discomfort, some contra-indications (namely asthma, known
hypersensitivity or significant sinus or AV node disease) and cost, not to mention added time
to the procedure®2. Thus, efforts to obtain a resting index which would not rely on adenosine
ensued and several are currently available today. The most widely studied and validated is
instantaneous wave-free ratio (iFR). The premise of this index rests on the concept proposed
by Davies et al that six waves drive coronary blood flow and there is a time period where no
waves are present. The latter corresponds to a period of minimal and constant coronary
microcirculatory resistance, with a consequent linear relationship between pressure and flow,
with a nearly constant rate change*°. As a result, theoretically, the fundamental premise that
flow = pressure in the absence of resistance should be applicable in this phase of the cardiac
cycle, and an index consisting of the Pd/Pa ratio during this particular period may be employed
(Figure 9).
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Figure 9: the six coronary waves during the cardiac cycle as described by Davies et al in 2006'% (left). The
demarcation of the wave-free period where iFR is measured vs the full cardiac cycle where FFR is measured
during maximal hyperemia (right)*4. iFR: instantaneous wave-free ratio; FFR: Fractional Flow Reserve.

In the seminal ADVISE study, the authors measured intra-coronary resistance in the
wave-free period at rest and during maximal vasodilatation (using adenosine) and found similar
measurements in 39 stenosis, thereby confirming their theoretical premise. Furthermore, the
authors found a very strong correlation (R 0,9 ; p <0,001) between iFR and FFR, testing in a
pool of 157 lesions**!. The fact that further research confirmed that with increasing stenosis
severity, microcirculatory (distal) resistance is physiologically reduced, thereby generating a
pressure gradient and maintaining flow, further reinforced the concept that Pd/Pa ratio during
the wave-free period of diastole effectively measures the physiological impact of a stenosisZ®.

The validation of iFR as compared to FFR ensued, as multiple studies (including from
our group) continuously found good correlation with FFR, with an iFR cut-off of 0,89 closely
matching the more widely accepted 0,80 FFR cut-off for significant ischemia4>14°, albeit with
approximately 80% concordance. These findings were further confirmed against other invasive
resting indexes combing pressure and velocity'*6147, as well Positon Emitron Tomography
(PET), the gold-standard for non-invasive quantification of myocardial blood flow**.

The wider introduction of IFR into clinical practice began after the results of the
ADVISE-II study, an international multicentric validation study. The authors not only further
validated the 0,89 iFR cut-off as the one more strongly correlated with an FFR of 0,80, but also

confirmed that a grey zone exists between an iFR of 0,86 and 0,93. Outside this range, the
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accuracy for an FFR < 0,80 or > 0,80, respectively, was 94,2%%°. In the absence of trials
directly testing for outcomes, the authors proposed the hybrid strategy, whereby values of iFR
< 0,85 merited intervention, values > 0,94 medical therapy alone, and values in the grey zone
should undergo additional testing with FFR. This strategy permitted the avoidance of adenosine
in 60 to 70% of patients*°.

iFR was then directly compared to FFR in two large non-inferiority trials, the DEFINE-
FLAIRY™ and iFR SWEDEHEART?"!, together encompassing 4529 patients. In these trials, an
FFR value < 0,80 and iFR value < 0,89 would indicate revascularization (with either PCI or
CABG as deemed appropriate), with values above those thresholds indicating medical therapy
alone. Contrary to the FAME trials, both of these studies included patients with ACS (19%>°
- 38%%°1), with the interrogation of non-culprit lesions in STEMI patients occurring a minimum
of 48 hours after the index procedure. No significant differences regarding clinical outcomes
were noted between groups, either as isolated or composite endpoints at 1-year, for both trials.
There were also no significant outcome differences between iFR or FFR according to clinical
presentation (ACS or CCS)™2. As expected, the avoidance of adenosine in the iFR arms led to
a reduction of approximately 5 minutes in procedural time in the DEFINE-FLAIR trial (but not
in the iIFR-SWEDEHEART trial), with much less frequent chest discomfort in the iFR arms of
both trials. Deferral of revascularization was more common with iFR vs FFR in both trials
(45% vs 50%, p < 0,001 in a pooled meta-analysis), which led to concerns that it might translate
in adverse events in the deferral arm, a finding not confirmed at 1-year!®2. Furthermore, the
iFR-SWEDEHEART maintained its original outcome findings at 5-years'®3, while a subgroup
analysis of its deferral arm alone showed no increase in adverse events either'®, as did a very
large SWEDEHEART registry datal®, suggesting that the increased deferral rates resulting
from the use of iFR instead of FFR do not translate into harm. However, in the 5-year results
of the DEFINE-FLAIR trial (not published but presented at EuroPCR 2023%), patients the
iFR arm experienced an increase in all-cause mortality (IFR 9% vs FFR 6.2% p = 0.01), but
not other cardiovascular events such as myocardial infarction, raising concerns with regards to
the safety of an iFR based-strategy. Furthermore, two (not patient-level) meta-analysis of both
trials found similar results'®”**, driven by the DEFINE-FLAIR data. Some authors'®® postulate
that the fact that half of measurements were conducted in the LAD, where iFR and FFR are
more commonly discordant (i.e. negative iFR but positive FFR)'*°, may partially explain the
finding. However, the wide confidence intervals of mortality data, the absence of patient-level
data, and the absence of a non-irrelevant proportion of data regarding all-cause mortality at 5-
years'® render such conclusions difficult to interpret.
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Lastly, the exact role of iFR for revascularization decisions of non-culprit lesions in the
ACS setting is currently being investigated in the iIMODERN trial, which is underway®°.

All of the above evidence pertains to diagnostic assessment of coronary lesions.
However, both FFR and iFR have and are currently being studied for optimizing the results of
PCI. Preliminary evidence suggests this approach might improve outcomes'®'-163, Because the
focus of this thesis is the diagnostic interpretation of coronary artery disease, a detailed review

of this approach falls outside its scope.
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3.3. Common pitfalls of FFR and iFR

One of the debated issues of physiology is the assessment of tandem lesions. Because the
presence of a distal stenosis leads to reduced hyperemic flow between that and a proximal one,
the resulting individual FFR value is overestimated, leading to underestimation of the proximal
stenosis severity. This so-called cross-talk phenomenon has long been described and multiple

equations have been proposed to address this issue (Figure 10)64165,
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Where Pu is the distal pressure during balloon occlusion of the stenosis in question

Figure 10: the cross-talk phenomenum. Tandem lesions can influence flow in hyperemic conditions.
Stenosis B attenuates flow increase and increases pressure at P2. As a result, the resulting measured FFR
in P2 is increased (underestimation of stenosis A). The proposed calculations enable recalculating FFR, but
require balloon occulsion of the stenosis in question and are hence not usually used in clinical practice.
From Nijjer et al'®®.FFR: Fractional Flow Reserve.

In clinical practice a simpler method is applied: FFR is measured distally to all lesions,
and pullback during hyperemia ensues. The largest pressure step-up permits identification of
the most relevant segment, enabling the treatment of such regions first, while further
measurements afterwards may ensue to assess the need for additional revascularization, given
that treating a lesion may significantly influence the FFR of other lesions ®’. Using this
approach, the concept of a pressure pullback gradient (PPG) was recently developed, enabling

the identification of three patterns: focal, diffuse, or mixed®®17°, This information can then be
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used to better define the strategy of revascularization, although its exact impact on outcomes
remains to be determined.

IFR, on the other hand, may theoretically be a better fit for such cases. Because, as
mentioned, resting flow is relatively stable across stenosis, as demonstrated in the IDEAL
study!'®, the cross-talk phenomenon should be less relevant with resting indexes, as pressure
changes should be more predictable across the vessel. Furthermore, for the same reason, PCI
should not fundamentally change the resting flow of remaining stenosis and thus its resulting
relative contribution to pressure drops (Figure 11)16°.
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Figure 11: in resting (non-hyperemic conditions), flow across stenosis is maintained stable due to reduced
microcirculatory resistance, with a resulting pressure drop 6. Figure from Gotberg et al**2.

The fact that iFR is measured on a beat-by-beat (rather than averaged across 3-5 cycles)
also enables a superior temporal resolution during pullback'®. These theoretical observations
have been supported by in-human studies, whereby an iFR pullback with fluoroscopy co-
registration enables the assessment of the contribution of each stenosis to the overall distal iFR
value. When operators assessed the predicted vs observed iFR after PCI, they found that the
pullback predicted the physiological outcome with high accuracy, thus supporting the notion
that IFR may better identify the individual contribution of each lesion in tandem disease (Figure
12)171172,
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Figure 12: flow at rest remains relatively constant in tandem lesions. As a result, the exact prediction of
iFR is not significantly affected by PCI. Thus, resting indexes may better assess individual contributions of
stenosis severity in tandem lesions, leading to predictable iFR measurements pre and post-PCI Y1172, From
Nijjer et al*®, iFR: instantaneous wave-Free Ratio; PCI: Percutaneous Coronary Intervention.

Despite this, some level of cross-talk does seem to exist even with resting indexes, since
other studies have reported this phenomenon with iFR as well, albeit to a lesser degree!”.
Nonetheless, considering all of the above, together with the availability of easily usable

fluoroscopy co-registration, iFR may be a better option in the setting of tandem disease.

Another pitfall of physiology is pressure drift, whereby small changes in intra-coronary
pressure may lead to erroneous measurements. To account for this, operators should ideally
perform a drift check by repositioning the coronary pressor sensor at the tip of the catheter,
ensuring calibration is correct (i.e Pd/Pa = 1,0). Some reports have suggested that whole cycle
indexes (i.e. FFR) are more prone to pressure drift, proposing that iFR may be advantageous
given it is fully measured in only a part of diastole!’.

One highly debated issue of iFR and FFR is discordance. As mentioned above, when
using a binary cut-off, the indexes disagree on approximately 20% of cases 142145, One common
criticism of iFR that partially explains this is its limited range (i.e. less granularity), as well as
distribution of measurements. Because iFR range is lower, with most measurements very close
to the 0,89 cut-off with a small standard deviation and a tendency for mostly negative results
(close to 70%)101°1174 the discriminatory ability of this index for classifying stenosis and
assessing the degree of ischemia is lower than that of FFR. For the latter, the distribution of
values is usually less close to 0,80, with a much wider range!’* and fewer lesions are classified

as negative (close to 60%)™%%°, Furthermore, lesions where a large amount of myocardium is
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supplied®®®1"> such as the proximal LAD or left main, might require hyperemia to truly unmask
the significance of the coronary lesions, since the usual discordance pattern is an iFR > 0,89
with a FFR < 0,80.

Additionally, both iFR and FFR have limited evidence in the setting specific clinical
scenarios, two of which are of particular importance. In patients with severe aortic stenosis,
systolic and hyperemic flow seem to significantly increase after treatment, contrary to flow
during the wave-free period. Thus, the few small studies that have addressed the issue are more
supportive for the use of iFR in this setting*’®1"®. In contrast, for patients with heart failure
(particularly with reduced ejection fraction), what little evidence is available is more supportive
of the use of FFR, given that increased end-diastolic pressures may negatively affect
iFR133,180,181_

Lastly, the single greatest criticism of iFR is that, from a diagnostic perspective, it has
always been validated as using FFR as reference. No trial has ever compared iFR based
revascularization versus angiography in a “FAME-like” strategy. Hence, iFR can be considered

a surrogate of FFR, rather than an index primarily tested in all clinical scenarios.

Despite all the pitfalls and gaps in evidence, it is clear that the bulk of currently available
evidence supports the use of coronary physiology as a key adjunct to CAG images when
making decisions regarding the significance of coronary lesions, particularly when considering
revascularization. As a result, current European guidelines recommend the use of iFR or FFR
in CCS (class 1)**. In the setting of acute coronary syndromes, given the contrasting data
currently available, physiology-guided revascularization of non-culprit lesions is only a class
11b indication®®. Notwithstanding, physiology remains vastly underused, encompassing only 7-
13% of procedures®®?18, This is likely because it requires further invasive maneuvers, risk of
iatrogeny, time consumption and cost. Thus, a non-invasive method of deriving physiology

from CAG images alone using digital methods would be ideal.

3.4. Other indexes of physiology commonly used in clinical practice

Resting indexes other than iFR have also been developed. The Resting Full-Cycle Ration
(RFR) measures the largest Pd/Pa difference encountered during the whole cardiac cycle. It has
been validated in two large studies, with very similar measurement results when compared with
iFR8418 Other resting indexes, measuring Pd/Pa during selected phases of diastole have also
been developed and yielded similar measurements to iFR887_In clinical practice, the choice
between iFR and RFR are essentially a consequence of available technology in each
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catheterization laboratory. However, it is worth noting that, unlike iFR, no large, randomized
outcomes trial has been conducted for any of these indexes. Thus, one could argue that they
constitute a surrogate of iFR, which in turn could be argued is itself a surrogate of FFR. Another
index, contrast FFR (cFFR), has also been proposed as a surrogate of FFR with good accuracy,
with the basic premise that contrast itself can induce significant hyperemia while avoiding
adenosine’®®, However, given the larger evidence base for iFR, its use has received less

attention.

Lastly, it is worth pointing out that when performing physiology of the coronary
circulation, two major compartments can be assessed: macrocirculatory (epicardial arteries)
and microcirculatory (pre-arteriolar vessels and arterioles). Because revascularization can only
directly address epicardial disease, most of the focus of research has been on the above-
mentioned epicardial indexes. Notwithstanding, a brief mention of non-epicardial indexes is
warranted.

Coronary Flow Reserve assesses both epicardial and microvascular disease, consisting
of the ratio between coronary flow during maximal hyperemia (with the administration of
adenosine) versus at rest'®. It can be measured by thermodilution or a doppler-wire. Although
the latter may be more accurate, it is also more cumbersome!®. Values greater than 2,5 (usually
with doppler wire)!*! or 2 (usually with thermodilution)!21% have been deemed abnormal and
associated with a worse prognosis.

Microcirculation is usually assessed by the Index of Microvascular Resistance, which is
calculated as the distal coronary pressure divided by the inverse of the hyperemic mean transit
time and thus represent a combination of pressure and flow (once again, by either
thermodilution or doppler)!®. A value >25 is considered pathological®®®.

Further development of these is outside the scope of this thesis.

3.5. Non-invasive software-derived physiology from CAG images

In recent years, significant research effort has been undertaken to derive physiology from
CAG images alone. Given that FFR is the most widely studied and evidence-based index,
almost all groups primarily attempted to derive it non-invasively, rather than deriving iFR.

The Quantitative Flow Ratio (QFR) has been the most widely studied “virtual” index.
Originally, for its calculation, a minimum set of prespecified orthogonal projections were
acquired. Three-dimensional vessel reconstruction using 3D-QCA is then applied. Using
computational flow dynamics (CFD), the contrast medium transport time was used for deriving
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volumetric flow rate, which was then calculated during hyperaemia and at rest, enabling the
derivation of CFR. Using the flow rate and the pressure at the catheter tip, together with the
measured pressures with coronary pressure wires used for invasively measuring FFR, the
authors were able to derive FFR based solely on the 3D-QCA reconstruction (Figure 13)%.

FFRoca = 0.87

l

Figure 13: representation of the process of calculating QFR from 3D-QCA and CFD. From Tu et al *%, QFR:
Quantitative Flow Ratio; QCA: Quantitative Coronary Angiography; CFD: Computational Fluid Dynamics.

Three variants of QFR were then validated in a pilot study, with accuracies ranging from
80% to 87%*"8, followed by two larger studies comprising more than 600 patients'®"1%, Once
the good correlation of QFR with FFR was demonstrated, the next logical step would be a
FAME-like trial where QFR-based revascularization would be compared with classical
angiography-based (visual DS estimation) approach - the FAVOR-III trial. This was a Chinese
multicentric trial with 3847 patients, where a QFR based revascularization was superior to an
angiography-based strategy, resulting in a 41% reduction of myocardial infarction. The trial
included mostly one or two-vessel disease, and the QFR threshold for revascularization was <
0,80. Importantly, contrary to the FAME trial, no specific threshold for the angiography was
mandated, as the protocol only specified “according to local standard”'®. Nevertheless, the
FAVOR lII trial has been the first and only trial to date showing that non-invasive angio-

derived physiology can improve outcomes without the limitations of invasive physiology.
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Importantly, in the recent FIRE trial, where physiology-based revascularization of non-culprit
lesions in elderly patients with ACS was compared with a conservative approach, QFR-based
decisions were allowed, and comprised 35,2% of measurements®, It is plausible to consider
that given the elderly condition of patients, the non-invasive nature of this method may have
positively influenced outcomes, contrasting with the findings of the FLOWER-MI trial*®°.
Currently, a large Euro-Japanese trial is underway directly comparing QFR to FFR as a method
of revascularization decisions®®. If positive for QFR, it could fundamentally change the
paradigm of how to better assess coronary epicardial physiology.

Several other “virtual” FFR systems exist, of which two have been the focus of
considerable research as well and merit mention. Both rely in methods somewhat similar to
QFR, whereby a 3D-reconstruction based on 3D-QCA and CFD enables the non-invasive
derivation of FFR.

FFRangio has been developed by the original FFR research group. In a pivotal trial and
a pooled analysis of 5 additional cohort studies (> 700 patients), the authors reported an
accuracy of approximately 9294201202,

Vessel FFR (VFFR) was validated in two studies comprising 434 patients and its accuracy
was 90%2°%2%4  Two large, randomized trial comparing VFFR to invasive FFR are

underway?%°206,

In addition to the convenience and reduction of iatrogeny risks, another issue where non-
invasive derivation of FFR may be of use is in determining the significance of non-culprit
lesions in the acute-phase (i.e. ACS), given that the reliability and potential advantage of FFR
in this phase has been challenged, as mentioned-above. A recent study compared QFR
measurements of non-culprit lesions of STEMI at index event and 30 days later. They found
that QFR did not significantly change over time (0.84 £0.09 vs 0.83 £ 0.10, p =0,310), whereas
FFR measurements significantly decreased (0,88 + 0,08 vs 0,85 + 0,10, p = 0,001)".

Even though all the above methods enable non-invasive physiology assessment, none are
fully automatic. Indeed, several manual elements must be provided, such as defining normal
vs diseased regions, marking the proximal and distal end of the target vessel, plus manually
correcting vessel edges. Thus, in reality, these are semi-automatic systems. Furthermore,

results may be less reliable outside an experienced core lab: in the FAST-II trial, the accuracy
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of the VFFR measurements was 83% vs 90% at the core lab?*. Fully automatic systems have
only been described using artificial intelligence (Al) and are reviewed in the following chapter.

Given the characteristics of FFR, the stronger focus on its derivation is understandable,
However, considering the potential advantages of iFR in certain contexts, particularly tandem
lesions, its derivation would also be of clinical interest. To date, only a single study has focused
on iFR rather than FFR derivation. Its rationale has been published?® and final results are

expected soon.
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4. Artificial Intelligence and Medicine: a revolution in the

making

4.1. Foundational Concepts

The creation of computer systems capable of human-like reasoning has been a long-
dreamed ambition. In 1936, Alan Turing famously published what is regarded as a foundational
concept paper — “On Computable Numbers, with an Application to the Entscheidungsproblem”
(the German word broadly meaning “decision problem”) - where he explores what ultimately
would constitute a universal computer, while of course conceding that such a machine was well
beyond the technological capabilities of the time?®. In 1950, Turing published another
impactful article, “Computer Machinery and Intelligence”?!?, where he argued that the concept
of a universal computer leads necessarily to the idea that it must be possible to program
intelligence that is essentially indistinguishable from human intelligence, an idea that today
would map into the concept of Artificial General Intelligence.

Today, the concept of Artificial Intelligence (Al) is quite broad, fundamentally consisting
of computer systems capable of seemingly human-like reasoning — whether that be autonomous
learning, decision-making or creativity. Al is thus an umbrella term, from which multiple other
key concepts emerge?':214,

Machine learning (ML) refers to the ability of a system to learn a skill it was not explicitly
programed to perform. In a classical software system, a program (i.e. algorithm) is explicitly
described, by instructions that specify how to receive an input and produce an output. In
machine learning systems, both the input and output are provided, and the system is expected
to produce the algorithm itself 212214, Although many approaches to machine learning exist,
one of the most successful ones is based on the concept of a Neural Network (NN), trained by
back-propagation of the error. The concept of back-propagation (in reality the computation of
derivative using the chain rule) was made popular by a seminal paper dating back to 19862°,
Since then, it has been greatly developed, and today NN form the basis of ML systems and are
the fundamental technology used in the area known as Deep Learning (DL) and its networks
referred to as Deep Neural Networks (DNN). In simple terms, an activation function enables
each neuron to produce an output based on weighted input from other neurons. A cost function
measures how right or wrong a model is. The performance of the model is then improved by a
gradient descent function, optimizing the weights between neurons. 2324 This training

process is computationally resource heavy, usually requiring very powerful graphics
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processing units (GPU). Using already trained models into common computer systems is
usually much less computationally demanding.

Two further concepts are of particular relevance to the application of Al in Medicine and
this particular thesis. One is Convolutional Neural Networks (CNN), a particular type of DL
NN, which have been shown to be of particular use in medicine, especially for image analysis
211-214 The other is Transformers, a specific type of DL architecture that relies on attention
mechanism and is regarded as a major breakthrough in recent years, exceling in image
interpretation and, particularly, in natural language processing (NLP), made popular by
systems such as ChatGPT?!6,

Although machine learning can take multiple forms, two main classes are supervised
learning and unsupervised learning. The former enables teaching known patterns, taking
labelled/annotated data as input. The latter takes unlabeled input and is expected to find
unknown patterns. It is also worth mentioning a third type, reinforced learning, a process where
system is trained to execute sequential decisions by receiving only occasional environment
feedback 211214,

The explosion of Al in recent years, including in Medicine, can be construed as the
emergence of a perfect storm: computational power is far greater than in the past; and the dawn
of the internet has made big data, cloud sharing and open source easily possible?,

Lastly, Al is not without its pitfalls and dangers. Given the many current (and likely
future) capabilities of Al, ranging from image analysis to NLP (both written and spoken), Al
is increasingly becoming able to “see”, “hear” and “speak” in creative ways. As such, the
current and potential applications to Medicine are immense, ranging from image interpretation,
decision-making, electronic health records analysis or structuring and even patient
engagement?3217_Such a prospect is both remarkable and daunting, but some would argue that
these technologies may free physicians from mundane and repetitive tasks, paradoxically
making Medicine more human. Such is the perspective of Eric Topol, which he defended in
his acclaimed essay “Deep Medicine”?!*. One study suggests that while this hopeful
perspective is dominant among Cardiologists, multiple concerns regarding cost, usability,
limited knowledge, poor electronic health records and lack of trust have been raised?*. Indeed,
in Medicine, several limitations are of concern. Big data availability is necessarily constrained
due to privacy and medical privilege, rendering training datasets much smaller than in other
settings, potentially hampering the performance of existing and future models. Moreover, data
annotation can be extremely cumbersome and those better qualified (i.e. physicians) can
sparingly take part in such tasks, further limiting both the size and quality of training datasets.
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Furthermore, the exact mechanism by which many Al systems function is not always entirely

understood, raising ethical concerns as to its application in clinical practice.

4.2. Application of Al in Cardiovascular Medicine

Research in Al applied to Cardiology has increased exponentially, from 29 papers in
2012 to 921 in 2022 (Figure 14). More than half comes from the USA (58%), followed by
Europe (28%) and Asia (11%). Nearly 90% of research focuses on diagnosis (50%) and

prediction (38%), with the remainder related to screening or decision-making. DL methods

were used in approximately half of cases (48%), which given the larger focus on diagnosis,
ECG (37%) and imaging (22%), is expected?’.
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Figure 14: the exponential growth of Al research in Cardiolog in the last 10 years. From Makimoto et al 2%
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In the field of electrocardiography, multiple papers have been published regarding the
automatic detection of arrythmias or hypertrophy (an example of identifying known patterns),
as well as left ventricular disfunction (unknown patterns), among other conditions?!%-222, Our
own research group has developed algorithms capable of highly specific acute pulmonary
embolism diagnosis??3.

Echocardiography interpretation with Al has also been explored. Several groups have
created automatic chamber quantification algorithms?242%, A Stanford group has developed a
fully automated cardiac system especially focused on ejection fraction??, and even conducted
a blinded randomized trial comparing the performance of Al to experienced sonographers, with
a clear demonstration of the non-inferiority of Al??’. The authors have since announced the
deployment of these systems in their echocardiography laboratory. Other groups have
developed models capable of detecting valvular heart disease, such as mitral regurgitation??
or aortic stenosis??°.

A great deal of effort has been placed in Computed Tomography (CT) and Magnetic
Resonance Imaging (MRI), given that the high reproducibility of images, together with
excellent resolution, make them ideal candidates for image analysis. In Coronary CT (CCTA),

230 and stenosis quantification?®! have already

models for automatic calcium score calculation
been developed. Furthermore, FFR derivation from CT images (FFRCT) has been achieved for
a few years now?3, but improvements using ML algorithms have since been developed?3323,
In cardiac MRI (CMR), fully automated segmentation and quantification of cardiac chambers
has been described and is available on commercial software already, greatly speeding the
process of CMR analysis?*®. Research efforts have also been conducted regarding the analysis
of patterns specific of myocarditis or hypertrophic cardiomyopathy, among others, by
automatically detecting and classifying patterns of late gadolinium enhancement, as well as
T1/T2 mapping?%2%7,

The application of Al to clinical activity has also been explored. In heart failure, the use
of wearable technology has enabled the assessment of compensated vs imminent and pre-
clinical decompensation¢2%, Furthermore, efforts are underway to provide voice technology
into clinical practice, for both retrieving and providing information?324,

All the above developments, however, pertain largely to non-invasive cardiology. Much
fewer research efforts have been placed in Interventional Cardiology, with the exception of
OCT images interpretation, where currently available commercial software already provides a
great deal of automatic analysis regarding sizing, stent apposition and lesion characterization,

with meaningful impact on clinical outcomes in two recent major trials3%24!. Thus, despite the
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promising applications of Al in decision making, image interpretation and even augmented
reality, there is still much room for research and improvement?2242, Notwithstanding, the basic
diagnostic assessment every coronary procedure starts with is CAG. The following section
briefly reviews the application of Al to CAG interpretation.
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4.3. Al applied to CAG

The application of Al to CAG interpretation can be construed in a number of ways.
Arguably, the first step would be to correctly separate the coronary tree from noise (i.e.
background). This might be achieved by means of exact demarcation of the arteries (i.e.
semantic segmentation) or a broader assessment, with a perhaps greater focus in lesion
detection (i.e. object detection). The second step would be to interpret the findings, such as
location, thrombus, calcium or stenosis. Given that, as explained in previous chapters, one of
the greatest conundrums of CAG interpretation is the heterogeneous interpretation of stenosis
severity assessment, as well as the fact that physiology-based severity estimation seems to have
superior impact in clinical outcomes, an Al tool should also ideally improve the ability of
operators to classify the severity of lesions, while additionally providing insight into its

physiological significance.

Most published papers are essentially technical and thus dwell in engineering
repositories, focusing primarily on segmentation. Most groups have used CAG images
annotated by either physicians, medical students or technicians, with datasets ranging from
hundreds to a few thousand images. The annotations may be either manual or based on existing
clinical software. Using known image analysis architectures, such as ImageNet?*3, U-Net?*, or
other variations 2*°, segmentation models are developed for this specific task. To assess the
performance of these, the authors usually compare the superimposition of annotated vs Al-
segmented images, often using the Dice Score as gold standard. This score is calculated as (2
X true positives) / ((2 x true positives) + false positives + false negatives)), thus emphasizing
the identification of true positives while penalizing false negatives. Some authors have reported
Dice scores of approximately of 90% in CAG segmentation 24246, A more detailed review of
technical papers, however, falls outside the scope of this thesis, given its medical nature.

Few publications in medical or biology journals regarding Al-based CAG interpretation
and segmentation are available. Tianming Du et al®*” developed a segmentation model with a
very large dataset of 13373 images annotated by 10 qualified analysts (the exact role or
experience in clinical practice was not specified). While the Dice Score was not used, the
authors report a segmentation accuracy of 98,4%, when considering pixel overlap. The authors
report the models were also able to correctly identify thrombus, calcium and lesion location,

but lesion severity is not specified by this algorithm (Figure 15).
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Figure 15: an Al segmentation algorithm by Du et al?*'.

Another group has also developed segmentation models, either focused on stenotic
regions alone, or the whole coronary tree, with similar performance, but using smaller (3302
to 4904 images) datasets?43-2%0, Lastly, some models have combined non-Al based computer
vision methods with DNN models to perform segmentation on smaller datasets, with good
accuracy as well (Dice Score of 87,4%)?*,

Despite the seemingly impressive performance of these models, no evaluation regarding
the quality of the segmentation, from a clinical perspective, was employed. Thus, if very small
imperfections are present, but affect a critical part of the coronary tree (such as incorrectly
segmenting a proximal LAD), very high accuracy and Dice scores can still be achieved, but a
major flaw, from a clinical standpoint, would be present. Furthermore, no exact method for

conducting such an assessment as either been developed or validated.

With regards to stenosis severity assessment with DS, one group has developed a fully
automated auto-QCA system with reasonable correlation to existing systems (Pearson's R =
0,765)%2.Two other groups developed models capable of identifying lesions based on

bounding boxes, either of any severity or with a DS > 70% as assessed by QCA2%3254,
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Lastly, very few data regarding the derivation of physiology from CAG images using
solely Al methods has been published.

To our knowledge, only one fully automatic software - AutocathFFR - has been made
public but is not yet commercially available. It relies solely on artificial intelligence and is
therefore quite different, from a methodological standpoint, from the above-mentioned
systems. Manual input is not only unnecessary but also not possible — the system automatically
detects lesions. The authors reported an accuracy of 90% in a small pilot study with only 31
patients® and a 94% accuracy in a very recent three-center retrospective validation study of
304 vessels from 297 patients®®®. Regarding the training process, the authors consecutively
used more thatn 13000 invasive coronary angiogram procedures and 1500 FFR measurments,
from centers across Israel, USA, Japan and India. No lesion types were excluded. QCA
software was used for labelling the lesions and all FFR measurements, except if off-label, were
used. Additionally, the authors state that “we used mild and extreme lesion data for cases in
which invasive FFR is not usually in use”, which presumably means classifying these lesions
as FFR negative or positive. However, the exact details regarding the exact Al training
architecture were not provided, nor was any detailed data regarding the 13000 angiograms and

1500 FFR measurements used for training made available (Figure 16) 2%,

Anatomic
location Lesions detection FFR Regressor

Best Frame Vessels’ structure

selection extraction T
Identification

13,000 invasive 10,000 labeled frames were used to 1500 Invasive FFR The final FFR
coronary procedures train the software to perform procedures were used regressor uses 150
were used for basic anatomic vessel identification and for for algorithm training to image features for
algorithms training lesion detection from multiple angles estimate the FFR value every FFR calculation

Figure 16: workflow of the AutocathFFR system and training process outline. From Ben-Assa et al 2,

Another group has also worked on fully automatic FFR derivation from angiogram.

Using Al methods, the authors created a binary classifier (using the 0,80 FFR cut-off) with
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82% accuracy?®’. Other researchers have launched an initiative for fully automated Al-based

PCI guidance based on FFR?®, but no results have been published so far.

Lastly, no results data regarding the derivation of iFR from CAG images using Al has
been published, to our knowledge. Thus, despite existing and potential applications of Al in
Cardiovascular medicine, it’s clear that a great deal of further research is necessary for
developing and deploying Al tools for aiding CAG interpretation in the catheterization

laboratory.
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5. Major Gaps and Pitfalls in the interpretation of Coronary

Angiography and the application of Al

The limitations in the interpretation of CAG, as those of currently available Al

technologies in this context, have been explored in detail in previous subchapters. This section

very briefly provides their systematization:

1. Issues with Coronary Artery Segmentation

a.

Segmentation is a fundamental step in the development of Al systems for CAG
interpretation

There is a paucity of segmentation methods capable of simple, fast and fully
automatic CAG segmentation

No methods are available to assess the quality of the segmentation from a clinical

perspective

2. Issues with the interpretation of lesion severity

a.

Visual estimation of percentage diameter stenosis remains the cornerstone of lesion
severity assessment and, thus, consideration for revascularization

Visual assessment of lesion severity is prone to operator variability and
overestimation of stenosis

QCA enables the objective and reproducible assessment of lesion severity, but is

understudied and seldom used

3. Issues with the use of coronary physiology in clinical practice

a.

Coronary physiology implementation in everyday practice remains beneath desired
levels

Despite the benefits of invasive coronary physiology, its impact in improving
outcomes has not been uniformly demonstrated due to neutral clinical trials in more
complex scenarios, namely acute coronary syndrome and extensive multivessel
disease. The increased risk of complications in such clinical contexts, together with
the limitations of invasive physiology imposed by the acute setting, likely
contributed to these findings

Non-invasive derivation of coronary physiology has been developed and may help

overcome the above-mentioned limitations, but evidence is still insufficient.
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Furthermore, currently available software is only semi-automatic and its reliability
may be hampered by operator heterogeneity and inexperience

d. Non-invasive derivation of coronary physiology has focused almost entirely on
FFR. Given that no single index is ideal and iFR may pose some advantages, the
derivation of iFR from CAG images is desirable

e. Non-invasive derivation of coronary physiology primarily with Al technology has
seldom been explored and may eliminate or significantly reduce the limitations of

currently available non-Al systems



CHAPTER 2: OBJECTIVES
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Objectives

This dissertation aims to fulfil part of the pitfalls and gaps in evidence pertaining to the
interpretation of coronary angiography, exploring the potential role of Al as the primary tool
for the task.

In accordance, four research projects were developed, with the following objectives:

Part 1: to create fully automatic Al models capable of accurate CAG segmentation and
develop a scoring system capable of assessing their quality from a clinical perspective, in
addition to those of conventional metrics.

Part 2: to validate both the Al models and said score in a multicentric external validation
dataset.

Part 3: to assess the impact of Al-based segmentation models in the assessment of
coronary lesions severity, namely its impact in inter-operator heterogeneity and overestimation
tendency.

Part 4: to develop Al-based validation models capable of deriving iFR data from CAG

images alone in fully non-invasive fashion.

To achieve the proposed objectives, four observational studies, two of which

multicentric, were undertaken, as outlined in the following chapter.
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Partl. Development of deep learning segmentation models for
coronary X-ray angiography: quality assessment by a new global

segmentation score and comparison with human performance
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1. Introduction

Artificial intelligence (Al) has shown great potential in Medicine, in applications such as
predictive data analysis®®®, decision making support®®® or even medical education/awareness
improvement®®!, but especially in image analysis. Several publications have demonstrated
impressive results with regards to ECG?%2, echocardiography??422° or MR1235263,

Notwithstanding, the use of Al in Interventional Cardiology (IC) is still vastly
underexplored. In particular, its application to coronary angiography (CAG) has been explored
in very few medical/biology publications?*’-2°, The possibilities are nonetheless many?%,
ranging from automatic anatomical identification, stenosis analysis, lesion subset
characterization and perhaps even physiological indexes derivation. Regardless of whichever
task one aims to fulfil, arguably the first step in applying Al to CAG is separating and
identifying relevant information —the coronary tree — from non-relevant information (bones,

other structures). This task is called segmentation?®°.
In this paper, we explore the development of Al models capable of automatic coronary

artery segmentation from CAG, and assess the results from a clinical perspective, using a new
set of criteria and score clinically defined by a panel of Interventional Cardiologists.
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2. Methods

2.1. Dataset selection

2.1.1.Inclusion criteria

We retrospectively and randomly included patients who had undergone CAG and
invasive physiology assessment (Fractional Flow Reserve and/or other indexes) during the
procedure in a single center (tertiary university hospital).

These patients have at least intermediate lesions in one or more vessels. Around one third
usually undergo revascularization due to the severity of their disease®®**. Therefore, a dataset
focusing on these patients comprises a wide spectrum of obstructive coronary artery disease in

a relatively balanced way.

2.1.2.Exclusion criteria
We excluded cases where any of the following applied:

1) Major occluded vessels (acute or chronic)

2) Poor image quality

3) Less than two orthogonal views in the left coronary artery (LCA) - one caudal and one
cranial - or absence of at least one left oblique (LAO) view - either cranial or simple -
in the right coronary artery (RCA)

4) Patients with previous cardiac surgery, cardiac devices or other sources of potential

artifact

2.1.3. Image selection
For each diagnostic angulation incidence from each patient, a single best frame was

selected.

2.1.4.Dataset size

The dataset size was the result of a trade-off between two opposing criteria: dimension
large enough for successful training of a deep convolutional neural network, estimated from
published data?**248249.266 yi5 expected time required to complete the annotation. We estimated
the latter based on a short period of annotation testing prior to formal dataset creation. The

trade-off pointed out to a training set size of roughly 400.

74



Research Projects

We then randomly and consecutively selected patients until a total of at least 400

annotated images were obtained.
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2.2. Baseline annotation process

Baseline human dataset images were annotated by two senior Cardiology Fellows
(TR/BS) previously trained in CAG interpretation, under the supervision of an Interventional
Cardiologist (MNM), who also annotated. Images were periodically reviewed and perfected by
all three, such that any initial heterogeneity between annotators was corrected by consensus.
The small size of the team was aimed at reducing heterogeneity, as we noticed, during a
preparatory phase, that some operators tended to annotate too much (supplementary figure 1)
while others did the opposite (supplementary figure 2).

Both the catheter (labelled red) and the coronaries (labelled white) were to be segmented.

The coronary tree was to be fully segmented up to branches of approximately 2 mm in
calliper at their origin (as the vessel became smaller, it was to be segmented until discernible),
using the catheter as reference (without formal measurements - eyeball appreciation was used).
There were several reasons for this: (1) when performing percutaneous coronary intervention,
vessels smaller than 2 mm are usually approached conservatively, as the risk of target lesion
failure increases significantly?®”-?%¢; (2) human annotation is cumbersome - segmenting every
single vessel would increase the risk of errors significantly; (3) including very small vessels
might increase the chances of artifacts from bone or other structures when training and applying
Al models.
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2.3. Baseline Al model training

We performed segmentation using an encoder-decoder fully convolutional neural
network based on the U-Net?®®, commonly used in medical image segmentation. As their name
suggests, these neural networks are composed of an encoder, responsible for extracting image
features, and a decoder, which processes those features to produce segmentation masks. To
derive the best approach for this task, we conducted a comparative study of encoder and
decoder architectures, which resulted in the proposal of the EfficientUNet++, a

270

computationally efficient and high-performing decoder architecture=’ that, in this work, we

combine with an EfficientNet-B5 encoder?’ (Figure 17).

EfficientNet-B5 EfficientUNet++
encoder decoder

Figure 17: Segmentation model composed of an EfficientNet-B5 encoder and an EfficientUNet++ decoder.

To ensure fair evaluation, it was necessary to guarantee that each model was tested on
data it had not seen during training. Therefore, the dataset was split, at the patient level, into
13 subsets of approximately 32 angiograms each. Each subset's segmentation was performed
using a neural network trained exclusively on the remaining data. This enabled the assessment
of the segmentation results for the entire cohort, as the usual splitting into a training and testing
dataset would have yielded a much smaller group of images for result assessment.

The training hyperparameters, namely the number of training epochs and the learning
rate decay schedule, were set on the first train-test split, using 1 of the 12 training data subsets
for validation. The selected values were then used on every other train-test split, and to train
the model on the whole training set of the first split.

2.4. Enhanced human model

The results of the baseline Al training were reviewed by the annotating team, without
formal grading as later on (see below). For each image, both human and Al segmentation were
compared with the original. Every annotation was then perfected using a mixture of the best of
baseline human segmentation and baseline Al, with additional de novo manual segmentation

as needed.
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2.5. Enhanced Al model

The neural network architecture and training procedure were identical for both the
baseline and enhanced Al model (Figure 17). The sole difference was the dataset. The baseline
Al model was trained using the baseline human annotations, whereas the enhanced Al model

was training using the enhanced human annotations. Figure 18 outlines development stages.

Baseline Al

Training ?\

Baseline
Annotation

Enhanced
Annotation

Enhanced
Annotation

Enhanced
Annotation

Enhanced Al
Training

Figure 18: annotation and training process.
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2.6. Performance assessment

2.6.1.Non-medical metrics

Al models were evaluated using the Dice Similarity Coefficient (DSC) and Generalized
Dice Score (GDS), measures of the overlap between segmentations. Given two segmentations,
the DSC has a value between 0 - no overlap - and 1 - total overlap - corresponding to the ratio
between the area of their intersection and the sum of their areas. The GDS?'? is a weighted sum
of each class's DSC that attributes the same importance to all classes, regardless of their
frequency. While the DSC and GDS alone do not reflect clinical usefulness, they are helpful

and entirely objective metrics that allow simple comparison between models.

2.6.2.Clinical performance criteria

The DSC objectively assesses model performance. However, it does not provide a
medically meaningful impression of whether segmentation is appropriate. Also, because the
DCS can only be calculated based on previously annotated images, it cannot be applied to new,
unannotated datasets in the future. To overcome these limitations, we created a set of criteria
to assess performance as interpreted by expert physicians.

The following 11 criteria are as objectively defined as possible and were analysed for
each image. Each was independently met or not. A “perfect” example is shown in Figure 19.

Supplementary figures 3 to 13 show error examples for each.

Figure 19: a segmentation case fulfilling all 11 criteria.
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1) Catheter segmentation:

a.

Main segmentation: The distal part of the catheter (i.e. the closest discernible
portion to the coronary artery in the ascending aorta) is correctly segmented and
labelled (supplementary figure 3). If minor gaps are present, this criterion
should be scored as met.

Gaps (minor) are absent (supplementary figure 4)

Catheter thickness is accurate, by visual appreciation (supplementary figure 5)
Location: if parts of the catheter far from the coronary ostia (ascending and/or
descending aorta) are segmented, there are no major gaps or artifacts

(supplementary 6)

2) Vessel segmentation:

a.

Main vessels are correctly segmented and labelled. For the RCA, this includes
the segments from the ostium to the crux (supplementary figure 7). For the LCA,
this includes the segments from the left main ostium to the visually discernible
distal segments of the left anterior descending or the circumflex (or most
important obtuse marginal branch), depending on incidence. Branches are
excluded from this criterion. If minor gaps are present, this criterion should be
scored as met.

Branch segmentation: branches with a luminal diameter of at least
approximately 2 mm (using the catheter size as reference) are correctly
segmented and labelled (supplementary figure 8). Size is estimated by visual
appreciation. If minor gaps are present, this criterion should be scored as met.
Main vessel gaps (minor) are absent (supplementary figure 9).

Branch gaps (minor) are absent (supplementary figure 10).

Catheter to artery transition: correct labelling of the catheter tip vs coronary

artery origin (supplementary figure 11).

3) Artifacts
a. Coronary: no non-coronary structures are labelled as part of the coronary tree

(supplementary figure 12).

Catheter: no non-catheter structures are incorrectly labelled as part of the
catheter (supplementary figure 13).

. These two artifacts’ criteria are not applicable to the small catheter-

artery transition area.
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In order to provide an objective assessment, these criteria were scored by a panel of three
Interventional Cardiologists (MNM, ARF, PCF), of whom two (ARF, PCF) took no part in any
stage of the annotation/training process. Discrepancies were solved by agreement. All images
were graded across all groups: baseline human segmentation, enhanced human segmentation,
baseline Al and enhanced Al. During the grading process, the image’s group was blinded.

Lastly, because the above-mentioned criteria are not equally important, a Global
Segmentation Score (GSS — 1,5 to 100 points) was devised, taking into account the relevance
of each criterion as defined by the three experts (Table 4). The panel was also asked to select

which of the two Al models was preferred for each image, regardless of final score.

Table 4: scoring metrics for application of the Global Segmentation Score.

Cathether Vs Coronary Individual Criteria

Criteria Points
Relative Weight Relative Weight
Main Vessel Segmentation 40% 28,0
Main Vessel Gaps 10% 7,0
Catheter to Artery Transition 15% 10,5
70%
Branch Segmentation 20% 14,0
BranchGaps 5% 3,5
Coronary Artifacts 10% 7,0
Catheter Segmentation 40% 12,0
Catheter Gaps 10% 3,0
Catheter Artifacts 30% 15% 4,5
Catheter Location 5% 15
Catheter Thickness 30% 9,0
Total 100

2.7. Statistical analysis

Descriptive variables are shown in absolute and relative (percentage) numbers. To assess
the association between qualitative (categorical) variables the Chi-Square test was used. To
assess differences in quantitative variables we used the Mann-Whitney test (two independent
groups) or the Kruskal Wallis test (multiple independent groups). A p-value < 0,05 was used
for statistical significance, except for multiple groups comparisons, where we used a p value

of <0,01. SPSS 27 was used for analysis.
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2.8. Ethical issues

This study complies with the Declaration of Helsinki and was approved by the local

Ethics’ Committee.
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3. Results

3.1. Baseline dataset
We included 416 images from 69 patients (Table 5). With two human and two Al

datasets, 1664 processed images were generated.

Table 5: baseline clinical characteristics of patients from whom images were analysed.

Factor N +/- SD or N(%)

Age 67 +/- 11

Sex (male) 54 (78%)
Hypertension 56 (81,2%)
Diabetes mellitus 27 (39,1%)
Dyslipidemia 39 (56,5%)
Smoker (past or present) 26 (37,7%)
Chronic coronary syndromes 50 (72,5%)
Acute coronary syndrome 19 (27,5%)
Revascularization during/after CAG 21 (30,4%)

3.2. Performance assessment

3.2.1.Non-medical metrics

Results are outlined in Table 6. These scores indicate that the enhanced Al was generally
superior to the baseline Al. Segmentation performance was good and consistent across arteries,
as indicated by the high mean and low standard deviation of the DSC. For the catheter,

performance was lower and much less consistent.

Table 6: Generalized Dice Score (GDS) and class-wise Dice Similarity Coefficient (DSC) obtained by the
baseline (BAI) and enhanced Al (EAI) models. Results presented as mean + standard deviation.

BAI EAI
GDS 0.9234 + 0.0361 0.9348 + 0.0284
Artery DSC 0.8904 £ 0.0464 0.9134 + 0.0410
Catheter DSC 0.7526 + 0.1998 0.7975 + 0.1836
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3.2.2.Clinical performance

Overall performance — individual criteria assessment (Supplementary table 1)

Coronary segmentation: the main vessels were correctly segmented in almost all cases
across groups. Minor gaps occurred rarely in the baseline human segmentation and both Al
models, although there was a small but non-significant improvement with the enhanced Al vs
baseline Al.

Branches’ segmentation was also correct almost always in all groups, albeit less so than
main vessel segmentation. There was a small yet significant improvement with the enhanced
Al vs baseline Al.

Minor branch gaps were quite common, with very significant differences between Al and
human models. While the Enhanced Al performed numerically better than the baseline Al, it
still produced small gaps in nearly 2/3 of cases.

Coronary artifacts were very uncommon in human annotations and were usually minor
imperfections in catheter/coronary crossovers. They were common and usually minor in both
Al models, although there was a very significant improvement with the enhanced Al vs
baseline Al (14,4% vs 25,7%).
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Catheter/artery transition: the baseline human segmentation failed in 12% of cases and
the enhanced human segmentation missed 3,8%. The baseline Al produced a higher error rate

(19,7%), but the enhanced Al was numerically more often correct than the baseline human

segmentation, sometimes correctly identifying the transition where humans failed (Figure 20).

Figure 20:(left to right): the first human segmentation incorrectly labels contrast backflow as coronary.
The baseline Al model improves on the human segmentation, but is still not perfect. The enhanced human
model perfectly segments the transition. The enhanced Al model is hampered in catheter segmentation, but
identifies the transition correctly.

Catheter segmentation: the baseline human segmentation produced thickness
imperfections (usually mildly engorged catheter) in 13,9% of cases, but otherwise, the
segmentation was almost always correct regarding other criteria.

The baseline Al produced low error rates in main body segmentation. However, artifacts,
usually quite minor and in the vicinity of coronary segments, occurred very frequently (41,1%).
Another common error was catheter thickness (36,3%), often overestimating catheter size.

The enhanced human segmentation significantly improved on thickness issues, although
imperfections persisted in 6,2% of cases.

The enhanced Al produced better results than the baseline Al model regarding catheter
thickness (correct in 96,4%), also surpassing both human models (although the difference was
not statistically significant when compared to the enhanced human segmentation). However,
the performance of the enhanced Al otherwise decreased in all other criteria, especially

regarding minor gaps, which became much more common (3,1% in the baseline Al model to
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23,3%). Even main body segmentation was significantly affected, although successful in the
vast majority of cases (86,5%). Despite this, most failure cases would still permit catheter
identification, as major gaps often occurred distally in areas of contrast backflow. Artifacts and
location issues also numerically worsened slightly in the enhanced Al vs baseline Al.

Overall performance — GSS assessment and expert preference (Table 7)

Human models outperformed Al models. Enhanced models surpassed baseline models.
The difference was statistically significant for all comparisons. GSS was very high for both Al
models- the enhanced Al reached an average of 90 points.

With regards to expert preference, the enhanced Al model was preferred in 300 (72%)

cases, the baseline Al model in 100 (24%) and in 16 (4%) cases no Al model was preferred.

Table 7: performance by group according to GSS (significance at p <0,05 for paired differences and p <
0,01 for multiple comparisons).

96,9 98,9 86,1+/ 90 +/-

Mean +/- SD

+-57 | +-31 | -10,1 76
<0001 | <0001 | <0001 | <0001 | <0001 | <0,001 <0,001
Median (IOR) 100 100 87,5 92
edian
©) (0) ©) (9.5)

Performance by coronary artery — individual criteria assessment (Supplementary

table 2)

There was a trend towards better performance in the RCA, both regarding human and Al
groups. The most notable and statistically significant differences occurred in catheter transition
(regarding both Al models and the baseline human segmentation) and catheter segmentation
(both Al models performed better in the RCA). Branch gaps were quite less frequent in the
RCA with the enhanced Al model. Other differences, even if statistically significant, were very

small.
Performance by coronary artery — GSS assessment (Supplementary table 3)

All models scored very high for both arteries. There were very minor statistically

significant differences for the baseline Al model only, favouring RCA segmentation.
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Considering expert preference:
- RCA: the enhanced Al was preferred in 109 (68,6%) cases, the baseline Al was
preferred in 43 (27%) and in 7 (4,4%) cases no Al model was preferred.
- LCA: the enhanced Al was preferred in 191 (74,3%) cases, the baseline Al was
preferred in 57 (22,2%) and in 9 (3,5%) cases no Al was preferred.

Performance according to angulation incidence — individual criteria assessment

(Supplementary table 4, Supplementary table 5)

Given the large amount of data, the fact that there were no significant differences in the
vast majority of cases and for the sake of readability, only statistically significant differences
are shown in the tables. Overall, the impact of incidences in model performance was limited,

and affected almost exclusively the Al models.

Performance according to angulation incidence — GSS assessment (Supplementary
table 6, Supplementary table 7)
Differences were minor and only statistically significant for human performance in less

common incidences (PA views for the LCA and PA cranial for the RCA).
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4. Discussion

4.1. Overall considerations

Baseline human segmentation was generally correct. Catheter/coronary transition and
catheter thickness errors were the most common. Poor individualization due to contrast
backflow, catheter curves and human fatigue all likely contributed.

Enhanced human segmentation was nearly perfect. Mild transition issues persisted,
emphasizing the task’s difficulty. As this model was actually a combination of the best of
baseline human segmentation and baseline Al, it also demonstrates how Al can help improve
human performance.

These human imperfections, even if small, highlight the need for rigorous quality control
during and after the final results, rather than assuming a “perfect” ground truth (human
annotation). This an inherent limitation to the annotation of medical images, as the sheer

amount of cumbersome work is error prone.

The baseline Al performed CAG segmentation successfully, yet was affected by the same
two issues of the baseline human segmentation — transition and catheter thickness. The effort
to correct these when developing the enhanced Al was fruitful regarding the former, but
produced mixed results for the latter. Impact on transition performance was impressive, as the
enhanced Al at times even achieved correct assessments where humans failed (figure 20).
However, it seems the gain in catheter thickness accuracy was offset by losses in other catheter
segmentation tasks. Lastly, every aspect of coronary segmentation improved in the enhanced
Al, which performed better than baseline Al. The differences between the two Al models also
highlight how relatively small differences in the ground truth can impact relevantly on Al
training.

It may seem surprising that catheter segmentation was less successful than coronary
segmentation. However, while intuitively one may think that catheter segmentation is an easier
task and therefore the results would have been better for this task, from a machine learning
perspective that is not the case. In particular, segmentation performance is highly dependent
on the frequency of each class. Rarer classes, or ones that occupy smaller areas, are interpreted
by the model as being less likely to appear. Furthermore, during training, the lower the number
of pixels belonging to a particular class, the lower the penalty for segmenting that class

incorrectly. Even though we used a loss function designed to mitigate this phenomenon, the
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poorer segmentation of less common classes (the catheter, in this case) is still evident in the

results.

RCA segmentation was easier than LCA, but differences were quite small and less than
expected, considering its greater anatomical simplicity. Angulations also had a relatively small
impact both in human and Al performance and small observed differences may be attributed
to specific issues that are more common in certain incidences: contrast backflow (less
problematic in PA or RAO caudal); coronary/catheter crossovers (such as spider or extreme
RAO cranial — Figure 21); proximity of bone (such as RCA LAO views); smaller samples of
some incidences, such as PA cranial; uncommon catheter “pathways”, such as the femoral

approach, which sometimes produces a central vertical outline.

Figure 21: crossovers in spider (above) and extreme RAO cranial (below) views generating artifacts.
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Globally, both Al models achieved a very high DSC, with higher performance in artery
segmentation than in catheter segmentation, supporting the results of qualitative clinical
assessment. When factors are weighed in terms of their perceived relevance — as assessed by
the GSS - both performed very well. The enhanced Al scored an average of 90 points, meaning
it provided 90% of what experts deemed most relevant when looking at a CAG. By all
measures, the enhanced Al was the better model. However, the fact that differences between
the two Al models were not large and that the enhanced Al was preferred in most, but not all
cases, highlights the difficulty in improving an already good performance.

4.2. Other studies with Al applied to CAG segmentation/interpretation
Few studies regarding coronary artery segmentation based on Al technologies have been

published in medical/biology journals so far.

Su Yang et al®*® successfully developed Al models capable of segmenting CAG. Their
dataset was larger (3302 images / 2042 patients) and was also annotated by (two) expert
physicians. Different incidences were also used. However, they focused solely on segmenting
specific segments of major vessels with at least mild (> 30%) stenotic lesions. Nor the branches
nor the catheter were segmented, leading to a much simpler problem than the one addressed in
this work.

Two other works?**?% from the same baseline dataset, also developed Al-based CAG
segmentation. Their dataset was also larger (4904 images from 170 videos). However, the
annotations were performed by medical students and no details are provided regarding patient

subset, target vessel or incidences.

Very recently, Tianming Du et al?*” published the results of a broad work. They focused
on two tasks: CAG segmentation and special lesion morphology identification (calcium,
thrombus, among others). For the former task, which overlaps with ours, they used a very large
dataset of 13373 images distributed across 10 incidences (six LCA and four RCA), annotated
by 10 qualified analysts. This was an all-comers study, rather than focusing on patient subsets.
They too annotated catheter/arteries, and additionally marked different coronary segments.
Their model is impressive as judged by shown images, even distinguishing between contrast

backflow, catheter and coronary. However, they did not specify the exact criteria for
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segmenting the coronary tree and their exact metrics make it difficult to assess exactly how

their models performed in detail regarding segmentation.

While all the above-mentioned groups have worked with datasets larger than ours, our
work has several unique features: (1) there was a medical rationale for vessel size
segmentation; (2) results were assessed from a set of criteria defined by experts, capturing the
quality of the segmentation from Interventional Cardiologist’s eyes; (3) human annotations
were also graded, rather than assuming a perfect human ground truth; (4) specific segmentation
tasks were assessed individually, enabling insights into strengths and weaknesses of Al and
human models alike; (5) results were also assessed globally with the GSS, by factoring the
relevance of each criteria, permitting a broad, simple appreciation of results. Furthermore, the
ability to perform high-quality segmentation in a system trained using less data provides
relevant evidence that more advanced Al systems can be effectively applied even in situations

where the available data is limited.

4.3. Limitations

This is a single center retrospective dataset, with a single image per projection and a
smaller sample size than some previously published manuscripts. The images comes from the
same angiography devices (Siemens Artis) and thus we have not yet tested on our models on
images obtained with other equipment or image settings.

We have not yet conducted formal assessment on how well the models perform in
segmenting specific stenosis severities. Our models are also yet to be tested for specific vessel
disease types (calcium, thrombus), clinical settings (chronic total occlusion, ST-elevation
myocardial infarction).

We have not yet assessed the performance of Al models on an external “validation”
cohort. There are several reasons for this. We aimed to compare Al and human results in detail
first and assess the exact performance of Al models for each segmentation task. A validation
dataset would comprise a new set of images which would not undergo human segmentation,
thus impeding comparison with human performance. Also, validation implies that a metric be
available for comparing results. Because the Dice methods require a ground truth human
annotation for comparison, and the GSS was developed and applied for the first time for this
paper, we felt a suitable metric was not yet available for performing validation prior to the
current analysis. Lastly, Al models are continuously and dynamically improving. As we are

currently working on further testing and enhancing current Al models (view Future Directions
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and Implications section bellow), we felt performing external validation at this stage was
premature.

The exclusion of cardiac devices/cardiac surgery and other foreign objects renders our
models not yet applicable to such cases. We did not, however, excluded cases with previously
implanted stents.

Lastly, focusing specifically on patients undergoing invasive physiology assessment may
have created a bias, limiting a broader application of the models to other patient subsets.

We are currently working to address all these issues in future work.

4.4. Future directions and implications

CAG segmentation in itself is not a final objective but rather an arguably essential
milestone for developing Al systems capable of CAG analysis and interpretation. These results
should therefore be regarded as a first step, rather than a final deployment tool. While not yet
mature for immediate clinical application, the results of both Al models are already relevant,
providing a framework for the future which can be built upon.

Further steps include testing the models for stenosed segments, which will be critical for
clinical. We then aim to test our models with a “validation” cohort using new angiograms. Sub-
segmentation, automatic anatomical identification and physiology are also areas for future
research.

We will also strengthen the capabilities of our models further by broadening our training
base to other patient and lesion subsets and focusing on particular issues where there is still
room for improvement, as identified by our uniquely detailed analysis.

Our results also provide insight on which human tasks are most challenging, which can
be of use to others.

The GSS is the first score of its kind for assessing the quality of segmentations in CAG.
By providing a reasonably objective and quantitative clinical measurement, it may be used as
a benchmark for comparing and validating results across research groups.

Lastly, while conventional segmentation software does exist, it is not without its
limitations, and only by developing Al systems can we compare and improve both in the future.
The potential implications of Al to Interventional Cardiology are immense, and we envisage a
cath lab of the future where all of these insights render the human eye more objective,

improving patient care.

92



Research Projects

5. Conclusions

We successfully developed two Al models capable of good quality automatic CAG
segmentation as assessed by both the GDS, DSC and the GSS. The latter and its individual
criteria provided a feasible, reasonably objective and quantifiable way of assessing the results
from an expert’s perspective.

The enhanced Al model outperformed the baseline Al model in coronary segmentation
tasks as well as globally. With regards to catheter segmentation tasks, the enhanced Al model
improved on the task of catheter thickness but performed less well in other catheter
segmentation tasks. Both human segmentations were superior to both Al models, but only the
enhanced human segmentation, built by combining the best of baseline human segmentation
and baseline Al, achieved a near perfect GSS.

These results provide a relevant framework for building upon, potentially enabling future

clinical application.
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1. Introduction

The application of artificial intelligence (Al) to coronary angiography (CAG) has only
been ascertained in very few medical/biology publications?*’-2°°, While the possibilities of such
an approach are vast, the first step is arguably to produce accurate segmentation of CAGs, i.e.,

clearly identifying the coronary tree while excluding other structures.

We have previously published the first results of deep learning models capable of good
quality CAG segmentation®’, In this paper, we aim to validate the results, by applying the
model to a new, previously unseen, dataset of coronary angiographies from multiple centers.
A well-known validated software was used as reference for segments with non-occlusive
lesions, where detailed measurements were undertaken, while also applying the previously
described Global Segmentation Score for broad assessment of segmentation quality?”.
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2. Methods

2.1. Participating centers and equipment

Four centers from across Portugal participated in this study. Images were acquired in

Siemens Axiom Artis and Philips Azureon equipment.

2.2. Inclusion criteria

Retrospective selection of consecutive patients who had undergone CAG and
percutaneous coronary intervention (PCI) and/or underwent invasive physiology assessment
(Fractional Flow Reserve and/or other indexes), within a 1-month period of 2022, regardless
of clinical context (i.e. both acute and chronic coronary syndrome). This ensures the model was
tested in a real-world context where revascularization was either being considered or

performed, thereby excluding a population with normal or near-normal coronary arteries.

2.3. Exclusion criteria

We excluded cases where any of the following applied:

5) Patients with previous cardiac surgery, cardiac devices or other sources of potential
artifact

6) Absence of coronary lesions 50-99% stenosis by visual estimation (i.e. single-vessel
ST-elevation myocardial infarction — STEMI - or chronic total occlusions — CTO
alone)

7) Poor image quality

8) Unclear individualization of lesion outline with no overlapping vessels

9) Unsuccessful automatic measurements with validated software (details below)

10) Unsuccessful software extraction and superimposition of lesion markers on segmented

image (details below)

2.4. Image selection

For each selected lesion, a single end-diastolic frame with clear outline definition of the
vessel and target lesion was selected. More than one segment per patient and/or image could
be used. With an original training dataset of 416 images as previously published?’® we aimed

to have a validation dataset of at least 100 images.
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2.5. Brief description of previous work and Al model

In our previous work?”® we trained Al models for CAG segmentation using 416 images
from patients undergoing physiology or PCI in a single center. The images were manually
annotated by a small group (two Cardiology Fellows and an Interventional Cardiologist, who
both annotated and supervised the process) and continuously reviewed and corrected, in order
to minimize heterogeneity and errors.

We then performed segmentation using an encoder-decoder fully convolutional neural
networks based on the U-Net?®®, commonly used in medical image segmentation. These are
composed of an encoder for extracting image features and a decoder to process those features
and produce segmentation masks. To derive the best approach for this task, we conducted a
comparative study of encoder and decoder architectures, which resulted in the proposal of the
EfficientUNet++, a computationally efficient and high-performing decoder architecture?’,
which obtained the best results when combined with an EfficientNet-B5 encoder?™.

To ensure fair evaluation and minimize any bias induced by the input data, each model
was tested on data it had not seen during training. The dataset was thus split at the patient level,
into 13 subsets of approximately 32 angiograms each. Each subset's segmentation was
performed using a neural network trained exclusively on the remaining data. This enabled the
assessment of the segmentation results for the entire cohort, as the usual splitting into a training
and testing dataset would have yielded a much smaller group of images for result assessment.
The training hyperparameters, namely the number of training epochs and the learning rate
decay schedule, were set on the first train-test split, using 1 of the 12 training data subsets for
validation. The selected values were then used on every other train-test split, and to train the
model on the whole training set of the first split. We also considered cross-validation, but it
would be very compute-heavy.

This process resulted in an early Al model, which was then further improved by a second
round of manual annotation, where the annotators corrected the resulting imperfections,
thereby producing a final training dataset. An “enhanced” model was then trained once again
using the same process with the new improved annotated dataset, yielding superior results to
the early model, with a final Generalized Dice Score of 93,48/ +/- 2,84%. While we continue
to work on improving our model, because the aim of this study is to validate the aforementioned

“enhanced” model as previously published?”, no additional training was performed.
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2.6. Original images analysis and segmentation

A well-established and validated software (CAAS Workstation 8.5.1) capable of semi-
automatic segmentation and Quantitative Coronary Angiography (QCA) was used to generate
a reference dataset for comparison. Because it is especially important for a model to correctly
segment diseased segments, QCA analysis was performed in selected segments with a stenosis
severity of 50-99% by visual estimation. For QCA measurements, calibration was performed
either automatically (based on the DICOM information) or by measuring the catheter (5 or 6
Fr), provided it was clearly visible and measurable. The region of interest was then selected
and automatic QCA measurements were undertaken.

For each region of interest where successful automatic QCA measurements were
undertaken, the lesion diameter, reference diameter, diameter at proximal obstruction border
and diameter at distal obstruction border were recorded. The diameter stenosis percentage was
calculated as follows: ((reference diameter — lesion diameter) / reference diameter) x 10017,
No manual adjustments were accepted, in order to exclude human bias or human-induced
imperfection. If the automated outline and measurements were not clearly accurate by visual

inspection, the case was excluded (Figure 22).

Figure 22: Two examples of failed auto-QCA analysis. In the right coronary artery, a subocclusive lesion is
visible (upper left image). The software fails to track the lesion accurately (upper right image). In the left
anterior descending artery, the software tracks a collateral rather than the main vessel on the left border
(original image - bottom left, failed tracking - the bottom right).
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The original images (i.e., without the measurement annotations generated by the CAAS

software) were then segmented using our best Al model to date’”

, Which segments the
coronary tree in white and the catheter in red. This process is fully automatic and the only

required human input is the image itself. These images were used for testing only, not training.

2.7. Performance assessment

2.7.1.Diameters and percentage diameter stenosis

A dedicated python script was written to extract the CAAS markers and superimpose
them on the segmentation obtained by the model. The lesion diameter, diameter at proximal
obstruction border and diameter at distal obstruction border were then measured using a
dedicated python script as well, by verifying the superimposition of the markers with the
coronary tree. Because the reference diameter does not exist in the segmented image (which
only contains the coronary artery tree and catheter), the CAAS-generated value was used.
Percentage stenosis was then calculated using the same equation. Finally, we also compared
the measured catheter diameter on the original image versus the segmented image with another
adaption of the same script, by measuring the distance between the two parallel lines generated
in the original image from the CAAS software. The resulting measurements obtained in the

original and the segmented images were then compared.

2.7.2.0verlap between original and segmented images
A dedicated python script was also used for assessing the overlap between the original
and the segmented images in the region of interest, using the CAAS output as reference. Pixels
were then classified as follows:
- True positive (TP): a pixel marked as coronary in both the segmented and original
image
- False positive (FP): a pixel marked as coronary only in the segmented image
- True negative (TN): a pixel marked as non-coronary in both the segmented and original
image

- False negative (FN): a pixel marked as non-coronary only in the original image
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Using this classification, the following parameters were calculated:
Accuracy: ([TP+TN]/[TP+TN+FP+FN])
Sensitivity: TP/ (TP + FN)

- Specificity: TN/(TN+FP),

- Positive Predictive Value: TP/ (TP + FP)

- Negative predictive value TN/(TN+FN)

- Intersection over Union (loU): TP/ (TP + FN + FP)

- Dice Score: 2TP / (2TP + FN + FP)
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2.7.3.Global Segmentation Score

While the above-mentioned criteria offer a detailed account of the model’s accuracy, they
do not provide a broad overview of the quality of segmentation as assessed by experts in CAG
interpretation (i.e. Cardiologists). As a result, we have previously developed the Global
Segmentation Score (GSS), which we have previously applied on the original CAG dataset
used to train the Al model (details on its application on supplementary data file)>”®. The GSS
was scored by consensus by four Interventional Cardiologists (one from each contributing
center). Figure 23 summarizes the above-mentioned steps for assessing coronary segmentation.

[\ N

Figure 23: Overview of the segmentation and analysis process. Top left: Baseline CAG of a right coronary
artery. Top right: Al automated segmented image. Bottom left: automatic QCA analysis image output in
detail. Bottom middle: transposition of the lesion markers on the segmented image in detail. Bottom right:
area overlap between the region of interest in the auto-QCA and the segmented image; white pixels are
true positives; green pixels are false negatives; red pixels are false positives.
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2.8. Statistical analysis

Descriptive variables are shown in absolute and relative (percentage) numbers.
Quantitative variables are shown in average + standard deviation (if normally distributed) or
median (interquartile range) if non-normally distributed. If distribution was normal, we used
the paired samples T-test to assess for differences in related samples quantitative variables. If
distribution was not normal, we used the Mann-Whitney test (two independent groups) or the
Kruskal Wallis test (multiple independent groups) to assess for differences in quantitative

variables. A p-value < 0,05 was used for statistical significance. SPSS 27 was used for analysis.

2.9. Ethical issues

This study complies with the Declaration of Helsinki and was approved by the local

FEthics’ Institutional Review Board.
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3. Results

3.1. Baseline characteristics

Research Projects

We included 123 measurements from 117 images, from a total of 90 patients (flowchart

in Figure 24; clinical data on Table 1).

ff
230 patients
met inclusion criteria
.
ff

149 patients eligible forimage

extraction
N
ff
90 patients
117 images successfully
processed
N

81 patients excluded:
- Occlusive lesions only
- Artifacts

—

89 images excluded due to:

- Poorimage quality
- Poor lesion outline
- Failed automatic QCA
- Failed QCA markers
superimposition on

segmentedimages

- /

Figure 24: flowchart of patient and image selection.
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Table 8: Clinical characteristics of included patients.

Factor N +/- SD or N(%)

Age 65 +/- 12

Sex (male) 73 (81%)
Hypertension 62 (68,9%)

Diabetes mellitus 28 (31,1%)
Dyslipidemia 55 (61,1%)

Smoker (past or present) 50 (55,6%)
Chronic coronary syndrome 37 (41,1%)
Acute coronary syndrome 53 (58,9%)
Revascularization during/after CAG 76 (84,4%)
Invasive Physiology during procedure 19 (21,1%)

The left anterior descending artery (LAD) was the most common target vessel (three
measurements were taken on diagonals, two emerging proximally and one emerging in the
middle segment of the LAD; all were taken on the proximal segment of the collateral), with
measurements taking place more frequently in the middle and proximal segments. As measured
by QCA, most lesions had a 50-69% diameter stenosis, with a minority of > 70% lesions (Table
9).

Table 9: distribution of target vessel and lesion severity. LAD: Left Anterior Descending Artery; RCA: Right
Coronary Artery; CX: Left Circunflex Artery

Parameter N (%)

Proximal 19
Middle 23
LAD
Distal 8
Total 50 (41)
Proximal 9
Middle 24
Target Vessel RCA .
Distal 8
Total 41 (33)
Proximal 9
Middle 21
CX
Distal 2
Total 32 (26)
>70% 22 (18)
Lesion severity 50-69% 58 (47)
< 50% 43 (35)
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3.2. Performance

3.2.1.Diameters and percentage diameter stenosis

Detailed metrics of images (Figure 25) are depicted in Table 10 and Table 11. There were
no significant differences for all parameters except for diameter at proximal obstruction border,
where the median difference between groups was 0,19 mm. All difference parameters (Table
10) had a non-normal distribution, with the interquartile range demonstrating that there is a
clear predominant difference towards the lower-end values, as the 25" quartile is either 0 or

very close to 0.

v

Figure 25: comparative view of a right coronary artery (56% stenosis by QCA). Left-to-right: original image,
auto-QCA, transposition of lines (proximal border diameter, lesion diameter and distal border diameter) to
segmented image. QCA: Quantitative Coronary Analysis.
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Table 10: detailed measurements between the original and the segmented images. Values shown as mean +
standard deviation. Al — artificial intelligence. *Paired samples T-test

Al Generated

Parameter Original Image P-value*
Segmented Image
Diameter Stenosis
56 + 13 55+ 13 0,071
(%)
Diameter at lesion
1,06 + 0,39 1,08 + 0,37 0,146
(mm)
Diameter at proximal
obstruction border 2,27 +0,54 2,09 + 0,53 <0,01
(mm)
Diameter at distal
obstruction border 2,19 £ 0,56 2,15+ 0,58 0,133
(mm)

Table 11: Median differences between the original and segmented images. Values shown as median (1Q 25

— 75th).
Parameter Difference

Diameter Stenosis (%) 45(0-7,7)

Diameter at lesion (mm) 0,10 (0-0,17)

Diameter at proximal
0,19 (0,09 - 0,28)

obstruction border (mm)

Diameter at distal obstruction
0,10 (0-0,19)

border (mm)

There were no significant differences across stenosis severity (Supplementary table 8) or
target vessel (Supplementary table 9). There were also no significant differences considering

across centers (Supplementary table 10 and Supplementary table 11).
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With regards to the catheter diameters (Figure 26), results are shown on Supplementary
table 12. A significant number of cases (26/117 - 22%) had to be excluded, either because of
collimation (rendering the catheter not visible — 8 cases) or segmentation gaps leading to
inaccurate border definition (18 cases). The latter occur because the model focuses especially
on segmenting the distal part of the catheter for correctly identifying the transition between
catheter and coronary, whereas in the original images calibration occurred predominantly in
less distal portions. Because the presence of two groups (5 and 6 Fr) of catheters renders the
overall distribution of the sample non-normal, the two groups were analysed separately. There
were no significant differences between the original and segmented images. Again, the
difference parameter had a non-normal distribution, with the interquartile range demonstrating

that there is a clear predominant difference towards the lower-end values.

Figure 26: catheter segmentation assessment. Left-to-right: original image, auto-border detection by reference
software, transposition of lines in proximal border to segmented image.
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3.2.2.0verlap between original and segmented images

Results are detailed on table 12. The model scored > 90% in all metrics (Figure 27).
There were some significant differences between target vessel (Supplementary table 13) and
stenosis severity (Supplementary table 14) which, in absolute terms, were between 1 and 3%.

There were no differences between centers (Supplementary table 15).

Figure 27: Area overlap in a and left anterior descending 64% stenosis (as measured by Quantitative
Coronary Analysis).

Table 12: Overlap metrics. Values shown as median (1Q 25™ — 75th).

Positive Negative .
o e . . Intersection over _
Accuracy (%) Sensitivity (%) Specificity (%) predictive value predictive value Dice Score (%)

(%) (%)

Union (%)

99,9(99,9-99,9) = 951 (92,8-964)  99,9(99,9-99,9) = 94,9 (931-96,5)  99,9(99,9-99,9) = 90,1(87,6-91,7) @ 94,8 (93,4 -957)

3.2.3.Global Segmentation Score

Results are shown on Supplementary table 16. The model scored well above or close to
90% in most criteria. Catheter gaps were common, usually due to contrast backflow impeding
proper visualization of such portions. Catheter artifacts were common and mild gaps in distal
parts of small collaterals were quite common as well.

N is lower than overall measurements due to assessment of more than one lesion per
image and 8 cases of collimation where the catheter could not be scored, thereby excluding

those cases from assessment.
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4. Discussion

4.1. Main findings

A deep learning Al segmentation model was capable of fully automatic accurate CAG
segmentation, as checked by a reference segmentation obtained with validated software and

also when assessed by a broad assessment score we previously developed?”,

Diameters at both healthy segments (proximal and distal lesion borders) and diseased
segments (diameter at maximum obstruction zone) were similar between the two groups, with
statistically significant differences only at the proximal obstruction border. However, in
absolute terms, the difference was very small (0,19 mm, a < 10% difference considering the
proximal diameter in either group) and we therefore believe it is unlikely to be of clinical
significance. The stenosis severity as assessed by percentage stenosis only differed by < 5% in
absolute terms, a difference not meaningful either statistically or clinically. The latter is perhaps
the single most important finding, as percentage diameter stenosis is the fundamental criteria
assessed in clinical practice for proceeding with either revascularization or functional testing,
as recommended in current guidelines®. Importantly, there were no significant differences in

performance regarding target vessel, stenosis severity or centers.

When considering the overlap between the segmented image and the original image,
accuracy, specificity and negative predictive value scored close to 100%. This was expected,
because most of the image is composed by background rather than artery. As a result, we
believe metrics that do not take into account true negatives provide a more faithful indication
of the actual model performance. In that regard, sensitivity and positive predictive value still
scored quite high, at approximately 95%. The metric that more directly assesses the true
overlap between the original and segmented images in the region of interest (correctly
identifying all of the vessel while avoiding non-artery pixels) is the intersection over union
criteria, which fell just short of 90%. Lastly, the Dice Score puts greater emphasis on the
fundamental task of segmentation — correctly identifying the target structure i.e. true positives
— in this case, the coronary tree. With an average score of approximately 95%, while also
considering all the remaining metrics, we believe our model can be described as accurate.
Importantly, the Dice Score in our previous study was 93%, thus very similar to what we now

found?”. There were statistically significant differences in the loU and Dice Scores between
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target vessel stenosis severity. Notwithstanding, the absolute differences were very minor

(around 1-2%) and therefore of little or no clinical relevance.

With regards to the GSS, our model achieved a high score with a median of 92/100 points,
exceedingly similar to what we had previously described in the dataset used to train and
develop the model. The model scored very high in almost all tasks, while maintaining minor
imperfections with regards to mild gaps in collateral branches, which were very frequent.
Catheter segmentation was not as good as coronary segmentation, as usually small catheter
artifacts or gaps in the vicinity of the coronary tree origin were common. This was due not only
to contrast backflow, but also because of how Al models are trained and function. Indeed,
performance is very dependent on class frequency. Because the catheter is a less frequent class
(i.e. corresponds to much fewer pixels), the models receive less penalty for errors regarding its
segmentation when compared to the coronary tree. This is partly mitigated by the use of an
appropriate loss function, but the imbalance nevertheless persists to some extent. Once again,
this was very similar to what we saw in the training dataset?’>. With regards to precise catheter
measurements, the differences between original and segmented images (for both 5 and 6 Fr
catheters) were not statistically significant, suggesting the catheter’s segmentation, from a
calliper precision point of view, is accurate. However, due to the above-mentioned limitations
and to a small number of images where only a small portion (or none at all) of the catheter was
discernible, our sample was somewhat reduced, thereby limiting this assessment.

4.2. Other studies in the field

There are very few studies published in medical/biology journals to date where a
comparison with our results can be made. With regards to the GSS in particular, no similar
application has ever been undertaken, to our knowledge.

The largest published study?*’ included a dataset of 1050 images distributed across all
incidences and vessels for performance evaluation. An average 98% accuracy was obtained.
While specificity and negative predictive values scored very highly, sensitivity and positive
predictive value came closer to 80%. The performance was slightly inferior in more distal
vessels. Intersection over union or Dice Score were not reported. Importantly, however, that
study’s evaluation used the baseline human annotation as reference, rather than an external
validated software, thereby not enabling the identification of bias or imperfections which might
have become embedded in their Al model. In our previous study, we demonstrated that even

with a small group of annotators and continuous review of the annotations, there is always
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some degree of imperfection in human annotation?’®, hence the relevance of comparing against
an automated and validated external software. Additionally, the reported accuracy focuses on
the overlap across the entire coronary tree rather than the percentage stenosis of diseased
segments. This is advantageous in the sense that a globally accurate performance can be tested.
Notwithstanding, we believe testing only for diseased segments actually renders the
comparison more demanding. This is because the segmentation of stenotic segments is harder
from a technical point of view and also due to the fact that the number of true positive pixels
is necessarily smaller in such segments — leading to a lower likelihood of true positives.
Whichever interpretation is made, it is clear that an exact comparison with Du et al*’ is not
possible. However, broadly speaking, the accuracy of both models seems quite high and our
model seems at least as accurate, if not more.

Su Yang et al**® also produced Al models for CAG segmentation. Their validation dataset
was somewhat larger (181 images), but their performance seems slightly lower, with all overlap
metrics generally scoring just short of 90% and a Dice Score of 89%. Importantly, they also
only segmented diseased segments, with a minimum lesion of 30% and used the same reference
software as we did. Thus, their results are more directly comparable to ours and our model
seems to have superior performance. Two other works?4%2°, from the same baseline dataset,
also went on to develop Al-based CAG segmentation, this time with a validation dataset of 550
images. While the model performed well, with an accuracy of 98% and a sensitivity of 87%,
they also based their validation dataset on human annotation of the coronary tree without using
external software. Thus the above-mentioned considerations for Du et al®*” also apply.

Recently, Gao et al®! published the results of a CAG segmentation model trained on
only 130 images. Their methodology, however, is somewhat different, since they combined
features from deep learning segmentation models’ features and non-Al image filters to perform
pixel-wise classification using gradient-boosting decision trees?’* and deep forests?’®. Their
results also show good performance, with a Dice Score of 87,4%, sensitivity of 90,2% and
specificity of 99,2%. This highlights that merging deep learning with traditional computer
vision methods can yield good results, when working with relatively small datasets. However,
no external validation software was used and the whole coronary tree was evaluated. As a

result, once more, the previous considerations for Du et al®*” apply.

Other works in the application of Al to coronary segmentation are primarily technical

and featured in engineering publications. A detailed review of these falls outside the scope of
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this paper and can be consulted in our previous technical publication?”®. However, some
considerations regarding these provide further contextualization of our findings.

Xian et al®® used a very large dataset of 3200 manually annotated images and
experimented with the U-Net architecture as well, with a sensitivity of 90,1%, positive
predictive value of 89,8% and Dice Score 90%. However, the annotations were undertaken
with a specific software for the purpose of coarsely signaling the vessel route, and focused only
on the main vessels. Since we achieved higher performance metrics, it seems a smaller but
higher quality dataset, with very precise and cumbersome manual annotations, may be a better
approach.

Yang et al?*® have obtained a sensitivity, positive predictive value and Dice Score of
91,3%, 92,5% and 91,9%, respectively, by using popular image classification backbones pre-
trained on ImageNet instead of the U-Net’s encoder, while also using a modified generalized
dice loss function. Their findings were influential in our training method, as we used a
combination of their proposed loss function and the focal loss?’. Other authors have explored
the use of dense connections, improving on the performance of the standard U-Net?**, This
approach is also present in the U-Net ++24°, which we used in our approach.

In all of the above studies, metrics regarding vessel diameters were not performed. Thus,
a direct comparison with this study regarding those is not possible. M hiri et al addressed the
issue of CAG diameter measurements, when dealing with the issue of diameter variation during
the cardiac cycle due to vessel distensibility. They focused mainly in measuring specific
segments of the coronary tree, as we did. However, they used a graph-based segmentation
method, then tracked the changes across the cardiac cycle using a spatio-temporal segmentation
method. They obtained a Dice Score of 98%, with a very small diameter mean error (0,18 mm)
217 However, they did not focus on diseased regions. While this study is not focused on Al
methods, it highlights that other methods may be of use for accurate CAG segmentation,

potentially in combination with Al tools?®!,

In light of all these studies, the performance of our model seems at least as good, if not
better, than previously proposed Al models. We believe this is related to its neural network
architecture, which was carefully chosen over a series of experiments?’®, taking into
consideration the invaluable contributions of previously mentioned studies. In addition to that,

we also believe that our manual annotations methodology was essential, as it allowed us to
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obtain a highly reliable training dataset: a small number of annotators (to reduce heterogeneity)
well trained in the interpretation of coronary angiograms; very careful review of annotations
with recurrent iterations of quality checks and improvements; and further manual improvement
of the already accurate segmentation images produced by an earlier Al model, thus combining
the best of Al and human annotations into a final training dataset, as mentioned in the methods

section and previous publication?’,

4.3. Limitations

Our study is not without limitations. Despite the multicentric approach, our dataset is
relatively small when compared to previously published studies. We also only tested the model
performance against validated software in diseased locations, rather than on the whole coronary
tree. Therefore, we cannot affirm that the performance would be identical in the remaining
areas. However, as previously explained, segmenting zones with lesions is actually more
challenging for the model than segmenting broad, mostly healthy segments. In addition to that,
we did not find differences regarding target vessel or lesion severity. Plus, considering the
results of the GSS, the overall performance regarding CAG segmentation was quite
appropriate. Thus, we believe that it is unlikely that performance would be significantly
different had we tested for the whole coronary tree. Importantly, if we had chosen to segment
whole vessels, it would be very likely that some manual corrections had to be undertaken,
which might induce bias or imperfections in the reference images. Hence, the decision to
proceed as described was deliberate. The assessment of catheter segmentation was also more
limited than that of the coronary tree, as described above.

The exclusion of potential sources of artifacts from devices or previous cardiac surgery
means our model is not yet applicable to such patients. Notwithstanding, we didn’t exclude
cases with previous implantation of stents, but we did not perform detailed measurements on
such segments.

The total number of patients/images who fully met exclusion criteria was somewhat high,
thereby limiting the final amount of available images for analysis, which may raise questions
as to whether this sample is representative of everyday CAGs and an therefore constitutes an
adequate validation dataset. This was the result of somewhat stringent criteria, which we felt
were nonetheless necessary due to basic feasibility (such as excluding single-vessel complete
occlusion cases where QCA is not applicable, or excluding imaging artifacts for which the
models are not yet trained), reduction of bias (such as not allowing for manual QCA

correction), or excluding patients with normal/near-normal arteries (where testing would be
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much less challenging or useful in future clinical application). Notwithstanding, we included
patients consecutively rather than selectively and the clinical characteristics of included
patients are in agreement with everyday clinical practice. We therefore believe our sample to
be reasonably representative of real-world practice. Furthermore, we exceeded the minimum
validation target of 100 images, yielding relative rates of training vs validation cases in
agreement with other Al studies?#7248.250,

The imbalance in sample size limits the comparison between centers.

It has long been established that operators significantly differ in their interpretation of
lesion severity and have a tendency to overestimate the importance of a stenosis®®88:89.119252 ag
we also saw in this study. Indeed, while visually all lesions were interpreted as > 50% stenosis,
a significant amount of the sample actually had a < 50% stenosis, which further reflects the
real-world nature of the dataset.

Lastly, the distance between the 2D centerline and the distance to the closest edge would
have also been a good metric for assessing model performance in this setting. We did not
perform such testing.

In light of all of the above, concerns may be raised regarding generalization from this
dataset. However, we believe that the absence of statistically significant differences across all

subgroups at least partially attenuates this concern.

4.4. Future directions

We are currently working in automatic anatomical interpretation, lesion severity based
on auto-QCA and integration with physiology. We believe without effective segmentation
models, none of these will be possible. Much like for human interpretation of CAG, separating
the coronary arteries from everything else in the image is an essential first step. Our ultimate
goal is to produce an intelligence augmentation tool that helps physicians perform a more
objective and streamlined interpretation of CAG, hopefully contributing for better patient
outcomes. As we continuously improve its performance, while also adding new capabilities,
clinical application will potentially be possible in the near future, opening a new perspective
and potentially more accurate method to assess coronary artery disease.

We are also continuously working to expand and improve the model, as segmentation
alone is not a final goal in itself, but rather a fundamental step. We hope to release a public
version in the near future, which other researchers may use for whichever application they may
deem useful. Importantly, comparing or even merging with future models from other groups

may also be very relevant. Since it uses an inherently data-hungry deep learning model, our
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coronary artery segmentation system would surely benefit from training on a larger volume of
data. Manual annotation of coronary angiography images, however, is very cumbersome and
time-consuming, and therefore it is difficult to obtain much larger labeled datasets. Hence,
significant improvements to the model could probably be achieved, for example, by using self-
supervised learning on existing very large volumes of unlabeled data. These possibilities are

described in detail in our previous technical publication?®™.

4.5. Data Availability

Detailed full-scale study data cannot currently be made publicly available due to
limitations imposed by national data protection regulations, as this is a retrospective study and
no informed consent was obtainable regarding this particular analysis. Both our research team
and others in the national scientific community are working to develop a framework where
such would be possible. However, independent replication of our analysis is possible, given

that the detailed description of our experimentations and relevant code is publicly available®™.
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5. Conclusions

Our Al model was capable of accurate CAG segmentation when applied to a multicentric
validation dataset, with no differences between target vessels or stenosis severity. This paves

the way for future research and implementation for its clinical uses.
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1. Introduction

The assessment of the severity of coronary stenosis is essential for revascularization
decisions. In clinical practice, operators often begin by assessing the percentage diameter
stenosis (%DS) of lesions, which can either be estimated visually (%DSve) or by means of
direct semi-automatic measurement with quantitative coronary angiography (QCA - %DSqca)
107 However, multiple studies have shown that visual inspection tends to result in average
higher percent diameter stenosis than QCA, with heterogeneity across operators and/or
hospitals®®8°. Disagreements of lesion severity by visual inspection vs QCA may be clinically
relevant, as they have been associated to the likelihood of clinical events!?®,

Furthermore, the assessment of the functional significance of stenosis by means of
fractional flow reserve (FFR) has been proven to be superior to that of angiography alone
regarding clinical outcomes, despite the fact that physiology-guided revascularization results
in lower rates of percutaneous coronary intervention, once again highlighting that operators
tend to overestimate the severity of lesion severity by visual estimation®3. As a result, current
guidelines strongly emphasize the role of physiology or ischemia testing in the assessment of
coronary lesion severity, rather than angiography alone3*1%, Despite this, the adoption of

physiology remains low?e2183,

As a result, non-invasive and automatic tools that reduce the heterogeneity of coronary
angiography (CAG) interpretation are desirable®’®, Artificial Intelligence (Al) may be of use
for such a task, but few studies are available in medical/biology publications regarding its
application for CAG?7-25°, \We have recently developed Al models capable of accurate CAG
segmentation?’327°, In this study, we sought to evaluate how CAD lesion severity is perceived
by operators when CAGs are viewed in Al-segmented vs fluoroscopy images, using QCA as

reference.
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2. Methods

2.1. Previous work and study population

We have previously trained Al models for CAG segmentation based on manual CAG
annotation of patients undergoing invasive physiology assessment (Fractional Flow Reserve
and/or other indexes) or PCI, with an original sample of 416 images?®?’3. Recently, we
published the results of our validation study with an additional dataset of 117 images?’®.
Briefly, consecutive patients who had undergone (PCI) and/or invasive physiology assessment
in four centers from across Portugal were selected. The images were then automatically
segmented with our Al model. Lesions were measured by QCA with a validated software
(CAAS Workstation 8.5.1) in the original images, which were then compared to the segmented
images. We have shown that the Al-generated segmentation was highly accurate, with no
significant differences between percentage diameter stenosis in fluoroscopy vs segmented
images, across all degrees of lesion severity, target lesion or fluoroscopy equipment?’®.

In this study, we chose to use the validation cohort for assessing the impact of
segmentation in the perception of lesion severity, given that significant differences between
segmented and original images are thus a priori excluded, as they have all been previously
measured. As a result, potential differences can be attributed to visual perception rather than

actual dataset discrepancies.

2.2. Stenosis severity assessment

One operator from each participating center was shown all images consecutively in
random order. First, the fluoroscopy images were shown, followed by the Al segmented
images. Two sessions, with at least a one-week interval, were scheduled for each of the two
datasets and the order of randomization was different for each of the datasets, to avoid a carry-
over effect. Operators had not seen any of the images prior the sessions and were blinded
regarding clinical data, equipment or originating center. %DSve was visually estimated for
each target lesion where QCA had been previously measured and operators were asked to
provide a specific %DS value of their choosing, rather than a range interval.

Differences were then assessed both in terms of absolute %DS values overall, as well as
according to three %DSqca Strata, which were defined as < 50%, 50 — 70% and > 70%.
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2.3. Statistical analysis

Descriptive variables are shown in absolute and relative (percentage) numbers.
Quantitative variables are shown in average * standard deviation or median (interquartile
range). To assess for differences in related samples quantitative variables we used the
Wilcoxon test (paired samples) or the Friedman Test (multiple related samples). To assess
differences in qualitative variables we used the Chi-Square test.

For further illustrating discrepancies between %DS across the angiography and
segmentation groups, we calculated the %DSve / %DSqca plotted in a scatter graphic in the Y
axis, against the %DSqca in the X Axis.

A p-value < 0,05 was used for statistical significance. SPSS 27 was used for analysis.

2.4. Ethical issues
This study complies with the Declaration of Helsinki and was approved by the local

Ethics’ Committee.
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3. Results

3.1. Baseline characteristics (Table 8, Table 9)

A total of 123 measurements (117 images), from a total of 90 patients, were included.
Each operator performed %DS by visual estimation in both the angiography and segmented

images, generating a total of 984 %DSve estimates. Most lesions had a %DSqca of 50-70%.
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3.2. Lesion Severity Assessment
3.2.1. Overall Results (Table 13, Table 15, Figure 28)

Lesion severity by %DSve was estimated to be higher with angiography than with
segmentation. While there were significant differences between %DSve and %DSqca in both
groups, the overall absolute difference in %DS was lower in the segmentation group.
Additionally, no statistical difference was found between the segmentation %DSve and the
%DSqca for two of the four operators in the segmentation group, whereas the difference was
significant for all operators in the angiography group.

When lesions were grouped in three strata of severity by QCA (< 50%, 50 - 70% and >
70%), agreement with QCA was generally low, albeit significantly higher (approximately
double) with segmentation than angiography, both considering the overall sample and

individual operators.

Percentage Stenosis Per Operator - Angiography, Segmentation, QCA

<0,01 < 0,01 <0,01 <0,01
100 | — — — ——

<0,01 <0,01 <0,01 <0,01 Legend

Angiography

QCA

Percentage Stenosis

Operator

Figure 28: %DSve according to operator for both angiography and segmentation, compared with %DSqca.
Significant differences are always found between angiography and both other groups, but not between
segmentation %DSve and %DSqca for operators 2 and 3. %DSve: percentage diameter stenosis by visual
estimation; %DSqca: percentage diameter stenosis by QCA (Quantitative Coronary Analysis).
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3.2.2.Results per QCA Severity Strata (Table 13, Table 14, Figure 29, Figure 30,

Supplementary figure 14 to Supplementary figure 17)

For lesions with %DSqca > 70%, there was a statistically significant higher %DSve
estimation in both the angiography and segmentation groups. In the segmentation group,
%DSve values were lower and closer to %DSqca With no statistically significant differences
for one operator.

There was a clear strata agreement between visual estimation and QCA with either
angiography (100% agreement) or segmentation (88,6%).

For lesions with %DSqca of 50-70%, there was a very large and significant difference
between %DSve with angiography, with median estimates of 80% or 90% across all operators
and very low rates of strata agreement (0 — 19%).

When %DSve was undertaken with segmentation, differences with %DSqca were small
and significantly different only for two of the four operators. The rates of strata agreement
between visual estimation with segmentation and QCA were significantly higher when
compared with angiography in the overall sample, with individual rates across operators
between 39,7% and 51,7%.

For lesions with %DSqca < 50%, there were also significantly higher estimates %DSve
with angiography for all operators and low rates of strata agreement (11,6 — 32,6%), but to a
lesser degree than in the %DSqca 50-70% strata.

For %DSve with segmentation, there was no statistically significant difference with
%DSqca overall and for two of the four operators, with higher rates of agreement (34,9 —
69,8%) than in the angiography group.
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%Diameter Stenosis - Visual Estimation vs QCA
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Figure 29: combined scatterplot of angiography and segmentation %DSve vs %DSqca. The difference
between the two %DSve is visually clear. %DSve: percentage diameter stenosis by visual estimation; %DSqca:
percentage diameter stenosis by QCA (Quantitative Coronary Analysis).
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Figure 30: combined scatterplots of angiography and segmentation %DSve / %DSqca plotted in the Y axis
vs %DSqca plotted in the X axis. The difference between the two %DSve is visually clear. %DSve: percentage
diameter stenosis by visual estimation; %DSqca: percentage diameter stenosis by QCA (Quantitative Coronary
Analysis).
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3.2.3.Operator Heterogeneity (Table 13 to Table 15)

There were no significant differences across operators in the DSqca > 70% strata for
either the angiography or segmentation groups. Considering the overall sample and the
remaining strata, there were significant differences between operators in absolute %DSve
values both in the angiography and segmentation group. However, in absolute terms, the

differences were smaller in the segmentation group.

When considering agreement by QCA strata rather than absolute %DS values, there were
significant differences in the angiography group overall and in the %DSqca 50 - 70% strata.
For the segmentation group, significant differences were only found in the %DSqca < 50%

strata.

Table 13: diameter stenosis assessed by visual estimation and QCA across operators, lesion severity strata
and overall. QCA: Quantitative Coronary Angiography; %DSve — percentage diameter stenosis by visual
estimation; %DSqca — percentage diameter stenosis by QCA; *Wilcoxon Test Paired Samples; **Friedman Test;
significant p-values in bold.

%DSve - Angiography %DSve - Segmentation %DSqca

%DS
Group/Parameter Operator 1 | Operator 2 Operator 3 Operator 4 Operator 1 Operator 2 Operator 3 Operator 4 -
ratum

84 +/- 15 78 +/- 19 71 +/-21 76 +/- 21 77 +/- 20 64 +/- 17 54 +/- 23 55 +/- 19 60 +/- 21 59 +/- 20 56 +/- 13
90 (80 - 95) | 80(50-90) 70 (50-90) 80 (70-90) | 80(70—90) 60 (50—80) = 60 (40—70) | 50 (40—70) 60 (40—75) 60 (40—75) 56 (46 — 67)

%DS

All %DSve vs %DSqca
CREED b Valuer < 0,001 <0,001 < 0,001 < 0,001 < 0,001 < 0,001 0,327 0,998 <0,001 <0,001
alue’

Inter-Operator

<0,001 - <0,001
Difference**
S 95 +/- 4 96 +/- 4 94 +/-5 96 +/- 4 95 +/- 4 82 +/- 12 82 +/-12 79 +/- 14 82+/-11 81 +/- 12 74 +/-3
0
95(90-99) 99(90-99) 90(90-99) 99(90-99) @ 97(90-99) 80(78-90) 83(70—90) 80 (70-90) 83(74—-90) 80(71-90) 74 (71-76)
%DSve Vs %DSqca
> 70% <0,001 <0,001 <0,001 <0,001 <0,001 0,008 0,016 0,088 0,004 < 0,001
P Value*
Inter-Operator
: 0,115* 0,334*
Difference**
%S 88 +/-8 83 +/-12 76 +/- 15 84 +/-12 83 +/- 13 66 +/- 14 60 +/- 17 59 +/- 13 67 +/- 13 63 +/- 15 60 +/- 5
0

90 (80 - 95) | 80 (75-90) | 80 (70-90) | 90 (75-90) & 85(75-90) 60 (58—80) | 60 (50—70) | 60 (50—70) | 70 (60—75) = 60 (50—-75) | 59 (55— 64)

%DSve vs %DSqca
50-70% DVl <0,001 <0,001 <0,001 <0,001 <0,001 0,002 0,707 0,837 <0,001 < 0,001
alue’

Inter-Operator
) <0,001 <0,001
Difference**
oS 71 +/-17 62 +/- 20 53 +/- 17 57 +/- 20 61 +/- 20 52 +/- 13 33 +/-12 40 +/- 10 40 +/- 17 41 +/- 15 41 +-7
? 80 (60-80) | 65(40-80) | 50(40-70) & 50(40-70) | 60(43-80) & 50(40-60) | 30(20—40) | 40 (30-50) | 40 (30 -50) 40 (30-50) | 43 (38-47)

%DSve vs %DSqca
< 50% PVl <0,001 <0,001 < 0,001 < 0,001 <0,001 < 0,001 < 0,001 0,116 0,538 0,380
alue’

Inter-Operator

) <0,001 <0,001
Difference**
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Table 14: agreement between %DSqca strata and %DSve strata between angiography and segmentation,
across operators and overall. QCA: Quantitative Coronary Angiography; %DSve — percentage diameter stenosis
by visual estimation; %DSqca — percentage diameter stenosis by QCA; NA — Not Applicable; *Chi-Square Test;
significant p-values in bold.

%DSve / %DSqca
Strata Agreement
(n/ %)

148 (30,1) 297 (60,4)

27 (22,0) 65 (52,8)

35 (28,5%)

79 (64,2%)

47 (38,2) 80 (65,0)

giography | Segmentation | Angiography | Segmentation | Angiography | Segmentation | Angiography | Segmentation
rator 1 ator Operator 2 Operator 2 Oper: Operator 3 Operator 4 Operator 4

39 (31,7) 73 (59,3)

Angiography vs
Segmentation*
P Value

<0,001

< 0,001

0,007

< 0,001

<0,001

> 70%

%DSve / %DSqca
Strata Agreement
(n/ %)

88 (100) 78 (88,6%)

22 (100) 29 (90,9)

22 (100) 19 (86,4)

22 (100) 18 (81,8)

22 (100) 21 (95,5)

Angiography vs
Segmentation*
P Value

NA

NA

NA

NA

NA

50-70%

%DSve / %DSqca
Strata Agreement
(n /%)

17 (7,3) 107 (46,1)

0 (0) 30 (51,7)

2 (3,4%)

23 (39,7%)

11 (19) 32(55,2)

4(6,9) 22 (37,9)

Angiography vs
Segmentation*
P Value

0,009

NA

0,243

0,008

0,113

< 50%

%DSve / %DSqca
Strata Agreement
(n/ %)

43 (25,0) 112 (65,1)

5 (11,6) 15 (34,9)

11 (25,6) 37 (86,0)

14 (32,6) 30 (69,8)

13 (30,2) 30 (69,8)

Angiography vs
Segmentation*
P Value

< 0,001

0,001

0,590

0,003

0,004

Table 15: significance of Inter-Operator differences overall and across %DSqca strata, in the angiography
and segmentation groups. QCA: Quantitative Coronary Angiography; %DSve — percentage diameter stenosis
by visual estimation; %DSqca — percentage diameter stenosis by QCA; NA — Not Applicable; *Chi-Square Test;
significant p-values in bold.

%DSqca Strata

%DSve - Anglography

%DSve - Segmentation ’

P Value* P Value*
0 045 0,183
>70% NA 0,521
50 - 70% < 0,001 0,159
< 50% 0,109 < 0,001
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4. Discussion

4.1. Main findings

When considering QCA as reference, operators generally tended to overestimate lesion
severity in angiography images, but much less so in segmented images. Indeed, the overall rate
of agreement in severity strata was approximately double in the segmentation group.

For lesions with a %DSqca > 70%, visual estimation was usually in agreement with QCA
in both the fluoroscopy and segmented datasets. These were lesions operators deemed as very
severe, as is evident by mean %DSve > 80 — 90% in both groups. However, even in this stratum,
absolute %DSve values were less discrepant with %DSqca in the segmentation group.

When considering lesions with %DSqca of 51-69%, overestimation was very frequent
and pronounced in the angiography group, but not in the segmentation group. Indeed, the mean
%DSve difference in the angiography group exceeded that of QCA by approximately 15 to 30
percentage points vs 1 to 7 percentage points in the segmentation group.

For the least severe lesions, the findings are somewhat similar to those in the intermediate
group, albeit to a lesser degree in all respects: the discrepancy between %DS is not as large and
the rates of agreement not as low, in the angiography group. In the segmentation group,
differences in %DS are small and overall not significant, with much higher rates of agreement
with the %DSqca lesion severity strata.

The scatterplots (Figure 29, Supplementary figure 14, Supplementary figure 15) clearly
illustrate these findings, as the discrepancy outside %DSqca > 70% stratum is much more
evident in the angiography group than the segmentation group. Additionally, when values are
plotted based on %DS ratios, it is clear that the trendline for angiography only closely matches
that of QCA in the %DSqca > 70% stratum, whereas in the segmentation group it is constantly
much closer to 1 (Figure 30, Supplementary figure 16, Supplementary figure 17).

Significant differences across operators were found for both the angiography and
segmentation groups. However, the absolute differences in %DS were much lower in the latter,
with overall rates of agreement across %DSqca severity strata not significantly different in the

segmentation group.
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The results of our study therefore suggest that visualization of segmented images seems
to render visual estimation of stenosis severity more objective, significantly reducing the

tendency to overestimate, while possibly reducing operator heterogeneity as well (Figure 31).

The reason for these findings is not entirely clear. The most likely explanation is that
segmented images display a stenosed segment in homogeneous fashion, with the transition
between artery (white) and background (black) very clearly visible. In contrast, angiography
images display the artery in shades of grey, with stenosed regions with poorer contrast filling
and less clear demarcation of artery and background. As a result, the human eye seems more
prone to underestimating the actual size of the artery lumen in these segments, thereby

estimating the stenosis as more severe.

&W"'\ ) Al

o

&5 L

Figure 31: Image examples. The upper three images represent a lesion with %DSqca 0f 78% (C1), with average
operator %DSye of 90% based on angiography (A1) vs 80% based on segmentation (B1). The lower three images
represent a lesion with %DSqca of 63% (C2), with average operator %DSve of 88% based on angiography (A2)
vs 69% based on segmentation (B2). %DSqca: percentage diameter stenosis by QCA (Quantitative Coronary
Analysis).
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4.2. Other studies in the literature

The above-mentioned findings for stenosis severity assessment in fluoroscopy images
have long been described in the literature for more than 30 years®’ and continue to be found
today across the world, even in very large cohorts®®8°2°2, The idea that visual estimation is
inaccurate was one of the triggers that spawned the development of QCA analysis and software.

Indeed, core-lab QCA in PCI trials continues to be advocated for in international research

106 107

consortiums or scientific societies™’. However, in clinical practice, the estimation of stenosis
severity continues to be undertaken mostly by visual estimation®?. The fact that correlation
between QCA and FFR has not been demonstrated to be superior to that of visual estimation®
or that clinical trials often don’t require QCA measurements for including patients®’1%, further
reinforces this approach.

However, discrepancies between QCA and visual estimation are likely to be of clinical
relevance. In a subanalysis of the PROMISE trial of patients who underwent CAG, patients
without obstructive disease by QCA, but classified as such by visual estimation, had lower
event rates than those with obstructive disease by both criterial!®. As operators perceive these
patients as high risk, revascularization — sometimes potentially unwarranted — may become
more likely. And, indeed, the decision to proceed with physiology, which has been shown to
be superior to angiography-guided revascularization®® and is recommended in current
guidelines®**1%, implies that the lesion be classified as intermediate rather than severe. Thus,
the persistence of the visual estimation approach and the resulting overestimation tendency
may arguably be contributing to the seemingly low usage rates (6-13%) of physiology in cath
labs34182280 | astly, the growing relevance of imaging for decision-making in the cath lab
further adds to this issue, as recently highlighted in a major clinical trial?®, further points to

the importance of avoiding the so-called “oculostenotic reflex”.

4.3. Practical Clinical Implications

In keeping with all of the above, the findings of our study may have an important clinical
application: if visual estimation of segmented images makes operators less prone to
overestimating lesions, unwarranted revascularization may become less likely and the use of
physiology/ischemia/imaging testing may increase. The advantage of Al-based segmentation
is that it is fast, fully automatic and requires no human input, other than the image itself. The
operator can be simply and immediately be exposed to the segmented image almost

effortlessly. Conversely, QCA software is semi-automatic, as it requires the manual annotation
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of the region of interest and may require manual adjusting of vessel contours. The simple fact
that it is seldom employed in clinical practice further emphasizes the point.

If these exploratory results are confirmed in subsequent studies, Al-based segmentation
of the coronary tree may become a relevant tool capable of improving CAG interpretation,
hopefully contributing to improved outcomes, without complicating or lengthening the

procedure.

4.4. Other studies in Al applied to CAG
Few medical papers regarding the application of Al to CAG have been published in

medical literature so far. Two studies focused on segmentation alone, with accurate
results?249, We too have previously published our results regarding the development of Al
models capable of highly accurate segmentation, encompassing more than 500 images as a
whole?®2™, The largest published study to date focused on developing models capable of
segmentation with high accuracy as well, with the added feature of lesion type recognition (i.e.
calcium, thrombus, among others), thus potentially enabling future clinical application®*.
Lastly, a small exploratory study also tested the hypothesis of estimating FFR from CAG
images using Al, but the study population was small and the group has published no further
data in medical journals®®.

Thus, our study is one of the few and first in the field of Al applied to CAG with potential

clinical implications.

4.5. Limitations

Our study has important limitations. The dataset size is small and composed
predominantly of 51-70% lesions, with a small amount of lesions > 70%, as assessed by QCA.
The fact that lesion assessment was based on the evaluation by only four operators is also a
limitation. We did not perform sub analysis regarding clinical context, risk factors or lesion
characteristics (such as presence of calcium), due to the small sample size. The concept of the

study is thus exploratory in nature, requiring external validation in further works.

4.6. Future Directions
We are currently working not only in improving the segmentation capabilities of our
model, but also exploring other applications of Al to CAG. Automatic anatomical

interpretation, lesion severity based on auto-QCA and integration with physiology are areas of
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active research. We aim to develop an integrated suite of Al models capable of enhancing CAG

interpretation, improving decision-making and hopefully patient outcomes.
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5. Conclusions

When considering QCA as reference, the visual estimation of stenosis severity was much
less discrepant with automatic Al-segmented images than angiography images, with reduced
inter-operator discrepancies as well. Operators were essentially prone to overestimation of
lesion severity, especially of intermediate lesions (%DSqca of 50-70%). The visual assessment
of coronary lesions with segmented images may therefore lead to a lower likelihood of
unwarranted revascularization, while potentially increasing the use of functional assessment,

as recommended by current guidelines.
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1. Introduction

The use of invasive coronary physiology has been extensively studied and is today clearly
recommended in clinical guidelines® 1%, The most widely studied index is Fractional Flow
Reserve (FFR). Three major trials established its use in selecting lesions where
revascularization had an additional benefit to medical therapy®”%135 alongside large
observational data. More recently, another index gained importance — instantaneous free-wave
ratio (iFR). It was initially studied using FFR as gold standard, with high accuracy**"4°. Our
own experience showed similar results**. iFR achieved non-inferiority as compared to FFR in

2 major outcome trials'®*, including over a 5-year follow-up period®,

Coronary physiology is, however, vastly underused, ranging from 7-139,82183
procedures. The risk of iatrogeny, time consumption and cost are likely reasons for this. Thus,
calculating a physiological index (either FFR and/or iFR) digitally from coronary angiography
(CAG) images is desirable, as it would bypass these limitations and potentially broaden
physiology adoption. While this has already been achieved with several different software
approaches relying on 3D vessel reconstruction and complex fluid dynamics computational

algorithms!97:202204 ‘some limitations remain.

In medicine, artificial intelligence (Al) has shown great potential, especially so in
imaging, as several publications have demonstrated excellent results with regards to ECG?%,
echocardiography??42%, or MRI23:263,

However, the use of Al regarding physiology estimation derived from CAG has seldom
been explored®*>2%. The potential advantages of using Al for this task could be either fully
automating the process with minimal user input and/or improve the reliability of current

systems, either functioning as standalone approach or an added layer to existing software.

In this pilot study, we aimed to develop fully automated Al models capable of binary iFR

lesion classification from CAG images alone, using measured invasive iFR as reference.
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2. Methods

2.1. Inclusion criteria

Single center retrospective selection of consecutive patients in a three-year period (2017

to 2019), who had undergone both CAG and invasive physiology assessment with iFR (Philips

Volcano System), regardless of clinical context (i.e. both acute and chronic coronary

syndrome).

2.2. Exclusion criteria

We excluded cases where any of the following applied:

Imaging criteria:

Patients with cardiac devices or other sources of potential imaging artifacts
overlapping with the coronary tree image

Poor image quality

Unsuccessful segmentation with Al models

Unclear individualization of lesion outline with overlapping vessels

Clinical criteria

140

History of coronary bypass surgery (CABG) or valvular intervention (surgical
or percutaneous)

Significant left heart valvular disease (severe aortic stenosis or regurgitation,
severe mitral regurgitation, moderate or severe mitral stenosis, moderate
valvular disfunction in both aortic and mitral valves)

Target culprit vessel culprit of acute coronary syndrome (ACS)

Target vessel non-culprit of ACS in patient with ST segment elevation
myocardial infarction (STEMI) within 48 horas of presentation

Previous transmural myocardial infarction in target-vessel

Chronic total occlusion not previous treated with PCI in any vessel

Left ventricular systolic disfunction, defined as an ejection fraction < 50%
Cardiogenic shock

Haemodynamic instability

Left main lesions
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All the exclusion criteria were selected because of their potential impact on physiology
indexes measurements, which could generate confoundment in the training process of an Al

algorithm.

2.3. Al models development

We have previously trained Al models capable of fully automatic Al segmentation of
CAG images?/0:273279.282 \We ysed these models to segment all the CAGs of included patients.
Images were then annotated with the target vessel and the location of the pressor sensor wires
used to measure iFR, using a single telediastolic frame where the target vessel was outlined.
All available projections were annotated for each case.

Preliminary testing for Al models showed that performance was better when a single
image, which best outlined the target vessel, was used, rather than using a combination of
different projections. As a result, we proceeded to train our models as such. The model was
given only the CAG image, both original (greyscale) and manually annotated after automatic
segmentation (Figure 32). No further details, clinical or otherwise (such as the target vessel),
were provided. The models were trained to binarily classify whether a given target had an iFR

< 0,89 or > 0,89, henceforth defined as a positive or negative iFR result, respectively.

Figure 32: original diagnostic CAG image (left), automatic Al-based segmentation (center) and annotated
image with coronary vessel proximal to wire sensor position in green and distal in blue (right).

A total of 3 models were trained. The first model uses as input the sequence of diameters
along the main branch of the analyzed vessel, automatically computed by a preprocessing
algorithm. This sequence is then processed by a transformer encoder?!®, with a classification
head on top, which inherently takes into account the sequential nature of the data and allows

predicting the iFR value at any given point within the artery. During training, the loss is only
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computed at the point for which the ground-truth iFR is available, using a Cross-Entropy Loss,
weighted by the inverse of each class’ frequency. The Transformer encoder used has 6 layers,
8 heads, a hidden dimensions of 768, GeLU activation, 0,3 dropout and a maximum of 1024
linear positional embeddings, and is followed by a linear classification layer with 0,3 dropout.

Models 2 and 3 are CNNs which take as input the concatenation of the single-channel
angiography image and its segmentation, with one channel per class. Model 2 uses a simple
Cross-Entropy Loss, and model 3 uses a Cross-Entropy Loss weighted by the inverse of each
IFR class' frequency, aimed to mitigate the negative effects of class imbalance. The CNNs use
was an EfficientNet-B5%"*, with which we had already had success in previous
work?70:213:279.282 followed by a linear classification layer.

Theory suggests model 1 should be much more suitable for this task. Unlike it, the CNNs
in models 2 and 3 cannot inherently consider the one-dimensional characteristic of the artery
and must learn to do so during training, possibly requiring more data to achieve the same level
of performance. Additionally, the transformer in model 1 operates on a much lower-dimension
input space than CNNs, making the former's task theoretically much easier. Finally, since the
location of the iFR predicted by models 2 and 3 is directly tied to the input segmentation, they

require an additional inference per iFR prediction.
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2.4. Performance assessment and statistical analysis
Descriptive variables are shown in absolute and relative (percentage) numbers.
Quantitative variables are shown in average * standard deviation (if normally distributed) or
median (interquartile range) if non-normally distributed. The chi-square test was used for
statistically comparing the binary classification of measured iFR vs that of the models. A p-
value < 0,05 was used for statistical significance.
The results of the models’ classification of target lesions as either iFR positive or negative
were compared to those of the true (i.e. real) invasive iIFR measurements, as follows:
- True positive (TP): both estimated and real iFR were positive
- False positive (FP): positive estimated iFR and negative real iFR
- True negative (TN): both estimated and real iFR were negative
- False negative (FN): negative estimated iFR and positive real iFR
Using this classification, the following parameters were calculated:
- Accuracy: ([TP+TN]/[TP+TN+FP+FN])
- Sensitivity: TP/ (TP + FN)
- Specificity: TN/(TN+FP),
- Positive Predictive Value (PPV): TP/ (TP + FP)
- Negative predictive value (NPV): TN/(TN+FN)
To ensure proper evaluation of the results, the models could not be tested on data already
seen during training. Hence, we used a cross-validation split, at the patient level, into 10
subsets, retaining the relative distribution of target vessel and iFR classification per split. The
models’ 1FR classification in each subset was then undertaken using neural networks trained
exclusively on the remaining data. This enabled the assessment of the models’ performance for
the whole cohort, whereas the usual splitting in a fixed train/test datasets would have resulted
in @a much smaller testing group, limiting the ability to test the models’ performance. We have
successfully used this approach in the past, when developing our segmentation models?’%.27327,

SPSS 27 was used for analysis.

2.5. Ethical issues

This study complies with the Declaration of Helsinki and was approved by the local

Ethics’ Institutional Review Board.
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3. Results

3.1. Baseline characteristics

A total of 334 patients were screened. After the exclusion criteria, a total of 250
measurements, from a total of 223 patients, were included (Table 16, Figure 33). Most lesions
had an iFR > 0,89. There was a large imbalance between positive and negative iFR lesions in
the right and circumflex coronary arteries subgroups. The difference was much less pronounced
in the left anterior descending artery measurements (Table 17).

Table 16: Clinical characteristics of included patients.

Parameter N +/- SD or N(%) ‘
Age 68 11

Sex (male) 148 (66.37%)
Hypertension 180 (80,72%)
Diabetes mellitus 96 (43,05%)
Dyslipidemia 132 (59,19%)
Smoker (past or present) 89 (39,91%)
Chronic coronary syndrome 148 (66,37%)
Acute coronary syndrome 74 (33,18%)

Table 17: iFR results overall and stratified per artery. LAD — Left Anterior Descending artery. RCA —
Right Coronary Artery; CX — Circumflex artery. SD — Standard Deviation.

iFR iFR < iFR >
(mean+SD) 0,89 (N/%) 0,89 (N/%)
Total 250 0,91 + 65 185
(100%) 0,006 (26,0%) (74,0%)
LAD 129,0 0,88 + 55 ( 74
(51,6%) 0,009 42,5%) (57,4%)
RCA 76,0 0,95 + 5 (6,6%) 71
(30,4%) 0,009 (93,4%)
cX 45,0 0,96 + 5 40
(18,0%) 0,009 (33,33%) (88,9%)
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Excluded:
111 patients

~

Clinical and Imaging Criteria: 12 (10%)

Figure 33: inclusion flowchart.

o

Imaging Criteria: 44 (40%)
Clinical Criteria: 55 (50%)

/
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3.2. Physiology prediction of Al models

3.2.1.Overall Results

The difference between measured iFR classification and that of the Al models was not
statistically significant only for model 1 (p = 0,063), whereas models 2 and 3 differed
significantly (p < 0,001). Models 1 and 3 classified most lesions as negative, contrary to model
2, with only model 1 distributing classifications in similar proportions to those of the ground
truth. Agreement was strongest for negative lesions. Details in Table 18.

All models performed with modest accuracy, with the worst results for model 2 and the
best for model 3 (nearing 70%), followed closely by model 1. NPV was high for all models,
performing close to 80 or 90%, in contrast with PPV. Models 2 and 3 had the highest sensitivity,
whereas model 1 had the highest specificity. Details in Figure 34.

Table 18: iFR classification of lesions as measured vs as per each model prediction for all cases.

Classification Model 1 Model 2 Model 3
All C Total
(All Cases) <0,89 > 0,89 <0,89 > 0,89 <0,89 >0,89
Measured <0,89 24 41 53 12 48 17 65
iFR > 0,89 46 139 92 93 61 124 185
Total 70 180 145 105 109 141 250
All 100%
65% 34% 77% 37% 75%
(59% - 71%)  (24% - 46%) = (71% - 83%)  (26% - 49%)  (68% - 81%) - 80%
-60%
° 58% 37% 89% 82% 50%
T -
2 (52%-64%) (29%-45%) [RCICRRELAMNCL AT CIAM (43% - 57%)

-40%

69% 44% 88% 74% 67% 20%

(63% - 74%)  (35% - 53%) PMCPAZER-PEOMN (62% - 83%)  (60% - 73%)

1 1 1 0,
PPV Sensitivity Specificity 0%

NPV

1
Accuracy

Figure 34: performance metrics (with 95% confidence interval) of each Al model regarding iFR binary
classification using the measured iFR classification as reference, for all iFR measurements across all target
vessels. Accuracy, Positive Predictive Value (PPV), Negative Predictive Value (NPV), Sensitivity and Specificity
are displayed. Background in green for values close to 100%, red for values approaching 0% and mixed (yellow)
for mid-range values.
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3.2.2. Left anterior descending (LAD) lesions

The models’ classification of iFR as compared to the measured iFR was not statistically
significant only for model 1 (p = 0,854), whereas models 2 and 3 differed significantly (p <
0,001). Models 1 and 2 classified most lesions as negative, where agreement was more
common. Model 3 classified most lesions as positive. Details in Table 19.

Models 2 and 3 displayed modest accuracy, with better results for the latter, while model
I’s performance barely surpassed 50%. The NPV and sensitivity was high or very high for
model 2, nearing 90%, while model 3’s performance was 78% for both. Model 1 only
performed reasonably for specificity (68%). The PPV was superior to 50% for models 2 and 3.
Details in Figure 35.

Table 19: iFR classification of lesions as measured vs as per each model prediction for left anterior
descending (LAD) cases.

Classification Model 1 Model 2 Model 3
LAD Total
(LAD) <0,89 > 0,89 <0,89 > 0,89 <0,89 >0,89
Measured <0,89 17 38 50 5 43 12 55
IFR > 0,89 24 50 43 31 32 42 74
Total 4 88 93 36 75 54 129
LAD 100%
41% 57% 31% 68%
(43% - 60%)  (28% - 57%)  (46% - 67%)  (20% - 44%)  (56% - 77%) [ 80%
- 60%
° 54% 86% 91% 42%
B i
S (54% - 71%) (4% - 64%) [REECPLTCANMNTI AT IAM (31% - 53%)

- 40%

57% 78% 78% 57% 20%
(57% - 74%) (46% - 68%) (65% - 87%) (66% - 87%) (45% - 67%)
: ! AR i 0%
PPV NPV Sensitivity Specificity

Figure 35: performance metrics (with 95% confidence interval) of each Al model regarding iFR binary
classification prediction using the measured iFR classification as reference, for iFR measurements in the
Left Anterior Descending Artery (LAD). Accuracy, Positive Predictive Value (PPV), Negative Predictive Value
(NPV), Sensitivity and Specificity are displayed. Background in green for values close to 100%, red for values
approaching 0% and mixed (yellow) for mid-range values.
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3.2.3.Right coronary artery (RCA) lesions

The iFR classification of model 1 differed significantly from the measured iFR (p =
0,005), whereas for models 2 and 3 there were no significant differences (p = 0,282 and 0,357,
respectively). All models classified most lesions as negative (albeit in smaller proportion to the
actual measurements distribution), especially model 1. Agreement was highest for negative
lesions in all models. Details in Table 20.

Models 1 and 3 displayed the highest accuracy, especially the former (86%), contrasting
with model 2. The NPV was always very high, with a maximum of 97% for model 1. On the
opposite spectrum of performance, the PPV was very low for all models. Sensitivity was high
for both models 1 and 3. Lastly, specificity was low for models 2 and 3, and modest for model

1. Details in Figure 36.

Table 20: iFR classification of lesions as measured vs as per each model prediction for right coronary artery
(RCA) cases.

Classification Model 1 Model 2 Model 3
RCA Total
(RCA) <0,89 > 0,89 <0,89 > 0,89 <0,89 >0,89
Measured <0,89 g 2 1 4 2 3 5
iFR >0,89 9 62 29 42 14 57 71
Total 12 64 30 46 16 60 76

86%

(76% - 92%)

(45% - 67%)

Accuracy

(1% - 17%)

12%

(3% - 36%)

RCA

97%

(89% - 99%)

91%

(80% - 97%)

95%

(86% - 98%)

60%

(23% - 88%)

20%
(4% - 62%)

40%

(12% - 77%)

1
Sensitivity

87%

(78% - 93%)

59%
(48% - 70%)

80%
(70% - 88%)

Specificity

100%

80%

- 60%

-40%

20%

0%

Figure 36: performance metrics (with 95% confidence interval) of each Al model regarding iFR binary
classification prediction using the measured iFR classification as reference, for iFR measurements in the
Right Coronary Artery (RCA). Accuracy, Positive Predictive Value (PPV), Negative Predictive Value (NPV),
Sensitivity and Specificity are displayed. Background in green for values close to 100%, red for values
approaching 0% and mixed (yellow) for mid-range values.
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3.2.4.Circumflex artery (CX) lesions

The Measured iFR classification differed significantly from the iFR classification of
Model 1 (p = 0,039), but not models 2 and 3 (p < 0,673 and 0,333, respectively). All models
classified most lesions as negative, but always in quite shorter proportion to the actual
measurements’ distribution. Agreement was highest for negative lesions in all models. Details
in Table 21.

Model 1 scored higher in all metrics, with an accuracy of 69% a very high NPV (96%)
and high specificity (80%). Sensitivity was 68% and the PPV was low (24%). Model 3 followed
with similar, albeit inferior performance. Model 2 only scored high in NPV, at 87% Details in

Figure 37.

Table 21: iFR classification of lesions as measured vs as per each model prediction for circumflex artery
(Cx) cases.

Classification Model 1 Model 2 Model 3 Total
(2 <0,89 > 0,89 <0,89 >0,89 <0,89 >0,89
Measured <0,89 4 1 2 3 3 2 5
IFR >0,89 13 27 20 20 15 25 40
Total 17 28 22 23 18 27 45
X 100%
69% 24% 96% 80% 68%
(YO (10% -47%) | (82% - 99%) | (38% - 96%) MMLTLR:(LA) 80%
- 60%
? 49% 9% 87% 40% 50%
B ai
s (35% - 63%) ERECIPIANNC PO (12% - 77%)  (35% - 65%)

-40%

62% 17% 93% 60% 62%

20%

(48% - 75%)

(6% - 39%)

(77% - 98%) (23% - 88%) (47% - 76%)

2 1 1 10,
Accuracy PPV NPV Sensitivity Specificity 0%

Figure 37: performance metrics (with 95% confidence interval) of each Al model regarding iFR binary
classification prediction using the measured iFR classification as reference, for iFR measurements in the
Circumflex Artery (Cx). Accuracy, Positive Predictive Value (PPV), Negative Predictive Value (NPV),
Sensitivity and Specificity are displayed. Background in green for values close to 100%, red for values
approaching 0% and mixed (yellow) for mid-range values.
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4. Discussion

4.1. Main findings — a proof of concept

In this study, we were able to develop Al models capable of binary iFR lesion
classification. The accuracy of all models was modest, close to 70% for model 3. For both the
LAD and CX, the best that any model could achieve was also just below 70%. However, for
the RCA, an accuracy of 78% and 86% was achieved for models 3 and 1, respectively, which,
in the latter case, is quite high.

The models displayed very different reliability in correctly classifying lesions as either
positive (i.e. iFR < 0,89) or negative (i.e. iFR > 0,89). Indeed, the PPV was low or very low
for all models, likely because much fewer positive cases were available for training. Only for
the LAD, where there was a larger number of positive lesions, were the models able to achieve
modest performance, surpassing the 50% PPV mark. The NPV, however, was generally high
or very high, ranging from 77 to 89% overall. For both the RCA and the CX, at least one model
neared 100%.

At first glance, one might interpret these findings as a result because of the predominance
of negative iFR cases, overwhelmingly so for the RCA and the CX. Therefore, the models
could simply be producing a result based on the statistically higher likelihood of a negative
result, rather than extrapolating from CAG images.

Notwithstanding, we believe several factors suggests otherwise. First, the models did not
necessarily reproduce the distribution of positive/negative lesions of the true measurements,
neither globally nor regarding specific vessels. For example, model 3, which achieved the
highest accuracy overall, only classified lesions as negative in 56% of cases (vs 74% for real
measurements). And the difference was even greater for the CX, where the models’ classified
lesions as negative ranged from 51% to 62% (vs a real result of 89%).

Furthermore, the models’ NPV was also greater that the proportion of negative cases,
reaching 86% for the LAD (vs 54% real negative cases) and very close to 100% for both the
RCA and Cx (where the real proportion of negative cases was close to 90%). Thus, the number
of iIFR-negative cases provided enough training data for the models to correctly learn to classify

a lesion as negative with high reliability.
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Despite this, a significant number of true negative lesions were not identified, as evidence
by modest specificity overall, except for models 1 and 3 in the case of RCA lesions, where

higher performances were obtained.

No single model proved to be ideal. Model 1, followed by model 3, seemed to be the best
option for the RCA and the Cx, whereas for the LAD both models 2 and 3 were a better fit.
This suggests that finetuning a model for the target vessel may improve results.

In light of all of the above, we believe our models offer proof of concept that deep
learning Al models derivation of coronary physiology data based on X-ray angiography alone

is feasible.

4.2. Potential practical clinical implications

When faced with an either positive or negative result by any such software, the operator’s
main question is often whether the result is likely correct i.e how high is the PPV and/or NPV.
Arguably, in the context of invasive coronary physiology, the NPV is of particular importance:
a negative result enables the operator to conclude the procedure without engaging in further
invasive manoeuvres (i.e deploying a guide catheter, wiring the target vessel, administering
further drugs), as opposed to a positive result. The fact that the majority of measurements in
invasive physiology are negative further strengthens this pointl43150.151,197202.20325 — por
example, in this case series, 185 (74%) cases had an iFR > 0,89. Since the models classified
lesions as negative in 42% to 72% of cases and the NPV approaches 89%, in the best-case
scenario, arguably around one to two thirds of all measurements could have been avoided. For
the RCA and CX, where the NPVs neared 100% and the proportion of cases classified as
negative was even higher, the impact would have been even more significant.

Thus, while the models are by no means reliable enough for current clinical deployment,
this somewhat simplified analysis illustrates the potential practical implications of this

technology.

4.3. Analysing lesions on coronary angiography using Al — other studies

Two studies of FFR estimation from CAG using primarily Al methods were published.
However, to the best of our knowledge, ours is the first published study to report fully automatic

derivation of iFR from CAG using such methods.
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Roguin et al?>® conducted a pilot feasibility study in a single center population consisting
of 31 patients with predominantly LAD lesions (80%). They reported an accuracy of 90%, a
NPV of 87%, a PPV of 94%, sensitivity of 88% and specificity of 93% when conducting a
binary analysis of FFR < 0,80, similarly to our approach. Their single model is able to derive
an estimated FFR value, with an area under the curve of 0,91 and an r correlation coefficient
of 0,71 (p < 0,001). The study does not report the exact Al methods. However, the binary
approach to classify lesions, fully based on Al, using routine angiography projections (rather
than predefined angulations), with a fully automatic method, is conceptually very similar to
ours. While these results are impressive, with a seemingly superior performance compared to
ours, the small sample size and single center nature of the study are limiting factors.

Cho et al?®" used a different approach. With a very large sample of 1501 lesions from a
single center (predominantly LAD — 67%), the authors plotted the target vessel diameters
together with clinical characteristics (age, sex, body surface area, and target segment) to
binarily classify FFR measurements with a < 0,80 threshold. An overall accuracy of 82%, a
NPV of 84%, a PPV of 81%, sensitivity of 84% and specificity of 80% were reported in the
test set, similarly to the external validation dataset of 79 patients. The main limitation of this
study, from an Al research perspective, is that it does not provide a fully automated Al
physiology estimation, as it requires manual segmentation and diameter calculations of the
vessel with an external software, thereby rendering the process semi-automatic and somewhat
time-consuming.

Another group is currently launching an initiative for fully automated Al-based PCI
guidance interpretation, including FFR?®, but the project is underway and results are not yet
available.

Lastly, one of the largest groups in iFR research has applied Al for interpreting iFR

pullback curves and found non-inferiority to human performance®®

. While this is a very
different task from the one we explored, it highlights how Al is also being applied to this

important index which is so commonly used in clinical practice.

There has also been some exploration of the estimation of Coronary Flow Reserve (CFR)
from CAG using Al methods, mainly to perform microcirculatory studies®“. Other authors
have tested the application of deep learning methods to classifying stenosis using Quantitative
Coronary Analysis (QCA)?? or automatically detecting significant coronary stenosis using

bounding boxes?*3%*, which could be of use given the operators’ heterogeneity and tendency
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for lesion overestimation when interpreting CAG, as we have recently demonstrated

ourselves?®?,

4.4. Physiology derivation from CAG images without a primary Al

approach — other studies
The estimation of physiology from CAG images has been explored in recent years, with

commercial software made recently available.

Most studies focused on FFR, using a < 0,80 threshold. The FAST-FFR pivotal trial was
a multicentre international study of 301 subjects with a predominance of LAD lesions
(54,2%%). The correlation between estimated (FFRangio) and measured FFR was r = 0,80 (p
<0,001), with an accuracy of 92,2%, a NPV of 94,8%, a PPV of 89%, sensitivity of 93,5% and
specificity of 91,2%2%2, A pooled analysis of 5 cohort studies yielded similar results??.

The FAST 12 and 112%* studies tested a similar approach. In the larger FAST I1 study?%
334 patients from six centers were enrolled (with 66% LAD lesions). The correlation with
invasive FFR was r = 0,74 (p < 0,001). Two clinical outcomes multicentre trials are ongoing
to test the virtual (VFFR) vs invasive FFR approach?%>2%,

The Quantitative Flow Ratio (QFR) is perhaps the most extensively “virtual” FFR index
studied to date. After the encouraging results of the multicentre FAVOR pilot study (73
patients, 84 vessels, mostly LAD — 54,8%)8, two further studies enrolled over 600 patients
from Europe and Asia'®”1%, In the one with a large European cohort, values of 86,8%, 93%,
76,3%, 86,5% and 86,9% for accuracy, NPV, PPV, sensitivity and specificity were obtained,
with a correlation of r = 0,83, p < 0,0011%’. A Chinese multicentric trial comparing a PCl QFR-
guided strategy vs an invasive FFR-guided strategy yielded better outcomes for the QFR

group'®,

The derivation of iFR from CAG has also been explored on the REVEAL iFR trial?8,

Published results are expected soon.

All of the above studies employ primarily non-Al methods to derive FFR from CAG,
using a combination of 3D image reconstruction and computational fluid dynamics. They
demonstrate that physiology can successfully be derived from CAG images alone and have a

meaningful impact on clinical outcomes. Further ongoing research is likely to strengthen this
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approach. While all of the above post-pilot studies yielded better performance results than our
model, one thing seems ubiquitous: the NPV is always high, which is arguably, as mentioned
above, of particular significance.

However, these approaches are not without disadvantages. A reasonable amount of
manual input is necessary — marking the target vessel, proximal and distal points, defining
“healthy” regions or correcting for imperfections in manual segmentation - as we have
experienced ourselves when testing these platforms at our own catheterization laboratory. They
are therefore semi-automatic, somewhat time consuming and may potentially not be as reliable
in less experienced hands: the FAST Il trial clearly illustrated this, as the performance at
specific sites was lower than at the core lab — the authors reported an overall accuracy, NPV,
PPV, specificity and sensitivity were 83% vs 90%, 85% vs 90%, 79% vs 90%, 71% vs 81%
and 89% vs 95%, respectively?%,

Lastly, except for one?%®, the above-mentioned methods require more than one projection
(sometimes prespecified), which is probably the result of multiple factors. Indeed, the 3D
nature of the coronary anatomy, the existence of energy losses in very distal segments (with
resulting lower pressures), along with the limitations of CAG resolution and motion artifacts,
all render a 3D approach more reliable, and are likely playing a role in hampering our models’
accuracy, since it was based on a single two-dimensional (2D) frame. Thus, while our
simplified approach may initially be perceived as advantageous, it was, in all likelihood, a

limitation.

4.5. Limitations and future directions

As Al training is highly volume dependent, the dataset size was the most important
limitation. This was especially relevant for cases with iFR < 0,89 and cases pertaining to the
CX. However, our relative distribution regarding target vessel and positive/negative cases is in
agreement with previously published datal43150:151.197202.203255  Ag 3 result, obtaining a dataset
with enough iFR positive cases for successful training, especially concerning the RCA and CX,
will require a much larger dataset. The dataset size was also limiting with regards to the method
employed for model testing. Using a classical train/test split of 80/20% would have resulted in
a small testing dataset, reducing our ability to test the models’ performance, particularly for
subanalyzing performance per target vessel, given the naturally unbalanced characteristics of

the dataset. We therefore preferred a cross-validation split in 10 subsets, as mentioned in the
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methods section. While this is a common approach in the field of machine learning, it may be
regarded as a limitation as well.

Some may view the extrapolation of iFR rather than FFR as a limitation, because FFR
was directly compared to angiography in clinical outcomes trials® %1% whereas iFR was only
directly compared to FFR*%%°1, However, iFR has repeatedly been shown to be non-inferior to
FFR and is today (together with other resting indexes), the default tool of epicardial physiology
assessment in many labs due to its simplicity. As a result, the current amount of iFR
measurements far outpaces those of FFR in our lab, and thus provides a much larger base for
future training, improvement and validation.

Another limitation is the fact the model provides a binary classification, but not yet the
iIFR value itself. During preliminary testing, it was clear that determining the exact iFR value
would require a much larger dataset, which was beyond the scope of a pivotal study.

The use of a single image (human optimized and labelled end-diastolic 2D frame) for the
models’ training, instead of a 3D reconstruction based on multiple 2D projections, was also a
limitation, given the truly 3D nature of the coronary anatomy and lesions. The fact that the
above-mentioned non-Al approaches obtained a superior performance with 3D reconstruction,
rather than a 2D approach like ours, further supports this consideration.

The single center retrospective dataset is another limitation, as external validation will
be required in the future. Notwithstanding, physiology results have been shown to be quite
reproducible and thus the impact of this particular limitation is less likely to be of significance.

The concept of this study is thus exploratory and aimed at proof of concept. We aim to
greatly enlarge the training dataset through multi-institutional collaboration (as we have done
for our segmentation models?32%) which will be essential for performance improvements and
external validation. We also aim to further improve our models using multiple projections and
3D reconstruction, which may likely enhance performance. The ultimate aim of deploying
them in clinical practice — this may occur either as standalone solution, or by improving

existing software.
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5. Conclusion

We developed deep learning Al models capable of binary lesion classification using an
iFR threshold of 0,89. While the overall accuracy of the models is not yet high enough for
clinical deployment, the high negative predictive capacity of these models is of clinical
significance and potential clinical application. This pivotal study therefore offers proof of
concept for further development, with larger and multicentric training and validation datasets
poised for the future. This approach has the potential to evolve to a standalone software aid in
the cath lab, or further integration in existing, non-Al based software solutions, by streamlining
workflows and/or improving their performance. This could prove to be of great value for

patient management and to improve cath lab flows.
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1. Overall Discussion

We successfully developed an Al model capable of accurate CAG segmentation and
validated it with data from four different centers, across a wide range of stenosis severity,
target vessel, operators and equipment.

Importantly, the assessment of the quality of these models was extensively analyzed by
three complementary methods, which, to our knowledge, has never been done before.

First, standard metrics of overlap comparison were carried out, using the manual baseline
annotations as reference. We took several steps to ensure the quality of these was as high as
possible: a small group of annotators was selected, thereby minimizing variability, contrasting
with large numbers of annotators as in previous works?¥; the annotators were cardiology
physicians and therefore utmostly qualified in the interpretation of CAG images, whereas other
groups have resorted to medical students?**2>° or have not disclosed the exact qualifications of
the annotators?*’; the labelled images were systematically reviewed and corrected to minimize
errors every step of the way; furthermore, the dataset used for the best performing model was
the result of a combination of an initial Al model plus human annotations, thereby perfecting
an already high quality training dataset. We believe all these steps, together with a carefully
chosen CNN architecture?™®, were paramount in developing a model which exceled in all
metrics (Dice Score, Intersection Over Union, Accuracy, Sensitivity, Specificity, Positive
Predictive Value, Negative Predictive Value), both on its own and when compared to

previously published work, despite having been developed from a smaller dataset than most
Studie5243,244,2467251_

Secondly, we also assessed the quality of the segmentation by comparison with state-of-
the art software, while specifically testing in stenosed segments, which is of particular clinical
importance, given that these are the lesions operators focus on when interpreting CAG images
and making decisions. Therefore, if segmentation as whole seemed appropriate but the models
were inaccurate in lesion regions, they could not serve any clinical purpose. Once again, this
contrasts with several previous works, where only the baseline annotations were used as
reference and/or the metrics were assessed for the whole image 246247:251,

Third, models may score quite highly in both of the above and still produce segmentation
results that are flawed from a clinical perspective. For example, if metrics are globally high,

but models were prone to errors in the main vessel segmentation (for example, missing a part
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of a proximal LAD), the segmentation would not be fit for any clinical use. By developing a
score that acknowledges that the relative weight of certain segmentation tasks is more
important than others, we have integrated the eyes of interventionalists into the assessment of
our model quality. Furthermore, the external validation of the score with operators from
multiple centers, who were able to apply it easily and reproducibly, renders it scientifically

ready for development and may be of use to other research groups.

We have shown that the visualization of Al automatic segmentation of CAG images
renders its interpretation more reproducible across operators, while significantly
reducing the tendency for lesion severity overestimation.

Operator heterogeneity in the visual estimation of lesion severity has been recognized for
over 50 years, almost from the very beginning of the availability of CAG "*"2. An optimistic
perspective might consider that improvements in image quality and the appearance of fully
digital systems might attenuate or abolish this tendency. Furthermore, one might also consider
that generational differences across operators might be of relevance, as the use of physiology
and intra-coronary imaging are quite popular among young operators, thus potentially
rendering them more aware of their tendency for overestimation. The fact that multiple studies
spanning 5 decades®®®° have shown that these limitations persist suggest that DS visual
estimation of CAG images is inherently prone to error and overestimation. By conducting such
an analysis with four relatively young operators (with experiences in CAG image interpretation
ranging from 8 to 15 years and ages around 40-years old) from four different centers with the
latest generation imaging technology, we have once again confirmed this finding.

When assessing the same metric (DS by visual estimation) as compared with an objective
measurement with validated software (QCA), the operators’ assessment of DS was (1) very
close to that of QCA, (2) with little inter-operator heterogeneity and (3) with a much smaller
tendency for overestimation. Indeed, truly severe lesions continued to be classified as such,
whereas intermediate lesions (and even some “truly” mild lesions) were often no longer
estimated as severe. This is likely the result of a very clear demarcation of the transition
between artery (white) and background (black) of segmented images, which when viewed in
shades of grey in the original images can be quite difficult to appreciate, especially in stenosed
regions.

These findings therefore highlight that automatic digital mapping systems of CAG
images are likely warranted, as they render their interpretation more objective. Our immediate
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and fully automatic segmentation model, which requires no input other than the image itself,
therefore has the potential of reducing unwarranted revascularization, while potentially
increasing the use of physiology and/or imaging and hopefully have a meaningful impact on

clinical outcomes.

We successfully developed Al models capable of binary iFR lesion classification
using a single bidimensional frame image. Despite the modest accuracy of all models, the
high negative predictive value observed is of clinical relevance, as a reliable negative result
effectively enables the operator to terminate the procedure without proceeding with further
testing, either invasive or non-invasive. The fact that 60 to 70% of measurements in physiology
are usually negative reinforces the relevance of this finding!43150:151.19720220325 "I the case-
series herein explored, such models could have avoided invasive measurements in one to two
thirds of cases, streamlining the procedure while reducing costs, as well as risk for the patient,
considering that invasive physiology requires the use of guide-catheters, maneuvering
guidewires into the target vessel and the administration of further drugs (nitrates and
anticoagulation).

Another relevant issue is the fact that, to our knowledge, the derivation of iFR from CAG
images has seldom been explored. Only a single study has addressed this issue, but while its
rationale has been published?®, actual results have not. Indeed, currently published studies on
CAG-based derivation of physiology have always focused on FFR20%-204 with one clinical trial
already showing a positive impact on clinical outcomes?®, further highlighting the relevance
of this sort of research. The preference for FFR is likely because this has been the most widely
studied index to date and the only to have been directly studied vs angiography and medical
therapy in clinical outcomes studies. However, it is well-recognized that no single index is
perfect. Furthermore, iIFR may be advantageous in tandem lesions, as it possibly better
separates the individual contribution of each lesion to the overall ischemic burden, while
predicting the physiology impact of PCI in a selected region, thereby potentially enabling more
selective revascularization strategies. Moreover, while the usefulness of FFR has been made
clear, its exact role of non-culprit lesions after ACS (especially STEMI) has been challenged*®°.
If the the results of the ongoing iIMODERN trial*®®, which is comparing an iFR vs CMR based
strategy for non-culprit lesions after STEMI, is not unfavorable to the iFR-arm, its role in
clinical practice will become even more relevant. Thus, studying not only the derivation of

FFR, but also that of resting indexes, namely iFR, is both scientifically and clinically pertinent.
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Lastly, despite the successful derivation of FFR from CAG images, the potential role of
Al in these systems is underexplored. Indeed, the vast majority of research has used on the
derivation of FFR primarily from computational fluid dynamics and 3D-QCA reconstruction.
Only two groups have used primarily Al-methods to derive physiology, both with FFR%5257,
Thus, the fact that we employed solely Al methods, based on a single 2D frame and achieved

significant results further highlights the potential role of Al in this field.

Our research has several limitations. Regarding the segmentation model, the dataset
size was relatively small when compared to previous studies. Furthermore, the fact that we
excluded potential sources of artifacts such as patients with rhythm devices or past cardiac
surgery limits the application of our model to these subsets.

With regards to the assessment of the impact of segmentation in operators’ assessment
of lesions, the most relevant limitation is the relatively small dataset size, where intermediate
(QCA DS 50-70%) lesions predominate. The relatively small number of operators and centers
was also a limitation.

Lastly, considering the iFR classification models, there are a greater number of
limitations. First, the dataset size limited the models’ performance. This is especially relevant
for iFR positive (i.e. < 0,89) cases, namely for the RCA and Cx. The small availability of such
cases severely limits any chance of training models with high positive predictive value.
Secondly, the single center retrospective nature of this study means that validation, ideally
including external multicentric datasets, is necessary. Another limitation is the fact that our
models were trained only for iFR estimation, but not FFR, which may be of particular
importance in regions of with very large myocardial mass, such as the proximal LAD, where
discordance between both methods has been reported!”™. Despite the fact that the training
dataset also comprised a number of FFR measurements (concomitant to iFR, for historical
reasons), the increased simplicity of iFR has made it the default index at our catheterization
laboratory. Thus, there was, is and will be a much larger base for future training and
improvement with iFR than FFR. Lastly, our models are not currently capable of deriving the
actual iFR value, but only produce a binary classification, which, in the context of ischemia, a

continuous variable, is also a limitation.
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2. Future perspectives and concluding remarks

We successfully produced new Al models capable of coronary angiography
segmentation of excellent quality, demonstrating that their application can positively impact
operators’ ability to accurately classify the severity of coronary artery lesions. By additionally
integrating physiology derivation directly from coronary images alone, the interpretation of
coronary angiography becomes quickly and automatically more reproducible and objective. A
proposed workflow for the modern interpretation of coronary angiography with digital tools

based in our work depicted in Figure 38.

N, —

Acquisition of raw CAG images
\

p

C- Automatic Al processing
\

Interpretation of raw and segmented images
[

/  Automatic non-invasive physiology

¢
M:’_; Final decision
/

Figure 38: a proposed workflow for the modern interpretation of invasive coronary angiography.

This approach may potentially improve the selection of lesions that warrant
revascularization versus those that do not, potentially improving clinical outcomes. However,
given the above mentioned-limitations, it is not yet ready for clinical deployment, but the
results herein presented offer an important proof-of-concept. In the future, we hope to enlarge
the training dataset and include other centers. But whatever the outcome, given the fast pace of
research in the field in the last few years, we believe our contribution has already been valuable
and may, in the future, be applied either as a standalone solution or by improving existing

software.
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In my opinion, for over fifty years and since its inception, the primary method of
asserting the severity of coronary artery disease based on invasive coronary angiography
images - visual estimation - has hardly changed. It is time that this persistent conundrum is
finally overcome. Digital mapping systems, with the help of Al, may finally bring the
paradigm of CAG interpretation into the Digital Era that characterizes the 21% century. The
research herein presented has been and will be valuable in this endeavor, and I believe such
systems will soon become the norm in everyday catheterization laboratories around the

world.
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Abstract

Introduction and objectives: Although automatic artificial intelligence (Al) coronary angiog-
raphy (CAG) segmentation is arguably the first step toward future clinical application, it is
underexplored. We aimed to (1) develop Al models for CAG segmentation and (2) assess the
results using similarity scores and a set of criteria defined by expert physicians.

Methods: Patients undergoing CAG were randomly selected in a retrospective study at a single
center. Per incidence, an ideal frame was segmented, forming a baseline human dataset (BH),
used for training a baseline Al model (BAl). Enhanced human segmentation (EH) was created by
combining the best of both. An enhanced Al model (EAIl) was trained using the EH. Results were
assessed by experts using 11 weighted criteria, combined into a Global Segmentation Score
(GSS: 0-100 points). Generalized Dice Score (GDS) and Dice Similarity Coefficient (DSC) were
also used for Al models assessment.

Results: 1664 processed images were generated. GSS for BH, EH, BAIl and EAl were 96.9+/-
5.7; 98.9+/-3.1; 86.1+/-10.1 and 90+/-7.6, respectively (95% confidence interval, p<0.001
for both paired and global differences). The GDS for the BAI and EAl was 0.9234+0.0361
and 0.9348+0.0284, respectively. The DSC for the coronary tree was 0.8904+0.0464 and
0.9134+0.0410 for the BAIl and EAl, respectively. The EAl outperformed the BAl in all coronary
segmentation tasks, but performed less well in some catheter segmentation tasks.

* Corresponding author.

E-mail address: mnmenezes.gm@gmail.com (M. Nobre Menezes).
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0870-2551/© 2022 Sociedade Portuguesa de Cardiologia. Published by Elsevier Espaha, S.L.U. 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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Conclusions: We successfully developed Al models capable of CAG segmentation, with good
performance as assessed by all scores.

© 2022 Sociedade Portuguesa de Cardiologia. Published by Elsevier Espana, S.L.U. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/ licenses/by-
nc-nd/4.0/).

Desenvolvimento de modelos de deep learning para segmentacao de
coronariografias: afericao de qualidade por um novo modelo de segmentacao global

Introdugdo e objetivos: A segmentacdo automatica de coronariografia (CRG) por inteligéncia
artificial (IA) encontra-se pouco explorada na literatura médica. Os objetivos do presente estudo
sao (1) desenvolver modelos de IA para segmentacao de CRG e (2) aferir os resultados por scores

Métodos: Doentes submetidos a CRG foram retrospetivamente selecionados aleatoriamente
num centro. Por incidéncia, segmentou-se um frame ideal, formando uma segmentacao humana
basal (HB), usada para treinar um modelo de A basal (IAB). Da combinacao de ambos
acrescentou-se uma segmentacao humana aperfeicoada (HA), utilizada para treinar um modelo
de IA aperfeicoado (IAA). Os resultados foram aferidos com 11 critérios balanceados definidos
por peritos, combinados num Score de Segmentacdo Global (SSC - 0-100 pontos). O Score de
Dice Generalizado (SDG) e Score de Dice de Similaridade (SDS) aplicaram-se aos modelos de IA.
Resultados: Geraram-se 1664 imagens processadas. Os SCC para a HB, HA, IAB e |AA foram
96,9+/-5,7; 98,9+/-3,1; 86,1+/-10,1 e 90+/-7,6, respetivamente (IC 95%, p<0,001 - diferencas
globais e emparelhadas). O SDG para o |AB e IAA foi 0,923410,0361 e 0,9348+0,0284, respeti-
vamente. O SDS foi 0,89041+0,0464 e 0,9134:0,0410 para o IAB e IAA, respetivamente. O IAA
exibiu superior desempenho ao IAB para as todas tarefas de segmentacao coronaria, mas nao

Conclusoes: Desenvolvemos modelos de IA de segmentacao automatica de CRG, com bom

© 2022 Sociedade Portuguesa de Cardiologia. Publicado por Elsevier Espana, S.L.U. Este & um
artigo Open Access sob uma licenca CC BY-NC-ND (http://creativecommons.org/ licenses/by-
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Introduction

In this paper, we explore the development of Al models
for automatic coronary artery segmentation from CAG, and

Artificial intelligence (Al) has shown great potential
in medicine, in applications such as predictive data
analysis,' decision making support’ or even medical
education/awareness improvement,” and especially in
image analysis. Several publications have demonstrated
impressive results with regards to electrocardiogram,*
echocardiography,®® or magnetic resonance imaging.”-®

The use of Al in Interventional Cardiology (IC) is,
however, still a vastly underexplored field. Its applica-
tion to coronary angiography (CAG) has been explored in
very few medical or biology publication.®'? There are,
nonetheless, many possibilities,” ranging from automatic
anatomical identification, stenosis analysis, lesion sub-
set characterization and perhaps even physiological index
derivation. Regardless of the task, arguably the first step
in applying Al to CAG is separating and identifying rele-
vant information - the coronary tree - from non-relevant
information (bones, other structures). This task is called
segmentation.™

assess the results from a clinical perspective, using a new
set of criteria and score clinically defined by a panel of
Interventional Cardiologists.

Methods
Dataset selection

Inclusion criteria
We retrospectively and randomly included patients who
had undergone CAG and invasive physiology assessment
(fractional flow reserve and/or other indexes) during the
procedure at a single center (tertiary university hospital).
These patients have at least intermediate lesions in one
or more vessels. Around one third usually undergo revascu-
larization due to the severity of their disease.'*'® Therefore,
a dataset focusing on these patients comprises a wide spec-
trum of obstructive coronary artery disease in a relatively
balanced way.
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Exclusion criteria
We excluded cases where any of the following applied:

1) Major occluded vessels (acute or chronic)

2} Poor image quality

3) Less than two orthogonal views in the left coronary artery
{LCA) - one caudal and one cranial - or absence of at least
one left oblique (LAO) view - either cranial or simple - in
the right coronary artery (RCA)

4) Patients with previous cardiac surgery, cardiac devices
or other sources of potential artifact.

Image selection
A single best frame was selected for each diagnostic angu-
lation incidence in each patient.

Dataset size
The dataset size was the result of a trade-off between
two opposing criteria: dimension large enough for successful
training of a deep convolutional neural network, estimated
from published data®'%"7."® ys, expected time reguired to
complete the annotation. We estimated the latter based on
a short period of annotation testing prior to formal dataset
creation. The trade-off pointed to a training set size of
roughly 400.

We then randomly and consecutively selected patients
until a total of at least 400 annotated images were obtained.

Baseline annotation process

Baseline human dataset images were annotated by two
senior Cardiclogy Fellows (TR/BS) previously trained in CAG
interpretation, under the supervision of an Imterventional
Cardiologist (MMM), who also annotated. Images were peri-
odically reviewed and perfected by all three. This meant
that any initial heterogeneity between annotators was cor-
rected by consensus. The small size of the team was aimed
at reducing heterogeneity, as we noticed during the prepara-
tory phase that some operators tended to annotate too much
{Supplementary figure 1, Appendix A), while others did the
opposite (Supplementary figure 2, Appendix A).

Both the catheter (labeled red) and the coronaries
{labeled white) were to be segmented.

The coronary tree was to be fully segmented up to
branches of approximately 2 mm in caliper at their ori-
gin (as the vessel became smaller, it was to be segmented
until discernible), using the catheter as reference (with-
out formal measurements - eyeball appreciation was used).
There were several reasons for this: (1) when perform-
ing percutaneous coronary intervention, vessels <2 mm are
usually approached conservatively, as the risk of target
lesion failure increases significantly'®; (2) human annota-
tion is cumbersome - segmenting every single vessel would
increase the risk of errors significantly; (3) including very
small vessels might increase the chances of artifacts from
bone or other structures when training and applying Al
models.

Baseline artificial intelligence model training

we performed segmentation using an encoder-decoder
fully convolutional neural network based on the U-Net,!
commonly used in medical image segmentation. As the
name suggests, these neural networks are composed of an
encoder, responsible for extracting image features, and a
decoder, which processes those features to produce seg-
mentation masks. To derive the best approach for this task,
we conducted a comparative study of encoder and decoder
architectures, which resulted in the proposal of the Efficien-
tUNet++, a computationally efficient and high-performing
decoder architecture®® that, in this work, we combine with
an Efficientiet-BS encoder®® (Figure 1).

To ensure fair evaluation, it was necessary to guarantee
that each model was tested on data that it had not seen dur-
ing training. Therefore, the dataset was split, at the patient
level, into 13 subsets of approximately 32 angiograms each.
Each subset segmentation was performed using a neural net-
work trained exclusively on the remaining data. This enabled
the assessment of the segmentation results for the entire
cohort, as the wsual splitting into a training and testing
dataset would have yielded a much smaller group of images
for result assessment.

The training hyperparameters, including the number of
training epochs and the learning rate decay schedule, were
set on the first train-test split, using one of the 12 training
data subsets for validation. The selected values were then
used on every other train-test split, and to train the model
on the whole training set of the first split.

Enhanced human model

The results of the baseline Al training were reviewed by the
annotating team, without any formal grading, which would
be performed subsequently (see below). For each image,
both human and Al segmentation were compared with the
original. Each annotationwas then perfected using a mixture
of the best of baseline human segmentation and baseline Al,
with additional de novo manual segmentation as needed.

Enhanced artificial intelligence model

The neural network architecture and training procedure
were identical for both the baseline and enhanced Al model
{Figure 1). The sole difference was the dataset. The baseline
Al model was trained using the baseline human annotations,
whereas the enhanced Al model was trained using enhanced
human annotations.

Figure 2 outlines the development stages.

Performance assessment

Mon-medical metrics

Al models were assessed using the Dice Similarity Coefficient
(DSC) and Generalized Dice Score (GDS), measures of the
overlap between segmentations. Given two segmentations,
the D5C has avalue between 0: no overlap and 1: total over-
lap, corresponding to the ratio between the area of their
intersection and the sum of their areas. GDS* is a weighted
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EfficientNet-BS I

EfficientUNatss

Figure 1

deocoder

Segmentation model composed of an EfficientNet-B5 encoder and an EfficientUNet++ decoder.

Figure 2 Annotation and training process.

sum of each class’s DSC that attributes the same importance
to all classes, regardless of their frequency. While DSC and
GDS alone do not reflect clinical usefulness, they are helpful
and entirely objective metrics that enable a simple compar-
ison between models.

Clinical performance criteria

The DSC objectively assesses model performance. However,
it does not provide a medically meaningful impression of
whether segmentation is appropriate. Also, because the
DCS can only be calculated based on previously annotated
images, it cannot be applied to new, unannotated datasets in
the future. To overcome these limitations, we created a set
of criteria to assess performance as interpreted by expert
physicians.

The following 11 criteria are as objectively defined as
possible and were analyzed for each image. Each was inde-
pendently met or not. A ""perfect’” example is shown in
Figure 3. Supplementary Figures 3 to 13 (Appendix A) show
error examples for each.

1) Catheter segmentation:

a. Main segmentation: The distal part of the catheter (i.e.
the closest discernible portion to the coronary artery in
the ascending aorta) is correctly segmented and labeled
(supplementary figure 3, Appendix A). If minor gaps are
present, this criterion should be scored as met.

b. Gaps (minor) are absent (supplementary figure 4,
Appendix A).

c. Catheter thickness is accurate, by visual appreciation
(supplementary figure 5, Appendix A).

d. Location: if parts of the catheter far from the coro-
nary ostia (ascending and/or descending aorta) are
segmented, there are no major gaps or artifacts (sup-
plementary 6, Appendix A).

2) Vessel segmentation:

a. Main vessels are correctly segmented and labeled. For
the RCA, this includes the segments from the ostium
to the crux (supplementary figure 7, Appendix A). For
the LCA, this includes the segments from the left main
ostium to the visually discernible distal segments of
the left anterior descending or the circumflex (or most
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Figure 3 A segmentation case fulfilling all 11 criteria.

important obtuse marginal branch), depending on inci-
dence. Branches are excluded from this criterion. If
minor gaps are present, this criterion should be scored
as met.

b. Branch segmentation: branches with a luminal diame-
ter of at least approximately 2 mm (using the catheter
size as reference) are correctly segmented and labeled
(supplementary figure 8, Appendix A). Size is estimated
by visual appreciation. If minor gaps are present, this
criterion should be scored as met.

c. Main vessel gaps (minor) are absent (supplementary fig-
ure 9, Appendix A).

d. Branch gaps (minor) are absent (supplementary figure
10, Appendix A).

e. Catheter to artery transition: correct labeling of the

catheter tip vs. coronary artery origin (supplementary

figure 11, Appendix A).

Artifacts

a. Coronary: No non-coronary structures are labeled as part
of the coronary tree (supplementary figure 12, Appendix
A).

b. Catheter: No non-catheter structures are incorrectly
labeled as part of the catheter (supplementary figure 13,
Appendix A).

w
—

The criteria for these two artifacts are not applicable to
the small catheter-artery transition area.

To provide an objective assessment, these criteria were
scored by a panel of three Interventional Cardiologists
(MNM, ARF, PCF), of whom two (ARF, PCF) took no part in
any stage of the annotation/training process. Discrepancies
were solved by agreement. All images were graded across
all groups: baseline human segmentation, enhanced human
segmentation, baseline Al and enhanced Al. During the grad-
ing process, the image group was blinded.

Lastly, because the abovementioned criteria are not
equally important, a Global Segmentation Score (GSS, 1.5 to
100 points) was devised, taking into account the relevance of
each criterion as defined by the three experts (Table 1). The
panel was also asked to select which of the two Al models
was preferred for each image, regardless of the final score.

Statistical analysis

Descriptive variables are shown in absolute and relative
(percentage) numbers. To assess the association between
qualitative (categorical) variables the Chi-Square test was
used. To assess differences in quantitative variables we used

Table 1 scoring metrics for application of the Global Segmentation Score.
Criteria Catheter vs. Coronary Individual Criteria Points
Relative Weight Relative Weight
Main vessel segmentation 70% 40% 28.0
Main vessel gaps 10% 7.0
Catheter to artery transition 15% 10.5
Branch segmentation 20% 14.0
BranchGaps 5% 3.5
Coronary artifacts 10% 7.0
Catheter segmentation 30% 40% 12.0
Catheter gaps 10% 3.0
Catheter artifacts 15% 4.5
Catheter location 5% 1.5
Catheter thickness 30% 9.0
Total 100
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Table 2 Baseline clinical characteristics of patients from
whom images were analyzed.

Factor N+/-SD or N(%)
Age 67+/-11

Sex (male) 54 (78%)
Hypertension 56 (81.2%)
Diabetes mellitus 27 (39.1%)
Dyslipidemia 39 (56.5%)
Smoker (past or present) 26 (37.7%)
Chronic coronary syndromes 50 (72.5%)
Acute coronary syndrome 19 (27.5%)
Revascularization during/after CAG 21 (30.4%)

CAG: coronary angiography.

Table 3 Generalized Dice Score and class-wise Dice Simi-
larity Coefficient obtained by the baseline and enhanced Al
models. Results presented as mean + standard deviation.

BAI EAl
GDS 0.9234:£0.0361 0.9348+0.0284
Artery DSC 0.8904:0.0464 0.913420.0410
Catheter DSC 0.7526+0.1998 0.7975%0.1836

BAl: baseline Al model; GDS: Generalzed Dice Score; EAl;
enhanced Al model.

the Mann-Whitney test (two independent groups) or the
Kruskal-Wallis test (multiple independent groups). A p<0.05
was used for statistical significance, except for multiple
group comparisons, where we used a p<0.01. IBM SPSS Statis-
tics 27 was used for statistical analysis.

Ethical issues

This study complies with the Declaration of Helsinki and was
approved by the local ethics committee.

Results

Baseline dataset

We included 416 images from 69 patients (Table 2). With two
human and two Al datasets, 1664 processed images were
generated.

Performance assessment

Non-medical metrics

Results are outlined in Table 3. These scores indicate that
enhanced Al was generally superior to baseline Al. Segmen-
tation performance was good and consistent across arteries,
as indicated by the high mean and low standard deviation of
the DSC. For the catheter, performance was lower and much
less consistent.

Clinical performance

Overall performance - individual criteria assessment (Sup-
plementary Table 1, Appendix A).

Coronary segmentation

The main vessels were correctly segmented in almost all
cases across groups. Minor gaps occurred rarely in the base-
line human segmentation and both Al models, although
there was a small but non-significant improvement with the
enhanced Al vs. baseline Al.

Branch segmentation was also correct almost always in all
groups, albeit less so than main vessel segmentation. There
was asmall, yet significant, improvement with the enhanced
Al vs. baseline Al.

Minor branch gaps were quite common, revealing very
significant differences between Al and human models. While
enhanced Al performed numerically better than baseline Al,
it still produced small gaps in nearly two thirds of cases.

Coronary artifacts were very uncommon in human
annotations and were usually minor imperfections in
catheter/coronary crossovers. They were common and usu-
ally minor in both Al models, although there was a very
significant improvement with the enhanced Al vs. baseline
Al (14.4% vs. 25.7%).

Catheter/artery transition

Baseline human segmentation failed in 12% of cases and
enhanced human segmentation missed 3.8%. Baseline Al pro-
duced a higher error rate (19.7%), but enhanced Al was
numerically more often correct than baseline human seg-
mentation, sometimes correctly identifying the transition
where humans failed (Figure 4).

Catheter segmentation

Baseline human segmentation produced thickness imperfec-
tions (usually mildly engorged catheter) in 13.9% of cases,
but otherwise, segmentation was almost always correct
regarding other criteria. Baseline Al produced low error
rates in main body segmentation. However, artifacts, usu-
ally quite minor and in the vicinity of coronary segments,
occurred very frequently (41.1%). Another common error
was catheter thickness (36.3%), often resulting in an over-
estimation of catheter size.

Enhanced human segmentation significantly improved on
thickness issues, although imperfections persisted in 6.2% of
cases.

Enhanced Al produced better results than the baseline
Al model for catheter thickness (correct in 96.4%), also sur-
passing both human models (although the difference was
not statistically significant when compared to the enhanced
human segmentation). However, the performance of the
enhanced Al otherwise decreased in all other criteria, espe-
cially regarding minor gaps, which became much more
common (3.1% in the baseline Al model to 23.3%). Even main
body segmentation was significantly affected, although suc-
cessful in the vast majority of cases (86.5%). Despite this,
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Figure 4

(left to right): The first human segmentation incorrectly labels contrast backflow as coronary. The baseline Al model

improves on the human segmentation but is still not perfect. The enhanced human model segments the transition perfectly. The
enhanced Al model is hampered in catheter segmentation but identifies the transition correctly.

Table4 Performance by group according to Global Segmentation Score (significance at p<0.05 for paired differences and p<0.01

for multiple comparisons).

GSS Group p-value
BH EH BAl EAl Between BHvs BAlvs BH vs EHvs BHvs EH vs
all* EH" EAI" BAI” EAI” EAl" BAI"
Mean+/- 96.9+/- 98.9+/- 86.1+/- 90+/-7.6 <0.001 <0.001 <0.001 <0.001  <0.001 <0.001  <0.001
SD 5.7 3.1 10.1
Median 100 (9) 100(0) 87.5(9) 92(9.5
(IQR)

BAI: baseline Al model; BH: baseline human model; EAI: enhanced Al model; EH: enhanced human model; GSS: Global Segmentation

Score; IQR: interquartile range; SD: standard deviation.
" Kruskal-wallis Test.
* Mann-Whitney Test.

in most failures catheter identification was still possible, as
major gaps often occurred distally in areas of contrast back-
flow. There was a slight numerical worsening in artifact and
location issues in enhanced Al vs. baseline Al.

Overall performance - Global Segmentation Score
assessment and expert preference (Table 4)

Human models outperformed Al models. Enhanced models
surpassed baseline models. The difference was statistically
significant for all comparisons. GSS was very high for both Al
models; the enhanced Al reached an average of 90 points.

With regards to expert preference, the enhanced Al
model was preferred in 300 (72%) cases, the base-
line Al model in 100 (24%) and in 16 (4%) cases no
Al model was preferred.

Performance according to coronary artery -
individual criteria assessment (Supplementary
Table 2, Appendix A)

There was a trend toward better performance in the RCA,
both regarding human and Al groups. The most notable

and statistically significant differences occurred in catheter
transition (regarding both Al models and the baseline human
segmentation) and catheter segmentation (both Al models
performed better in the RCA). Branch gaps were quite less
frequent in the RCA with the enhanced Al model. Other
differences, even if statistically significant, were very small.

Performance by coronary artery - Global
Segmentation Score assessment (Supplementary
Table 3, Appendix A)

All models scored very high for both arteries. There were
very minor statistically significant differences for the base-
line Al model only, favoring RCA segmentation.

Considering expert preference:

- RCA: Enhanced Al was preferred in 109 (68.6%) cases, the
baseline Al was preferred in 43 (27%) and in 7 (4.4%) cases
no Al model was preferred.

- LCA: Enhanced Al was preferred in 191 (74.3%) cases, the
baseline Al was preferred in 57 (22.2%) and in 9 (3.5%)
cases no Al was preferred.
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Performance according to angulation incidence -
individual criteria assessment (Supplementary
Tables 4 and 5, Appendix A)

Given the large amount of data, there being no significant
differences in the vast majority of cases and for the sake
of readability, only statistically significant differences are
shown in the tables. Overall, the impact of incidences on
model performance was limited, and affected almost exclu-
sively the Al models.

Performance according to angulation incidence -
Global Segmentation Score assessment
(Supplementary Tables 6 and 7, Appendix A)

Differences were minor and only statistically significant for
human performance in less common incidences (PA views
for the LCA and PA cranial for the RCA).

Discussion
Overall considerations

Baseline human segmentation was generally correct.
Catheter/coronary transition and catheter thickness errors
were the most common. Poor individualization due to con-
trast backflow, catheter curves and human fatigue all likely
contributed.

Enhanced human segmentation was nearly perfect. Mild
transition issues remained, highlighting the difficulty of the
task. As this model was actually a combination of the best
of baseline human segmentation and baseline Al, it also
demonstrates how Al can help improve human performance.
Even these slight human imperfections highlight the need for
rigorous quality control during and after the final results,
rather than assuming human annotation is a ""perfect’’
ground truth. This an inherent limitation to the annotation
of medical images, as the sheer amount of cumbersome work
is error prone.

Baseline Al performed CAG segmentation successfully yet
was affected by the same two issues of the baseline human
segmentation - transition and catheter thickness. The effort
to correct these when developing the enhanced Al was fruit-
ful in the case of transition but produced mixed results for
catheter thickness. Impact on transition performance was
impressive, as, at times, the enhanced Al even achieved cor-
rect assessments where humans failed (Figure 4). However,
it seems the gain in catheter thickness accuracy was offset
by losses in other catheter segmentation tasks. Lastly, every
aspect of coronary segmentation improved in the enhanced
Al, which performed better than baseline Al. The differences
between the two Al models also highlight how relatively
small differences in the ground truth can impact relevantly
on Al training.

It may seem surprising that catheter segmentation was
less successful than coronary segmentation. However, while
intuitively one may think that catheter segmentation is an
easier task and therefore the results would have been better
for this task, from a machine learning perspective that is not
the case. In particular, segmentation performance is highly

dependent on the frequency of each class. Rarer classes,
or ones that occupy smaller areas, are interpreted by the
model as being less likely to appear. Furthermore, during
training, the lower the number of pixels belonging to a par-
ticular class, the lower the penalty for segmenting that class
incorrectly. Even though we used a loss function designed to
mitigate this phenomenon, the poorer segmentation of less
common classes (the catheter, in this case) is still evident in
the results.

Right coronary artery segmentation was easier than LCA,
however the differences were guite small and there were
fewer than expected, considering its greater anatomical
simplicity. Angulations also had a relatively small impact
both on human and Al performance and small observed dif-
ferences may be attributed to specific issues that are more
commen in certain incidences: contrast backflow (less prob-
lematic in PA or RAO caudal); coronary/ catheter crossovers
(such as spider or extreme RAO cranial - Figure 5); prox-
imity of bone (such as RCA LAD views); smaller samples of
some incidences, such as PA cramial; uncommon catheter
pathways, such as the femoral approach, which sometimes
produces a central vertical outline.

Globally, both Al models achieved a very high D5C, with
higher performance in artery segmentation than in catheter
segmentation, supporting the results of qualitative clinical
assessment. When factors are weighed up based on their
perceived relevance - as assessed by G55 - both performed
very well. The enhanced Al scored an average of 90 points,
meaning it provided 20% of what experts deemed most rele-
vant when viewing a CAG. By all measures, the enhanced
Al was the better model. However, the fact that differ-
ences between the two Al models were not large and that
the enhanced Al was preferred in most, but not all cases,
highlights the difficulty in improving an already good per-
formance.

Other studies with artificial intelligence applied to
coronary angiography segmentation/interpretation

Few studies regarding coronary artery segmentation based
on Al technologies have been published in medical/biology
journals to date. Yang et al.” successfully developed Al
models capable of segmenting CAG. Their dataset was larger
{3302 images /2042 patients) and was also annotated by two
expert physicians. Different incidences were also used. They
also focused exclusively on segmenting specific segments of
major vessels with at least mild (>30%) stenotic lesions. Mei-
ther the branches nor the catheter were segmented, leading
to a much simpler problem than the one addressed in this
article.

Two other works®'? from the same baseline dataset, also
developed Al-based CAG segmentation. Their dataset was
also larger (4904 images from 170 videos). However, the
annotations were performed by medical students and no
details are provided regarding patient subset, target vessel
or incidence.

Very recently, Du et al.! published the results of a broad
study. They focused on two tasks: CAG segmentation and
special lesion morphology identification (calcium, throm-
bus, among others). For the former task, which overlaps
with ours, they used a very large dataset of 13 373 images
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Figure 5 Crossovers in spider (above) and extreme RAO cranial (below) views generating artifacts.

distributed across ten incidences (six LCA and four RCA),
annotated by ten qualified analysts. This was an all-comers
study, rather than focusing on patient subsets. They too
annotated catheter/arteries and additionally marked dif-
ferent coronary segments. Their model is impressive as
judged by the presented images, as they even distinguished
between contrast backflow, catheter and coronary. How-
ever, they did not specify the exact criteria for segmenting
the coronary tree and their exact metrics make it difficult to
assess exactly how their models performed in detail regard-
ing segmentation.

While all the abovementioned groups have worked with
datasets larger than ours, our study has several unique
features: (1) there was medical rationale for vessel size seg-
mentation; (2) results were assessed from a set of criteria
defined by experts, capturing the quality of the segmenta-
tion from an Interventional Cardiologist’s eyes; (3) human
annotations were also graded, rather than assuming a per-
fect human ground truth; (4) specific segmentation tasks
were appraised individually, enabling insights into strengths
and weaknesses of Al and human models alike; (5) results
were also considered globally with the GSS, by factoring
the relevance of each criterion, enabling a broad, simple
appreciation of the results. Furthermore, the ability to per-
form high-quality segmentation in a system trained using
less data provides relevant evidence that more advanced Al
systems can be effectively applied even in situations where
the available data are limited.

Limitations

This is a single center retrospective dataset, involving a sin-
gle image per projection and a smaller sample size than
some previously published manuscripts. The images come
from the same angiography devices (Siemens Artis) and thus
we have not yet tested our models on images obtained from
other equipment or image settings.

We have not yet conducted formal assessment on how
well the models perform in segmenting specific degrees of
stenosis severity. Our models are also yet to be tested for
specific vessel disease types (calcium, thrombus), clinical
settings (chronic total occlusion, ST-elevation myocardial
infarction).

We have not yet assessed the performance of Al models
on an external validation cohort. There are several rea-
sons for this. We aimed to compare Al and human results
in detail first and assess the exact performance of Al models
for each segmentation task. A validation dataset would com-
prise a new set of images, which would not undergo human
segmentation, thus impeding comparison with human per-
formance. Also, validation implies that a metric be available
for comparing results. Because the Dice methods require
a ground truth human annotation for comparison, and the
GSS was developed and applied for the first time for this
paper, we felt a suitable metric was not yet available for
performing validation prior to the current analysis. In addi-
tion, Al models are continuously and dynamically improving.
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Aswe are currently working on further testing and enhancing
current Al models (view Future direction and implications
section below), we felt performing external validation at
this stage was premature.

The exclusion of cardiac devices/cardiac surgery and
other foreign objects renders our models not yet applica-
ble to such cases. We did not, however, exclude cases with
previously implanted stents.

Lastly, focusing specifically on patients undergoing inva-
sive physiology assessment may have created bias, limiting a
broader application of the models to other patient subsets.

We are currently working to address all these issues in
future research.

Future direction and implications

Coronary angiography segmentation in itself is not end
objective but rather an essential milestone for developing Al
systems capable of CAG analysis and interpretation. These
results should, therefore, be regarded as a first step, rather
than a final deployment tool. While not yet ready for imme-
diate clinical application, the results of both Al models are
already relevant, providing a framework that can be built
upon in the future.

Further steps include testing the models for stenosed
segments, which will be critical for clinical application. In
the future, we aim to test our models with a validation
cohort using new angiograms. Sub-segmentation, automatic
anatomical identification and physiology are also areas for
future research.

We will also strengthen the capabilities of our models
further by broadening our training base to other patient and
lesion subsets, focusing on particular issues where there is
still room for improvement, as identified by our uniquely
detailed analysis.

Our results also provide insight into which human tasks
are most challenging, which may be of use to other
researchers.

Global Segmentation Score is the first of its kind for
assessing the quality of segmentations in CAG. By providing
a reasonably objective and quantitative clinical measure-
ment, it can be used as a benchmark for comparing and
validating results across research groups.

Lastly, while conventional segmentation software does
exist, it is not without limitations, and only by developing
Al systems can we compare and improve both in the future.
The potential implications of Al for Interventional Cardiology
are immense, and we envisage a catherization lab of the
future where all of these insights render the human eye more
objective, thus improving patient care.

Conclusions

We successfully developed two Al models capable of good
quality automatic CAG segmentation, as assessed by GDS,
DSC and the GSS. From an expert’s perspective, the latter
and its individual criteria provided a feasible, reasonably
objective and quantifiable way of assessing the results.
The enhanced Al model outperformed the baseline Al
model in coronary segmentation tasks as well as globally.
With regards to catheter segmentation tasks, the enhanced

Al model improved on the task of catheter thickness, but
performed less well in other catheter segmentation tasks.
Both human segmentations were superior to both Al models,
but only the enhanced human segmentation, built by com-
bining the best of baseline human segmentation and baseline
Al, achieved a near perfect GSS.

These results provide a relevant framework for building
upon, potentially leading to future clinical application.
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Abstract

Introduction We previously developed an artificial intelligence (Al) model for automatic coronary angiography (CAG) seg-
mentation, using deep leamming. To validate this approach, the model was applied to a new dataset and results are reported.
Methods Retrospective selection of patients undergoing CAG and percutaneous coronary intervention or invasive physiol-
ogy assessment over a one month period from four centers. A single frame was selected from images contaiming a lesion with
a 50-99% stenosis (visual estimation). Automatic Quantitative Coronary Analysis (QCA) was performed with a validated
software. Images were then segmented by the Al model. Lesion diameters, area overlap [based on true positive (TP) and true
negative (TN) pixels] and a global segmentation score (GSS — 0 -100 points) - previously developed and published - were
measured.

Results 123 regions of interest from 117 images across 90 patients were included. There were no significant differences
between lesion diameter, percentage diameter stenosis and distal border diameter between the original/segmented images.
There was a statistically significant albeit minor difference [0,19 mm (0,09-0,28)] regarding proximal border diameter. Over-
lap accuracy ((TP+ TN){(TP+ TN +FP+ FN)), sensitivity (TP / (TP+ FN)) and Dice Score (2TP/ (2TP+FN +FF)) between
original/'segmented images was 99.9%, 95,1% and 94 8%, respectively. The GSS was 92 (87-96), stmilar to the previously
obtained value in the training dataset.

Conclusion the AT model was capable of accurate CAG segmentation across multiple performance metrics, when applied to
a multicentric validation dataset. This paves the way for future research on its clinical uses.

Keywords Deep learning - Artificial Intellizence - Machine learning - Coronary angiography - Coronary artery disease -
Percutaneous coronary intervention.

Abbreviations STEMI ST-elevation myocardial infarction
GSS Global Segmentation Score CTO Chronie Total Occlusion
Al Artificial Intelligence

CAG Coronary Angiography
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Introduction

The application of artificial intelligence (Al) to coronary
angiography (CAG) has only been ascertained in very few
medicalbiclogy publications [1-4]. While the possibilities
of such an approach are vast, the first step is arguably to
produce accurate segmentation of CAGs, i.e., clearly iden-
tifying the coronary tree while excluding other structures.

We have previously published the first results of deep
learning models capable of good quality CAG segmentation
[5] In this paper, we aim to validate the results, by apply-
ing the model to a new, previously unseen, dataset of coro-
nary angiographies from multiple centers. A well-kmown
validated software was used as reference for segments with
non-occlusive lesions, where detailed measurements were
undertaken, while also applying the previously described
Global Segmentation Score for broad assessment of seg-
mentation quality [3].

Methods
Participating centers and equipment

Four centers from across Portugal participated in this study.
Images were acquired in Siemens Axiom Artis and Philips
Azurecn equipment.

Inclusion criteria

Retrospective selection of consecutive patients who had
undergone CAG and percutaneous coronary intervention
(PCT) and‘or underwent invasive physiology assessment
(Fractional Flow Reserve and/or other indexes), within a
1-moenth period of 2022, regardless of clinical context (i.e.
both acute and chronic corcnary syndrome). This ensures
the model was tested in a real-world context where revascu-
larization was either being considered or performed, thereby
excluding a population with normal or near-normal coro-
nary arteries.

Exclusion criteria
We exclnded cases where any of the following apphied:

1} Patients with previous cardiac surgery, cardiac devices
or other sources of potential artifact.

2} Absence of coronary lesions 50-99% stenosis by visunal
estimation (Le. single-vessel ST-elevation myocardial
infarction — STEMI - or chronic total occlusions — CTO
alone).

3} Poor image quality.

@ Springer

4} Unclear mdividualization of lesion outline with no
overlapping vessels.

3) Unsuoccessful automatic measurements with validated
software (details below).

6) Unsuccessful software extraction and superimposition
of lesion markers on segmented image (details below).

Image selection

For each selected lesion, a single end-diastolic frame with
clear outline definition of the vessel and target lesion was
selected. More than one segment per patient and/or image
could be used. With an original fraining dataset of 416
images as previously published [5], we aimed to have a vali-
dation dataset of at least 100 images.

Brief description of previous work and Al model

In our previous work [3] we trained Al models for CAG
segmentation using 416 images from patients undergoing
physiology or PCI in a single center. The images were man-
nally annotated by a small group (two Cardiclogy Fellows
and an Interventional Cardiologist, who both annotated and
supervised the process) and continuously reviewed and cor-
rected, in order to minimize heterogeneity and errors.

We then performed sepmentation using an encoder-
decoder fully convolutional neural netwotks based on the
U-Net [6]. commonly used in medical image segmentation.
These are composed of an encoder for extracting image
features and a decoder to process those features and pro-
duce segmentation masks. To derive the best approach for
this task, we conducted a comparative study of encoder and
decoder architectures, which resulted in the proposal of the
EfficientUNet++, a computationally efficient and high-per-
forming decoder architecture [7]. which obtained the best
results when combined with an EfficientNet-B3 encoder [8].

To ensure fair evaluation and minimize any bias induced
by the input data, each model was tested on data it had not
seen during training. The dataset was thus split at the patient
level, into 13 subsets of approximately 32 angioprams each.
Each subset’s segmentation was performed using a neural
netwotk trained exclusively on the remaining data. This
enabled the assessment of the segmentation results for the
entire cohort, as the usual splitting into a training and test-
ing dataset would have yielded a much smaller group of
images for result assessment. The training hyperparameters.
namely the number of training epochs and the leaming rate
decay schedule, were set on the first train-test split, using 1
of the 12 traming data subsets for validation. The selected
values were then used on every other train-test split, and to
train the model on the whole training set of the first split.
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We also considered cross-validation, but it would be very
compute-heavy.

This process resulted in an early Al model, which was then
further improved by a second round of manmal annctation,
where the annotators comected the resulting imperfections,
thereby producing a final training dataset. An “enhanced”
model was then trained once again using the same process
with the new improved annotated dataset, yielding superior
results to the early model, with a final Generalized Dice
Score of 93 48/ +/- 2,84%. While we continue to work on
improving ouwr model, because the aim of this study is to
validate the aforementioned “enhanced” model as previ-
ously published [5]. no additional training was performed.

Original images analysis and segmentation

A well-established and validated software (CAAS Work-
station 8.5.1) capable of semi-antomatic segmentation and
Quantitative Coronary Angiography (QCA) was used to
generate a reference dataset for comparison. Because it is
especially important for a model to comectly segment dis-
eased segments, QCA analysis was performed in selected
segments with a stenosis severity of 50-99% by visunal
estimation. For QCA measurements, calibration was per-
formed either automatically (based on the DICOM informa-
tion) or by measuring the catheter (3 or 6 Fr). provided it
was clearly visible and measurable. The region of interest
was then selected and automatic QCA measurements were
undertaken.

For each region of interest where successfol automatic
QCA measurements were undertaken the lesion diameter,
reference diameter, diameter at proximal obstruction bor-
der and diameter at distal obstruction border were recorded.
The diameter stenosis percentage was calculated as follows:
((reference diameter — lesion diameter) / reference diam-
eter) x 100 [9]. No manual adjustments were accepted, in
order to exclude human bias or human-induced imperfec-
tion. If the automated cuthine and measurements were not
clearly accurate by visual inspection, the case was excluded
(supplementary Fig. 1).

The original images (i.e.. without the measurement anno-
tations generated by the CAAS software) were then seg-
mented using our best Al model to date [5], which sepments
the coronary tree in white and the catheter in red. This pro-
cess is fully antomatic and the only required human input is
the image itself. These images were used for testing only,
not training,.

Performance assessment
Diameters and percentage diameter stenosis

A dedicated python script was written to extract the CAAS
markers and superimpose them on the segmentation
obtained by the model. The lesion diameter, diameter at
proximal obstruction border and diameter at distal obstruc-
tion border were then measured using a dedicated python
script as well, by verifying the superimposition of the mark-
ers with the coronary tree. Because the reference diameter
does not exist in the segmented image (which only contains
the coronary artery tree and catheter). the CAAS-generated
value was used. Percentage stenosis was then calculated
using the same equation. Finally, we also compared the
measured catheter diameter on the original image versus the
segmented imapge with another adaption of the same script,
by measuring the distance between the two parallel lines
generated in the original image from the CAAS software.
The resulting measurements obtained in the original and the
segmented images were then compared.

Overlap between original and segmented Images

A dedicated python script was also used for assessing the
ovetrlap between the oniginal and the segmented images in
the region of interest, using the CAAS output as reference.
Pixels were then classified as follows:

— True positive (TP): a pixel marked as coronary in both
the segmented and criginal image.

— False positive (FP): a pixel marked as coronary only in
the segmented image.

— Tioe negative (TN): a pixel marked as non-coronary in
both the segmented and original image.

— False negative (FN): a pixel marked as non-coronary
only in the original image.

Using this classification, the following parameters were
calenlated:

— Accuracy: ([TP+TN}J[TP+TN+FP+FN])

- Sensitivity: TP/ (TP+FN).

—  Specificity: TN/(TN+FP),

— Positive Predictive Value: TP / (TP+FF).

— Negative predictive value TN/(TN+FIN).

— Intersection over Union (ToU): TP/ (TP+FN+FF).
— Dice Score: 2TP / (2TP+FN+FP).

@ Springer
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Global segmentation score

While the above-mentioned criteria offer a detailed account
of the model’s accuracy, they do not provide a broad over-
view of the quality of segmentation as assessed by experts
in CAG mnterpretation (ie. Cardiologists). As a result, we
have previcusly developed the Global Segmentation Score
(GSS), which we have previously applied on the original
CAG dataset used to train the AT model (details on its apphi-
caticn on supplementary data file) [5]. The GSS was scored
by consensus by four Interventional Cardiologists (one from
each contributing center).

Figure 1 summarizes the above-mentioned steps for
Assessing coronary segmentation.

Statistical analysis

Descriptive variables are shown in absolute and relative
(percentage) numbers. Quantitative variables are shown
in average + standard deviation (if normally distributed) or
median (interquartile range) if non-normally distributed. If
distribution was normal, we used the paired samples T-test
to assess for differences in related samples quantitative vari-
ables. If distribution was not normal, we used the Mann-
Whitney test (two independent groups) or the Kruskal
Wallis test (mmltiple independent groups) to assess for dif-
ferences in quantitative variables. A p-value < 0,05 was used
for statistical significance. SPSS 27 was used for analysis.

Ethical issues

This study complies with the Declaration of Helsinki and
was approved by the local Ethics” Institutional Review
Board.

Results
Baseline characteristics

We included 123 measurements from 117 images, from
a total of 90 patients (flowchart in Fig. 2; clinical data on
Table 1). The left anterior descending artery (LAD) was the
most common target vessel (three measurements were taken
on diagonals, two emerging proximally and one emerging in
the middle segment of the LAD: all were taken on the proxi-
mal segment of the collateral). with measurements taking
place more frequently in the middle and proximal segments.
As measured by QCA. most lesions had a 50-69% diameter
stenosis, with a minerity of = 70% lesions (Table ).

@ Springer

Performance
Diameters and percentage diameter stenosis

Detailed metrics of images (Fig. 3) are depicted in Tables 3
and 4. There were no significant differences for all param-
eters except for diameter at proximal obstruction border,
where the median difference between groups was 0,19 mm.
All difference parameters (Table 3) had a non-normal distri-
bution, with the interquartile range demonstrating that there
is a clear predominant difference towards the lower-end val-
ues, as the 25th guartile is either 0 or very close to 0.

There were no significant differences across stenosis
severity (supplementary Table 1) or target vessel (supple-
mentary Table 2). There were also no sigmificant differences
considering across centers (supplementary Tables 3 and 4).

With regards to the catheter diameters (Fig. 4), results
are shown on supplementary Table 5. A significant number
of cases (26/117— 22%) had to be excluded, either because
of collimation (rendering the catheter not visible — 8 cases)
ot segmentation gaps leading to inaccurate border defimi-
tion (18 cases). The latter occur becanse the model focnses
especially on segmenting the distal part of the catheter for
correctly identifying the transition between catheter and cor-
onaty, whereas in the original images calibration occumred
predominantly in less distal portions. Because the presence
of two groups (5 and 6 Fr) of catheters renders the overall
distribution of the sample non-normal, the two groups were
analysed separately. There were no significant differences
between the criginal and segmented images. Again, the dif-
ference parameter had a non-normal distribution, with the
intercuartile range demonstrating that there 1s a clear pre-
dominant difference towards the lower-end values.

Overlap between original and segmented Images

Results are detailed on Table 5. The model scored > 90% in
all metrics (Fig. 5). There were some significant differences
between target vessel (supplementary Table 6) and stenosis
severity (supplementary Table 7) which, in absclute terms,
were between 1 and 3%. There were no differences between
centers (supplementary Table 8).

Global segmentation score

Results are shown on supplementary Table 9. The model
scored well above or close to 90% in most criteria. Cath-
eter gaps were common, usually due to contrast backflow
impeding proper visualization of such portions. Catheter
artifacts were common and mild gaps in distal parts of small
collaterals were quite common as well.
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Fg.1 Graphical Abstract: Overview of the segmentation and analysis
process. Top left- Baselime CAG of a nght coronary artery. Top nght:
AT automated segmented image. Bottom left: automatic QCA analy-
sis image output in detail. Bottom middle: transposition of the lesion

N is lower than overall measurements due to assessment
of more than one lesion per image and 8 cases of collimation
where the catheter could not be scored, thereby excluding
those cases from assessment.

markers on the segmented image in detail. Bottom right: area over-
lap between the region of nterest in the auto-QCA and the segmented
Image; white pixels are true positives; green pixels are false negatives;
red pixels are false positives

Discussion

Main findings

A deep learning Al segmentation model was capable of fully
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Fig.2 Flowchart of patient and
image selaction

230 patients

met inclusion criteria

81 patients excluded:

- Occlusive lesions only

149 patients eligible forimage /

extraction

- Artifacts

- Poorimage quality

- Poorlesion outline

90 patients

- Failed QCA markers
superimposition on

segmented images

117 images successfully \

processed

89 images excluded due to:

- Failed automatic QCA

~

o

Table 1 Clinical characteristics of inchuded patients

Factor N +/- 5D or N(%)
Age 65 +- 12
Sex (male) T3 (81%)
Hypertension. 62 (6B.9%%)
Diabetes mellitus 28 (31,1%)
Dryslipidanma 55 (61,1%)
Smeker (past or present) 50 (35,6%)
Chromie coronary syndrome 37 (41,1%)
Acute coronary syndrome 53 (58,9%)
Revascularization durmg/after CAG 76 (34.4%)
Invasive Physiology during procedure 19 (21,1%)

automatic accurate CAG segmentation, as checked by a ref-
erence segmentation obtained with validated software and
also when assessed by a broad assessment score we previ-
ously developed [3].

Diameters at both healthy segments (proximal and dis-
tal lesion borders) and diseased segments (diameter at
maximum cbstruction zone) were similar between the two
groups, with statistically significant differences only at the

@ Springer

Table 2 Dhstribution of target vessel and lesion severity. LAD: Left
Anterior Descending Artery; RCA: Right Coronary Artery; CH: Left

Circunflex Artery
Parameter W (%)
Targat Vessal LAD Proximal 19
Middla 23
Distal k3
Total 50041}
RCA Proceimal 9
Middle 24
Distal 8
Total 4133
CX Proximal 9
Middle 21
Distal 2
Total 32(26)
Lesion seventy =T0% 22(18)
50-69% 58(4T)
<50% 43 (35)
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Flg.3 Comparative view of a right coronary artery (56% stenosis by QCA). Left-to-right: original image, auto-QCA, transposition of lines (proxi-
mal border diameter, lesion diameter and distal border diameter) to segmented image

Table 3 Detailed measurements between the original and the seg-
mented mages. Values shown as mean + standard deviation. Al - arti-

Table 4 Median differences between the orginal and segmented
i Values shown as median (IQ 25th — 75th)

ficial intellizence. *Paired ples T-test; P, Difference
Parameter Onginal Al Gener- P-value* Diameter Stenosis (%) 45(0-7.7)
Image ated Diameter at lesion (mm) 0,10 (0-0,17)
Segmented Diameter at proximal obstruction border (mm) 0,19
L] (0,09-0,28)
Diameter Stenosis (%) %+13  55+13 0071 Diameter at distal obstruction border (mm) 0,10 (0-0.19)
Diameter at lesion (mm) 1,06+039 1,08+037 0,146
m:;(m’;m‘ﬂ opstme- 22710,54 2092053 <8N The stenosis severity as assessed by percentage stenosis
Diamster at distal of ion 2194056 2154058 0133 only differed by <5% in absolute terms, a difference not
border (mm) meaningful either statistically or clinically. The latter is

proximal obstruction border. However. in absolute terms,
the difference was very small (0,19 mm, a < 10% difference
considering the proximal diameter in either group) and we
therefore believe it is unlikely to be of clinical significance.

perhaps the single most important finding, as percentage
diameter stenosis is the fundamental criteria assessed in
clinical practice for proceeding with either revasculariza-
tion or functional testing, as recommended in current guide-
lines [10]. Importantly, there were no significant differences
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Fig.4 Catheter segmentation
assessment. Left-to-right- oniginal
image, auto-border detection by

of lines i prosnal border &
segmented image

Table5 Overlap metrics. Values shown as median (IQ 25th — 75th)

Accuracy (%) S ity (%)  Specificity (%) Positive predictive  Negative predictive Intersection over Dice Score
value (%) value (%) Union (%) (%)
99,9 (99,9-99.9) 95,1(92,8-964) 99,9 (99,9-99,9) 94.9 (93,1-96,5) 99,9 (99,9-99.9) 90,1 (87.6-91.7) 948
(93.4-95,7)

Flg.5 Area overlap i a and left anterior d

ding 64% is (as

d by QCA).

in performance regarding target vessel, stenosis severity or
centers.

When considering the overlap between the segmented
image and the original image. accuracy. specificity and
negative predictive value scored close to 100%. This was
expected, because most of the image is composed by back-
ground rather than artery. As a result, we believe metrics
that do not take into account true negatives provide a more

@ Springer

faithful indication of the actual model performance. In that
regard, sensitivity and positive predictive value still scored
quite high. at approximately 95%. The metric that more
directly assesses the true overlap between the original and
segmented images in the region of interest (correctly iden-
tifying all of the vessel while avoiding non-artery pixels) is
the intersection over union criteria, which fell just short of
90%. Lastly, the Dice Score puts greater emphasis on the
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fundamental task of segmentation — correctly identifying the
target structure i.e. true positives — in this case, the coronary
tree. With an average score of approximately 95%, while
also considering all the remaining metrics, we believe our
model can be described as accurate. Importantly, the Dice
Score in our previous study was 93%, thus very similar to
what we now found [5]. There were statistically significant
differences in the IolJ and Dice Scores between target vessel
stenosis sevenity. Notwithstanding, the absclute differences
were very minor (around 1-2%) and therefore of litfle or no
clinical relevance.

With regards to the GSS, our model achieved a high
score with a median of 92/100 points, exceedingly similar
to what we had previously described in the dataset used to
train and develop the moedel. The model scored very agh
in almost all tasks, while maintaining minor imperfections
with regards to mild gaps in collateral branches, which were
very frequent. Catheter segmentation was not as good as
coronary segmentation, as usually small catheter artifacts or
gaps in the vicinity of the coronary tree origin were com-
mon. This was due not only to contrast backfiow, but also
becanse of how Al models are trained and function. Indeed,
performance is very dependent on class frequency. Because
the catheter is a less frequent class (i.e. corresponds to much
fewer pixels), the models receive less penalty for errors
regarding its segmentation when compared to the coronary
tree. This is partly mitigated by the use of an appropriate
loss function, but the imbalance nevertheless persists to
some extent. Once again, this was very similar to what we
saw in the training dataset [3]. With regards to precise cath-
eter measurements, the differences between original and
segmented mmages (for both 5 and 6 Fr catheters) were not
statistically significant, suggesting the catheter’s segmen-
tation, from a calliper precision point of view, is accurate.
However, due to the above-mentioned limitations and to a
small number of images where only a small portion (or none
at all) of the catheter was discernible, our sample was some-
what reduced, thereby limiting this assessment.

Other studies in the field

There are very few studies published in medical’biclogy
journals to date where a companson with our results can
be made. With regards to the GSS in particular, no similar
application has ever been undertaken. to our knowledge.
The largest published study [3] included a dataset of
1050 images distributed across all incidences and vessels
for performance evaluation. An average 98% accuracy was
obtained. While specificity and negative predictive values
scored very highly, sensitivity and positive predictive value
came closer to 80%. The performance was slightly inferior
in more distal vessels. Intersection over union or Dice Score

were not reported. Importantly, however, that study’s evalu-
ation used the baseline human annotation as reference, rather
than an external vahdated software, thereby not enabling
the identification of bias or imperfections which might have
become embedded in their AT model. In our previous study,
we demonstrated that even with a small group of annotators
and continnous review of the annotations, there is always
some degree of imperfection in liman annotation [3], hence
the relevance of companng against an automated and vali-
dated external software. Additionally, the reported accuracy
focuses on the overlap across the entire coronary tree rather
than the percentage stenosis of diseased segments. This is
advantageous in the sense that a globally accurate perfor-
mance can be tested. Notwithstanding, we believe testing
only for diseased segments actually renders the comparison
more demanding. This is because the segmentation of ste-
notic segments is harder from a technical point of view and
also due to the fact that the number of true positive pixels
is necessarily smaller in such segments — leading to a lower
likelihood of true positives. Whichever interpretation is
made, it 15 clear that an exact compatison with Du et al. [3]
is not possible. However, broadly speaking, the accuracy of
both models seems quite high and our model seems at least
as accurate, if not more.

Su Yang et al. [4] also produced Al models for CAG seg-
mentation. Thewr validation dataset was somewhat larger
(181 images), but thewr performance seems slightly lower,
with all overlap metrics generally scoring just short of 90%
and a Dice Score of 89%. Importantly. they alsc only seg-
mented diseased segments, with a minimum lesion of 30%
and used the same reference software as we did. Thus, their
results are more directly comparable to ours and our model
seems to have superior performance. Two other works [1.
2], from the same baseline dataset, also went on to develop
Al-based CAG segmentation, this time with a validation
dataset of 530 images. While the model performed well,
with an accuracy of 98% and a sensitivity of 87%, they
also based their validation dataset on human annotation of
the coronary tree without using external software. Thus the
above-mentioned considerations for Du et al. [3] also apply.

Recently, Gao et al. [11] published the results of a CAG
segmentation model frained on only 130 images. Their
methodology, however, 1s somewhat different. since they
combined features from deep learning segmentation mod-
els’ features and non-Al image filters to perform pixel-wise
classification using gradient-boosting decision trees [12]
and deep forests [13]. Their results also show good perfor-
mance, with a Dice Score of 87 4%, sensitivity of 90,2%
and specificity of 99.2%. This ighlights that merging deep
learning with traditional computer vision methods can yield
good results, when working with relatively small datasets.
However, no external validation software was used and the
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whole coronary tree was evaluated. As a result, once more,
the previous considerations for Du et al. [3] apply.

Other wotks in the application of Al to coronary segmen-
tation are primarily technical and featured in engineering
publications. A detailed review of these falls outside the
scope of this paper and can be consulted in our previous
technical publication [7]. However. some considerations
regarding these provide further contextualization of owr
findings.

Xian et al. [14] used a very large dataset of 3200 manu-
ally annotated images and experimented with the TT-Net
architecture as well, with a sensitivity of 90,1%, positive
predictive value of 89.8% and Dice Score 90%. However,
the annotations were undertaken with a specific software
for the purpose of coarsely signaling the wessel route, and
focused only on the main vessels. Since we achieved higher
performance metrics, it seems a smaller but higher quality
dataset, with very precise and cumbersome manual annota-
tions, may be a better approach.

Yang et al [15] have obtained a sensitivity, positive pre-
dictive value and Dice Score of 91,3%, 92,5% and 91,9%,
respectively, by using popular image classification back-
bones pre-trained on ImageNet instead of the U-Net's
encoder, while also using a modified generalized dice loss
function. Their findings were influential in our training
method, as we used a combinatien of their proposed loss
function and the focal loss [16]. Other authors have explored
the use of dense connections, improving on the performance
of the standard U-Net [17]. This approach is also present in
the U-Net ++ [18], which we used in our approach.

In all of the above studies, metrics regarding vessel
diameters were not performed. Thus, a direct companison
with this study regarding those is not possible. Mhiri et
al. addressed the issme of CAG diameter measurements,
when dealing with the issue of diameter vanation during
the cardiac cycle due to vessel distensibility. They focused
mainly in measuring specific segments of the coronary tree,
as we did However, they used a graph-based segmenta-
tion method, then tracked the changes across the cardiac
cycle using a spatio-temporal segmentation method. They
obtained a Dice Score of 98%, with a very small diameter
mean error (0,18 mm) [19]. However, they did not focus
on diseased regions. While this study i1s not focused on Al
methods, it hghlights that other methods may be of use for
accurate CAG segmentation, potentially in combination
with AT tools [11].

In light of all these studies, the performance of our model
seems at least as good, if not better, than previcusly pro-
posed Al models. We believe this is related to its neural net-
wotk architecture, which was carefully chosen over a series
of experiments [7], taking into consideration the invaluable
contributions of previcusly mentioned studies. In addition
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to that, we also believe that our manunal annotations meth-
odology was essential, as it allowed us to obtain a highly
reliable training dataset: a small number of annotators (to
reduce heterogeneity) well trained in the interpretation of
coronary angiograms; very careful review of annotations
with recurrent iterations of guality checks and improve-
ments; and further manual improvement of the already accu-
rate segmentation images produced by an earlier Al model,
thus combining the best of AT and human annotations into
a final training dataset, as mentioned in the methods section
and previous publication [5].

Limitations

Our study is not without limitations. Despite the multicen-
tric approach, our dataset is relatively small when compared
to previcusly published studies. We also only tested the
model performance against validated software in diseased
locations, rather than on the whole coronary tree. Therefore,
we cannot affirm that the performance would be identical in
the remamning areas. However, as previcusly explained, seg-
menting zones with lesions is actually more challenging for
the model than segmenting breoad, mostly healthy segments.
In addition to that, we did not find differences regarding tar-
get vessel or lesion severity. Plus, considering the results
of the GSS, the overall performance regarding CAG seg-
mentation was guite appropriate. Thus, we believe that it 15
unlikely that performance would be significantly different
had we tested for the whole coronary tree. Importantly, if we
had chosen to segment whole vessels, it would be very likely
that some manual comrections had to be undertaken, which
might induce bias or imperfections in the reference images.
Hence, the decision to proceed as described was deliber-
ate. The assessment of catheter segmentation was also more
limited than that of the coronary tree, as described above.
The exclusion of potential sowrces of artifacts from
devices or previous cardiac surgery means our model is not
yet applicable to such patients. Notwithstanding. we didn’t
exclude cases with previous implantation of stents, but we
did not perform detailed measurements on such segments.
The total number of patients/images who fully met exclu-
sion criteria was somewhat high_ thereby limiting the final
amount of available images for analysis, which may raise
guestions as to whether this sample is representative of
everyday CAGs and an therefore constitutes an adequate
validation dataset. This was the result of somewhat stringent
criteria, which we felt were nonetheless necessary due to
basic feasibility (such as excluding single-vessel complete
occlusion cases where QCA 1s not applicable. or excluding
imaging artifacts for which the models are not yet trained),
reduction of bias (such as not allowing for manual QCA
comtection), o excluding patients with normal‘near-normal
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arteries (where testing would be much less challenging or
useful in future clinical application). Notwithstanding, we
included patients consecutrvely rather than selectively and
the clinical characteristics of included patients are in agree-
ment with everyday clinical practice. We therefore believe
our sample to be reasonably represemtative of real-world
practice. Furthermore, we exceeded the minimum valida-
tion target of 100 images, yielding relative rates of train-
ing vs. validation cases in agreement with other Al studies
[2-4].

The imbalance in sample size limits the comparison
between centers.

It has long been established that operators significantly
differ in their interpretation of lesion severity and have a
tendency to overestimate the importance of a stenosis [20—
24], as we also saw in this study. Indeed, while visually all
lesions were inferpreted as > 50% stenocsis, a significant
amount of the sample actually had a< 50% stenosis, which
further reflects the real-world nature of the dataset.

Lastly, the distance between the 2D centerline and the
distance to the closest edge would have also been a good
metric for assessing mode] performance in this setting. We
did not perform such testing.

In light of all of the above, concems may be raised regard-
ing generalization from this dataset. However, we believe
that the absence of statistically sigmificant differences across
all subgroups at least partially attenuates this concern.

Future directions

We are currently working in automatic anatomical interpre-
tation, lesion severity based on auto-QCA and integration
with physiology. We believe without effective segmentation
models, none of these will be possible. Much like for human
interpretation of CAG, separating the coronary arteries from
everything else in the image is an essential first step. Our
ultimate goal is to produce an intelligence augmentation
tool that helps physicians perform a more objective and
streamlined interpretation of CAG, hopefully contributing
for better patient outcomes. As we continnously improve its
performance, while also adding new capabilities, clinical
application will potentially be possible in the near future,
opening a new perspective and potentially more accurate
method to assess coronary artery disease.

We are also continmously working to expand and improve
the model, as segmentation alone is not a final goal in itself,
but rather a fundamental step. We hope to release a public
version in the near future, which other researchers may use
for whichever application they may deem useful. Impor-
tantly, comparing or even merging with future models from
other proups may also be very relevant. Since it uses an
inherently data-hungry deep leaming model, our coronary

artery segmentation system would surely benefit from tramn-
ing on a larger volume of data. Manval annotation of coro-
nary angiopraphy images, however, is very combersome
and time-consuming, and therefore it is difficult to obtain
much larger labeled datasets. Hence, significant improve-
ments to the model could probably be achieved, for exam-
ple. by using self-supervised learning on existing very large
volumes of unlabeled data. These possibilities are described
in detail in our previous technical publication [7].

Data Availability

Detailed full-scale study data cannot currently be made pub-
licly available due to limitations imposed by national data
protection regulations, as this is a retrospective study and no
informed consent was obtainable regarding this particular
analysis. Both our research team and others in the national
scientific community are working to develop a framework
where such would be possible. However, independent rep-
lication of our analysis is possible, given that the detailed
description of our experimentations and relevant code is
publicly available [7].

Conclusions

Our Al model was capable of accurate CAG segmentation
when applied to a nmlticentric validation dataset, with no
differences between target vessels or stenosis severity. This
paves the way for future research and implementation for its
clinical uses.
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Abstract

Background: Visual assessment of the percentage diameter stenosis (%DSyg) of lesions is
essential in coronary angiography (CAG) interpretation. We have previously developed an
artificial intelligence (Al) model capable of accurate CAG segmentation. We aim to
compare operators’ %DSye in angiography versus Al-segmented images.

Methods: Quantitative coronary analysis (QCA) %DS (%DSqca) was previously
performed in our published validation dataset. Operators were asked to estimate %
DSy of lesions in angiography versus Al-segmented images in separate sessions and
differences were assessed using angiography %DSqca as reference.

Results: A total of 123 lesions were included. %DSyg was significantly higher in both
the angiography (77% +20% vs. 56% + 13%, p < 0.001) and segmentation groups
(59% +20% vs. 56% + 13%, p < 0.001), with a much smaller absolute %DS difference
in the latter. For lesions with %DSqca of 50%-70% (60% +5%), an even higher
discrepancy was found (angiography: 83% + 13% vs. 60% + 5%, p < 0.001; segmen-
tation: 63% + 15% vs. 60% + 5%, p < 0.001). Similar, less pronounced, findings were
observed for %DSqca < 50% lesions, but not %DSqca > 70% lesions. Agreement
between %DSqca/%DSye across %DSqca strata (<50%, 50%-70%, >70%) was
approximately twice in the segmentation group (60.4% vs. 30.1%; p < 0.001). %DSye
inter-operator differences were smaller with segmentation.

Conclusion: %DSye was much less discrepant with segmentation versus angiography.
Overestimation of %DSqca < 70% lesions with angiography was especially common.
Segmentation may reduce %DSye overestimation and thus unwarranted revascularization.

KEYWORDS

artificial intelligence, coronary angiography, coronary artery disease, deep learning, machine
learning, percutaneous coronary intervention

Abbreviations: Al, artificial intelligence; CAG, coronary angiography; %DS, percentage diameter stenosis; %$DSqca, percentage diameter stenosis by QCA; %DSye, percentage diameter stenosis

by visual estimation.

Catheter Cardiovasc Interv. 2023;102:631-640.

wileyonlinelibrary.com/journal/ccd © 2023 Wiley Periodicals LLC. 631

233



234

Appendix

NOBRE MENEZES €T AL.

2 | WiLEY
1 | INTRODUCTION

The assessment of the severity of coronary stenosis is essential for
revascularization decisions. In clinical practice, operators often begin by
assessing the percentage diameter stenosis (%DS) of lesions, which can
either be estimated visually (%DSye) or by means of direct semi-automatic
measurement with quantitative coronary angiography (CAG) (QCA—%
DSQCA).1 However, multiple studies have shown that visual inspection
tends to result in average higher percent diameter stenosis than QCA,
with heterogeneity across operators and/or hospitals.® Disagreements
of lesion severity by visual inspection versus QCA may be clinically
relevant, as they have been associated to the likelihood of clinical events.”

Furthermore, the assessment of the functional significance of
stenosis by means of fractional flow reserve (FFR) has been proven to
be superior to that of angiography alone regarding clinical outcomes,
despite the fact that physiology-guided revascularization results in
lower rates of percutaneous coronary intervention, once again
highlighting that operators tend to overestimate the severity of
lesion severity by visual estimation.® As a result, current guidelines
strongly emphasize the role of physiology or ischemia testing in the
assessment of coronary lesion severity, rather than angiography
alone.”° Despite this, the adoption of physiology remains low.'**?

As a result, non-invasive and automatic tools that reduce the
heterogeneity of CAG interpretation are desirable.’® Artificial intelligence
(Al) may be of use for such a task, but few studies are available in
medical/biology publications regarding its application for CAG.**"*” We
have recently developed Al models capable of accurate CAG segmenta-
tion.*®? In this study, we sought to evaluate how CAD lesion severity is
perceived by operators when CAGs are viewed in Al-segmented versus

fluoroscopy images, using QCA as reference.

2 | METHODS
2.1 | Previous work and study population

We have previously trained Al models for CAG segmentation based
on manual CAG annotation of patients undergoing invasive physiol-
ogy assessment (FFR and/or other indexes) or PCI, with an original
sample of 416 images.'®2° Recently, we published the results of our
validation study with an additional dataset of 117 images.'? Briefly,
consecutive patients who had undergone (PCl) and/or invasive
physiology assessment in four centers from across Portugal were
selected. The images were then automatically segmented with our Al
model. Lesions were measured by QCA with a validated software
(CAAS Workstation 8.5.1) in the original images, which were then
compared to the segmented images. We have shown that the Al-
generated segmentation was highly accurate, with no significant
differences between percentage diameter stenosis in fluoroscopy
versus segmented images, across all degrees of lesion severity, target
lesion or fluoroscopy equipment.*?

In this study, we chose to use the validation cohort for assessing
the impact of segmentation in the perception of lesion severity, given

that significant differences between segmented and original images
are thus a priori excluded, as they have all been previously measured.
As a result, potential differences can be attributed to visual
perception rather than actual dataset discrepancies.

2.2 | Stenosis severity assessment

One operator from each participating center was shown all images
consecutively in random order. First, the fluoroscopy images were shown,
followed by the Al segmented images. Two sessions, with at least a
1-week interval, were scheduled for each of the two datasets and the
order of randomization was different for each of the datasets, to avoid a
carry-over effect. Operators had not seen any of the images prior the
sessions and were blinded regarding clinical data, equipment or
originating center. %DSye was visually estimated for each target lesion
where QCA had been previously measured and operators were asked to
provide a specific %DS value of their choosing, rather than a range
interval.

Differences were then assessed both in terms of absolute %DS
values overall, as well as according to three %DSqca Strata, which
were defined as <50%, 50%-70%, and >70%.

2.3 | Statistical analysis

Descriptive variables are shown in absolute and relative (percentage)
numbers. Quantitative variables are shown in average + standard
deviation or median (interquartile range). To assess for differences in
related samples quantitative variables we used the Wilcoxon test
(paired samples) or the Friedman test (multiple related samples). To
assess differences in qualitative variables we used the Chi-square test.

For further illustrating discrepancies between %DS across the
angiography and segmentation groups, we calculated the %DSye/%
DSqca plotted in a scatter graphic in the Y-axis, against the %DSqca
in the X-axis.

A p <0.05 was used for statistical significance. SPSS 27 was used
for analysis.

2.4 | Ethical issues

This study complies with the Declaration of Helsinki and was
approved by the local Ethics' Committee.

3 | RESULTS
3.1 | Baseline characteristic
A total of 123 measurements (117 images), from a total of 90

patients, were included. Each operator performed %DS by visual
estimation in both the angiography and segmented images,
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TABLE 1 Clinical characteristics of included patients.
Factor N+SD or N (%)
Age 65+12
Sex (male) 73 (81)
Hypertension 62 (68.9)
Diabetes mellitus 28 (31.1)
Dyslipidemia 55 (61.1)
Smoker (past or present) 50 (55.6)
Chronic coronary syndrome 37 (41.1)
Acute coronary syndrome 53 (58.9)
Revascularization during/after CAG 76 (84.4)
Invasive physiology during procedure 19 (21.1)

generating a total of 984 %DSyg estimates. Most lesions had a %
DSqca of 50%-70% (Tables 1 and 2).

3.2 | Lesion severity assessment
3.2.1 | Overall results

Lesion severity by %DSyg was estimated to be higher with
angiography than with segmentation. While there were significant
differences between %DSye and %DSqca in both groups, the overall
absolute difference in %DS was lower in the segmentation group.
Additionally, no statistical difference was found between the
segmentation %DSve and the %DSqca for two of the four operators
in the segmentation group, whereas the difference was significant for
all operators in the angiography group (Tables 3, Figure 1).

When lesions were grouped in three strata of severity by QCA
(<50%, 50%-70%, and >70%), agreement with QCA was generally
low, albeit significantly higher (approximately double) with segmen-
tation than angiography, both considering the overall sample and
individual operators (Table 4).

3.3 | Results per QCA severity strata

For lesions with %DSqca > 70%, there was a statistically significant
higher %DSye estimation in both the angiography and segmentation
groups. In the segmentation group, %DSyg values were lower and
closer to %DSqca With no statistically significant differences for one
operator. Detailed results are outlined in Tables 3 and 4, Figures 2
and 3, Figures S1-54.

There was a clear strata agreement between visual estimation
and QCA with either angiography (100% agreement) or segmenta-
tion (88.6%).

For lesions with %DSqca of 50%-70%, there was a very large
and significant difference between %DSye with angiography, with

TABLE 2 Distribution of target vessel and lesion severity.
Parameter N (%)

Target vessel

LAD
Proximal 19
Middle 23
Distal 8
Total 50 (41)
RCA
Proximal 9
Middle 24
Distal 8
Total 41 (33)
CX
Proximal 9
Middle 21
Distal 2
Total 32 (26)

Lesion severity

>70% 22 (18)
50%-70% 58 (47)
<50% 43 (35)

Abbreviations: CX, left circunflex artery; LAD, left anterior descending
artery; RCA, right coronary artery.

median estimates of 80% or 90% across all operators and very low
rates of strata agreement (0%-19%).

When %DSye was undertaken with segmentation, differences
with %DSqca were small and significantly different only for two of
the four operators. The rates of strata agreement between visual
estimation with segmentation and QCA were significantly higher
when compared with angiography in the overall sample, with
individual rates across operators between 39.7% and 51.7%.

For lesions with %DSqca < 50%, there were also significantly
higher estimates %DSye with angiography for all operators and low
rates of strata agreement (11.6%-32.6%), but to a lesser degree than
in the %DSqca 50%-70% strata.

For %DSye with segmentation, there was no statistically
significant difference with %DSqca overall and for two of the four
operators, with higher rates of agreement (34.9%-69.8%) than in the
angiography group.

3.4 | Operator heterogeneity

There were no significant differences across operators in the
DSqca > 70% strata for either the angiography or segmentation
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Percentage Stenosis Per Operator - Angiography, Segmentation, QCA
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<0,01 <0,01
e | L |
<0,01 <0,01

Legend

Angiography

FIGURE 1 %DSyg according to operator for both angiography and segmentation, compared with %DSqca. Significant differences are always
found between angiography and both other groups, but not between segmentation %DSy and %DSqca for operators 2 and 3. [Color figure can

be viewed at wileyonlinelibrary.com]

groups. Considering the overall sample and the remaining strata, there
were significant differences between operators in absolute %DSyg
values both in the angiography and segmentation group. However, in
absolute terms, the differences were smaller in the segmentation
group. Detailed results are outlined in Tables 3 and 4, Table S1.

When considering agreement by QCA strata rather than absolute
%DS values, there were significant differences in the angiography
group overall and in the %DSqca 50%-70% strata. For the
segmentation group, significant differences were only found in the
%DSqca < 50% strata.

4 | DISCUSSION

4.1 | Main findings
When considering QCA as reference, operators generally tended to
overestimate lesion severity in angiography images, but much less so
in segmented images. Indeed, the overall rate of agreement in
severity strata was approximately double in the segmentation group.

For lesions with a %DSqca > 70%, visual estimation was usually
in agreement with QCA in both the fluoroscopy and segmented
datasets. These were lesions operators deemed as very severe, as is
evident by mean %DSyg > 80%-90% in both groups. However, even
in this stratum, absolute %DSy¢ values were less discrepant with %
DSqca in the segmentation group.

When considering lesions with %DSqca of 51%-69%, over-
estimation was very frequent and pronounced in the angiography

group, but not in the segmentation group. Indeed, the mean %DSg
difference in the angiography group exceeded that of QCA by
approximately 15-30 percentage points versus 1-7 percentage
points in the segmentation group.

For the least severe lesions, the findings are somewhat similar to
those in the intermediate group, albeit to a lesser degree in all
respects: the discrepancy between %DS is not as large and the rates
of agreement not as low, in the angiography group. In the
segmentation group, differences in %DS are small and overall not
significant, with much higher rates of agreement with the %DSqca
lesion severity strata.

The scatterplots (Figure 2, Figures S1 and S2) clearly illustrate
these findings, as the discrepancy outside %DSqca > 70% stratum is
much more evident in the angiography group than the segmentation
group. Additionally, when values are plotted based on %DS ratios, it
is clear that the trendline for angiography only closely matches that
of QCA in the %DSqca > 70% stratum, whereas in the segmentation
group it is constantly much closer to 1 (Figure 3, Figures S3 and S4).

Significant differences across operators were found for both the
angiography and segmentation groups. However, the absolute
differences in %DS were much lower in the latter, with overall rates
of agreement across %DSqca severity strata not significantly
different in the segmentation group.

The results of our study therefore suggest that visualization of
segmented images seems to render visual estimation of stenosis
severity more objective, significantly reducing the tendency to
overestimate, while possibly reducing operator heterogeneity as well
(Figure 4).
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FIGURE 2 Combined scatterplot of angiography and segmentation %DSye vs. %DSqca. The difference between the two %DSye is visually
clear. [Color figure can be viewed at wileyonlinelibrary.com]
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FIGURE 3 Combined scatterplots of angiography and segmentation %DSye/%DSqca plotted in the Y-axis vs. %DSqca plotted in the X-axis.
The difference between the two %DSy is visually clear. [Color figure can be viewed at wileyonlinelibrary.com]
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FIGURE 4 Image examples. The upper three images represent a lesion with %DSqca of 78% (C1), with average operator %DSye of 90%
based on angiography (A1) vs. 80% based on segmentation (B1). The lower three images represent a lesion with %DSqca of 63% (C2), with
average operator %DSyg of 88% based on angiography (A2) vs. 69% based on segmentation (B2). [Color figure can be viewed at

wileyonlinelibrary.com]

The reason for these findings is not entirely clear. The most likely
explanation is that segmented images display a stenosed segment in
homogeneous fashion, with the transition between artery (white) and
background (black) very clearly visible. In contrast, angiography
images display the artery in shades of gray, with stenosed regions
with poorer contrast filling and less clear demarcation of artery and
background. As a result, the human eye seems more prone to
underestimating the actual size of the artery lumen in these
segments, thereby estimating the stenosis as more severe.

4.2 | Other studies in the literature

The above-mentioned findings for stenosis severity assessment in
fluoroscopy images have long been described in the literature for
more than 30 years? and continue to be found today across the
world, even in very large cohorts.*”® The idea that visual estimation is
inaccurate was one of the triggers that spawned the development of
QCA analysis and software. Indeed, core-lab QCA in PCI trials
continues to be advocated for in international research consor-
tiums?? or scientific societies.! However, in clinical practice, the
estimation of stenosis severity continues to be undertaken mostly by
visual estimation.® The fact that correlation between QCA and FFR
has not been demonstrated to be superior to that of visual
estimation,” or that clinical trials often don't require QCA measure-
ments for including patients,?22* further reinforces this approach.
However, discrepancies between QCA and visual estimation are
likely to be of clinical relevance. In a subanalysis of the PROMISE trial
of patients who underwent CAG, patients without obstructive
disease by QCA, but classified as such by visual estimation, had

lower event rates than those with obstructive disease by both
criteria.” As operators perceive these patients as high risk,
revascularization—sometimes potentially unwarranted—may become
more likely. And, indeed, the decision to proceed with physiology,
which has been shown to be superior to angiography-guided
revascularization® and is recommended in current guidelines,©
implies that the lesion be classified as intermediate rather than
severe. Thus, the persistence of the visual estimation approach and
the resulting overestimation tendency may arguably be contributing
to the seemingly low usage rates (6%-13%) of physiology in cath
labs. 101124 | ast, the growing relevance of imaging for decision-
making in the cath lab further adds to this issue, as recently
highlighted in a major clinical trial,?® further points to the importance
of avoiding the so-called “oculostenotic reflex.”

4.3 | Practical clinical implications

In keeping with all of the above, the findings of our study may have
an important clinical application: if visual estimation of segmented
images makes operators less prone to overestimating lesions,
unwarranted revascularization may become less likely and the use
of physiology/ischemia/imaging testing may increase. The advantage
of Al-based segmentation is that it is fast, fully automatic and
requires no human input, other than the image itself. The operator
can be simply and immediately be exposed to the segmented image
almost effortlessly. Conversely, QCA software is semi-automatic, as it
requires the manual annotation of the region of interest and may
require manual adjusting of vessel contours. The simple fact that it is
seldom employed in clinical practice further emphasizes the point.
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If these exploratory results are confirmed in subsequent studies, Al-
based segmentation of the coronary tree may become a relevant tool
capable of improving CAG interpretation, hopefully contributing to
improved outcomes, without complicating or lengthening the procedure.

4.4 | Other studies in Al applied to CAG
Few medical papers regarding the application of Al to CAG have been
published in medical literature so far. Two studies focused on
segmentation alone, with accurate results.*'” We too have
previously published our results regarding the development of Al
models capable of highly accurate segmentation, encompassing more
than 500 images as a whole.'®? The largest published study to date
focused on developing models capable of segmentation with high
accuracy as well, with the added feature of lesion type recognition
(i.e., calcium, thrombus, among others), thus potentially enabling
future clinical application.*® Last, a small exploratory study also
tested the hypothesis of estimating FFR from CAG images using Al,
but the study population was small and the group has published no
further data in medical journals.?®

Thus, our study is one of the few and first in the field of Al
applied to CAG with potential clinical implications.

4.5 | Limitations

Our study has important limitations. The dataset size is small and
composed predominantly of 51%-70% lesions, with a small amount
of lesions >70%, as assessed by QCA. The fact that lesion assessment
was based on the evaluation by only four operators is also a
limitation. We did not perform sub analysis regarding clinical context,
risk factors or lesion characteristics (such as presence of calcium), due
to the small sample size. The concept of the study is thus exploratory
in nature, requiring external validation in further works.

4.6 | Future directions

We are currently working not only in improving the segmentation
capabilities of our model, but also exploring other applications of Al
to CAG. Automatic anatomical interpretation, lesion severity based
on auto-QCA and integration with physiology are areas of active
research. We aim to develop an integrated suite of Al models capable
of enhancing CAG interpretation, improving decision-making and

hopefully patient outcomes.

5 | CONCLUSIONS

When considering QCA as reference, the visual estimation of stenosis
severity was much less discrepant with automatic Al-segmented
images than angiography images, with reduced inter-operator

WILEY——%2

discrepancies as well. Operators were essentially prone to over-
estimation of lesion severity, especially of intermediate lesions (%
DSqca of 50%-70%). The visual assessment of coronary lesions with
segmented images may, therefore, lead to a lower likelihood of
unwarranted revascularization, while potentially increasing the use of
functional assessment, as recommended by current guidelines.
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Abstract

Objectives. Coronary angiography (CAG)-derived physiology methods have been developed in an attempt to simplify and
increase the usage of coronary physiology, based mostly on dynamic fluid computational algorithms. We aimed to develop a
different approach based on artificial intelligence methods, which has seldom been explored.

Methods. Consecutive patients undergoing invasive instantaneous free-wave ratio (iFR) measurements were included. We
developed artificial intelligence (Al) models capable of classifying target lesions as positive (iIFR < 0.89) or negative (iFR >
0.89). The predictions were then compared to the true measurements.

Results. Two hundred-fifty measurements were included, and 3 models were developed. Model 3 had the best overall
performance: accuracy, negative predictive value (NPV), positive predictive value (PPV), sensitivity, and specificity were
69%, 88%, 44%, 74%, and 67%, respectively. Performance differed per target vessel. For the left anterior descending artery
(LAD), model 3 had the highest accuracy (66%), while model 2 the highest NPV (86%) and sensitivity (91%). PPV was
always low/modest. Model 1 had the highest specificity (68%). For the right coronary artery, model 1 had an accuracy of
86%, NPV was 97%, and specificity was 87%, but all models had low PPV (maximum 25%) and low/modest sensitivity
(maximum 60%). For the circumflex, model 1 performed best: accuracy, NPV, PPV, sensitivity, and specificity were 69%,
96%, 24%, 80%, and 68%, respectively.

Conclusions. We developed 3 Al models capable of binary iFR estimation from CAG images. Despite modest accuracy, the
consistently high NPV is of potential clinical significance, as it would enable avoidance of further invasive maneuvers after
CAG. This pivotal study offers proof of concept for further development.

Introduction

The use of invasive coronary physiology has been extensively studied and is clearly recommended in clinical guidelines
today."2 The most widely studied index is the Fractional Flow Reserve (FFR). Three major trials established its use in
selecting lesions where revascularization had an additional benefit to medical therapy,®® alongside large observational
data.® More recently, another index gained importance: instantaneous free-wave ratio (iFR). It was initially studied using FFR
as the gold standard, with high accuracy.” Our own experience showed similar results.® Compared to FFR, iFR achieved
non-inferiority in 2 major outcome trials,'%"" including over a 5-year follow-up period.'?

243



244

Appendix

Coranary physiclogy is vastly underused, ranging from 7% to 13% of procedures. '3 The risk of complications, time
consumption, and cost are likely reasons for this. Thus, calculating a physiclogical index (either FFR and/or iFR) digitally
from coronary angiography (CAG) images is desirable, as it would bypass these limitations and potentially broaden
physiology adoption. While this has already been achieved with several different software approaches relying on 3-

dimensional {30} vessel reconstruction and complex fluid dynamics computational algorithms, "7 some limitations remain.

In medicine, artificial intelligence (Al) has shown great potential, especially in imaging, as several publications have
demonstrated excellent results with regards to electrocardiogram (ECG),'® echocardiography,'®2° and magnetic rescnance
imaging (MRI).21.22 However, the use of Al regarding physiology estimation derived from CAG has seldom been
explored.?*?* The potential advantages of using Al for this task could be either fully automating the process with minimal
user input and/or improving the reliability of current systems, either functioning as a standalone approach or an added layer
to existing software.

In this pilot study, we aimed to develop fully automated Al models capable of binary iFR lesion classification from CAG
images alone, using measured invasive iFR as a reference.

Methods

Inclusion criteria. We conducted a single-center retrospective selection of consecutive patients over a 3-year period (2017-
2019), who had undergone both CAG and invasive physiology assessment with iFR (Philips Volcano System), regardless of
clinical context (ie, both acute and chronic coronary syndrome).

Exclusion criteria. \We excluded cases where any of the following applied:

1. Imaging criteria:
1. Patients with cardiac devices or other sources of potential imaging artifacts overlapping with the coronary tree image
2. Poor image quality
3. Unsuccessful segmentation with Al models
4. Unclear individualization of lesion outline with overlapping vessels
2. Clinical criteria
1. History of coronary artery bypass grafting (CABG) or valvular intervention (surgical or percutaneous)
2. Significant left heart valvular disease (severe aortic stenosis or regurgitation, severe mitral regurgitation, moderate or
severe mitral stenosis, moderate valvular disfunction in both aortic and mitral valves)
3. Target culprit vessel culprit of acute coronary syndrome (ACS)
4. Target vessel non-culprit of ACS in patient with ST-segment elevation myocardial infarction (STEMI) within 48 hours of
presentation
5. Previous transmural myocardial infarction in target-vessel
6. Chronic total occlusion not previously treated with percutaneous coronary intervention (PCI) in any vessel
7. Left ventricular systolic disfunction, defined as an ejection fraction < 50%
B. Cardiogenic shock
9. Hemodynamic instability
10. Left main lesions

All the exclusion criteria were selected because of their potential impact on physiclogy index measurements, which could
generate confoundment in the training process of an Al algorithm.

Al models development. We have previously trained Al models capable of fully automatic Al segmentation of CAG
ir'r1ages_25'28 We used these models to segment all the CAGs of included patients. Images were then annotated with the
target vessel and the location of the pressor sensor wires used to measure iFR using a single telediastolic frame where the
target vessel was outlined. All available projections were annotated for each case.

Preliminary testing for Al models showed that performance was better when a single image that best outlined the target
vessel was used, rather than using a combination of different projections. As a result, we proceeded to train our models as
such. The model was given only the CAG image, both original (greyscale) and manually annotated after automatic
segmentation (Figure 1). Mo further details, clinical or otherwise (such as the target vessel), were provided. The models
were trained to binarily classify whether a given target had an iFR less than or equal to 0.89 or greater than 0.89, henceforth
defined as a positive or negative iFR result, respectively.
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Figure 1. Original disgnostic CAG image (left), automatic Al-based segmentation (center) and annotated image with coronary vessel proximal to wire sensor
pasition in green and distal in blue (right). Al = artificial inteliigence; CAG = coronary angiography.

A total of 3 models were trained. The first model used as input the sequence of diameters along the main branch of the
analyzed vessel, automatically computed by a preprocessing algorithm. This sequence was then processed by a transformer
encoder,289 with a classification head on top, which inherently took into account the sequential nature of the data and
allowed prediction of the iFR value at any given point within the artery. During fraining, the loss wa only computed at the
point for which the ground-truth iFR was available, using a Cross-Entropy Loss, weighted by the inverse of each class's
frequency. The Transformer encoder has G layers, 8 heads, a hidden dimension of 768, Gaussian Error Linear Unit (GELU)
activation, 0.3 dropout, a maximum of 1024 linear positional embeddings, and is followed by a linear classification layer with
0.3 dropout.

Models 2 and 3 are Convolutional Neural Networks (CNNs), which took as input the concatenation of the single-channel
angiography image and its segmentation, with 1 channel per class. Model 2 used a simple Cross-Entropy Loss, and model 3
used a Cross-Entropy Loss weighted by the inverse of each iFR class’s frequency, aimed to mitigate the negative effects of
class imbalance. The chosen CNN was an EfficientNet-B5,30 with which we had already had success in previous work,25—
28 followed by a linear classification layer.

Theory suggests model 1 should be much more suitable for this task. Unlike model 1, the CNNs in models 2 and 3 cannot
inherently consider the 1-dimensional characteristic of the artery and must learn to do so during training, possibly requiring
more data to achieve the same level of performance. Additionally, the transformer in model 1 operates on a much lower-
dimension input space than CNNs, making the former's task theoretically much easier. Finally, since the location of the iFR
predicted by models 2 and 3 is directly tied to the input segmentation, they require an additional inference per iFR prediction.

Performance assessment and statistical analysis. Descriptive variables are shown in absclute and relative {percentage)
numbers. Quantitative variables are shown in average + standard deviation (if normally distributed) or median (interguartile
range) if non-normally distributed. The chi-square test was used for statistically comparing the binary classification of
measured iFR vs that of the models. A P-value of .05 was used for statistical significance.

The results of the models’ classification of target lesions as either iFR positive or negative were compared to those of the
true (ie, real) invasive iFR measurements, as follows:

* True positive (TP): both estimated and real iFR were positive

* False positive (FP): positive estimated iFR and negative real iFR
* True negative (TN): both estimated and real iFR were negative

* False negative (FN): negative estimated iFR and positive real iFR

Using this classification, the following parameters were calculated:

* Accuracy: ([TP + TN]/ [TP + TN + FP + FN])

* Sensitivity: TP / (TP + FN)

* Specificity: TN / (TN + FP),

* Positive predictive value (PPV): TP / (TP + FP)

* MNegative predictive value (NPV): TN / (TN + FN)

To ensure proper evaluation of the results, the models could not be tested on data already seen during training. Hence, we
used a cross-validation split at the patient level into 10 subsets, retaining the relative distribution of target vessel and iFR
classification per split. The models’ iFR classification in each subset was then undertaken using neural networks trained
exclusively on the remaining data. This enabled the assessment of the models’ performance for the whole cohart, whereas
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the usual splitting in a fixed train/test datasets would have resulted in a much smaller testing group, limiting the ability to test

the models’ performance. We have successfully used this approach in the past, when developing our segmentation
models.25-27 SPSS 27 (IBM) was used for analysis.

Ethical issues. This study complies with the Declaration of Helsinki and was approved by the local Ethics’ Institutional

Review Board.

Results

Baseline characteristics. A total of 334 patients were screened. After applying the exclusion criteria, a total of 250

measurements, from a total of 223 patients, were included (Figure 2, Table 1). Most lesions had an iFR greater than 0.89.

There was a large imbalance between positive and negative iFR lesions in the right and circumflex coronary arteries

subgroups. The difference was much less pronounced in the LAD measurements (Table 2).

Screened:

334 patients

Included:

223 patients

250 iFR measurements

Figure 2. Inclusion fl hart. iFR = i

fra

ratio.

b

o

Excluded:
111 patients

Clinical and Imaging Criteria: 12 (10%)

Imaging Criteria: 44 (40%)
Clinical Criteria: 55 (50%)

~

/

TABLE 1. CLINICAL CHARACTERISTICS OF INCLUDED PATIENTS

N +/- 8D or N (%)

Age 6811

Sex (male) 148 (66.37%)
Hypertension 180 (80.72%)
Diabetes mellitus 06 (43.05%)
Dyslipidemia 132 (39.19%)

Smoler (past or present)

$9 (39.91%)

Chronic coronary syndrome

148 (66 37%)

Acute coronary syndrome

74(33.18%)
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TABLEL IFRRESULTS OVERALL AND STRATIFIED PER ARTERY

iFR (mean = SD)

iIFR<0.

Appendix

Total 2350 (100%) 0.91 = 0.006 65 (26.0%) 185 (74.0%)
LAD 129 (51.6%) 0.88 = 0.009 55(42.5%) 74(57.4%)
RCA 76 (30.4%) 0.95 £ 0.009 5 (6.6%) 71(93.4%)
Cx 45 (18.0%) 0.96 = 0.009 5(33.33%) 40 (38.9%)

Cx = curcumflex artery; 1FR = instantaneous free-wave ratio; LAD = left antenior descending

artery; RCA=

right coronary artery.

Physiology Prediction of Al Models

Overall results. The difference between measured iFR classification and that of the Al models was not statistically
significant for model 1 (P = .063), whereas models 2 and 3 differed significantly (P < .001). Models 1 and 3 classified most
lesions as negative, confrary to model 2, with anly model 1 disftributing classifications in similar proportions to those of the
ground truth. Agreement was strongest for negative lesions. Details are presented in Table 3.

TABLE 3. IFR CLASSIFICATION OF LESIONS AS MEASURED VS AS PER EACH MODEL
PREDICTION FOR ALL CASES

Model 3
Classification
(All Cases)
<0.89 >(.80
<0.89 24 41 33 12 43 17 63
Measured | ~
iFR .
>0.89 46 139 02 03 61 124 183
Total 70 180 145 103 109 141 250

iFR = mstantaneous free-wave ratio.

All models performed with modest accuracy, with the worst results for model 2 (58%) and the best for model 3 (nearing
70%), followed closely by model 1 (65%:). NPV was high for all models, performing close to 80% or 90%, in contrast with
PPV. Models 2 and 3 had the highest sensitivity, whereas model 1 had the highest specificity. Details are presented in
Figure 3.
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All 100%

65% 34% 37%
=] 80%
(59% - 71%)  (24% - 46%) (26% - 49%)
- 60%
5 58% 37% 89% 82% 50%
o
E (52% - 64%)  (29% - 45%) MRCICREELAN CL Tt (43% - 57%)
- 40%
N 69% 44% 88% 74% 67% 20%
(63% - 74%)  (35% - 53%) [NIrA L ri AN (62% - 83%)  (60% - 73%)
! 0%

!
NPV Sensitivity Specificity

I
Accuracy PPV

Figure 3. Performance metrics (with 95% Cl) of each Al model regarding iFR binary classification using the measured iFR classification as reference, for all iFR
measurements across all target vessels. Accuracy, PPV, NP\, sensitivity, and specificity are displayed. Background in green for values close to 100%, red for values
approaching 0% and mixed {yellow) for mid-range values. Al = artificial intelligence; iFR = insta ous o ratio; NPV = negative predictive valve; PPY =
\positive predictive valus,

Left anterior descending (LAD) lesions. The models’ classification of iFR as compared to the measured iFR was not
statistically significant for model 1 (P = .854), whereas models 2 and 3 differed significantly (P < .001). Models 1 and 2

classified most lesions as negative, where agreement was more common. Model 3 classified most lesions as positive.

Details are presented in Table 4.

TABLE 4. IFR CLASSIFICATION OF LESIONS AS MEASURED VS AS PER EACH MODEL
PREDICTION FOR LEFT ANTERIOR DESCENDING ARTERY (LAD) CASES.

Classification
(LAD)
<
Measured =0.89 17 38 30 5 43 12 55
iFR
=089 24 30 43 3 32 42 74
Total 41 a8 93 36 75 54 129

iFR = instantane ous free-wave rafio.

Models 2 and 3 displayed modest accuracy, with better results for the latter, while model 1°s performance barely surpassed
50%. The NPV and sensitivity was high or very high for model 2, nearing 90%, while model 3's performance was 78% for
both. Model 1 performed reasonably only for specificity (68%). The PPV was above 50% for models 2 and 3. Details are

presented in Figure 4.
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LAD 100%

52% 41% 57% 31% 68%
.
(43% - 60%)  (28% - 57%)  (46% - 67%)  (20% - 44%)  (56% - 77%) 80%

- 60%
5 63% 54% 86% 91% 42%
o
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Figure 4. Performance metrics (with 85% Cl) of each Al model regarding iFR binary classification prediction using the measured iFR classification as reference, for
iFR measuraments in the LAD. Accuracy, PPV, NPV, sensitivity, and specificity are displayed. Background in green for values close to 100%, red for values
‘approaching 0% and mixed (yellow) for mid-range values. Al = artificial i igence; iFR = instal ous o ratio; LAD = left anterior descending artery; NPV

= negative pradictive value; PPV = positive pradictive vaiue.

Right coronary artery (RCA) lesions. The iFR classification of model 1 differed significantly from the measured iFR (P =
.005), whereas for models 2 and 3 there were no significant differences (P = .282 and .357, respectively). All models
classified most lesions as negative (albeit in smaller proportion to the actual measurements distribution), especially model 1.

Agreement was highest for negative lesions in all models. Details are presented in Table 5.

TABLE 5. IFR. CLASSIFICATION OF LESIONS AS MEASURED VS AS PER EACH MODEL
PREDICTION FOE.FIGHT CORONARY ARTERY (RCA) CASES

Classification Model 3
(RCA) 089 0.8 >089 <089
B . _
Memured | 080 | 3 2 1 4 2 3 5
R om0 | o 62 29 42 14 57 71
Total 12 64 30 46 16 60 76

iFR = instontemeous free-wave ratio.

Models 1 and 3 displayed the highest accuracy, especially the former (86%), which was in contrast with model 2. The NPV
was always very high, with a maximum of 87% for model 1. On the oppesite spectrum of performance, the PPV was very
low for all models. Sensitivity was high for both models 1 and 3. Lastly, specificity was low for models 2 and 3, and modest

for model 1. Details are presented in Figure 5.
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- 20%
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Figure 5. Performance metrics (with #5% Cl) of each Al model regarding iFR binary classification prediction using the measured iFR classification as reference, for
iFR measuraments in the RCA. Accuracy, PPV, NPV, sensitivity, and specificity are displayed. Background in green for values close to 100%, red for values
approaching 0% and mixed {yellow) for mid-range values. Al = artificial intelligence; iFR = insta ous o ratio; LAD = left anterior descending artery; NPV
= negative pradictive value; PPV = positive pradictive vaiue; ACA = right coronary artary:

Circumflex artery (Cx) lesions. The neasured iFR classification differed significantly from the iFR classification of model 1
(P =.039), but not models 2 and 3 (P < .673 and .333, respectively). All models classified most lesions as negative, but
always in quite shorter proportion to the actual measurements’ distribution. Agreement was highest for negative lesions in all
models. Details are presented in Table 6.

TABLE 6.IFR CLASSIFICATION OF LESIONS AS MEASURED VS AS PER EACH MODEL
PREDICTION FOR CIRCUMFLEX ARTERY (Cx) CASES

Classification Model 1 Model 3
€x)
< )
Measured <0.89 4 1 2 3 3 2 5
iFR
=>0.89 13 27 20 20 13 25 40
Total 17 28 22 23 18 27 45

iFR = instanfameous free-wave ratio.

Model 1 scored higher in all metrics, with an accuracy of 69% for a very high NPV (86%) and high specificity (80%).
Sensitivity was 68% and the PPV was low (24%). Model 3 followed with similar, albeit inferior performance. Model 2 only
scored high in NPV (87%). Details are presented in Figure 6.
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Figure &. Performance metrics (with 95% Cl) of each Al model regarding iFR binary classification prediction using the measured iFR classification as reference, for
iFR measuraments in the Cx. Accuracy, PPV, NPV, sensitivity, and specificity are displayed. Background in green for values close to 100%, red for values approaching
0% and mixed (yellow) for mid-range values. Al = artificial intelfigence; Cx = circumiflax artery; iIFR = insiantaneous free-wave ratio; LAD = left anterior descending
artery; NPV = negative pradictive value; PPV = positive predictive valus; RCA = right coronary artery.

Discussion

Main findings: a proof of concept. In this study, we were able to develop Al models capable of binary iFR lesion
classification. The accuracy of all medels was modest, close to 70% for model 3. For both the LAD and Cx, the best that any
model could achieve was also just below 70%. However, for the RCA, an accuracy of 78% and 86% was achieved for
models 3 and 1, respectively, which, in the latter case, is quite high.

The models displayed very different reliability in correctly classifying lesions as either positive (ie, iFR £ 0.89) or negative (ie,
iFR = 0.89). Indeed, the PPV was low or very low for all models, likely because much fewer positive cases were available for
training. Only for the LAD, where there was a larger number of positive lesions, were the models able to achieve modest
performance, surpassing the 50% PPV mark. The NPV, however, was generally high or very high, ranging from 77% to 89%
overall. For both the RCA and the Cx, at least 1 model neared 100%.

At first glance, one might interpret these findings to be a result of the predominance of negative iFR cases, overwhelmingly
so for the RCA and the Cx. Therefore, the models could simply be producing a result based on the statistically higher
likelihood of a negative result, rather than exfrapolating from CAG images.

We believe several factors suggests otherwise. First, the models did not necessarily reproduce the distribution of
positive/negative lesions of the true measurements, neither globally nor regarding specific vessels. For example, model 3,
which achieved the highest accuracy overall, only classified lesions as negative in 56% of cases (vs 74% for real
measurements). The difference was even greater for the Cx, where the models’ negatively classified lesions ranged from
51% to 62% (vs a real result of B9%).

Furthermaore, the models’ NP\ was also greater than the proportion of negative cases, reaching 86% for the LAD (vs 54%
real negative cases) and very close to 100% for both the RCA and Cx (where the real proportion of negative cases was
close to 90%). Thus, the number of iIFR-negative cases provided enough training data for the models to correctly learn to
classify a lesion as negative with high reliability.

Despite this, a significant number of true negative lesions were not identified, as evidenced by modest specificity overall.
Models 1 and 3 were exceptions in the case of RCA lesions, where higher performances were obtained.

No single model proved to be ideal. Model 1, followed by model 3, seemed to be the best option for the RCA and the Cx,
whereas both models 2 and 3 were a better fit for the LAD. This suggests that fine-tuning a model for the target vessel may
improve results.
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Considering all of the above, we believe our models offer proof of concept that the derivation of coronary physiology data by
deep leamning Al models based on X-ray angiography alone is feasible.

Potential practical clinical implications. When faced with either a positive or negative result by any such software, the
operator's main question is often whether the result is likely correct (ie, how high is the PPV and/or NPV). Arguably, in the
context of invasive coronary physiology, the NPV is of particular importance: a negative result enables the operator to
conclude the procedure without engaging in further invasive maneuvers (ie, deploying a guide catheter, wiring the target
vessel, administering further drugs), as opposed to a positive result. The fact that the majority of measurements in invasive
physiology are negative further strengthens this point.2-1118.17.23.31 Eor example, in this case series, 185 (74%) cases had
an iFR greater than 0.89. Since the models classified lesions as negative in 42% to 72% of cases and the NPV approaches
89%, in the best-case scenario, arguably around one- to two-thirds of all measurements could have been avoided. For the
RCA and Cx, where the NPVs neared 100% and the proportion of cases classified as negative was even higher, the impact
would have been even more significant.

Thus, while the models are by no means reliable enough for current clinical deployment, this somewhat simplified analysis
illustrates the potential practical implications of this technology.

Analyzing lesions on coronary angiography using Al: other studies. Two studies of FFR estimation from CAG using
primarily Al methods were published. However, to the best of our knowledge, ours is the first published study to report fully
automatic derivation of iFR from CAG using such methods.

Roguin et al?? conducted a pilot feasibility study in a single-center population consisting of 31 patients with predominantly
LAD lesions (80%). They reported an accuracy of 90%, an NPV of 87%, a PPV of 94%, sensitivity of 88%, and specificity of
93% when conducting a binary analysis of FFR < 0.80, similar to our approach. Their single model is able to derive an
estimated FFR value, with an area under the curve of 0.91 and an r correlation coefficient of 0.71 (P < .001). The study does
not report the exact Al methods. However, the binary approach to classify lesions, fully based on Al, using routine
angiography projections (rather than predefined angulations) with a fully automatic method, is conceptually very similar to
ours. While these results are impressive, with a seemingly superior performance compared to ours, the small sample size
and single center nature of the study are limiting factors.

Cho et al?® used a different approach. With a very large sample of 1501 lesions from a single center (predominantly LAD
[67%]), the authors plotted the target vessel diameters together with clinical characteristics (age, sex, body surface area,
and target segment) to binarily classify FFR measurements with a threshold of less than or equal to 0.80. An overall
accuracy of 82%, an NPV of 84%, a PPV of 81%, sensitivity of 84%, and specificity of 80% were reported in the test set,
similar to the external validation dataset of 79 patients. The main limitation of this study, from an Al research perspective, is
that it does not provide a fully automated Al physiology estimation, as it requires manual segmentation and diameter
calculations of the vessel with an external software, thereby rendering the process semi-automatic and somewhat time-
consuming.

Another group is currently launching an initiative for fully automated Al-based PCI guidance interpretation, including FFR3?,
but the project is underway and results are not yet available.

Lastly, one of the largest groups in iFR research has applied Al for interpreting iFR pullback curves and found non-inferiority
to human performance.33 While this is a very different task from the one we explored, it highlights how Al is also being
applied to this important index which is so commonly used in clinical practice.

There has also been some exploration of the estimation of Coronary Flow Reserve (CFR) from CAG using Al methods,
mainly to perform microcirculatory studies.?* Other authors have tested the application of deep learning methods to
classifying stenosis using Quantitative Coronary Analysis (QCA) or automatically detecting significant coronary stenosis
using bounding boxes,*®37 which could be of use given the operators’ heterogeneity and tendency for lesion overestimation
when interpreting CAG, as we have recently demonsirated ourselves.2®

Physiology derivation from CAG images without a primary Al approach: other studies. The estimation of physiology
from CAG images has been explored in recent years, with commercial software made recently available.

Most studies focused on FFR, using a threshold of less than or equal to 0.80. The FAST-FFR pivotal trial was a multicenter
international study of 301 subjects with a predominance of LAD lesions (54.2%). The correlation between estimated
(FFRangio) and measured FFR was r = 0.80 (P < .001), with an accuracy of 92.2%, an NPV of 94.8%, a PPV of 89%,
sensitivity of 93.5%, and specificity of 91.2%."7 A pooled analysis of 5 cohort studies yielded similar resulis.3®
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The FAST 1" and I1'® studies tested a similar approach. In the larger FAST Il study'®, 334 patients from 6 centers were
enrolled (with 66% LAD lesions). The correlation with invasive FFR was r = 0.74 (P < .001). Two multicenter trials are
ongoing to test the clinical outcomes of virtual (vFFR) vs invasive FFR approach.3%4%

The Quantitative Flow Ratio (QFR) is perhaps the most extensively "virtual” FFR index studied to date. After the enceuraging
results of the multicenter FAVOR pilot study (73 patients, B4 vessels, mostly LAD [54.!5&‘11'5]),"'1 2 further studies enrolled over
600 patients from Europe and Asia.’5#Z |n the one with a large European cohort, values of 86.8%, 93%, 76.3%, B6.5%, and
B86.9% for accuracy, NPV, PPV, sensitivity, and specificity were obtained, respectively, with a correlation of r = 0.83 (P <
.001).%% A Chinese multicentric trial comparing a PCl QFR-guided strategy vs an invasive FFR-guided strategy yielded better
outcomes for the QFR group.*

The derivation of iIFR from CAG has also been explored on the REVEAL iFR frial.** Published results are expected soon.

All of the above studies employ primarily non-Al methods to derive FFR from CAG, using a combination of 3D-image
reconstruction and computational fluid dynamics. They demonstrate that physiology can successfully be derived from CAG
images alone and have a meaningful impact on clinical outcomes. Further onmgoing research is likely to stremgthen this
approach. While all of the above post-pilot studies yielded better performance results than our model, one thing seems
ubiquitous: the NPV is always high, which is of particular significance.

However, these approaches are not without disadvantages. A reasonable amount of manual input is necessary — marking
the target vessel, proximal and distal points, defining “healthy" regions, or correcting for imperfections in manual
segmentation — as we have experienced ourselves when testing these platforms at our own catheterization laboratory. They
are therefore semi-automatic, somewhat time consuming, and may potentially not be as reliable in less experienced hands.
The FAST |l trial clearly illustrated this, as the performance at specific sites was lower than at the core lab; the reported
overall accuracy, NPV, PPV, specificity, and sensitivity were 83% vs 90%, 85% vs 90%, 79% vs 90%, 71% vs 81%, and 89%
vs 95%, respectively. '8

Lastly, except for one,** the above-mentioned methods require more than 1 projection (sometimes prespecified), which is
probably the result of multiple factors. Indeed, the 3D nature of the coronary anatomy and the existence of energy losses in
very distal segments (with resulting lower pressures), along with the limitations of CAG resolution and motion artifacts, all
render a 3D approach more reliable, and are likely playing a role in hampering our models’ accuracy, since it was based on a
single 2-dimensional (2D) frame. Thus, while our simplified approach may initially be perceived as advantageous, it was, in
all likelihood, a limitation.

Limitations and future directions. As Al training is highly volume dependent, the dataset size was the most important
limitation. This was especially relevant for cases with iFR less than or equal to 0.89 and cases pertaining to the Cx.
However, our relative distribution regarding target vessel and positive/negative cases is in agreement with previously
published datasets.10.11.15.17.22.31 Ag g result, obtaining a dataset with enough iFR-positive cases for successful training,
especially concerning the RCA and Cx, will require a much larger dataset. The dataset size was also limiting with regards to
the method employed for model testing. Using a classical train/test split of 80% / 20% would have resulted in a small testing
dataset and reduced our ability to test the models’ performance, particularly for subanalyzing performance per target vessel,
given the naturally unbalanced characteristics of the dataset. We therefare preferred a cross-validation split in 10 subsets,
as mentioned in the Methods secfion. While this is a common approach in the field of machine learning, it may be regarded
as a limitation as well.

Some may view the extrapolation of iIFR rather than FFR as a limitation, because FFR was directly compared to angiography
in clinical outcomes frials,>5 whereas iIFR was only directly compared to FFR itself'®-12 However, IFR has repeatedly been
shown to be non-inferior to FFR and today is (together with other resting indexes) the default tool of epicardial physiclogy
assessment in many labs due to its simplicity. As a result, the current amount of iFR. measurements far outpaces those of
FFR in our lab, and thus iFR provides a much larger base for future training, improvement, and validation.

Another limitation is the fact that the model provides a binary classification, but not yet the iFR value itself. During
preliminary testing, it was clear that determining the exact iFR value would require a much larger dataset, which was beyond
the scope of a pivotal study.

The use of a single image (human-optimized and labelled end-diastolic 2D frame) for the models’ fraining, instead of a 3D
reconstruction based on multiple 2D projections, was also a limitation, given the truly 3D nature of coronary anatomy and
lesions. The fact that the above-mentioned non-Al approaches obtained a superior performance with 3D reconstruction,
rather than a 2D approach like ours, further supports this consideration.
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The single-center, retrospective dataset is another limitation, as external validation will be required in the future.
Notwithstanding, physiology results have been shown fo be quite reproducible and thus the impact of this particular limitation
is not very likely to be of significance.

The concept of this study is thus exploratory and aimed at proof of concept. We aim to greatly enlarge the training dataset
through multi-institutional collaboration (as we have done for our segmentation modelszus), which will be essential for
performance improvements and external validation. We also aim to further improve our models using multiple projections
and 3D reconstruction, which may enhance performance. The ultimate aim is deployment in clinical practice; this may occur
either as a standalone solution, or by improving existing software.

Conclusions

We developed deep learning Al models capable of binary lesion classification using an iFR threshold of 0.89. While the
overall accuracy of the models is not yet high enough for clinical deployment, the high negative predictive capacity of these
models is of clinical significance and potential clinical application. This pivotal study therefore offers proof of concept for
further development, with larger and multicentric training and validation datasets poised for the future. This approach has the
potential to evolve into a standalone software aid in the catheterization laboratory, or for further integration into existing, non-
Al based software solutions by streamlining workflows and/or improving their performance. This could prove to be of great
value for patient management and to improve catheterization laboratory flows.
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Supplementary table 13: differences in overlap metrics per target vessel. Values shown as
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Supplementary table 1: overall performance by group and individual criteria (significance at p <0,05 for paired differences and p < 0,01 for multiple comparisons).
BH: baseline human model; EH: enhanced human model; BAI: baseline Al model; EAI; enhanced Al model.

Nr / % of images p-value
Criteria where criteria was
met
Between all | BHvs EH BAI vs EAI BH vs BAI EH vs EAI BH vs EAI EH vs BAI
' N 414 416 408 414
S“"a'n’: \r’fisﬁe' . 0,007 0,157 0,056 0,056 0,157 1 0,004
egmentatio % 99,5% 100,0% 98,1% 99,5%
N 416 416 402 407
Main Vessel Gaps <0,001 . 0,29 < 0,001 0,003 0,003 <0,001
% 100,0% 100,0% 96,6% 97,8%
N 366 400 334 367
Ca‘hﬁ‘;s‘gigssse' <0,001 <0,001 0,002 0,002 <0,001 0,915 <0,001
% 88,0% 96,2% 80,3% 88,2%
Branch N 414 416 391 405
s o < 0,001 0,157 0,017 < 0,001 0,001 0,012 <0,001
COMENIaton % 99,5% 100,0% 94,0% 97,4%
N 406 415 116 140
Branch Gaps < 0,001 0,006 0,071 <0,001 <0,001 <0,001 <0,001
% 97,6% 99,8% 27,9% 33,7%
N 409 411 305 356
Coronary Artifacts < 0,001 0,561 <0,001 < 0,001 <0,001 <0,001 <0,001
% 98,3% 98,8% 73,3% 85,6%
N 415 416 396 360
Secrit:rit;’ion <0,001 0317 <0,001 <0,001 <0,001 <0,001 <0,001
9 % 99,8% 100,0% 95,2% 86,5%
N 413 415 403 319
Catheter Gaps <0,001 0,316 <0,001 0,012 <0,001 <0,001 < 0,001
% 99,3% 99,8% 96,9% 76,7%
N 407 415 245 225
Catheter Artifacts < 0,001 0,011 0,162 <0,001 <0,001 <0,001 <0,001
% 97,8% 99,8% 58,9% 54,1%
N 412 416 393 383
Catheter Location <0,001 0,045 0,166 <0,001 <0,001 <0,001 < 0,001
% 99,0% 100,0% 94,5% 92,1%
N 358 390 265 401
Catheter Thickness < 0,001 < 0,001 < 0,001 <0,001 0,078 <0,001 <0,001
% 86,1% 93,8% 63,7% 96,4%
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Supplementary table 2: performance by criteria and model —-RCA vs LCA. BH: baseline human model,;
EH: enhanced human model; BALI: baseline Al model; EAI; enhanced Al model; RCA: right coronary artery;
LCA: left coronary artery.

Left Coronary Right Coronary p-value
Model N meeting criteria % meeting criteria = N meeting criteria =~ % meeting criteria
Main Vessel Segmentation BH 255 99,2 159 100,0 0,265
EH 257 100,0 159 100,0 0,071
BAI 251 97,7 157 98,7 0,437
EAI 257 100,0 157 98,7 0,146
Main Vessel Gaps BH 257 100,0 159 100,0 NA
EH 257 100,0 159 100,0 NA
BAI 243 94,6 159 100,0 0,003
EAI 249 96,9 158 99,4 0,091
Catheter to Vessel Transition BH 218 84,8 148 93,1 0,012
EH 244 94,9 156 98,1 0,102
BAI 195 75,9 139 87,4 0,004
EAI 218 84,8 149 93,7 0,006
Branch Segmentation BH 255 99,2 159 100,0 0,265
EH 257 100,0 159 100,0 NA
BAI 238 92,6 153 96,2 0,131
EAI 248 96,5 157 98,7 0,166
Branch Gaps BH 250 97,3 156 98,1 0,588
EH 156 60,7 159 100,0 0,431
BAI 64 24,9 52 32,7 0,085
EAI 67 26,1 73 45,9 <0,001
Coronary Artifacts BH 252 98,1 157 98,7 0,596
EH 253 98,4 158 99,4 0,399
BAI 184 71,6 121 76,1 0,313
EAI 216 84,0 140 88,1 0,259
Catheter Segmentation BH 256 99,6 159 100,0 0,431
EH 257 100,0 159 100,0 NA
BAI 238 92,6 158 99,4 0,002
EAI 211 82,1 149 93,7 0,001
Catheter Gaps BH 256 99,6 157 98,7 0,309
EH 257 100,0 158 99,4 0,203
BAI 249 96,9 154 96,9 0,986
EAI 196 76,3 123 77,4 0,798
Catheter Artifacts BH 251 97,7 156 98,1 0,76
EH 256 99,6 159 100,0 0,043
BAI 149 58,0 96 60,4 0,629
EAI 149 58,0 76 47,8 0,409
Catheter Location BH 256 99,6 156 98,1 0,128
EH 257 100,0 159 100,0 0,329
BAI 237 92,2 156 98,1 0,011
EAI 234 91,1 149 93,7 0,061
Catheter Thickness BH 218 84,8 140 88,1 0,356
EH 241 93,8 149 93,7 0,979
BAI 156 60,7 109 68,6 0,106

95,3 l 98,1 0,139

EAI 245 56
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Supplementary table 3: GSS by model - RCA vs LCA. BH: baseline human model; EH: enhanced human

model; BAI: baseline Al model; EAI; enhanced Al model; GSS: Global Segmentation Score; RCA: right

coronary artery; LCA: left coronary artery.

Left Coronary Right Coronary p-value
Model Mean +/- SD Median (IQR) Mean +/- SD Median (IQR)
BH 96,5 +/- 5,9 100 (9) 97,5 +/-5,3 100 (0) 0,058
EH 99,1 +/- 2,7 100 (0) 98,6 +/- 3,5 100 (0) 0,204
688 BAI 85,1 +/- 10,8 87,5 (10,5) 87,5 +/- 8,8 87,5 (9) 0,017
EAI 89,7 +/ 7,9 92 (10,3) 90,4 +/- 7,1 92 (9) 0,389
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Supplementary table 4: performance by model, criteria across multiple angulation incidences, for the left coronary artery. A single case of PA incidence was
excluded from the analysis. BH: baseline human model; EH: enhanced human model; BAI: baseline Al model; EAI; enhanced Al model.

A . a a A . a da Dide RA . a a RA . a da DA a a DA a aa
stia OG€ N meeting | % meeting N meeting % meeting N meeting % meeting N meeting % meeting N meeting % meeting N meeting % meeting alte
criteria criteria criteria criteria criteria criteria criteria criteria criteria criteria criteria criteria

Main Vessel Gaps EAI 22 84,6 44 93,6 80 100,0 60 100,0 10 100,0 32 97,0 0,002

BAI 17 65,4 31 66,0 59 73,8 53 88,3 5 50,0 29 87,9 0,008

Catheter to Vessel EH 24 92,3 47 100,0 71 88,8 60 100,0 10 100,0 31 93,9 0,023
Transition

EAI 25 96,2 37 78,7 62 77,5 56 93,3 6 60,0 31 93,9 0,004

Branch Gaps EAIl 5 19,2 11 23,4 19 23,8 12 20,0 4 40,0 16 48,5 0,038

Coronary Artifacts BAI 21 80,8 28 59,6 51 63,8 50 83,3 6 60,0 27 81,8 0,021
Catheter

Segmentation EAI 13 50,0 39 83,0 64 80,0 57 95,0 6 60,0 31 93,9 <0,001

Catheter Gaps EAI 20 76,9 30 63,8 56 70,0 54 90,0 6 60,0 30 90,9 0,004

Catheter Artifacts BAI 15 57,7 26 55,3 36 45,0 43 71,7 6 60,0 22 66,7 0,046

Total 256 26 100,0 47 100,0 80 100,0 60 100,0 10 100,0 33 100,0 -

Supplementary table 5: performance by model, criteria across multiple angulation incidences, for the right coronary artery. A single case of Spider view was
excluded from the analysis. BH: baseline human model; EH: enhanced human model; BAI: baseline Al model; EAI; enhanced Al model.

A . a a A . RA . PA a a
ctia Ofe N meeting % meeting N meeting % meeting N meeting % meeting N meeting % meeting e
criteria criteria criteria criteria criteria criteria criteria criteria
Coronary Artifacts BAI 35 71,4 51 87,9 30 68,2 4 57,1 0,048
Catheter Location BAI 49 100,0 56 96,6 44 100,0 6 85,7 0,04
Total 158 49 100,0 58 100,0 44 100,0 7 100,0 -
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Supplementary table 6: GSS by model, criteria across multiple angulation incidences, for the left coronary artery. A single case of PA incidence was excluded from
the analysis. BH: baseline human model; EH: enhanced human model; BAI: baseline Al model; EAI; enhanced Al model; GSS: Global Segmentation Score

GSS

AO Crania AO SelE RAO RAO e PA PA da
OGe Mean +/- Median Mean +/- Median Mean +/- Median Mean +/- Median Mean +/- Median Mean +/- Median P €
) (IQR) SD (IQR) SD (IQR) SD (IQR) SD (IQR) SD (IQR)

BH 99,2 +/2,9 100 (0) 99,1 +/- 2,7 100 (0) 96,4 +/- 5,2 100 (9) 97,4+-41 | 100(8,5) | 929+-63 | 91(105 | 90,1+-97 | 91(11,5) <0,001

EH 99,6 +- 2,1 100 (0) 99,6 +/- 1,8 100 (0) 99,3 +/- 2,5 100 (0) 99,1 +- 2,7 100 (0) 95,1 +/- 4,7 94 (9) 98,9 +/- 3 100 (0) <0,001
81,5 +/- 78,4 +/-

BAI 88,1 +/- 6 87,5 (7) 88,2 +/- 7 87,5 (12) 85,3 +/- 9,3 87 (9,5) 85,6 +/- 7,9 86 (7,8) 126 87,5 (17,8) 105 84,5 (16) 0,116
87,1 +/- 88,6 +/-

EAI 90,2 +-7,7 92 (11) 89,6 +/- 6,4 92 (10) 90,9 +/- 6,9 92 (6,5) 88,8 +/-7,2 885 (10,8) 142 90 (14) 108 92 (11,5) 0,451

Supplementary table 7: GSS by model, criteria across multiple angulation incidences, for the right coronary artery. A single case of Spider view was excluded from
the analysis. BH: baseline human model; EH: enhanced human model; BALI: baseline Al model; EAI; enhanced Al model; GSS: Global Segmentation Score

GSS

AO ania RAO PA ania
- Mean +/- SD Median (IQR) Mean +/- SD Median (IQR) Mean +/- SD Median (IQR) Mean +/- SD Median (IQR) o
BH 98,2 +/- 4,7 100 (0) 98,8 +/- 3,6 100 (0) 95,9 +/- 6,7 100 (9) 92,3+/-8 91 (15) < 0,001
EH 98,6 +/- 3,8 100 (0) 99,5 +/- 2,2 100 (0) 97,9 +/-4 100 (0) 96,6 +/- 6,1 100 (9) 0,059
BAI 89,7 +/- 7,3 89,5 (11,5) 86,7 +/- 7,1 87,5(9,4) 86,4 +/- 11,7 88,5 (12) 88,7 +/- 6 91 (9,5) 0,221
EAI 91,7 +/- 4,8 92 (5) 90,2 +/- 7,3 92 (11,5) 89,6 +/- 8,7 92 (9,5) 89,8 +/- 6 92 (6) 0,818
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Supplementary table 8: differences in diameter stenosis (%), lesion diameter, proximal obstruction border
diameter and distal obstruction border diameter per stenosis severity. Values shown as median (1Q 25 —
75th). *Kruskal-Wallis test

Diameter at distal

Stenosis Severity - original

QCA image as reference

(N, %)

Diameter stenosis (%)

difference

Diameter at lesion (mm)

difference

Diameter at proximal

obstruction border (mm)

difference

obstruction border (mm)

difference

2 70% (22, 18%)) 49(22-83) 0,12 (0,06 - 0,18) 0,13 (0,08 — 0,27) 0,15 (0,06 — 0,27)

50-69%(58, 47%) 52(0-7,7) 0,12 (0-0,18) 0,18 (0,10 - 0,31) 0,10 (0 - 0,20)

< 50% (43, 35%) 47(0-62) 0,08 (0 0,15) 0,16 (0,10 — 0,27) 0,08 (0 - 0,15)
P-value* 0,224 0,274 0,651 0,094

Supplementary table 9: differences in diameter stenosis (%), lesion diameter, proximal obstruction border
diameter and distal obstruction border diameter per target vessel. Values shown as median (IQ 25" — 75th).
*Kruskal-Wallis test; LAD — Left Anterior Descending; RCA; Right Coronary Artery; CX: Circumflex Artery

Diameter at proximal Diameter at distal

Diameter stenosis (%) Diameter at lesion (mm)

Target Vessel obstruction border (mm) obstruction border (mm)

difference difference . .
difference difference

LAD 47(0-178) 0,09 (0-0,17) 0,17 (0,09 - 0,32) 0,11 (0 - 0,19)

RCA 41(0-177) 0,11 (0 - 0,20) 0,17 (0,08 - 0,28) 0,11 (0 - 0,20)

cx 42(0-6,8) 0,09 (0 - 0,15) 0,15 (0,10 — 0,29) 0,08 (0 - 0,18)
P-value* 0,801 0,817 0,569 0,679
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Supplementary table 10: detailed measurements between the original and the segmented images per center.
Values shown as mean + standard deviation. Al — artificial intelligence. *Paired samples T-test.

Al Generated Segmented

Center (N/%) Parameter Original Image P-value*
( 9 g |
mage
Diameter Stenosis (%) 60+ 11 59+11 0,203
Diameter at lesion (mm) 0,88 +£0,33 0,91+0,33 0,261
A (39/32%)
Diameter at proximal obstruction border (mm) 2,14+0,49 1,99 £0,45 <0,01
Diameter at distal obstruction border (mm) 2,04 +0,46 2,04+0,53 0,930
Diameter Stenosis (%) 54 + 14 53+ 12 0,223
Diameter at lesion (mm) 1,13+0,39 1,16 £ 0,34 0,277
B (36 / 29%)
Diameter at proximal obstruction border (mm) 2,38+ 0,58 2,17 £ 0,61 <0,01
Diameter at distal obstruction border (mm) 2,27 +£0,61 2,22+0,61 0,067
Diameter Stenosis (%) 54 +14 54 +15 0,818
Diameter at lesion (mm) 1,22 + 0,40 1,24 + 0,42 0,778
C (26 / 21%)
Diameter at proximal obstruction border (mm) 2,49 £ 0,49 2,28 +0,48 <0,01
Diameter at distal obstruction border (mm) 2,47 £ 0,52 2,39 +£ 0,60 0,170
Diameter Stenosis (%) 53+ 12 52 +13 0,504
Diameter at lesion (mm) 1,06 £ 0,33 1,07 £0,31 0,842
D (22 / 18%)
Diameter at proximal obstruction border (mm) 2,07 £ 0,52 1,88 +£0,53 <0,01
Diameter at distal obstruction border (mm) 1,99 £ 0,53 1,97 £ 0,55 0,648

Supplementary table 11: differences in diameter stenosis (%0), lesion diameter, proximal obstruction border
diameter and distal obstruction border diameter per center. Values shown as median (1Q 25" — 75th).
*Kruskal-Wallis test.

. . ‘ ' Diameter at proximal Diameter at distal
Diameter stenosis (%) Diameter at lesion (mm) _ .
Center (N / %) . . obstruction border (mm) obstruction border (mm)
difference difference
difference difference
A (39/32%) 5,0(0-6,9) 0,11 (0-0,17) 0,11 (0,08 - 0,27) 0,09 (0-0,17)
B (36 / 29%) 3,4(0-7.8) 0,09 (0 -0,20) 0,19 (0,09 - 0,32) 0,09 (0-0,17)
C (26 / 21%) 4,00-7,7) 0,09 (0-0,19) 0,24 (0,10 - 0,28) 0,10 (0-0,21)
D (22 / 18%) 4,7(0-7,7) 0,11 (0-0,16) 0,16 (0,10 - 0,28) 0,13 (0-0,23)
P-value* 0,635 0,952 0,354 0,527
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Supplementary table 12: differences in catheter dimensions. *Mean + Standard Deviation ** median (1Q
25M — 75th) *** Paired samples T-test Al — artificial intelligence.

Al Generated

Size Parameter Original Image P-value***
Segmented Image
5 Fr (78 cases) Diameter* (mm) 1,79 £ 0,08 1,77 +£0,14 0,091
Difference** (mm) 0,04 (0-10,13)
6 Fr (13 cases) Diameter* 2,05+ 0,08 2,1 £0,3 0,270
Difference** 0,16 (0—0,76)

Supplementary table 13: differences in overlap metrics per target vessel. Values shown as median (1Q 25" —
75th). *Kruskal-Wallis test ; LAD — Left Anterior Descending; RCA; Right Coronary Artery; CX: Circumflex

Artery
Positive Negative :
Intersection
Target Vessel Accuracy (%) Sensitivity (%) Specificity (%) predictive predictive . Dice Score (%)
over Union (%)
value (%) value (%)
LA 99,9 (99,9 - 94,2 (91,8 - 99,9 (99,9 - 94,6 (91,9 - 99,9 (99,9 — 89,1 (85,5 — 94,2 (92,2 —
99,9) 96,2) 99,9) 95,9( 99,9) 90,1) 95,0)
RCA 99,9 (99,9 — 95,1 (92,9 - 99,9 (99,9 - 95,1 (93,6 — 99,9 (99,9 - 90,8 (88,1 — 95,2 (93,7 -
99,9) 96,6) 99,9) 96,6) 99,9) 92,0) 95,9)
- 99,9 (99,9 - 95,5 (94,3 - 99,9 (99,9 - 95,2 (93,4 - 99,9 (99,9 — 91,9 (90,1 — 96,8 (96,3 —
99,9) 96,4) 99,9) 96,6) 99,9) 93,5) 96,9)
P-value* 0,176 0,386 0,140 0,119 0,412 0,01 0,01

Supplementary table 14: differences in overlap metrics per stenosis severity. Values shown as median (1Q
25t — 75th). *Kruskal-Wallis test.

Stenosis o .
. Positive Negative .
Severity o o o — Intersection .
o Accuracy (%) Sensitivity (%) Specificity (%) predictive predictive . Dice Score (%)
(original image over Union (%)
value (%) value (%)
as reference)
e 99,9 (99,9 — 95,2 (91,8 - 99,9 (99,9 - 95,2 (91,8 - 99,9 (99,9 - 89,3 (84,4 - 94,3 (91,6 -
=T 99,9) 96,6) 99,9) 97,5) 99,9) 91,6) 95,6)
50-69% 99,9 (99,9~ 95,3 (92,3 - 99,9 (99,9 - 94,6 (91,8 - 99,9 (99,9 89,3 (85,5 — 943 (92,2 —
- 0
99,9) 96,5) 99,9) 96,0) 99,9) 91,4) 95,5)
- 99,9 (99,9 — 95,0 (94,2 - 99,9 (99,9 — 95,6 (94,6 — 99,9 (99,9 - 90,1 (89,2 — 95,0 (94,3 -
< 50%
99,9) 96,2) 99,9) 96,6) 99,9) 91,9) 95,8)
P-value* 0,482 0,969 0,376 0,024 0,581 0,029 0,029
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Supplementary table 15: overlap metrics per center. Values shown as median (1Q 25™ — 75th).

Center (N / %)

Accuracy (%)

Sensitivity (%)

Specificity (%)

Positive
predictive value
(%)

Negative
predictive value
(%)

Intersection over
Union (%)

Dice Score (%)

A (39 / 32%)

99,9 (99,9 — 99,9)

95,4 (93,3 — 96,6)

99,9 (99,9 — 99,9)

94,7 (92,3 - 96,8)

99,9 (99,9 — 99,9)

89,3 (87,8 - 92,1)

94,4 (93,5 - 95,9)

B (36 / 29%)

99,9 (99,9 — 99,9)

94,9 (93,2 — 96,4)

99,9 (99,9 — 99,9)

94,6 (92,9 — 96,1)

99,9 (99,9 — 99,9)

90,4 (86,7 — 91,9)

94,9 (92,9 — 95,8)

C (261 21%)

99,9 (99,9 — 99,9)

95,0 (92,2 — 96,1)

99,9 (99,9 — 99,9)

95,6 (94,9 — 96,8)

99,9 (99,9 — 99,9)

90,6 (89,4 — 92,1)

95,0 (94,4 — 95,9)

D (22/ 18%)

99,9 (99,9 — 99,9)

94,8 (92,6 — 96,2)

99,9 (99,9 — 99,9)

94,6 (91,5 — 95,6)

99,9 (99,9 — 99,9)

89,3 (84,7 - 90,7)

94,4 (91,7 — 95,1)

P-value*

0,756

0,725

0,516

0,059

0,816

0,168

0,168

Supplementary table 16: GSS and individual parameter scores. Median (IQR) in bold due to non-normal

distribution.
Parameter Criteria
GSS (Median (IQ 25" — 75t)) 92 (87 — 96)

GSS (Mean + Standard Deviation) 90+8
Main Vessel Segmentation (N / %) 108 (99,1)
Main Vessel Gaps (N / %) 104 (95,4)
Catheter to Vessel Transition (N / %) 103 (94,5)
Branch Segmentation (N / %) 101 (92,7)
Branch Gaps (N / %) 28 (25,7)
Coronary Atrtifacts (N / %) 95 (87,2)
Catheter Segmentation (N / %) 106 (97,2)
Catheter Gaps (N / %) 78 (71,6)
Catheter Artifacts (N / %) 52 (47,7)
Catheter Location (N / %) 105 (96,3)
Catheter Thickness (N / %) 104 (95,4)
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Supplementary figure 1: A test case with too many annotated vessels (not used for training).

Supplementary figure 2: A test case with too few annotations (not used for training).
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Supplementary figure 3: contrast backflow leads the Al model to disregard most of the catheter.

Supplementary figure 4: minor catheter gaps, possibly facilitated by contrast backflow.
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Supplementary figure 5: catheter thickness is overestimated.

Supplementary figure 6: a small part of the catheter in the descending aorta was segmented in a femoral
access case.
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Supplementary figure 7: a major part of the left main was not segmented.

Supplementary figure 8: the postero-lateral branch and much of the posterior descending artery were
missed. The enhanced Al model did not miss these vessels.
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Supplementary figure 9: a small gap is visible in the left anterior descending artery.

Supplementary figure 10: small gaps are visible in branches.
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Supplementary figure 11: contrast backflow renders the transition less discernible, leading the model to
miss the transition zone.

Supplementary figure 12: a part of the intervertebral disk and vertebra are mislabeled as coronary.
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Supplementary figure 13: contrast backflow is mislabeled as catheter.
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%Diameter Stenosis - Visual Estimation vs QCA
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Supplementary figure 14: scatterplot of angiography %DSVE vs %DSQCA. Outside the most severe
%DSQCA stratum, the discrepancy and overestimation tendency is clear.
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® Segmentation

Supplementary figure 15: scatterplot of segmentation %DSVE vs %DSQCA. Measurements are mostly in
agreement between the two metrics.
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%DSve / %DSaca - Angiography
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Supplementary figure 16: scatterplot of angiography %DSve / %DSqca plotted in the Y axis vs %DSqca
plotted in the X axis. %0DSve only approximates %DSqca in the most severe lesions, as evident by both the
scatter and trendline. Additionally, the ratio is very predominately > 1, illustrating the tendency for

overestimation.

%DSve / %DSaca - Segmentation
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® Segmentation

Supplementary figure 17: scatterplot of segmentation %DSVE / %DSQCA plotted in the Y axis vs
%DSQCA plotted in the X axis. The trendline and measurements are closer to 1 indicated reduced
discrepancy and less overestimation tendency.
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