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A B S T R A C T

Background: Although chest radiographs have not been utilised well for classifying stroke subtypes, they
could provide a plethora of information on cardioembolic stroke.
This study aimed to develop a deep convolutional neural network that could diagnose cardioembolic stroke
based on chest radiographs.
Methods: Overall, 4,064 chest radiographs of consecutive patients with acute ischaemic stroke were collected
from a prospectively maintained stroke registry. Chest radiographs were randomly partitioned into training/
validation (n = 3,255) and internal test (n = 809) datasets in an 8:2 ratio. A densely connected convolutional
network (ASTRO-X) was trained to diagnose cardioembolic stroke based on chest radiographs. The perfor-
mance of ASTRO-X was evaluated using the area under the receiver operating characteristic curve. Gradient-
weighted class activation mapping was used to evaluate the region of focus of ASTRO-X. External testing was
performed with 750 chest radiographs of patients with acute ischaemic stroke from 7 hospitals.
Findings: The areas under the receiver operating characteristic curve of ASTRO-X were 0.86 (95% confidence
interval [CI], 0.83�0.89) and 0.82 (95% CI, 0.79�0.85) during the internal and multicentre external testing,
respectively. The gradient-weighted class activation map demonstrated that ASTRO-X was focused on the
area where the left atrium was located. Compared with cases predicted as non-cardioembolism by ASTRO-X,
cases predicted as cardioembolism by ASTRO-X had higher left atrial volume index and lower left ventricular
ejection fraction in echocardiography.
Interpretation: ASTRO-X, a deep neural network developed to diagnose cardioembolic stroke based on chest
radiographs, demonstrated good classification performance and biological plausibility.
Funding: Grant No. 14�2020�046 and 08�2016�051 from the Seoul National University Bundang Research
Fund and NRF-2020M3E5D9079768 from the National Research Foundation of Korea.
© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
Keywords:

Stroke
Chest radiograph
Deep learning
Cardioembolism
Classification
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
1. Introduction

Stroke classification is important because many therapeutic deci-
sions are dependent on its pathophysiology [1]. Exploration for a
cardioembolic source particularly matters as most cases require anti-
coagulation therapy for secondary prevention [2]. The incidence of
cardioembolic stroke has been increasing, and it causes more severe
stroke than other subtypes [3]. Cardioembolic stroke is characterized
by focal cerebral infarction due to cardiac problems and not due to
the pathology of the cerebral vasculature [4]. To diagnose cardioem-
bolic stroke, it is imperative to consider not only the clinical and
radiological patterns of cerebral infarction, but also the underlying
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Research in context

Evidence before this study

Classification of cardioembolic stroke is important because its
prevention requires anticoagulation therapy or intervention for
cardiac disease. Diverse cardiac workups such as electrocardio-
gram, echocardiography, cardiac computed tomography and
cardiac magnetic resonance imaging have been used to diag-
nose cardioembolic stroke. Although chest radiographs can pro-
vide a plethora of information about the cardiac structure, they
have not been well utilized to classify stroke subtypes due
ambiguity and limited inter-rater reliability.

Added value of this study

This is the first study to evaluate whether deep learning can
distinguish cardioembolic stroke using chest radiographs in
patients with acute ischaemic stroke. Our deep learning model
demonstrated significant performance in classifying cardioem-
bolic stroke from non-cardioembolic stroke on chest radio-
graph. Gradient-weighted class activation mapping analysis
showed that classification of cardioembolic stroke could be
made by attention to the heart, especially the area in which the
left atrium is located. This analysis provides interpretability
and biological plausibility for the results of the deep learning
algorithm.

Implications of all the available evidence

These results suggest the possibility of using chest radiographs
to diagnose stroke subtypes when deep learning approach is
used. Because chest radiograph is relatively inexpensive and
non-invasive, it can be easily used in resource-poor countries.
Moreover, our deep learning model may complement human
decision-making processes for stroke work-up and diagnosis of
cardioembolic stroke in current clinical practice. However, to
validate clinical usefulness of this model, it is necessary to eval-
uate what additional roles chest radiograph can play in estab-
lished stroke work-up in future studies.
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cardiac substrates. Diverse workups, including 12-lead electrocardio-
gram, extended electrocardiographic monitoring, echocardiography,
cardiac computed tomography, and even cardiac magnetic resonance
imaging, have been used to reveal underlying cardiac pathologies
[5�7]. However, some of these tests are expensive, often take a long
time, and sometimes performed irrespectively of the requirement of
such tests in patients. As such, diagnosing cardioembolic stroke
requires significant efforts and clinical skills, yet sometimes such
diagnoses fail [8, 9].

Chest radiograph is the most common medical image taken in
medicine, which can inexpensively and easily visualize diverse struc-
tures in the thoracic cavity [10]. Since changes in the configuration of
the heart and great vessels are reflected in chest radiographs, they
can provide useful information related to stroke etiology. However,
stroke guidelines have changed and currently, such guidelines rec-
ommend that most patients do not necessarily need chest radio-
graphs as a part of the initial evaluation [11]. A previous study
demonstrated that the routine acquisition of chest radiographs
impacted clinical management in only 3.8% of stroke patients [12].
The limitations of routine chest radiographs have been attributed to
the difficulty in defining or quantifying ambiguous features related to
stroke etiology based on radiographic analysis. In addition, many
acute stroke patients undergo chest radiography in the anteroposte-
rior projection in the emergency room, which makes it difficult for
the human eye to accurately measure the dimension of the heart.
Using deep learning, however, it may be feasible to create an algo-
rithm for diagnosing cardioembolic stroke based on chest radio-
graphs. The classification of cardioembolic stroke from unclassified
chest radiographs is challenging and has not been previously investi-
gated. In the field of artificial intelligence, chest radiograph research
has so far focused on how to mimic the reading performance of radi-
ology experts [13�16]. However, a deep neural network is powerful
in finding features that are difficult for the human eye to extract or
classify [17]. Therefore, training strategies using labels of stroke clas-
sification could produce a much more elaborate deep learning algo-
rithm than conventional labels of radiological readings. If
cardioembolic stroke can be identified based on the initial chest
radiographs on presentation, it will not only save time and reduce
diagnostic costs, but also help in patient care. This study aimed to
develop a classification algorithm for cardioembolic strokes using
more than 4000 chest radiographs from an ischemic stroke registry
with prospectively coded etiological information [18].

2. Methods

2.1. Study design

This study was a retrospective analysis of prospectively collected
data from a clinical registry. It is an exploratory study to develop a
deep learning model which classifies cardioembolic stroke from non-
cardioembolic stroke using chest radiograph.

2.2. Data

Among 5430 consecutive patients with ischemic stroke who were
admitted to the Seoul National University Bundang Hospital between
January 2014 and March 2019, we identified 5358 patients who had
chest radiographs as part of the initial evaluation. The first chest
radiographs taken after admission were used regardless of projection
(anteroposterior or posteroanterior) and without specific selection
criteria. We excluded cases with undetermined (n = 866) or other
determined (n = 428) aetiologies in the modified TOAST (Trial of ORG
10,172 in Acute Stroke Treatment) classification system [19]. Finally,
4064 patients were included in this analysis. External testing was
performed in 750 chest radiographs of consecutive patients with
acute ischemic stroke containing etiological information from 7 hos-
pitals (Chonnam National University Hospital, Gwangju [University
hospital]; Nowon Eulji Medical Center, Seoul [University hospital];
Eulji University Hospital, Daejeon [University hospital]; Keimyung
University Dongsan Medical Center, Daegu [University hospital];
Soonchunhyang University Hospital, Seoul [University hospital];
Seoul Medical Center, Seoul [Public hospital]; Dong-A University Hos-
pital, Busan [University hospital]) that participated in the Clinical
Research Center for Stroke-Fifth Division Registry in South Korea
[18]. Previously known atrial fibrillation was defined when the
patient had a past medical history or was diagnosed with an initial
electrocardiogram in the emergency department. Newly diagnosed
atrial fibrillation was defined if it was diagnosed during hospitaliza-
tion for acute ischemic stroke. This study was approved by the insti-
tutional review boards of Seoul National University Bundang
Hospital (B-2004�604�118) and 7 hospitals participating in external
testing. Informed consent was waived by the institutional review
boards. The data are not available for public access because of patient
privacy concerns but are available from the corresponding author on
reasonable request approved by the institutional review boards of
Seoul National University Bundang Hospital.

2.3. Ground truth

Using modified TOAST classification system which has gained
wide acceptance in clinical practice and research, cardioembolic
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stroke and non-cardioembolic stroke (large artery atherosclerosis or
small vessel occlusion) were defined. In our stroke registry, modified
TOAST classification has been prospectively performed using MRI-
based algorithm consisting of multiple steps dealing with clinical
information, comprehensive work-up and vessel status (Supplemental
Fig. 1). The details and the intra-class coefficients of modified TOAST
classification in our stroke registry were previously reported [19].

2.4. Data partition and pre-processing

The sample size was determined a priori without power calcula-
tion. As the first chest radiograph is used, the number of images and
patients was same. The eligible patients were partitioned into train-
ing/validation (n = 3255) and test (n = 809) datasets at an 8:2 ratio
using permutation. The training/validation datasets was further par-
titioned into training (n = 2605) and validation (n = 650) dataset
(Fig. 1). All chest radiographs, including external test dataset, were
cropped to square dimension and resized to 224 £ 224 pixels. We
processed images in all datasets for histogram equalization to adjust
sample-wise contrast, remove confounding histogram differences
between image classes, and locally improve the contrast of the
images [20]. Only images in the training dataset underwent a data
augmentation procedure that permitted a rotation within 10°, hori-
zontal and vertical shifts within 10%, and zoom range between 0.95
and 1.05. To adjust class imbalance, chest radiographs of cardioem-
bolic and non-cardioembolic stroke patients were augmented 6 and
3 folds, respectively. Collectively, a total of 10,116 augmented, 650
non-augmented, 809 non-augmented, and 750 non-augmented
images were used for training, validation, internal and external test-
ing, respectively.

2.5. Modeling and training

ASTRO-X (Acute STROke classification by chest X-ray) is designed
as a classifier based on previously reported 121-layer Densely Con-
nected Convolutional Network (DenseNet-121) [21] and trained on
etiologically classified chest radiographs of patients with acute ische-
mic stroke. We used the TensorFlow platform (ver.2.1, https://www.
tensorflow.org) as the deep-learning library to implement the soft-
ware to train, validate, and test the convolutional neural network
Fig. 1. Study flowchart. SNUBH, Seoul National University Bundang Hospital; CE, Cardioemb
raphy.
(CNN). The weights of the network were initialized with weights
from a model pretrained on the chest X-ray 14 datasets, which con-
tained 112,120 chest radiographs labelled with 14 different diagno-
ses including pneumonia [13,14,22]. We replaced the final fully
connected layer with another layer that has a single output with a sig-
moid function. The binary cross-entropy function was adopted as a loss
function, and Adam was used as an optimizer function (b1=0.9, and
b2=0.999) following a method proposed in pre-print [23]. Hyperpara-
meters were determined by grid search method with combination of a
learning rate of (10�2, 10�3, 10�4, 10�5, 10�6, and 10�7) and a batch
size of (8, 16, 32, 64 and 128). The model and codes used in model
training are available online (https://github.com/han-gil/astro-x/)
2.6. Evaluation

The performance of the model was evaluated using the institu-
tional and external test datasets. A confusion matrix was created
using 0.5 as a cut-off of sigmoid output, where positive and negative
instances represented cardioembolic and non-cardioembolic strokes,
respectively. The accuracy, area under the receiver operating charac-
teristic (AUROC) curve, sensitivity, specificity, and positive and nega-
tive predictive values were calculated. Confidence intervals (CIs) for
each value were calculated using the exact binomial confidence limits
[24]. Then, we compared the performance of ASTRO-X with that of
multivariable logistic regression models using clinical variables
including previously known atrial fibrillation selected by backward
elimination. The performance of models trained with the ImageNet
initial weight, without histogram equalization or without image aug-
mentation were compared, respectively. As a sensitivity analysis,
models were developed and tested through 5-fold cross validation.

We applied the gradient-weighted class activation mapping
(Grad-CAM) to produce visual representations of our model [25].
Using the gradient of weights for cardioembolic stroke flowing into
the final convolutional layer, a localization map highlighting impor-
tant regions for predicting cardioembolic stroke can be created in the
original image. We also made Grad-CAM of cardiomegaly using
weights from CheXNet which was the initial weights of our model.
Then, we compared the attention map of ASTRO-X and CheXNet
using overlays of activation maps (Cardioembolism by ASTRO-X vs.
Cardiomegaly by CheXNet.)
olism; Grad-CAM, Gradient-weighted Class Activation Mapping; EchoCG, Echocardiog-
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To enhance the interpretability of ASTRO-X classifier, we further
analysed the findings of transthoracic echocardiography from the
internal test dataset. A total of 650 patients in the internal test data-
set who underwent transthoracic echocardiography between 1 week
before and 1 month after stroke were analysed. Specific parameters
such as the left atrial and ventricular size, systolic and diastolic func-
tions, and valvular dysfunction were compared based on the classes
predicted by ASTRO-X.
2.7. Statistics

Continuous variables are presented as mean § standard deviation
or median [interquartile range] were analysed by Student's t-test or
analysis of variance as appropriate. Categorical variables are pre-
sented as number (percent) and were analysed by Pearson's chi-
squared test. AUROC was calculated with true labels and sigmoid out-
put values, and its 95% confidence interval was computed with boot-
strapping. The 95% confidence intervals of sensitivity, specificity and
accuracy were calculated by the exact binomial test. For comparison,
a multivariable logistic regression model using clinical information
obtained prior to hospitalization, including previously known atrial
fibrillation, was constructed with backward elimination. A simple
ensemble model was created using the mean of the sigmoid outputs
of the logistic regression model and ASTRO-X. All models were tested
on both internal and external test sets and the AUROC of each model
was compared using the DeLong’s test [26]. All statistical tests were
performed using R statistical software (version 4.0.4).
2.8. Role of funding source

The funders had no role in study design, data collection, data anal-
yses, interpretation, and writing of report.
Table 1
Baseline characteristics of the training/validation, internal and e

Training
/validation (n = 3255)

Inte
(n =

Demographic information
Male sex 1988 (61.1%) 490
Age, years 68.7 § 12.6 68.
Premorbid mRS score, 0�1 2914 (89.5%) 727

Stroke information
Onset to arrival, hours 16.4 [4.2�57.6] 16.
NIHSS score at arrival 3 [1�7] 3 [1
Systolic BP, mmHg 155.5 § 37.3 154
Diastolic BP, mmHg 84.4 § 32.6 83.
Hyperacute treatment
IV thrombolysis 319 (9.8%) 67
Endovascular therapy 379 (11.6%) 94

Risk factors
Hypertension 2304 (70.8%) 564
Diabetes 1103 (33.9%) 264
Dyslipidaemia 1199 (36.8%) 277
Current smoker 738 (22.7%) 176
Atrial fibrillation 737 (22.6%) 182
Previously known 420 (12.9%) 99
Newly diagnosed 317 (9.7%) 83

Laboratory information
Haemoglobin, g/dL 13.7 § 2.0 13.
Leukocyte count, 109 8104 § 3051 807
Glucose, mg/dL 139.1 § 58.8 139
HbA1c,% 6.3 § 1.3 6.3
Total cholesterol, mg/dL 168.1 § 41.6 166
LDL cholesterol, mg/dL 99.2 § 32.2 98.

Outcomes
mRS 0�2 at 3 months 2177 (66.9%) 554
Mortality at 3 months 126 (3.9%) 41

* Comparison between training/validation and internal test set.
mRS, modified Rankin Scale; NIHSS, National Institute of Health
density lipoprotein.
3. Results

Of the 4064 cases with acute ischemic stroke, 61% (n = 2478) of
the sample were men, while the mean age was 68.7 § 12.6 years. In
these patients, risk factors included hypertension [2868 (70.6%)], dia-
betes mellitus [1367 (33.6%)], and atrial fibrillation [919 (22.6%)]. The
median National Institutes of Health Stroke Scale score at admission
was 3 [interquartile range (IQR) 1�7] points, and the median time
delay from symptom onset to arrival was 16.5 (IQR 4.5�57.4) hours.
Endovascular treatment and intravenous thrombolysis were per-
formed in 473 (11.6%) and 386 (9.5%) patients, respectively. The mod-
ified Rankin Scale of 0�2 at 3 months was achieved in 2731 (67.2%)
patients, and the mortality rate at 3 months was 4.1% (Supplemental
Table 1). While the baseline characteristics were comparable between
the training/validation and internal test datasets, those were different
between the internal and external test datasets regarding demo-
graphics, hyperacute treatment and clinical outcomes (Table 1).

Validation loss achieved the lowest value at the 23rd epoch of
training process with a learning rate of 10�5 and a batch size of 32
with an accuracy of 87.4% and 81.5% in the training and validation
sets, respectively. In the internal test set, the accuracy was 84.4%
(95% confidence interval [CI], 81.7%�86.9%), sensitivity was 0.66 (95%
CI, 0.60�0.72), specificity was 0.92 (95% CI, 0.89�0.94), and AUROC
was 0.86 (95% CI, 0.83�0.89). The positive and negative predictive
values were 0.76 (95% CI, 0.69�0.81) and 0.87 (95% CI, 0.84�0.90),
respectively (Fig. 2a and c).

The external testing from 7 hospitals demonstrated that the accu-
racy was 74.1% (95% CI, 70.8�77.2%), sensitivity was 0.78 (95% CI,
0.72�0.83), specificity was 0.73 (95% CI, 0.69�0.76), and AUROC was
0.82 (95% CI, 0.79�0.85) (Fig. 2a and c). ASTRO-X, at high sensitivity or
high specificity, demonstrated similar performances as a screening tool
for both internal and external test sets (Supplemental Tables 2 and 3).
xternal test datasets.

rnal test
809)

External test
(n = 750)

P-value* P-valuey

(60.6%) 381 (50.8%) 0.82 <0.01
6 § 12.6 70.4 § 12.6 0.75 0.01
(89.9%) 644 (85.9%) 0.83 0.02

5 [4.5�57.4] 13.3 [3.4�33.6] 0.36 <0.01
�7] 3 [1�7] 0.71 0.10
.1 § 26.3 149.6 § 27.5 0.21 <0.01
0 § 16.2 84.3 § 16.2 0.08 0.13

(8.3%) 92 (12.3%) 0.21 0.01
(11.6%) 55 (7.3%) 1.00 0.01

(69.7%) 496 (66.1%) 0.58 0.14
(32.6%) 269 (35.9%) 0.53 0.20
(34.2%) 201 (26.8%) 0.18 <0.01
(21.8%) 145 (19.3%) 0.61 0.26
(22.5%) 195 (26.0%) 0.97 0.12

(12.2%) 105 (14.0%) 0.65 0.34
(10.3%) 90 (12.0%) 0.71 0.31

7 § 2.1 13.4 § 2.1 0.92 0.01
0 § 2911 8084 § 3135 0.78 0.93
.4 § 58.3 146.3 § 65.1 0.88 0.03
§ 1.2 6.3 § 1.4 0.66 0.19
.9 § 38.9 169.8 § 44.0 0.43 0.17
7 § 31.2 103.9 § 56.3 0.70 0.03

(68.5%) 447 (59.6%) 0.41 <0.01
(5.1%) 43 (5.7%) 0.15 0.64

y Comparison between internal test and external test set.
Stroke Scale; BP, blood pressure; IV, intravenous; LDL, low-



Fig. 2. Performance of ASTRO-X in the classification of cardioembolic strokes based on chest radiographs. The probability cut-off to predict cardioembolic stroke was 0.5. AUC, area
under the curve; CE, cardioembolism.
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Grad-CAM showed that the prediction of cardioembolic stroke
was primarily done with a focus on the upper middle part of the heart
in chest radiographs, where the left atriumwas usually located poste-
riorly (Fig. 3). Echocardiography was performed in 80.3% (n = 650) of
the test dataset (Supplemental Table 4). Echocardiographic findings
demonstrated that cases predicted as cardioembolic stroke by
ASTRO-X had a lower ejection fraction, higher E/e’, left atrial and
ventricular size indices, and were more likely to have moderate to
severe mitral stenosis or mitral/tricuspid regurgitation compared to
those cases predicted as non-cardioembolic stroke by ASTRO-X
(Table 2 and Supplemental Table 5).

ASTRO-X was better in the diagnosis of cardioembolic strokes in
high-risk sources than in medium-risk sources (P-value < 0.01 [chi-
squared test]). The majority of high-risk sources was atrial



Fig. 3. Representative gradient-weighted class activation mapping results according to predictions by ASTRO-X.
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fibrillation, 75.3% of which was correctly classified as cardioembolic
stroke. The majority of medium-risk sources was patent foramen
ovale, approximately 91% of which was classified as non-cardioem-
bolic stroke by ASTRO-X (Table 3).

The AUROC of ASTRO-X for classifying cardioembolic stroke was
comparable to the AUROC of the multivariable logistic regression
Table 2
Comparison of echocardiographic findings according to predictions b

Variables Total (n = 650) Predicted CE

Ejection fraction,% 61.1 § 8.7 56.8 § 11.9
E/e’ 12.3 § 6.2 15.9 § 9.0
LA AP diameter, mm 38.2 § 7.1 43.6 § 8.0
LA volume, ml 70.7 § 33.0 102.9 § 41.6
LA volume index, ml/m2 42.2 § 20.3 62.4 § 25.7
LV end-diastolic diameter, mm 45.5 § 5.6 47.2 § 6.5
LV end-diastolic volume, ml 74.9 § 25.0 78.0 § 33.9
LV end-systolic diameter, mm 29.3 § 6.1 32.0 § 7.6
LV end-systolic volume, ml 30.1 § 17.5 35.6 § 26.1
LV mass, g 166.4 § 49.6 181.1 § 58.9
LV mass index, g/m2 98.5 § 27.2 109.1 § 32.8
Any wall motion abnormality 64 (9.9%) 31 (19.1%)
Aortic regurgitation** 13 (2.0%) 6 (3.7%)
Aortic stenosis** 7 (1.1%) 4 (2.5%)
Mitral regurgitation** 5 (0.8%) 4 (2.5%)
Mitral stenosis** 3 (0.5%) 3 (1.8%)
Tricuspid regurgitation** 21 (3.2%) 15 (9.2%)

E/e’, ratio of early mitral inflow velocity and mitral annular early dia
as the mean and percentage for continuous and categorical variables
are less than 1% except LA volume and LA volume index (n = 37, 5.7%)
model using various clinical information, including previously known
atrial fibrillation, in both internal and external test sets (Supplemen-
tal Figure 2 and 3). The AUROCs of the ensemble of the logistic regres-
sion model and ASTRO-X were 0.89 and 0.90 in the internal and
external test, respectively, which were significantly higher than the
AUROC of both models (Supplemental Figure 4 and Table 6). The
y ASTRO-X.

(n = 163) Predicted Non-CE (n = 487) Ratio* P-value

62.5 § 6.9 0.91 <0.01
11.1 § 4.2 1.44 <0.01
36.4 § 5.8 1.20 <0.01
59.8 § 20.1 1.72 <0.01
35.3 § 12.0 1.77 <0.01
44.9 § 5.1 1.05 <0.01
73.9 § 21.2 1.06 0.14
28.4 § 5.2 1.13 <0.01
28.2 § 13.0 1.26 <0.01
161.5 § 45.1 1.12 <0.01
95.0 § 24.1 1.15 <0.01
33 (6.8%) 2.81 <0.01
7 (1.4%) 2.56 0.15
3 (0.6%) 3.98 0.13
1 (0.2%) 12.00 0.02
0 (0%) N/A 0.02
6 (1.2%) 7.47 <0.01

stolic velocity; LV, left ventricle. *CE to Non-CE ratio; calculated
, respectively. ** Moderate to severe degree. The missing values
.



Table 3
Comparison of the presumptive cause of cardioembolic stroke according to predictions
by ASTRO-X.

Cardioembolic stroke (n = 209)

Predicted CE
(n = 152)

Predicted non-CE
(n = 77)

P-value

Risk of cardioembolism <0.01
High risk sources 147 (73.5%) 53 (26.5%)
Medium risk sources 5 (17.2%) 24 (82.8%)

High risk sources
Atrial fibrillation/flutter 137 (75.3%) 45 (24.7%) <0.01
Left ventricular
thrombus

1 (33.3%) 2 (66.7%) 0.22

Mechanical prosthetic
valve

1 (25%) 3 (75%) 0.08

Atrial myxoma 1 (50%) 1 (50%) 0.62
Dilated
cardiomyopathy

1 (50%) 1 (50%) 0.62

Infective endocarditis 2 (100%) 0 (0%) 0.31
Recent myocardial
infarct

1 (50%) 1 (50%) 0.62

Akinetic left ventricular
segments

1 (100%) 0 (0%) 0.48

Sick sinus syndrome 1 (100%) 0 (0%) 0.48
Other cause* 1 (100%) 0 (0%) 0.48

Medium risk sources
Patent foramen ovale 2 (9.1%) 20 (90.9%) <0.01
Left atrial turbulence
(smoke)

1 (25%) 3 (75%) 0.08

Hypokinetic left ven-
tricular segment

1 (50%) 1 (50%) 0.62

Congestive heart failure 1 (100%) 0 (0%) 0.48

All percentages were calculated row-wise. CE, cardioembolic stroke. *A case with mul-
tiple embolic infarcts and severe aortic stenosis with left atrial enlargement was cate-
gorized as a high-risk source based on the attending physician’s clinical reasoning.
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performance of models trained with ImageNet initial weight, without
histogram equalization or without image augmentation were lower
than ASTRO-X (Supplemental Table 7). The mean AUROC from 5-fold
cross validation was 0.81 (Supplemental Table 8).

4. Discussion

We developed a deep neural network that can successfully classify
cardioembolic strokes based on chest radiographs. Our network
showed good predictive performance with high accuracy and AUROC.
Our results could be generalized to patients with acute ischemic
stroke from 7 academic hospitals in Korea.

It is important to diagnose cardioembolic stroke since the second-
ary prevention strategy is different for other stroke subtypes such as
large artery atherosclerosis and small vessel occlusion [3]. Clinical
evaluation, neuroimaging findings, and cardiac evaluation such as
electrocardiogram, echocardiography, or prolonged cardiac rhythm
monitoring have been comprehensively used to diagnose cardioem-
bolic stroke (5). Chest radiographs are frequently taken during hospi-
talization of stroke patients (98.7% in our cohort), but have not been
actively used to classify stroke aetiologies, because it is not only chal-
lenging to define features related to cardioembolic stroke but also dif-
ficult for the human eye to consistently evaluate such features.
However, ASTRO-X can distinguish cardioembolic strokes based on
chest radiographs with high discriminative power, because deep neu-
ral networks, especially convolutional neural networks, can automat-
ically extract various features related to the classification process
[27].

From the Grad-CAM results, it is evident that the main focus of
ASTRO-X, which learned through the clinical diagnosis of cardioem-
bolic strokes, was the left atrium of the heart. In contrast, CheXNet,
which learned using radiologists' cardiomegaly readings, focused on
the whole contour of the heart (Supplemental Figure 5 and 6). This
comparison suggests that the CheXNet was converted into ASTRO-X
through transfer learning, which can classify cardioembolic stroke by
evaluating specific characteristics of the heart associated with stroke.
The left atrium, especially its appendage, is the most common site of
cardiac thrombosis and closely related to atrial fibrillation and atrial
flutter [28]. Many studies recently suggested that atrial cardiopathy
could be a cause of cardioembolic stroke even in the absence of atrial
fibrillation [29]. Therefore, ASTRO-X's primary focus on the left
atrium on chest radiographs would be the most effective strategy for
a convolutional neural network to distinguish cardioembolic strokes.

Since chest radiographs are a 2-dimensional representation of 3-
dimensional objects, echocardiographic results were further analysed
to assess the biological plausibility of ASTRO-X’s predictions. Among
the echocardiographic measures that were significantly higher in
cases predicted as cardioembolism by ASTRO-X, the left atrial volume
index, known to have a high correlation with cardioembolic stroke
and atrial fibrillation, is more likely to be detected in patients with a
higher left atrial volume index [30]. Left atrial enlargement is also
associated with spontaneous echo contrast and embolic events
regardless of atrial fibrillation [31,32]. Interestingly, moderate to
severe tricuspid regurgitation was found to be 7.5 times higher in
cases predicted as cardioembolic stroke than in those cases predicted
as non-cardioembolic stroke. This may be secondary to the left-sided
heart disease, but recent studies have shown that atrial fibrillation
could cause isolated tricuspid regurgitation through tricuspid annular
dilatation without right ventricular remodeling in elderly patients
[33,34].

Another interesting finding is that the activation maps were simi-
lar between true and false positives, as well as true and false nega-
tives. The TOAST classification is the most widely used etiological
classification of ischemic stroke, where cardioembolism encompasses
both high-risk (i.e., mechanical prosthetic valve) and medium-risk
(i.e., patent foramen ovale [PFO]) sources [35]. However, the weak
ground truth (TOAST classification) with modest inter-rater reliability
made it fundamentally impossible to train ASTRO-X to work perfectly
[9]. Some false positive cases would have been true positives, if more
extensive stroke work-ups such as long-term continuous ambulatory
electrocardiographic monitoring had been performed [6,36]. In the
interpretation of activations maps, the heterogeneity of cardioem-
bolic stroke regarding cardiac morphology should also be considered
[3]. PFO is distinct among these since the paradoxical emboli, passing
through a PFO, is not literally of cardiac origin [37]. Thus, the observa-
tion that ASTRO-X classified 91% of PFO-related strokes as non-cardi-
oembolism (false negatives) is considered reasonable and may
support the proposal to move PFO-related strokes into the other
determined category [37].

Despite the good performance of ASTRO-X, it could not replace
definite measures to diagnose atrial fibrillation or evaluate other car-
diac pathology associated with stroke. However, ASTRO-X may help
in classifying cardioembolic stroke through reducing human errors or
guiding more thorough work-up for cardiac problems based on the
probability. The performance of ASTRO-X was therefore evaluated by
benchmarking the model using information available prior to hospi-
talization including previously known atrial fibrillation (past medical
history or diagnosis at emergency room). The results showed that the
AUROC of ASTRO-X was comparable to the complex multivariable
model including previously known atrial fibrillation, and the ensem-
ble models showed better performance with AUROC up to 0.90, sug-
gesting that its potential utility for etiologic evaluation during
hospitalization.

This study has a few limitations. First, although the generalizabil-
ity of our data was confirmed through multicentre external testing in
Korea, additional testing, particularly in multi-ethnic populations, are
warranted. As patients with other-determined and undetermined
aetiologies were excluded in our analysis, ASTRO-X’s performance
would be difficult to measure prospectively in a population of all
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comers with ischemic stroke. Second, differences in the performance
metric between the internal and external test sets could be attribut-
able to differences in the clinical profiles, mode of radiograph acquisi-
tion or slight overfitting of ASTRO-X to the internal test set. Thus,
further recalibration should be performed for the model to be used in
clinical practice due to the sensitivity-specificity trade-off shifts
between internal and external tests. The TOAST classification, used as
the ground truth in training the network, is a clinical diagnosis with
inter-rater reliability issues and without a gold standard [8,9]. Conse-
quently, ASTRO-X could only complement and/or correct human
decision-making processes. Third, ASTRO-X is required to be com-
pared to human performance to detect left atrial enlargement on
chest radiographs, though it is generally not evaluated in routine
reading process. Finally, although a lot of effort has been made to
explain the classification algorithm, there is still an inherent
interpretability issue associated with a deep convolutional neural
network. [38]

Conclusion

Among patients with acute ischemic stroke, ASTRO-X could differ-
entiate between cardioembolic versus non-cardioembolic stroke.
ASTRO-X demonstrated good classification feasibility and biological
plausibility. Chest radiographs have not been utilized well in the clas-
sification of stroke subtypes; however, in the future, ASTRO-X can
help in the detection of cardioembolic stroke based on chest radio-
graphs.
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