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Abstract—In this paper, we focus on accurately detecting and
localizing stenosis in non-contrast cardiac CT images. There
are different levels of granularity in stenosis localization. We
have investigated the localization in several aspects. For instance,
consider the aspect of which coronary artery the stenosis is
observed and which coronary segments the stenosis has spread
to. To shed some light on these localization aspects, we formulate
the problem of estimating the location of stenosis in both
coronary arteries and coronary artery segments as a multi-
label, multi-class classification problem with imbalanced data.
We propose ensemble methods with 3D neural network models
to predict stenosis localization with high recall. We demonstrate
our proposed ensemble approaches through experiments.

I. INTRODUCTION

In recent years, the number of patients with blood vessel-
related diseases, such as those affecting the heart and brain,
has increased. Cardiovascular hospitals that treat these diseases
have large collections of patient images, including computed
tomography (CT), magnetic resonance imaging (MRI), and
ultrasound. It is challenging to use these images in the medical
field to detect diseases early, provide appropriate treatment,
and prevent them from becoming severe. The main cause
of diseases such as brain diseases and myocardial infarction
is generally the accumulation of a substance called plaque
in blood vessels. This narrows the blood vessels and causes
stenosis. Accurate and early detection of stenosis is truly an
urgent issue.

Traditionally, stenosis has been diagnosed visually by radi-
ologists using angiography images during catheter treatment.
However, this diagnostic method places a heavy burden on
expert radiologists, and the use of contrast agents and highly
invasive treatment using catheters places a heavy burden on
patients as well. Therefore, we have been conducting research
on non-invasive diagnostic techniques that are and less burden-
some for patients. One such technique is stenosis prediction
from non-contrast CT. In predicting coronary artery stenosis,
it is necessary to use Al to assist in estimating the location of
stenosis at various levels of detail. This includes not only the
presence or absence of stenosis, but also in which coronary
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artery it occurs. Additionally, it is necessary to determine
which segment of which coronary artery is affected.
However, there are several problems that need to be solved
in order to estimate the location of stenosis. First, the coronary
arteries consist of four groups: RCA, LMT, LAD, and LCX,
as shown in Fig. 1. There is also an extreme imbalance in the
data regarding where stenosis occurs in the coronary arteries.
In fact, even among patients with positive coronary artery
stenosis, the number of patients with stenosis in the LMT
is extremely low compared to patients with stenosis in other
coronary arteries. The same is true for the location of the
stenotic segment. There is little data on LMT segment 5, RCA
segment 3, or LCX segment 13, while there is an abundance
of data for LAD segments 6 and 7. See Fig. 2 for more detail.

Ascending Aorta —
_—~ LMT (Left Main Trunk)

LCX (Left Circumflex Coronary
Artery)

LAD (Left Anterior Descending
coronary artery)

RCA (Right Coronary
Artery)

PD (Poster Descending
branch)

Fig. 1. Illustration of coronary arteries (reproduced and translated into English
from https://www.med.jrc.or.jp/hospital/clinic/tabid/146/Default.aspx)

Second, based on our experience, we cannot expect high
accuracy in stenosis detection using non-contrast CT images
for 2D image classification. Additionally, we have addressed
the problem by treating it as a 3D video classification problem
in our previous research. Although a 3D neural network
model is better than a 2D model, achieving high accuracy
remains difficult. Third, in the medical field, it is acceptable
to mistakenly diagnose a patient with stenosis and perform a
detailed examination when there is no stenosis. In other words,
it is acceptable to have a false positive diagnosis of stenosis.
However, it is not acceptable to mistakenly diagnose that a
patient does not have stenosis when he or she actually does.

In this paper, we address these issues by formulating the
problem of estimating stenosis of coronary arteries. We for-
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Fig. 2. Illustration of coronary artery segments (annotations added and cited

from [1]). Segment numbers in blue represent segments used in our research.
Segments numbers in black represent segments not used in our research.

mulate the problem of estimating stenosis of coronary artery
segments as a multi-label, multi-class classification problem.
We propose ensemble methods using 3D neural network mod-
els that can accurately localize stenosis in coronary artery
segments. This is achieved despite the imbalance of data
between segments. We demonstrate the effectiveness of these
methods through experiments.

In Section II, we briefly review related work. Then, in
Section III, we describe preprocessing data, followed by a
focus on the proposed ensemble methods in Section IV. Section
V describes the experimental results. Section VI analyzes our
ensemble methods, and Section VII concludes the paper.

II. RELATED WORK

In this section, we briefly describe recent research activities
and their objectives related to the prediction of stenosis.

Most approaches to date have employed CCTA (coronary
computed tomography angiography), as a reliable, invasive
method to assess coronary artery stenosis.

Dan Han et al. [2] used CCTA to assess the coronary artery
stenosis, where U-Net [3] was adopted for image segmentation
and V-Net [4] was employed for stenosis detection. Andrew
Lin et al. [5] used CCTA and ICA (Invasive Coronary Angiog-
raphy) to predict stenosis.

Abdul Rahman Ihdayhid et al. [6] published their work
on assessing coronary artery stenosis and high-risk plaque
with a deep learning technique. Specifically they examined
approximately 600 patients and translated the problem into
four-class classification. Similarly, Jingjing Yan et al. [7]
translated the problem into three-class classification.

In our previous work on stenosis severity [8], we defined the
problem as a multi-label multi-class classification problem and
a regression problem, using 2D DNNs. Similarly, we described
our early work on ensemble learning using 3D CNN [9].
Unfortunately in terms of the evaluation criteria, our previous
work failed to achieve good performance.

To our knowledge, no other approaches have used cardiac
CT slice images to predict coronary artery stenosis, using
video-pretrained 3D CNNs, except for our previous research.

III. OVERALL FLOW

Fig. 3 illustrates the overall flow of our proposed system
for predicting the stenosis segment. Before we elaborate on
each block of the flow, we will take a brief look at the input
annotation data and the 3D data representation for the given
non-CT images.

A. 3D data representation for CT slices

Among the annotation data to be discussed as shown in
Fig. 7, we will focus primarily on the CT slice where the steno-
sis is most prominent. For positive data, we align the center
of consecutive CT slices with the lesion number, assuming the
location is around the center of the lesion. For negative data,
we randomly generate a healthy center near the median of all
CT slices per subject.

B. 3D block structure

Given a stenosis lesion image within a series of non-contrast
CT images, we hypothesize that the adjacent consecutive
CT images should also have stenosis. Specifically, for non-
contrast CT images, where the average number of CT slices
is approximately 56, we hypothesize that six CT slices before
and after the central lesion should have stenosis, as shown in
Fig. 4. A 3D block consists of 2k + 1 consecutive CT slices:
k slices before, one at the central lesion, and & more slices
after. After conducting several experiments, we set k = 6 in
our implementation.

IV. ENSEMBLE METHODS

We describe our proposed ensemble methods for predicting
stenosis segments from two perspectives. The first, straightfor-
ward ensemble method is based on different 3D CNN models.
The second ensemble method focuses on one 3D CNN model
and combines different loss functions as a weighted sum.

A. Ensemble by different 3D CNN models

The 3D CNN models used in our proposed ensemble
methods includes I3D [10], R3D [11], and MC3 [11] models.
Fig. 5 illustrates how these models are incorporated into the
ensemble. As Fig. 5 shows, fully connected layer (“stacking’)
learns the weights during ensemble learning.

B. Ensemble by different pretrained loss function parameters

In this approach, we fix one 3D CNN model (here we
assume the I3D CNN model), while we combine pretrained
models with different loss function parameters. The loss func-
tion that we have adopted is focal loss [12]. We chose focal loss
for the following reason: It was initially intended to address
unbalanced data between classes.

Fig. 6 illustrates the way we did it for an ensemble of differ-
ent sets of parameters for the focal loss with the I3D 3D CNN
model. In our implementation, after several comparative ex-
periments, we set n = 4, and adopted the following parameter
combinations; (vy1,c1) = (0.75,0.75), (v2,a2) = (1.2,0.6),
(’}/37043) = (1.5,0.5), and (’)/4,044) = (05,08)
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Fig. 4. Representations for non-contrast CT images (a) 2D representation of
the 2k + 1 consecutive contrast CT slices, where £ slices (in this example,
k=6) are hypothesized to inherit stenosis before and after the central lesion
image (b) 3D representation of 2k 4 1 consecutive slices stick together.

Note that the basic formula of the focal loss is given by the
following:

FL(p) = —a(1 —p)” logp, (1)

where p is probability, « is class balancing factor, and ~ is
focal parameter.

We carried out extensive experiments and plotted precision,
recall, and F1 before determining the above four parameter
combinations, including the case of v = 0.0, which is reduced
to binary cross entropy loss, as well as for v = 2, a = 0.25,
as recommended by the original authors of focal loss.

In medical diagnosis, recall is highly valued compared to
precision. This means that a false positive diagnosis is allowed,
indicating that the patients who are diagnosed as stenosis
positive can proceed to detailed inspection. Conversely, a false
negative diagnosis is not permitted because it means that some
patients are diagnosed as negative when they were actually
stenosis positive. These considerations lead us to prioritize on
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Overall flow of our proposed system to detect coronary artery segment(s) as a multi-label multi-class classification problem.
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Fig. 5. Ensemble of 3D CNN models. To make each model contribution
even, we fine-tune each 3D CNN so that the output dimension of the feature
extractor becomes equal (in this example, 128 dimension).

recall rather than precision. Therefore, the parameter combi-
nation (v, &) = (2,0.25) should not be permitted, even though
this parameter combination leads to the highest precision.

In this section, we will first discuss “annotation data,” which
includes the diagnostic data of anonymous patients, as shown
in Fig. 7. The total amount of stenosis-positive data that we
use is approximately 900, while the stenosis-negative data set
contains more than 2,000.

C. Annotation data

Fig. 7 illustrates the data that we have received from the
Toyohashi Heart Center for stenosis detection, where No
denotes the patient ID (or number). CA indicates the name
of coronary artery; RCA, LAD, LCX, or LMT. segment is the
segment number. SMLD is the “simple” lesion number of CT
images, referring to the center of the CT slice where stenosis
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Fig. 6. Ensemble by arithmetic weighted sum of different sets of parameters
to Focal Loss with the I3D model

is evident. Note that a non-contrast CT image is sometimes
referred to as simple, as a subject does not have to ingest a
contrast agent prior to the scan.

On average, we obtain 56 non-contrast CT slices, scanned
approximately 2.0 mm apart for each subject. sImage is a
DICOM image that corresponds to the SMLD.

No | YN CA |segment|sLesion| sLesionimage
3 Y RCA 2 30 0917bb10.dcm
4 Y LMT 5 7 0918dc06.dcm
6 Y LAD 6,7 15 09193f0e.dcm
7 Y LCX 11 19 09196607.dcm
8 Y RCA 2 40 0919871c.dcm
8 Y LAD 6 16 09198704.dcm
10 Y RCA 1 25 0919f414.dcm
1" Y RCA 1 13 091a150c.dem
11 Y RCA 2 20 091a1513.dcm
11 Y LAD 7 9 091a1508.dcm
12 Y RCA 1 22 091a4615.dcm
12 Y LAD 6 15 091a460e.dcm
13 Y LAD 7 9 091ab508.dcm
Fig. 7. Annotation data outlook

V. EXPERIMENTAL RESULTS

In this section, we will present the results of our experiments
with the proposed ensemble methods and analyze them in
terms of recall as an evaluation measure.

Before delving into results, to demonstrate the imbalance of
the number of data in coronary arteries, Fig. 8 shows the real
data we used in our experiments to demonstrate the imbalance
of data in the coronary arteries. Clearly, the coronary artery
segments LMTS and RCA3 are much smaller than the others.

A. 3D CNN Model Ensemble

Fig. 9 shows the recall (in red), precision, and F1 score of
the ensemble method using the I3D, R3D, and MC3 models.
As shown, the precision is acceptable, while the recall fluctu-
ates among coronary artery segments. Overall, the ensemble
achieves 65% recall.

RCA1 |RCA2 |RCA3 |LMT5 |LAD6 |LAD7 |LCX11|LCX13 | healthy | Sum

Training | 83 67 27 | 39 | 169 | 170 | 70 90 392 900

Validation | 11 13 5 4 32 33 13 26 60 160

Test 17 18 8 5 27 32 27 32 60 160
Fig. 8.  Number of data in each coronary artery

8-Class Segmentation (13D, R3D, MC3) Ensemble
100 1000 1000

Precision
B Recall

Evaluation measures

RCAL RCA2 RCA3 LMTS LAD6 LAD7 LCX11 LCX13  Total Avg
Coronary Artery and the Total Average

Fig. 9. Precision, recall, and F1 measures of three 3D CNN model ensemble

B. Focal Loss Ensemble

We have conducted experiments by changing (y, &) param-
eter combinations as shown in Equation (1).
Fig. 10 demonstrates per coronary artery evaluations.
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Fig. 10. Recall of each coronary artery with focal loss ensemble method

For comparison, we added several focal loss parameter
combinations of (7, ). Except for RCA3, the recall of the
ensemble method was equal to or higher than the others.

VI. ANALYSIS OF ENSEMBLE TECHNIQUES BY CHANGING
THE ACTIVATION FUNCTION THRESHOLD

In our experiments, the output of the ensemble is the eight-
class probabilities after applying the sigmoid function. We use
a threshold of 0.5, which means if the value exceeds 0.5 then
the output becomes 1; otherwise the output becomes O.

In medical applications, it is usually more important to have
a better recall than a better precision. In other words, we want
to avoid false negatives, while false positives are acceptable
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because they can be subjected to further inspection. Of course a
larger recall value is generally favorable, yet this usually comes
at the cost of low precision. Thus, we conducted a couple
of experiments. We changed the threshold value before the
sigmoid activation function to see how it affects the resulting
recall and precision.

It should be noted that LMTS is very important because it is
the thickest coronary artery. Thus, if there is positive stenosis
in the LMTS5, we definitely do not want to miss it.

A. Ensemble of different 3D CNN models

Fig. 11 shows the macro recall and precision curves for an
ensemble of three 3D CNN models with varying threshold val-
ues. The recall at a threshold of 0.1 is the best. Fig. 12 shows
the recall and precision curves for each coronary artery of the
ensemble of 3D CNN models. LMT5’s recall is invariantly 0.6,
regardless of the threshold values.

10 8-Class Segmentation with 3D CNN (Macro Average)
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—e— Precision

_o/—

Evaluation measures
°
3
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0.1 0.2 0.3 0. .6 0.7 0.8 0.9
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Fig. 11. Precision and recall graphs for the ensemble of three different 3D
CNN models
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Fig. 12. Precision and recall graphs per coronary artery of the ensemble of

three different 3D CNN models

B. Ensemble of CNN models with focal loss parameters

Fig. 13 shows the macro recall and precision curves as
threshold values vary. Fig. 14 shows recall and precision curves

for each coronary artery. LMTS5 has the smallest amount of
positive data yet is the most important coronary artery.

According to Fig. 14, the recall of LMTS5 is 1.0 when the
threshold is less than or equal to 0.2.
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Fig. 13. Precision and recall graphs for the ensemble of four different focal
loss parameter settings
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Fig. 14. Precision and recall graphs per coronary artery of the ensemble of
four different focal loss parameter settings

C. Summary of Results

Fig. 15 shows the evaluation results of our proposed ensem-
ble methods compared to baseline methods (i.e., methods with
a single 3D CNN model). In terms of recall, the ensemble
model combined with several focal loss parameters and a
threshold 0.2 (equivalent to 1/5) was the best (90%), while
in terms of F1 score, the ensemble of 3D CNN models (I3D,
R3D, and MC3) with a threshold 0.1 was the best with a score
of 68%. Further investigation of this matter is needed.

VII. CONCLUSIONS

In this paper, we proposed ensemble methods for estimating
the localization of coronary stenosis from non-contrast CT
images. Localization in this paper is defined as coronary artery
segments. As an important evaluation criterion, we focused on
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[Model Precision Recall F1 Healthy | Hamming loss Jaccard Coefficient

13D 0.68 053 | 059 | 0.92 0.10 Fg;g:g13]3.o.e7,o.54,0.53,0 350
R3D 054 | 054 | 053 | 083 0.0 [fogt 000080380
mcs 0.53 055 | 050 | 0.87 011 [(20020026035,042037.0
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Fig. 15. Summary of Evaluation Results. “th” in Model stands for threshold.

“recall”’, meaning that we did not want to miss any patients
with stenosis.

As the first ensemble method, we described a method that
connects multiple 3D CNN models (I3D, R3D, and MC3) with
a stacking layer. As the second ensemble method, we described
another ensemble method, fixing a 3D CNN model, varying the
focal loss parameters. Then, with the pretrained models under
four different parameter settings, we introduced an arithmetic
weighted sum as an output for predicting stenosis segments.
The poposed ensemble methods outperformed methods with a
single 3D CNN model.

From our proposed ensemble approaches, we demonstrated
that our proposed methods resulted in outstanding recall. This
solves the data imbalance problem to some extent among
coronary arteries and their associated segments.
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