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Abstract—Purpose. Coronary arterial dominance classification is essential for SYNTAX score estimation,
which is a tool used to determine the complexity of coronary artery disease and guide patient selection toward
optimal revascularization strategy. We developed coronary dominance classification algorithm based on the
analysis of right coronary artery (RCA) angiograms using neural network.

Methods. We employed convolutional neural network ConvNext and Swin transformer for 2D image
(frames) classification, along with a majority vote for cardio angiographic view classification. An auxiliary
network was also used to detect irrelevant images which were then excluded from the data set.

Results. 5-fold cross validation gave the following dominance classification metrics (p = 95%): macro recall =
93.1% + 4.3%, accuracy = 93.5% * 3.8%, macro F1 =89.2% =+ 5.6%. The most common case in which the
model regularly failed was RCA occlusion, as it requires utilization of left coronary artery (LCA) information.
Conclusions. The use of machine learning approaches to classify coronary dominance based on RCA alone
has been shown to be successful with satisfactory accuracy. However, for higher accuracy, it is necessary to
utilize LCA information in the case of an occluded RCA and detect cases where there is high uncertainty.

Keywords: coronary dominance, angiography, RCA, right coronary artery, occlusion, normalized cross-

entropy, noisy labeling
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1. INTRODUCTION

The SYNTAX (Synergy Between Percutaneous
Coronary Intervention with Taxus and Cardiac Sur-
gery) score, developed within the SYNTAX study [1],
serves the purpose of objectively evaluating the extent
of severity in cases of coronary artery disease. Cur-
rently the SYNTAX score remains as the most exten-
sively employed and verified risk assessment tool for
aiding the selection of revascularization strategies in
patients with multi-vessel coronary disease [2]. Sub-
stantial limitations of this scoring system involve the
intricate scoring process required for each lesion and

the variation in its calculation among different physi-
cians [3].
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The first step in calculating the SYNTAX score
entails establishing coronary arterial dominance (also
coronary dominance or heart dominance), a crucial
stage that significantly affects the final score result.
When the coronary dominance classification is incor-
rect, the error in Syntax score calculation can exceed
30%. Coronary dominance classification is also
required when determining the severity of coronary
artery lesions using the Gensini score [4].

Coronary dominance is defined by the coronary
artery branch that gives rise to the posterior descend-
ing artery (PDA) (Fig. 1). It’s categorized as left, right,
or co-dominant [5] Approximately 70—80% of the
population has right dominance, where the PDA orig-
inates from the right coronary artery. About 5 to 10%
of the population shows left heart dominance, where
the PDA originates from the left circumflex artery.
Furthermore, approximately 10 to 20% of cases
demonstrate co-dominance, where the PDA is sup-
plied by both the left circumflex artery and the right
coronary artery [6]. It is important to note that co-
dominance is not considered within the options of
SYNTAX score. Therefore, when dealing with these
complex cases involving both arteries supplying PDA
in a near equal manner; clinicians are advised to
select—right dominance’ while calculating SYNTAX
scores.

S212



NEURAL NETWORK-BASED CORONARY DOMINANCE CLASSIFICATION
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Fig. 1. The determination of coronary arterial dominance is based on the origin of the PDA (red arrows). The PDA can originate
from either the right coronary artery (a), the left coronary artery (b), or both.

Neural networks and classical computer vision
approaches can be used to automatically segment
arteries [7—12] and artery branches [13], classify ste-
nosis [10, 14—16], localize vessels [5] and evaluate ves-
sel diameter [18, 19]. The only step remaining for
complete automatic estimation of the SYNTAX score
is cardiac dominance classification. Despite progress
in the right/left artery classification [20], the classifi-
cation of cardiac dominance using neural networks
needs to be solved. This may be due to the complexity
of this problem, as hard samples are abundant among
coronary angiographic views, which are challenging to
classify. The need for a large training data set with bal-
anced classes (as left dominant hearts usually repre-
sent only 10% or less) further complicates matters.

In this paper, we decided to focus on the analysis of
RCA as it provides the most information about coro-
nary arterial dominance [21]. This study provides a
baseline for future improvements in this field and
highlights the complexity of coronary dominance clas-
sification tasks, making it a valuable contribution to
both cardiology and machine learning communities.

This article presents the fully automatic coronary
dominance classification using neural networks.

The contributions of the article are:

e We have developed a precise coronary dominance
classification algorithm trained on a specially col-
lected and annotated sizeable angiographic study data
set, enabling us to classify coronary dominance accu-
rately. Our data set consisted of 828 angiographic
studies, 192 of them being patients with left domi-
nance.

e Our research has demonstrated the superiority of
symmetrical and normalized cross-entropy over con-
ventional cross-entropy regarding accuracy and ROC
AUC when dealing with noisy labeled data such as
bad-quality frames, specific anatomy, or artifacts.

e We have used an ensemble of models to identify
subsets of angiographic studies where ML models fail
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due to specific anatomy; these cases must be treated
specially for accurate predictions.

2. MATERIALS AND METHODS

The approach for the coronary dominance classifi-
cation is as follows. We analyze each angiogram pro-
jection frame-wise, and only those deemed informa-
tive frames take part in the decision-making process. A
specially trained neural network is used to determine
which frames are considered informative or not. The
final decision for an angiogram view is then made by a
majority voting based on the results of all relevant
frames analyzed. The majority voting is an unweighted
sum of all informative frames logits.

Figure 2 demonstrates the scheme of our classifica-
tion algorithm and experimental design. To evaluate
its performance, we employed a 5-fold cross-valida-
tion approach. Furthermore, an ensemble of neural
networks was used to identify hard cases for which the
model stumbled over during classification. Those
studies that all models in the ensemble failed to classify
correctly were labeled with additional tags clarifying
why they had been misclassified. To estimate the
influence of hard cases on the classification metrics,
we excluded them from the data set and trained the
model a second time.

The further subsections describe the data set char-
acteristics, the algorithm for frame quality selection,
and the neural network architecture and training
details

2. 1. Coronary Angiogram Dataset

This retrospective study included 828 patients who
underwent invasive coronary angiography between
January 2021 and August 2022 in the Tyumen Cardi-
ology Research Center — Branch of Tomsk National
Research Medical Center (Russian Federation). The
study complies with the principles of the Declaration
of Helsinki. The study protocol was approved by the
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Fig. 2. Proposed coronary dominance classification pipeline.

local ethics committee. The invasive coronary angiog-
raphy procedures were performed following the latest
guidelines [2], utilizing an interventional angiography
system (Phillips Allura Clarity, USA), and were
acquired at 15 frames/sec.

The data set contains 828 angiographic studies. We
consecutively selected the data. During the selection,
we increased the share of patients with left-dominant
hearts up to 23% from about 10% in the population. To
achieve this, we started selecting only left-dominant
patients after achieving the necessary number of right-
dominant ones. Out of 850 initial studies, 22 (2.6%)
had low image quality or contrasting conditions that
led them being excluded from training; thus leaving
192 (23%) left dominant cases out of 828 remaining
ones and 636 (77%) right dominant cases. The average
patient is 63.6 yr old, with 17.6% of patients being
younger than 55, 35.5% in the range of 55—65, 36.1%
in the range 65—75, and 10.9% above 75 yr old, respec-
tively; additionally 59% are male and 41% female
patients overall.

Coronary angiographic (CA) view (projection) is a
tool for medical imaging, allowing scientists to observe
the body from a 3D space in real-time and capture it
on 2D imaging planes. This technique involves X-ray
technology to create video images of internal organs

DOKLADY MATHEMATICS

and vessels. The study consists of LCA and RCA
views, with 1—3 RCA views and 1—2 views for the LCA
on average. A CA view comprises an average of 30—
60 frames, where pixels are linearly normalized to a
range from 0 to 255.

The data set contains 1465 CA views, with 235 for
the left and 1230 for the right type. Despite there being
more patients with left dominant hearts in this data set
than on average in the population, it still suffers from
an imbalance of one to five due to a higher number of
RCA views for right dominant studies (2.0) compared
to those found in left dominant studies (1.2).

Three physicians with 3—15 yr of experience took
part in the data labeling process. Each physician was
assigned one chunk of data, and each study was
labeled only once by a single physician.

2.2. Frame Quality Assessment

Using a contrast medium is essential for X-ray
imaging, as it allows the vessels to be seen on an X-ray.
However, because contrast medium spreads over time
in the vessels and attenuates during its course, this can
lead to a need for selecting key frames in the input
video [22].

Vol. 110
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Fig. 3. RCA frame quality score. 0—low quality, 1— high qualitye, (a) 1.47 s, score = 0.104. (b) 2.27 s, score = 0.435 (c) 2.67 s,

score = 0.759 (d) 4.00 s, score = 0.999.

CathAlI [23] used an algorithm for automatically
identifying peak-contrast frames in angiographic vid-
eos. The method calculates the structural similarity
index between each video’s first “reference” frame
(which typically does not contain intra-arterial con-
trast) and all subsequent frames, then selects the frame
with the lowest similarity index as most likely contain-
ing peak contrast. Up to 8 frames can be extracted
from each video using this approach. The disadvan-
tage of this method is that the number and quality of
frames used in studies can vary significantly, leading to
some CA views being unsuitable for model training
due to lack of high quality. As such, ensuring that only
those studies with sufficient high-quality data are
included in the model training process is essential.

We have undertaken another approach for the
annotation of informative and non-informative
frames. We manually annotated 253 CA views (114 left
type, 139 right type) by setting the range of informative
frames with a margin of 5 to categorize any frame out-
side this range as non-informative. This process
resulted in 7713 (informative 4218, non-informative
3495) slices being labeled without involving radiolo-
gists, and our criteria for selecting informative frames
was based on clear visibility of artery’s branches.

We trained a neural network (ConvNext tiny) to
label the remaining frames and used it to exclude non-
informative frames from the training. We found
empirically that different image casting thresholds
should be used for different dominance types; namely,
the threshold for right type should be higher (0.6) than
for the left one (0.3); this is due to RCA being thicker
in right dominant hearts and also because of left dom-
inant hearts being rarer in our data set. This type of

Table 1. Model and training parameters

thresholding is only applicable during the training
process as coronary dominance can then be known
beforehand; however, when testing images with this
model, we use a single unified threshold value of
0.55 across all images regardless of their respective
dominance types. Figure 3 demonstrates how a neural
network estimates frame quality score for RCA over
time. The total time of the angiogram is 4870 ms.

2.3. Neural Network Implementation
and Training Details

We have trained two distinct models — a convolu-
tional neural network ConvNext [24], and Swin [25],
a hierarchical vision transformer using shifted win-
dows. These models achieved the best results on mul-
tiple benchmarks across various tasks, such as image
classification and object detection. Despite their sim-
ilar size (Table 1), their architecture differs signifi-
cantly; while CNNs are based on a series of layers that
apply filters to an input image. Transformers use
attention-based methods to recognize patterns within
images.

When training these models with pretrained
weights from ImageNet datasets, we can expect better
performance than when randomly initialized weights
are used instead. To take full advantage of this transfer
learning approach, we resized the original 512 X
512 images down to 224 X 224 resolution and con-
verted grayscale inputs into 3 channels so they match
those found in ImageNet datasets more closely. This
way our model will be able to benefit from already
learned features without needing additional time or
resources during training process, which would other-

Method parameters mil. batch size epochs Min — max Ir
ConvNext 27.8 100 7 10> = 0.0001
Swin 27.6 100 7 10~35 = 0.0001

DOKLADY MATHEMATICS Vol. 110  Suppl. 1 2024
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wise be necessary if random initialization was used
instead.

2.3.1. Loss function. We used a normalized sym-
metrical cross-entropy (NSCE) loss function (1) to
mitigate noisy labelling [26].

NSCE = a.NCE + PRCE. (1)

This upgraded version (2) of the original normal-
ized cross-entropy (NCE) definition incorporates a
class weight w,, as well as ground truth probability,
q(k | x), and estimated probability, p(k | x), for each
class k in K classes. We have defined ¢, to be a one-
hot vector with one located at j position and

o,

iorm = Zleo)kq(k | x) is the normalization coeffi-
cient. The weighted form of NCE function helps us
better manage imbalanced data sets while training

deep learning models.

DM~

g (klx)log (p(kpx))
L )
qu (klx)log (p(klx))

NCE =

norm

M’*T

=~

=1

Reverse cross-entropy (RCE) [27] is a noise toler-
ant term:

K
D oy pklx)log(g(klx)), (3)

norm k=1

RCE =

where g(k | x) = 0 is to be substitute with a small pos-
itive value. We used oo = 0.3 and 3 = 0.7 in all experi-
ments.

2.3.2. Training details. During the training, we used
only every second frame for the right dominant class to
overcome the class imbalance. We also exploited
weighted normalized symmetrical cross-entropy for
this purpose with weights 0.28 and 0.72 for the right
and left dominant classes. To reduce the overfitting,
we applied the following augmentations — 15 deg rota-
tion and crop (scale = (0.8, 1), ratio = (0.85, 1.15)).

We used the standard Torchvision implementa-
tions of ConvNext and Swin models with Torch
2.0.1+cull7 and Torchvision 0.15.2 running on an
NVIDIA V100 GPU for training purposes, employing
AdamW as the optimizer with a weight decay of 0.05.
We trained ConvNext with a constant Ir = 0.0001 after
zero epoch and Ir = 10> for zero epoch. An appropri-
ate learning schedule was selected for Swin training
starting from a warmup period at a low initial learning
rate (Ir) of 1073 up to its maximum Ir value set at 0.0001
and then decreased to 5 x 1073 after the 4th epoch.

DOKLADY MATHEMATICS
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3. RESULTS
3.1. Metrics

The four main metrics we use to evaluate our mod-
els are recall,,,,,,, accruacy, Fl,,.,, and MCC (Mat-
thew correlation). These scores can be calculated by
taking into account True Positive (TP), False Positive
(FP), True Negative (TN) and False Negative (FN).
We also calculate a separate score for right-dominance
classifications called recall,,, or precision,,, where
positive outcomes refer to right-dominance while neg-
ative outcomes refer to left-dominance; similarly, we
have a separate score for left-dominance called
recallleft and precisionleft.

recall = _TIr , 4)
TP + FN
.. TP

recision = ———, 5
P TP + FP ©)
Fl=2 precision* recall _ 2TP (6)

precision + recall 2TP + FP + FN ’
Fl — Fl[eft + Flright (7)
macro 2 *

The F1 score (6) is a useful metric for evaluating
the performance of a model, however it has one major
disadvantage: it does not consider the number of cor-
rectly classified negative samples. The FIl,,.,
solves (7) this problem by taking into account both
true positives and true negatives in its calculation.

MccC
_ TP-TN — FP - FN (8)
J(TP + FP)(TP + FN)(TN + FP)((TN + FN)

A popular alternative for F1,,,.,,is MCC (8). MCC
is also invariant [28] for class swapping and therefore is
a macro metrics for binary classification. In addition
to these performance assessment measures, ROC
AUC (Receiver Operating Characteristic—Area
Under the Curve) is also helpful when assessing indi-
vidual frame classification as it measures how well the
model distinguishes between classes at various thresh-
olds.

accuracy = TP +TN )

TP+TN + FP + FN’

recall,,, + recall,,g (10)

recall ..., = 5

The precision and correlated with it F1 and MCC
metrics are sensitive to the class imbalance in the test
data. For example, suppose there is an unequal distri-
bution of samples between classes, such as 10 samples
of class 1 and 90 samples of class 2. In that case, a
model that performs equally well for both classes may
still have a low precision score for class 1 due to false
predictions. Accuracy (9) is not sensitive enough to
Vol. 110
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Table 2. Coronary dominance classification metrics

Metric ConvNext Swin
Recall left T 92.4,9:% 94.9,,,%
Recall right T 93.8.5,% 91.4,54%
Precision left T 74.6.143% 68.5:1,,%
Precision right T 98.541 3% 99.0., 0%
ROCAUC T frame class | 95.7445% 93.1,5,%
Recall,, 0, T 93.1443% 93.2.45%
Accuracy T 93.5,33% 92.044,%
Flaero T 89.2.5% 87.2455%
mcc T 79.3,10.% 76.349 6%

this issue either since it does not account for false pos-
itives from rarer labels. Recall,,,.., (10), however has
been shown to be insensitive to imbalanced data sets
and thus provides a more accurate assessment when

cross-validating models on unbalanced data sets.

3.2. Experiment Design and Classification Results

We used a 5-fold cross-validation strategy, splitting
the studies into five equal folds to avoid data leakage.
However, the number of projections and slices may
differ between folds due to varying amounts for differ-
ent studies. To ensure accurate results were achieved
during training, we reserved 20% of each fold’s train
part for validation (16% of the total data set). This
train/validation split was not fixed like a 5-fold
test/train split. Therefore, we regulated this split by
fixing random seed in order to compare results cor-
rectly between experiments conducted on different
folds and splits. In total, four separate 5-fold splits
with two distinct train/validation splits were com-
pleted resulting in twenty neural networks trained
overall.

S217

Table 2 provides a comprehensive view of the per-
formance of right and left dominance classification for
a CA view and individual frame classifications. The
data featured in Table 2 include recall, precision, ROC
AUC metrics for individual frames along with macro
metrics such as accuracy, recall macro, F1 macro, and
MCC. All margin intervals (,,0) are estimated with
95% confidence based on statistics from 20 different
neural networks trained through four different 5-fold
cross-validation.

3.3. Analysis of the Cases where Neural Network Failed

The neural network failed to classify, on average,
about 70 out of 828 studies, so we employed an ensem-
ble of five models to search for studies with hard
cases or potentially wrong labeling. We hypothe-
sized that if all models failed to classify a study cor-
rectly, this was more likely due to data-related issues
rather than model-related ones. The ensemble con-
sisted of ConvNext and Swin models with different
fold splits. After searching through 41 such studies
(5 left and 36 right dominant) containing 51 CA
views, they were further labeled with additional tags by
a highly skilled cardiac surgeon who holds a PhD and
has over 15 yr of experience in the field.

The labelling with additional tags showed that all
cases was considered to be hard and only 10% of exam-
ined studies were incorrectly labeled due to atypical
branching. The most frequent case (61%) in which the
model failed was RCA occlusion, as it is almost
impossible to accurately classify dominance without
analyzing the LCA and RCA. Consequently, our
model trained on the RCA alone could not distinguish
this case. Figure 4a illustrates an occlusion in the
RCA, making it impossible to determine dominance
using only this frame. However, Fig. 4b shows a clearly
visible contrast medium in collateral channels, which
indicates that the model has misclassified a right dom-
inant heart as the left dominant one. This example

(b)

Fig. 4. An example of occlusion in RCA. Red arrows point to the collateral channels. (a) RCA, (b) LCA.

DOKLADY MATHEMATICS  Vol. 110 Suppl. 1 2024
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highlights the importance of utilizing RCA and LCA
frames when determining coronary dominance.

Table 3 provides an overview of 41 cases where all
the models in ensemble classified incorrectly. The first
row indicates the percentage of these cases among all
instances, while rows two and three reveal the propor-
tion of impossible-to-predict correct results without
an LCA analysis, as well as the ratio between false
labels. Figure 5 illustrates the second popular reason
for false classification — a small right coronary artery.
Only 5% of cases had low-quality angiograms, indi-
cating that our system successfully identified and
addressed this issue as the most common cause of
incorrect dominance classification. This finding
demonstrates that the frame quality scoring approach
we have implemented effectively prevents errors due to
poor CA views. The rest 2.4% of the errors are due to
the artefacts—electrode catheters for the cardiac stim-
ulation.

3.4. The Sufficiency of the Data Set Size

In order to demonstrate that the model stumbles
not only over hard cases but the limitation of the data
set size as well, we conducted an experiment in which
we trained the ConvNext model on different subsets of
our main data set containing 20, 25, 30, 40, 50, and
75% of its size. We then excluded 41 hard cases (5% of
the data) from this reduced data set and retrained our
model with it.

Figure 6 demonstrates the dependence of
recall on the relative data set size, with two lines

macro

representing the mean value and 95% confidence

intervals ((ts,c/x/Z)). It is important to note that these
confidence intervals should not be confused with
those found in Table 2. We conducted multiple exper-

Fig. 5. An example of small right coronary artery compli-
cating dominance classification.
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Table 3. Summary of the cases where the all models in
ensemble failed

Cases Occlusion small LO\.V Artefacts
artery quality
% of total 61.0% 31.7% 4.9% 2.4%
require LCA 88% 23.1% 0% 0%
false labeled 0% 30.8% 0% 0%

iments to estimate std for various 5-fold validations of
different shuffles (from 28 for 20% of data to 4 for
100%). The steady increasing trend of the curves sug-
gests that further improvements in accuracy may be
possible by adding additional data to our data set.

3.5. Ablation Study

We have conducted a comparison between our
method and frame selection based on inter-frame
SSIM comparison [1]. For training purposes, we con-
sidered a range of four frames surrounding the peak
frame, which exhibited the highest diversity in SSIM
when compared to the initial frame. The findings pre-
sented in Table 4 indicate that this particular approach
yielded less favorable classification metrics when uti-
lizing all frames for classification. If we do not use our
additional frame selection, the classification accuracy
and ROC AUC degrades from 93.6 and 95.7% to 90.9
and 89.8%, respectively. Discarding the first twenty
frames as bad quality is a reasonable approach, as the
contrast medium needs to spread more at the angiog-
raphy’s beginning. It is better than using all frames for
classification but this approach does not outperform
our method. The article [16]used only one keyframe

Recall ;cr0

0.96

0.94

0.92

0.90

- Full data set

0.88 —#- Without hard cases

086 C 1 1 1 1 1 1 1 1 1
20 30 40 50 60 70 80 90 100
Data set relative size, %

Fig. 6. Dependence of mean macro recall on relative data
set size. 95% confidence interval. Full data set (blue line)
and data set without 41 hard cases (green line).
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Table 4. Coronary dominance classification by ConvNext with and without frames selection based on their quality. 95%

confidence interval for mean value

Method Recall,, ., T Accuracy T Flgero T ROCAUC T
frame selection (our) 93.1,, 0% 93.6.,0% 89.1,,,% 95.741.0%
frame selection SSIM [23] 88.5.109% 90.44,,% 84.2,13% 94.4,03%
first 20 frames discarding 90.6,,,% 88.64,,% 82.9,, 5% 94.9.0.9%
all frames 88.5.1,% 90.9.09% 84.8.13% 89.8105%

Table 5. ConvNext metrics of coronary dominance classification for different loss functions. 95% confidence interval for

the mean value

Model ROC AUC T frame classification Recall,,,.,, T CA view classification
40% data 75% data 100% data 40% data 75% data 100% data
CE 92.8.0,% 94.7.4.5% 95.2:0.51% 86.9413% | 90.2:35% 91.14, 5%
SCE=CE + RCE 94.7. % 95.7.05% 96.1,,,% 90.6., 0% 92.2,03% 92.9,, 0%
NSCE = NCE + RCE 94.6,0,% 95.5,05% 95.741 0% 91.1,,,% 92.6., 3% 93.1,, ,%

for stenosis detection, as while diagnosing the disease,
a cardiologist usually manually determines one key-
frame from the video.

Our experiments have shown that the random flips,
mix-up [29], RandAUG [30], optical and grid distor-
tion augmentations used along with rotation and crop
reduced overfitting, but dropped the metrics or at least
did not improve them. Label smoothing [31] is a regu-
larization technique that has been widely used in the
field of deep learning to improve model generalizabil-
ity. Our experiments, however, have shown that it only
deteriorated the results of dominance classification
when applied to our data set containing hard cases and
false labels.

Cross-entropy (CE) loss is widely used for classifi-
cation problems dbecause it minimizes the KL-diver-
gence between two discrete distributions. However, it
suffers from the same drawbacks as KL-divergence
and can be vulnerable to outliers [26]. An alternative
approach is Symmetrical cross-entropy (SCE), which
belongs to the class of active/passive losses and has

Table 6. Swin metrics of coronary dominance classification
mean value

been shown in studies such as [27] to be more stable
when dealing with corrupted labels.

Our study compared conventional CE, SCE, and
NSCE for cardiac dominance type classification. We
used for SCE the same oo = 0.3 and 3 = 0.7 as for
NSCE. The results showed that NSCE provided the
best result (Tables 5, 6). Specifically, the ROC AUC in
Tables 5 and 6 indicates frame classification accuracy,
while recall macro stands for CA view classification
performance. The confidence interval is for the mean

value—(z,,6/ x/ﬁ) . These findings suggest that NSCE
and SCE are viable options when classifying coronary
dominance and perform significantly better over con-
ventional cross-entropy. The comparison presented in
Tables 5, 6 highlights the progressive improvement in
Swin classification quality relative to ConvNext as the
dataset size increases. It is worth noting that this phe-
nomenon arises due to the well-established character-
istic of transformers, which tend to exhibit higher effi-
cacy with larger datasets while not being as efficient for
smaller-scale datasets [32].

for different loss functions. 95% confidence interval for the

Model ROC AUC T frame classification Recall,,,., T CA view classification
40% data 75% data 100% data 40% data 75% data 100% data
CE 92.5,03% 93.9.406% 94.9.05% 86.5:1 4% 89.7410% 91.04,5%
SCE = CE + RCE 93.0,0 3% 94.6, 5% 95.1,,,% 90.1,,,% 91.5,03% 92.7,,,%
NSCE = NCE + RCE 90.54, 0% 91.840,% 93.141,% 90.3,, 0% 92.2,03% 93.2,, 0%
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(d)

Fig. 7. Swin attention visualization and GradCam for ConvNext (a) Original frame. (b) Attention layer of the 1st stage, 1st trans-
former block. (c) Attention layer of the 3d stage, 3d transformer block. (d) GradCam for ConvINext.

4. DISCUSSION

Analyzing hard cases where the model failed can
provide valuable insight into potential areas for further
research into better solutions. To this end, additional
tags for data set are necessary; specifically, tags such as
RCA occlusions, and atypical branching should be
included. Furthermore, to classify a heart in the case
of RCA occlusions it is essential to utilize LCA infor-
mation that could potentially influence dominance
classification metrics—this issue requires further
investigation. Additionally, uncertainty estimation
and determination of vague cases are important tasks
that must considered when conducting research on
improving solutions for these difficult cases.

4.1. Model Explainability

The neural network is a black box, and its logic is
unclear, making the interpretation of results critical for
clinical decision-making. To address this issue, we
attempted to interpret the results by visualizing Swin
attention layers and using Grad-CAM for ConvNext.
Unfortunately, GradCam did not provide any clear
interpretation in many cases; this result is consistent
with study [33], which used GradCam for angiogram
angle prediction interpretations. Meanwhile, Grad-
Cam showed better explainability in [23] for stenosis
classification. In contrast, visualization of Swin atten-
tion layers demonstrated better performance; as
shown in Fig. 7b, it focused on vessels and areas where
branches are concentrated (Fig. 7c). Figure 7b high-
lights the result from window multi-head attention,
wheres Fig. 7c shows the output from the end of the
Swin transformer block after MLP layer.

Figure 6 demonstrates that a model trained on a
small data set of only 165 studies can achieve more
than 90% recall,,,.,,, indicating the existence of simple
criteria which allows for easy classification of the
majority of cases. It is established that the right domi-
nant heart vessels are typically thicker and have a
larger square than the left. The model may use this
simple criterion to classify hearts. However, our appli-
cation of crop augmentation should prevent the model

DOKLADY MATHEMATICS

from relying on this simple criterion for classification.
Therefore, further research is needed to determine if
models can analyze more complex structures such as
RCA branches to achieve accurate results. Segmenta-
tion of all artery branches may be necessary to gain
insight into this matter and develop better algorithms.

4.2. Model Generalisability

Using two different models, a convolutional net-
work and a transformer, combined with cross-valida-
tion has yielded consistent results. The five different
models make mistakes mainly in the same studies with
clear anatomical explanations. However, due to the
relatively small size of our data set, there is a high devi-
ation between folds caused by differences in
train/val/test splits (the deviation between models
trained and tested on the same data is small). Increas-
ing the dataset size and mitigating any imbalance
should help reduce this deviation between folders.

Our models were trained and tested on data from
the same device, which does not prove their stability to
domain shift. The indications for coronary angiogra-
phy may differ between countries, leading to different
data distributions that can cause a substantial increase
in RCA occlusion cases. To ensure our models are
robust across domains, we need to evaluate them using
data sets from multiple sources with diverse character-
istics.

5. CONCLUSIONS

The proposed machine learning approach to auto-
matically classify coronary dominance based on the
RCA (Fig. 2) has been proven effective, with a classi-
fication accuracy of 93.5 + 3.8%. The recall is compa-
rable regardless of the type of dominance. However, in
cases where an occlusion or atypical branching present
inthe RCA, it becomes necessary to utilize LCA infor-
mation. These hard cases account for approximately
5% of data sets; if excluded from consideration, this
increases accuracy up to 97.0 = 2.1%.
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Both convolutional models ConvNext and Swin
Transformer have shown comparable performance in
the study. However, it is worth noting that Swin is
biased toward left dominance, whereas ConvNext
appears to be more balanced and has better metrics on
the smaller data sets. Using SCE and NSCE losses
demonstrated significant performance over conven-
tional cross-entropy in the presence of noisy labels,
stabilizing training, and improving classification met-
rics.

The neural network for frame quality assessment
was trained using the labelling done by a programmer
rather than a radiologist. Nevertheless, it has shown
better classification of frame quality over other meth-
ods like discarding first frames or analyzing SSIM
between frames. As the method has become so effi-
cient, it would be logical for professional radiologists
to label the range of quality frames in future work,
which could further improve coronary dominance
classification.

The future improvements of the model to our
minds are:

¢ additional labelling of the data set with new tags
such as bad quality, occlusion, atypical branching, and
artefacts in order to better represent the data set;

e utilizing LCA decision-making techniques for
more accurate predictions

e improving data set imbalance by adding new left
dominant studies that can provide a better representa-
tion of all classes

e predicting classification uncertainty, which will
allow us to make more informed decisions

e testing our neural networks on the domain-shit
effect with angiograms acquired from device models
different from what we used for training data set.
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