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Abstract. To decrease patient waiting time for
diagnosis of the Coronary Artery Disease, auto-
matic methods are applied to identify its severity
using Coronary Computed Tomography Angiogra-
phy scans or extracted Multiplanar Reconstruction
(MPR) images, giving doctors a second-opinion on
the priority of each case. The main disadvantage of
previous studies is the lack of large set of data that
could guarantee their reliability. Another limitation
is the usage of handcrafted features requiring man-
ual preprocessing, such as centerline extraction. We
overcome both limitations by applying a different au-
tomated approach based on ShuffleNet V2 network
architecture and testing it on the proposed collected
dataset of MPR images, which is bigger than any
other used in this field before. We also omit cen-
terline extraction step and train and test our model
using whole curved MPR images of 708 and 105 pa-
tients, respectively. The model predicts one of three
classes: ‘no stenosis’ for normal, ‘non-significant’
— 1-50% of stenosis detected, ‘significant’ — more
than 50% of stenosis. We demonstrate model’s in-
terpretability through visualization of the most im-
portant features selected by the network. For steno-
sis score classification, the method shows improved
performance comparing to previous works, achiev-
ing 80% accuracy on the patient level. Our codﬂ is
publicly available.

1. Introduction

According to the American Heart Association re-
port [2], approximately 17.6 million deaths were at-
tributed to Cardiovascular Diseases (CVD) globally
in 2016, making it the leading cause of death in

1https ://github.com/ucuapps/
CoronaryArteryStenosisScoreClassification/
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Figure 1: The pipeline of stenosis classification on
an MPR image. For each 2D image, ShuffleNet V2
predicts probabilities of stenosis score. Activation
regions of the last layer in the model are shown and
overimposed on the input image.

the world. By 2030 it is estimated that CVD will
be responsible for over 23.6 million deaths [2]], and
thus the ability to get early diagnosis becomes cru-
cial. Cardiovascular diseases affect the heart or blood
vessels. They include Coronary Heart Disease, or
Coronary Artery Disease (CAD), which occurs when
plaque (a combination of cholesterol, calcium, fat
and other substances) builds up in the arteries and
clogs them. This narrowing of the arteries, called
stenosis, interferes in the healhy blood flow by hin-
dering oxygen-rich blood cells transportation to the
heart.

Coronary Computed Tomography Angiography
(CCTA) is one of the components used by radiolo-
gists in diagnostics of the coronary artery disease.
In the recent studies, CCTA was proven to be clin-
ically effective in combination with functional test-
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ing (SCOT-HEART [1]), or even as an alternative to
it (PROMISE [7]). Coronary CTA helps doctors in
evaluation of the degree of artery stenosis. For pa-
tients in the risk group, it is vital to get the diagnosis
in a short period of time, however, nowadays it takes
up to two weeks to receive analysis results after the
scanning procedure. In order to decrease the waiting
time, the previous works [12]], [22] applied various
semi-automated algorithms to identify the severity of
disease in medical images, giving doctors a second-
opinion on the priority of each case. Such automated
computer-aided systems are capable to increase the
access to diagnostics and eventually reduce mortal-
ity by faster recognition of critical cases.

Due to recent advances in applications of machine
learning to medical domain, it is now possible to
use neural networks for assessment of the severity
of coronary artery stenosis. Among the main disad-
vantages of previous approaches are the lack of large
set of data that could guarantee their reliability and
usage of handcrafted features during the preprocess-
ing steps. Our contribution to this field lies in ap-
plication of a different approach and testing it on the
created dataset, which is bigger than any other used
in this field before. We also propose a fully auto-
mated method to classify stenosis score, that utilizes
whole curved Multiplanar Reconstruction (MPR) im-
ages without manual preprocessing or centerline ex-
traction, see Figure[T]

2. Related Works

The problem of stenosis score classification on
CCTA images of coronary arteries is insufficiently
studied. The major difficulty is the absence of pub-
licly available structured and professionally labeled
sets of data. Another one is domain specificity, which
requires certain expertise in analysing medical data.

Datasets of coronary arteries are usually formed
by CCTA scans, from which MPR images can be ex-
tracted and transformed to either straight or curved
representation of arteries. In the related paper [3],
CCTA scans of only 163 patients were collected, and
the proposed network was trained and tested using
images of 98 and 65 patients, respectively. The au-
thors first straightened MPR images by applying the
centerline extraction technique [20] and then used the
transformed data to simplify classification of steno-
sis level. The centerline extraction step used in
this approach requires manual placement of a sin-
gle seed point in the artery of interest, so that the

method is not fully automated. 3D convolutional
neural network was utilized to extract features which
are used by recurrent neural network for classifica-
tion. While the achieved accuracy shows good per-
formance and feasibility of deep learning methods
for stenosis score classification, the reliability of ob-
tained results can not be justified on such small data
sample. Another drawback is its poor stability: as the
authors admit, even small errors in centerline extrac-
tion may essentially increase the overall error.

Centerline extraction is a common preprocessing
method [[15]] although it often requires manual assis-
tance. It is used in the previous study [22]], where
user interaction is needed to localize the artery by
annotating the start and end points of the vessel.
As the authors described, the start point was placed
in the coronary ostium of the corresponding arterial
tree and the end point was placed at the most dis-
tal point inside the vessel. Some parameters were
chosen manually, for example, contrast filled (fore-
ground) regions are defined by empirically determin-
ing a lower and upper bound values of intensity.
Other handcrafted features include the mean and dis-
persion values of the artery radius, as well as the
mean and dispersion of a rotation angle correspond-
ing to a typical location of the artery.

In order to avoid errors caused by centerline ex-
traction, in our approach we use curved MPR im-
ages instead. These MPRs are generated from CCTA
with the help of radiologist assistant during a general
pipeline of the coronary artery diagnosis. Thus, our
method does not require any handcrafted features,
but utilizes the whole MPR image, where artery is
curved.

3. Data

For training our algorithms, we used curved MPR
images of the coronary artery with stenosis levels
annotated by professional radiologists from a well-
renowned Future Medical Imaging Group (FMIG) in
Australia. Our current dataset consists of 160,000
MPR images which were extracted from CCTA scans
of 828 unique patients; see data statistics in Table[T]

3.1. MPR generation process

The CCTA stack of images representing the pa-
tient’s heart, is produced by the CT scanner. The raw
CT scans require thorough and long analysis as the
coronary artery is represented in each slice as a small
circular region, similar to a dot. To increase the in-
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Figure 2: Prediction process. First, the whole CCTA is converted into sets of MPR images for each artery
branch (completed by a radiologist assistant). Then, our method automatically cleans the image from the text
and meta information, and feeds the obtained preprocessed images to the ShuffleNet V2. As an output, the

probability predictions of each class are produced.

Arteries  Arteries Sections Sections
LAD 824 LAD 822
D-1 729
D-2 356
D-3 68
LCX 722 LCX 639
PLV-LCX 15
PDA-LCX 17
RCA 721 RCA 91
oM 6
OM-1 81
OM-2 281
OM-3 75
PLV-RCA 609
PDA-RCA 71

Table 1: Collected dataset statistics. Number of
cases containing certain arteries and branches for all
828 patients.

terpretability of the data, the clinicians use the MPR
technique [10, 5]. MPR is the process of using the
data from axial CT images to create a more anatom-
ical representation of the coronary artery by tracking
the whole specific artery branch along the CT volume
and generating its two-dimensional image.

Each branch is represented by 50 MPR images,
where one image corresponds to the specific view an-
gle (180 degrees in total). The reason for that is that
plaque might be located anywhere along the vessel,
and be invisible only from some view angles.

3.2. Labels extraction from medical reports

The condition of coronary artery of each patient is
described by the report. It contains the meta informa-
tion about the person (age, gender, heart rate, etc.),
characterization of stenosis score, type of the plaque

and calcium score to all artery sections and branches.
The raw reports are not suitable for training classi-
fication machine learning algorithms as they do not
have any specific category attached to the particular
image or at least to a stack of images.

We created the parsing pipeline, which takes the
report of the patient as an input and extracts all in-
formation relevant to our task. The parsed data in-
clude the description of all important artery sections
and branches with corresponding stenosis categories.
The latter are grouped according to the standard de-
fined by the Society of Cardiovascular Computed To-
mography (SCCT) and Coronary Artery Disease -
Reporting and Data System (CAD-RADS) [4]: 0% -
Normal, 1-24% - Minimal stenosis or plaque with no
stenosis, 25-49% Mild stenosis, 50-69% - Moderate
stenosis, 70-99% - Severe stenosis, 100% - Total Oc-
clusion. In the reports, three main artery sections are
presented: LAD (Left Anterior Descending Artery)
with D-1, D-2, D-3 branches; RCA (Right Coronary
Artery) with PDA-RCA, PLV-RCA branches; LCx
(Left Circumflex Artery) with OM-1, OM-2, OM-3,
LCx-PDA, LCx-PLV branches.

3.3. Data labeling process

Specific recommendation for further patient treat-
ment depends largely on the identified level of steno-
sis [4]. No further cardiac investigation is required
unless moderate (50-69%) or higher stage was re-
ported. Preventive therapy and risk factor modifica-
tion is suggested for minimal or mild stenosis. Due to
these specific regulations, we assign one of the three
classes for each MPR image: ‘no stenosis’ for nor-
mal cases, ‘non-significant’” — 1-50% of stenosis de-
tected, ‘significant” — critical cases where more than
50% of stenosis is present and instant doctor’s atten-






