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Aims To develop a deep-learning-based system for recognition of subclinical atherosclerosis on a plain frontal chest X-ray.

Methods A deep-learning algorithm to predict coronary artery calcium (CAC) score (the AI-CAC model) was developed on

and results 460 chest X-ray (80% training cohort, 20% internal validation cohort) of primary prevention patients [58.4% male,
median age 63 (51-74) years] with available paired chest X-ray and chest computed tomography (CT) indicated
for any clinical reason and performed within 3 months. The CAC score calculated on chest CT was used as ground
truth. The model was validated on a temporally independent validation cohort of 90 patients from the same institution
(external validation). The diagnostic accuracy of the AI-CAC model assessed by the area under the curve (AUC) was
the primary outcome. Overall, median AlI-CAC score was 35 (0-388) and 28.9% patients had no AI-CAC. AUC of the
Al-CAC model to identify a CAC >0 was 0.90 (95%Cl 0.84-0.97) in the internal validation cohort and 0.77 (95%Cl
0.67-0.86) in the external validation cohort. Sensitivity was consistently above 92% in both cohorts. In the overall
cohort (n =540), among patients with AI-CAC =0, a single ASCVD event occurred, after 4.3 years. Patients with
Al-CAC > 0 had significantly higher Kaplan Meier estimates for ASCVD events (13.5% vs. 3.4%, log-rank = 0.013).

Conclusion The Al-CAC model seems to accurately detect subclinical atherosclerosis on chest X-ray with high sensitivity, and to predict
ASCVD events with high negative predictive value. Adoption of the AI-CAC model to refine CV risk stratification or as an
opportunistic screening tool requires prospective evaluation.

Lay summary The AI-CAC is the first deep-learning-based model to accurately detect subclinical atherosclerosis on chest X-ray with high
sensitivity, and to predict atherosclerotic cardiovascular disease events with high negative predictive value. Patients with
Al-CAC > 0 had a significantly higher risk for atherosclerotic cardiovascular disease events. Adjusted for the European
Society of Cardiology cardiovascular risk grading, AI-CAC retained borderline significance with 5-year atherosclerotic car-
diovascular disease events. The AI-CAC might be used as a cheap, widely available modality to identify individuals with sub-
clinical atherosclerosis benefiting from lipid-lowering therapies, or as an opportunistic screening tool.
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Graphical Abstract

Detection of subclinical atherosclerosis by image-based deep learning on chest x-ray:
the Al-CAC model
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Deep-learning based subclinical atherosclerosis The Al-CAC model accurately detects subclinical
detection based on chest x-ray is feasible atherosclerosis on chest x-ray and predicts ASCVD

Feasibility and performance of deep-learning-based detection of subclinical atherosclerosis on chest X-ray. Left panel: a deep-learning algorithm to pre-
dict CAC score on chest radiograms (the AI-CAC model) was retrospectively developed on 460 chest X-rays of primary prevention patients with avail-
able paired chest X-ray and chest computed tomography (CT), using the CAC score calculated on chest CT as ground truth. Right panel: the AI-CAC
model accurately detects subclinical atherosclerosis on chest X-ray and predicts atherosclerotic cardiovascular disease events with high negative pre-
dictive value. Al, artificial intelligence; ASCVD, atherosclerotic cardiovascular disease; AUC, area under the curve; CAC, coronary artery calcium; Cl,

Confidence Interval.

Introduction

Coronary artery disease (CAD) affects more than 34 million people in
the European Union, representing the leading cause of death, with an
estimated total healthcare cost of 18.8 billion/year.”

Primary prevention measures and treatments are effective in redu-
cing disease burden and limiting the adverse consequences of a cardio-
vascular (CV) event.” Implementation on a societal scale of these costly
strategies requires precise identification of patients at risk for a CV
event to tailor clinical management. However, the ability to stratify
the individual atherosclerotic cardiovascular disease (ASCVD) risk is
still limited, hampering implementation of actions directed at high-risk
individuals, both in terms of efficacy and cost-effectiveness. ASCVD
risk stratification is traditionally based on the individual risk profile, in-
cluding dyslipidaemia, smoking, hypertension, diabetes, life-style, and
family history. However, this strategy lacks both sensitivity and specifi-
city for ASCVD, leading to both under- and over-treatment.>™

In recent years, the progress in CV imaging modalities has provided
the tools for accurate detection of subclinical coronary atheroscler-
osis,*” facilitating new risk stratification strategies focused on the

presence of subclinical disease rather than on disease probability (i.e.
the clinical risk profile). Specifically, subclinical coronary atherosclerosis
can be precisely assessed by the presence of coronary artery calcium
(CAC).® The CAC testing has convincingly demonstrated to strongly
predict ASCVD in asymptomatic individuals independently and more
accurately as compared to a clinical profile-guided ASCVD risk stratifi-
cation,” ' resulting in a more effective guide for initiation or deferral of
preventive therapies,*®"'" translating into valuable clinical efficacy and
cost-effectiveness.®®'> 13

A multidetector non-contrast enhanced computed tomography
(CT) of the chest is currently needed to measure CAC. While recom-
mended by most international clinical guidelines, CAC score remains
underused in clinical practice as an effect of physician’s uneasiness to
prescribe a chest CT scan in asymptomatic individuals, the radiobio-
logical risk, the costs associated with the exam, and the limited availabil-
ity of this exam in some settings. With this background, the detection of
subclinical atherosclerosis on a readily available, rapid, low-radiation, in-
expensive exam such as chest radiography might overcome the limits of
CT scan, prompting widespread utilization of a disease-based strategy
to prevent ASCVD among asymptomatic individuals at risk.
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Al-based CAC detection on chest X-ray

Deep learning and neural networks, which represent some of the
most advanced forms of artificial intelligence, can uncover complex,
hierarchical patterns hidden within multiple layers of data. These sys-
tems are capable of processing information from sources such as
images to generate refined data clusters, often revealing insights that
are imperceptible to the human eye.14

Thus, we sought to develop a deep-learning-based system for recogni-
tion of subclinical atherosclerosis on a plain chest radiography, with the
aim to facilitate widespread implementation of subclinical atherosclerosis-
based risk stratification strategies.

Methods

Study design and imaging data curation

The electronic archives of Citta della Salute e della Scienza Hospital were
searched for all chest X-rays and plain chest CT between January 2018
and December 2021. When a chest X-ray and a chest CT of an individual
patient indicated for any clinical reason were performed within 3 months,
image data were extracted. All non-contrast chest CT with slice thickness
below 2.5 mm were considered for inclusion. Clinical data regarding demo-
graphics, CV risk factors, CV pathology and CV events were extracted from
the electronic health records up to last available follow-up prior to June
2023. Clinical and imaging data were anonymized. Patients were excluded
if they had ascertained coronary events prior to the date of the chest
X-ray, if not discharged alive (if the radiology exam was taken during a hos-
pitalization), if deemed to have a non-CV condition with a prognosis <1
year, if the chest X-ray was performed bedside or in any other position dif-
ferent from the standard standing one, or if the chest CT image quality was
deemed inadequate to assess CAC score from the radiologist. The CAC
score was calculated by two radiologists with more than 5 years experience
in CT scan interpretation.

CV risk was calculated according to the European Society of Cardiology
(ESC) classification into low, intermediate, high and very high CV risk
classes.”

Al-CAC model development

The aim was to develop a deep-learning-based system (the AlI-CAC model)
for recognition of subclinical atherosclerosis on a plain frontal chest X-ray.
In this context, the presence of CAC was employed as a proxy for subclin-
ical atherosclerosis. Although CAC is not pathophysiologically equivalent to
atherosclerosis—since non-calcified plaques are particularly common in the
early stages of the disease—from a clinical perspective, the CAC score
serves as a robust surrogate. This is supported by its high negative predictive
value, with 10-year ASCVD event rates remaining in the low-risk range
(<5%) for asymptomatic individuals with a CAC score of 0.'¢"

To develop the AI-CAC model, the CAC score assessed on chest CT was
used as ground truth label (i.e. gold standard against whom the model was
trained). The full methodology to develop the AI-CAC model, whose output
is a continuous integer value (the ‘Al-CAC’) predicting the CAC input value, is
described in the Supplementary material online, Methods and Tables S1-S2
(Supplementary material online, Appendix). Briefly, following pre-processing
of the chest X-ray images (Figure 1), a neural network consisting of a deep
convolutional feature extractor followed by one prediction head for CAC
score prediction was developed. Concerning the features extractor, the ap-
proach'® relying on a DenseNet121"® backbone was followed. It is composed
of 120 convolutional layers attached to a prediction head to obtain the pre-
dicted value of CAC. The output of the DenseNet feature extractor is a vec-
tor of 1024 features maps that is the representation of the input image.
Concerning the prediction head, it consists of a fully connected hidden layer
with 64 neurones with ReLu activation function®® and one output layer. The
network yields for each input (i.e. each chest X-ray) a real-valued number re-
presenting the CAC score, so the output layer includes only one neurone
with linear activation.

AIl-CAC model training and validation

As afirst step, the feature extractor was trained on the Chexpert dataset,?’!
representing one of the largest chest X-rays datasets with a total of 224 316

images from 65 240 patients, following the same supervised procedure
previously described.'® Briefly, Chexpert features uncertainty labels and
radiologist-labelled reference standard evaluation set with strong refer-
ence standards and provided expert human performance metrics for
comparison. It is composed of millions of images, and it is labelled with
14 features that represent the absence or the presence of specific medical
conditions. The original task used to pre-train our network was multi-
classification upon these features. Specifically, for each chest X-ray the
goal of the original task was to perform chest X-ray interpretation by solv-
ing a multi-label classification problem, by means of finding among the 14
features those that best describe the image. Next, the derivation cohort
was randomly split into two datasets: a training (80%) cohort, which
was used to train the Al-CAC model, and an internal validation (20%) co-
hort, which was used to test the developed model on unseen data. A
retrospective independent population was also collected and analysed
to further test the AI-CAC model in an external validation cohort of un-
selected and consecutive patients with available paired CT scan and chest
X-ray satisfying the same criteria described for the derivation cohort, and
pertaining to a subsequent historical period at the same institution, during
which partial renovation of the chest X-ray machines occurred. To ex-
plore model generalizability, a sensitivity analysis was carried out to ex-
plore the model performance in the external validation subset of chest
X-rays acquired with renovated machine models, under-represented in
the derivation cohort.

Outcomes

The diagnostic accuracy of the AI-CAC model as compared to the CAC
score was the primary study outcome. The prognostic performance of
the AlI-CAC model to predict the composite of ASCVD (comprising
acute coronary syndrome, cerebrovascular event, coronary revascular-
ization, coronary death and sudden cardiac death) up to 5 years was the
secondary outcome. The clinical outcome was assessed in the pooled
study cohorts.

Sensitivity analyses were performed to assess the diagnostic and prog-
nostic performance of the AI-CAC model according to demographics,
CV risk factors and ESC CV risk classes.

Al-CAC model explainability

In order to Jzarovide explainability for the AI-CAC model, a method called
GradCAM,? also defined as gradient-weighted class activation mapping,
was used. This is a technique widely exploited to interpret, or at least sup-
port, the decisions made by a convolutional neural network, and has the
main goal to illustrate which parts of the image are more relevant to
make a decision. In particular, it leverages the gradient of the loss function
with respect to the features maps of the last convolutional layer to extract
an activation map which highlights the parts of the image that contributed
the most to the model’s decision.

Statistical analysis

Categorical variables are expressed as numbers and percentages, continu-
ous variables are expressed as mean + standard deviation or median and
interquartile range (IQR) as appropriate. Unpaired t-test or nonparametric
Mann—Whitney U test were used for comparisons of continuous variables
and * test was used for categorical variables.

The diagnostic accuracy of the AI-CAC model considered as a continu-
ous variable to predict a CAC >0 was assessed in terms of area under the
receiver operating characteristic curve (AUC). The sensitivity, specificity
and predictive values of an Al-CAC value >0 to predict a CAC value >0
were also assessed.

Kaplan—Meier survival curves and log-rank P-values were performed
along with univariate and multivariate Cox regression analyses to
assess the association of AI-CAC with ASCVD events in a time-
dependent fashion, and its independence from the ESC CV risk grad-
ing. Results are presented as hazard ratio (HR) and 95% confidence
intervals (Cls).

AP < 0.05 was considered statistically significant. Statistical analyses were
conducted using SPSS (version 24.0, SPSS Inc., Chicago, lllinois, USA) and
STATA (version 17, StataCorp, College Station, TX, USA).
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Figure 1 Workflow of the image preprocessing pipeline. Starting from the original DICOM file, the final input tensor was obtained following all the
represented preprocessing stages. The stages are detailed in the Supplementary material online, Appendix, Supplementary methods section.

Results

Study population

Of 700 patients with paired CT scan and chest X-ray, 92 patients
were excluded for coronary events history, 80 patients for being af-
fected by a non-CV condition with a prognosis <1 year or because
non-discharged alive, and 68 for chest CT image quality that was
deemed inadequate to assess CAC score from the radiologist, leading
to a derivation cohort of 460 patients. The external validation cohort
comprised 90 patients.

Demographics, CAC score, and CV risk profile data overall and strati-
fied by no AI-CAC vs. AI-CAC >0 are reported in Table 1 for the pooled
cohorts and in Supplementary material online, Table S3 (Supplementary
material online, Appendix) for the derivation and external validation
cohorts.

A total of 514 (93.5%) patients had complete information on CV risk
profile and 535 (97.3%) patients had complete ASCVD events assess-
ment qualifying for the respective analyses.

Overall, 58.4% of patients were male and median age was 63 (51-74),
4.1% were at low, 45.3% at intermediate, 26.3% at high and 24.3% at
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Al-based CAC detection on chest X-ray

Table 1

Demographics, CV risk profile and CAC score data overall and stratified by no AI-CAC vs. AlI-CAC >0

Pooled study cohorts

Demographics

Age (years) 63 (51-74)
Male sex (%) 584 (321)
CV risk profile
Smoke (%) 48.1 (247)
Diabetes (%) 21.4 (110)
Diabetes duration >10 years (%) 15.6 (80) (59)
Diabetes with organ damage (%) 11.7 (60)
Hypertension (%) 46.1 (237)
Severe hypertension (%) 1.9 (10)
Dyslipidaemia (%) 24.3 (125)
Severe dyslipidaemia (%) 14 (7)
Lipid-lowering therapy (%) 21.4 (110)
Severe CKD (GFR <30 mL/min/mq) (%) 7.0 (36)
Subclinical atherosclerosis (%) 10.1 (52)
Number of CV risk factors
No 27.2 (149)
12 57.5 (316)
>2 15.5 (85)
ESC CV risk category
Low (%) 4.1 (21)
Intermediate (%) 45.3 (233)
High (%) 26.3 (135)
Very high (%) 24.3 (125)
CAC assessment
CAC score 54 (0-894)
Al-CAC score 35 (0-388)

AlI-CAC =0 AI-CAC >0 P-value

(n=159) (n=391)

48 (35-60) 69 (59-77) <0.001
47.8 (76) 62.7 (245) 0.001
33.6 (50) 54.0 (197) <0.001
114 (17) 25.5 (93) <0.001

53 (8) 19.7 (72) <0.001

2(3) 15.6 (57) <0.001
22.8 (34) 55.6 (203) <0.001

0.0 (0) 2.7 (10) <0.001

12.1 (18) 29.3 (107) <0.001
0 (0) 19 (7) 0.090

9.4 (14) 26.3 (96) <0.001

34 (5) 85 (31) 0.025

13(2) 13.7 (50) <0.001
47.2 (75) 18.9 (74)

49.1 (78) 60.9 (238)
3.7 (6) 21.1 (78) <0.001
12.1 (18) 08 (3)
66.4 (99) 36.7 (134)
14.1 (21) 312 (114)
74 (11) 312 (114) <0.001
0 (0-0) 336 (11-1433) <0.001
0 (0-0) 218 (17-670) <0.001

CAC, coronary artery calcium; CKD, chronic kidney disease; CV, cardiovascular; eGFR, estimated glomerular filtration rate.

very high CV risk according to the ESC CV risk stratification classifi-
cation. Overall, median Al-CAC score was 35 (IQR 0-388) and 28.9%
patient had no AI-CAC. Patients with no Al-CAC score were young-
er, more frequently female and had a lower CV risk profile and lower
CAC levels.

Al-CAC diagnostic accuracy

The discriminative performance of the AI-CAC model to identify a
CAC >0 as expressed by the AUCs are shown in Figure 2. AUCs
were 0.90 (95% Cl 0.84-0.97) in the internal validation cohort and
0.77 (95% CI 0.67-0.86) in the external validation cohort, respectively.

The accuracy metrics for an Al-CAC value >0 to detect a CAC >0
are reported in Table 2. Sensitivity was consistently above 92% across
both cohorts while specificity was modest to moderate (between
69.4% at internal validation and 45.5% at external validation).

The distribution of X-ray machine models adopted for image acquisi-
tion was similar between the internal validation and the training cohorts
(P-trend = 0.566), while significantly different between the external
validation and the training cohorts (P < 0.001) (see Supplementary
material online, Figure S3). Specifically, machine Models 3 and 5 (exter-
nal validation cohort vs. training cohort: 48.9% vs. 12.5%, P < 0.001)
were under-represented in the derivation cohort and increasingly

used in the external validation cohort. In this subset, the diagnostic
performance remained similar to the overall external validation co-
hort (AUC 0.77, 95% CI 0.62-0.92, P < 0.001, Supplementary material
online, Figure S4).

AIl-CAC diagnostic accuracy according to

clinical features

The AI-CAC diagnostic accuracy measures according to clinical sub-
groups are reported in Table 3. No interaction of Al-CAC performance
in terms of AUCs with clinical subgroups was observed (P-value =ns
for all subgroup comparisons, not shown). Overall, Al-CAC specificity
tended to be higher in patients of younger age, with less CV risk factors,
while the opposite occurred for sensitivity. All AI-CAC accuracy me-
trics were similar in male and female patients.

Among 254 (49.4%) patients with low/intermediate ESC CV risk,
37.8% had a CAC score >0. AI-CAC was able to detect 84.4% of these
patients (P < 0.001). Among 260 (50.6%) patients with high/very-high
ESC CV risk, 20.4% had a CAC score = 0.The AlI-CAC was able to de-
tect 52.8% of these patients (P < 0.001). Among 414 (75.3%) patients
with <75 years, 48.8% had a CAC score >0. The AI-CAC was able
to detect 90.1% of these patients (P < 0.001).
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Figure 2 Area under the curve for the AI-CAC model to predict a coronary artery calcium >0 in the internal validation and external validation co-

horts. AUC, area under the curve; Cl, confidence interval.

Table2 Sensitivity, specificity, positive and negative predictive values for an Al-CAC value >0 to detecta CAC >0in the
derivation, internal validation and external validation cohorts

AUC (95%Cl)

Derivation cohort (n = 460)
Internal validation cohort (n=92)

0.88 (0.85-0.91)
0.90 (0.84-0.97)

External validation cohort (n = 90) 0.77 (0.67-0.86)

Sensitivity Specificity NPV PPV
92.8% 63.9% 85.4% 79.6%
94.6% 69.4% 82.3% 82.8%
97.8% 45.5% 95.2% 65.2%

AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value.

Prognostic value of AI-CAC

After a median follow-up of 1.5 (IQR 0.8-2.7) years, 17 patients devel-
oped an ASCVD event (median time to event 1.5 years, IQR 0.7-2.7).
Univariate clinical predictors of ASVCD events are reported in
Supplementary material online, Table S4. Both AlI-CAC (per AI-CAC
category increase, 0/1-99/>100: HR 2.5, 95% Cl 1.2-5.2, P=0.012)
and the ESC CV risk grading (HR 2.4, 95% CI 1.3-4.5 per class
increase, P =0.004) were associated with 5-year ASCVD. At bivari-
ate analysis, AI-CAC was associated with borderline significance
with 5-year ASCVD (adj-HR 2.2, 95% Cl 1.0-4.7, P=0.051), while
the ESC CV risk grading was not (adj-HR 1.8, 95% Cl 0.6-6.2,
P=0.323).

Among 159 patients with AI-CAC = 0 a single ASCVD event (non-
fatal acute coronary syndrome) occurred after 4.3 years from Al-CAC
assessment. Patients with AI-CAC > 0 had significantly higher Kaplan—
Meier estimates for the occurrence of ASCVD events as compared to
patients with AI-CAC =0 (13.5% vs. 3.4%, log-rank = 0.013) (Figure 3).
A graded increase in ASCVD was observed when stratifying patients
in AI-CAC =0, AI-CAC between 1 and 99 and AI-CAC >100 (3.4%

vs. 4.9% vs. 23.3%, P=0.025, respectively, Supplementary material
online, Figure S5).

The AI-CAC prognostic performance was similar to that of the CAC
score (see Supplementary material online, Figure Sé).

Prognostic value of Al-CAC according to
clinical features

Age, CV risk factors, and the burden of CV risk factors were associated
with ASCVD events (see Supplementary material online, Table $4). A
graded increase in Kaplan—Meier estimate of ASCVD occurrence
was observed according to the ESC CV risk grading (0, 5.2, 1.7,
and 27.0% from low to very high CV risk, P=0.004, Supplementary
material online, Figure S7).

Among patients with low/intermediate ESC CV risk, ASCVD events
were similar regardless of AI-CAC (AI-CAC=0 vs. AI-CAC > 0: 4.5%
vs. 3.5%, P =0.249). Conversely, among patients with high/very-high CV
risk, those with AI-CAC =0 had no events (as compared to Al-CAC >
0:0.0% vs. 18.4%, P = 0.117) (see Supplementary material online, Figure S8).
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Model explainability

Table 3 Sensitivity, specificity, positive, and negative

predictive values for an Al-CAC value >0 to detect a Representative maps derived from the Grad-CAM method are re-
CAC >0 in the overall cohort, stratified by clinical ported in Supplementary material online, Figure S9. Specifically, each
subgroups pixel is represented with a colour scale reflecting the pixel features im-
portance in the final AI-CAC value output for a given patient. The car-
AUC (95%Cl) Sensitivity Specificity diac silhouette, and particularly the coronary course, and the thoracic
""""""""""""""""""""""""""""""""""""""""""""""" aorta seem to inform the AI-CAC model. See Supplementary
Age material online, Figure S9 legend for details.
Age >75 years 078 (065-091)  989% 28.6%
Age <75 years 0.84 (0.80-0.88)  87.2% 63.6%
ESC CV risk category Discussion
Low to intermediate 0.81 (0.75-0.86) 84.4% 63.9%

Here, we developed a deep-learning-based system—the AI-CAC

CV risk
) ) ) model—to detect subclinical atherosclerosis on plain frontal chest
High to very high CV risk 0.84 (0.77-0.90) 98.1% 52.8% X N . .
s -ray. The main findings can be summarized as follows:
ex
Female sex 0.87 (0.83-0.91) 90.2% 60.7% . Tflme Al-CAC r:nod;l seems t;) accurately detect sulbclitr:ical ;tzfz;ro—
o o sclerosis on chest X-ray, with sensitivity consistently above 92%.
Male sex 0.84 (0.78-0.89 95.3% 60.0%
. ( ) e The AlI-CAC model predicts the 5-year ASCVD risk with high nega-
Diabetes 0.87 (0.79-0.95) 97.6% 60.0% . - e
. . . tive predictive value and with similar performance to CAC.
No diabetes 085 (0.81-0.89) 92.2% 71.3% e The prognostic value of AI-CAC seems to be independent from the
CKD ESC CV risk grading system.
Severe CKD (eGFR 0.87 (0.74-0.99) 96.4% 50.0%
<30 mL/min/1.73 mq) The CAC scoring iszthe best-established imaging modality to improve
No severe CKD (eGFR  0.86 (0.83-0.89) 935% 61.6% CV risk strat.ifi.catioln. A V\{ealth of evidence highlights a disconnect be-
<30 mUmin/1.73 ma) tween the clinical risk profile and the atherosclerotic burden of asymp-
’ 9 tomatic individuals, translating into modest ASCVD prediction based
Number of CV risk factors on the sole clinical risk profile. As the CAC score identifies the presence
No CV risk factors 083 (0.76-090)  86.3% 68.4% and extent of subclinical coronary atherosclerotic disease rather than
1-2 CV risk factors 0.84 (0.80-0.89) 92.9% 54.2% its probability (as is the case for clinical risk scores), it presents signifi-
>2 CV risk factors 0.89 (0.78-0.99)  100.0% 54.5% cant risk reclassification abilities over traditional risk estimators.®*°
However, despite its potential to guide public health strategies in pri-
Abbreviations as in Tables 1 and 2. mary prevention, its implementation in clinical practice remains limited
due to costs, exam accessibility and radiobiological risk concerns.
ASCVD events
8 1 ——_ |
3.4%
o
o
S
13.5%
)
@ -
o
o Log-rank=0.013
d T T T T T T
0 1 2 3 4 5
Years from Al-CAC assessment
Number at risk
Al-CAC =0 153 116 75 52 34 20
Al-CAC >0 373 220 128 67 41 22

—— AI-CAC=0 —— AI-CAC>0

Figure 3 Kaplan—Meier estimates for atherosclerotic cardiovascular disease events among patients with AI-CAC >0 vs. Al-CAC = 0.
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The use of artificial intelligence technologies in clinical medicine is
opening unprecedented opportunities that may be particularly relevant
to guide population-based health strategies, where several para-
digms of care are expected to change in the near future."* Specifically,
deep-learning-based methods are proving their potential to quantify
information beyond human perception and their application to simple,
inexpensive and widely available exams such as chest X-rays may offer
tremendous opportunities across several medical fields,'*** especially
as opportunistic screening strategies.

Feasibility of CAC detection on chest X-ray

Our work establishes the feasibility of subclinical atherosclerosis detec-
tion on plain frontal chest X-ray based on deep-learning methodologies
with diagnostic and prognostic accuracies that merit further prospect-
ive testing. A previous work already tested the feasibility of CAC pre-
diction on chest X-ray, showing only moderate accuracy in the internal
validation cohort (AUC 0.73) as compared to very good accuracy
(AUC 0.90) of the AI-CAC model.>* Similarly, the prognostic accuracy
was moderate, with unsatisfactory negative predictive values for clinical
use. Moreover, several limitations comprising inclusion of multiple chest
X-ray for a single patient, the pre-processing conversion of high-
resolution DICOM images to lower resolution JPEG images and the ab-
sence of an external validation cohort were reported*

AIl-CAC diagnostic performance

The AI-CAC model demonstrated high sensitivity to rule-out subclin-
ical atherosclerosis, consistently above 92% at both internal and exter-
nal validation, suggesting its potential role as a gatekeeper. As patients
with no detectable CAC are at very low risk of ASCVD events (1.5
4.9% 10-year ASCVD rate'”), the benefit of lipid-lowering therapy
may be trivial in this subset.*’

Moreover, among patients with low/intermediate ESC CV risk,
Al-CAC was able to detect 84.4% of the patients with subclinical ath-
erosclerosis, potentially modifying the treatment approach among
those who already developed the ASCVD substratum and that might
benefit from more aggressive lipid lowering therapy regardless of clin-
ical risk assessment.® As specificity was modest (63.9%), the effective-
ness and cost-effectiveness of this approach remain to be established,
with a specific attention to avoid unnecessary cascade exams and pa-
tient psychological stress.

Of note, while very good diagnostic accuracy was observed at intern-
al validation, the accuracy was somewhat lower at external validation
(AUC 0.77, 95% Cl 0.67-0.86), driven by lower specificity. This obser-
vation warrants further diagnostic evaluation of the model and, pos-
sibly, performance refinement.

AIl-CAC prognostic performance

The role of AI-CAC to rule out subclinical atherosclerosis was fur-
ther substantiated by its high negative predictive value in terms of
5-year ASCVD occurrence. Indeed, a single event (a non-fatal acute
coronary syndrome) occurred among patients with an Al-CAC of
zero. Importantly, the event occurred after 4.3 years from the initial
chest X-ray suggesting a valuable warranty period length following
Al-CAC testing.

The Al-CAC prognostic value showed borderline significance after
adjusting for the ESC CV risk grading system. Among patients with
high/very high ESC CV risk, AI-CAC was able to ruleout subclinical
atherosclerosis in one out of two patients with CAC 0. Importantly,
these patients had no ASCVD events up to 5 years (vs. 18.4% in patients
with high/very high CV risk and CAC >0) despite higher perceived risk
based on clinical risk profile. This observation is consistent with large
CAC studies showing very low 7-year ASCVD risk (0.3% event/person-
year) among patients with >3 risk factors with no detectable CAC.?

In this subset, AI-CAC may potentially enhance patient-physician
communication, reassure the physician in the clinical decision-making
of challenging patient categories (i.e. asymptomatic diabetic patients)
and direct further diagnostic and therapeutic strategies. Of note,
while these patients may still benefit, if clinically indicated, from
lipid-lowering therapy in view of their long-term ASCVD risk regard-
less of the CAC presence, the detection of subclinical atherosclerosis
might modify the risk-benefit trade-off of other preventive strategies
such as anti-platelet therapy.ze"27

AIl-CAC clinical use

Several applications might be conceived to translate the observations of
the present analysis to clinical practice, following adequate prospective
validation. First, AI-CAC might be used in place of CAC as a cheap,
radiation-sparing and widely available diagnostic modality. This may
be used in low/intermediate CV risk patients to identify at-risk indivi-
duals with subclinical atherosclerosis that may benefit from more ag-
gressive lipid-lowering therapies and in high/very high CV risk patients
to down-classify the actual risk. Alternatively, a screening strategy con-
sidering Al-CAC as a gatekeeper for CAC may reduce the need for CT
scan. To this purpose, identification of a grey zone using multiple
Al-CAC cut-offs to guide decision-making might increase specificity
without compromising sensitivity and will be one of the objects of fu-
ture validation studies. Second, AI-CAC might be used as an oppor-
tunistic screening tool among individuals undergoing chest X-ray for
any clinical reason. Opportunistic CAC screening of non-gated chest
CT followed by clinician and patient notification led to a significant in-
crease in statin prescriptions in a small randomized trial, suggesting
the feasibility and utility of this strategy.”® The application of this con-
cept to chest X-ray may tremendously widen the target population
with potentially impactful implications on primary prevention public
health strategies.

In conclusion, we provide preliminary evidence of the feasibility and
diagnostic accuracy of deep-learning-based detection of subclinical ath-
erosclerosis on chest X-ray. While the diagnostic and therapeutic impli-
cations of a given AI-CAC result are beyond the scope of this feasibility
work, our results suggest that, provided adequate testing will confirm
the current findings, CAC detection on chest X-ray might ultimately re-
sult in clinical utility, including CV risk stratification refinement, appro-
priate preventive therapies allocation and cost-effectiveness for all the
stakeholders (patients, hospitals, insurances, and countries).

Limitations

The results of the present work should be interpreted in light of sev-
eral limitations. First, while the sample size of the population is pow-
ered for model development and diagnostic accuracy testing, it is
limited for the prognostic comparison. Accordingly, its results should
be considered exploratory. Second, data on family history, an import-
ant CV risk modifier, was not collected. However, family history only
marginally improves ASCVD risk prediction beyond conventional risk
factors.? Third, CAC was mostly derived from non-gated CT scan.
While gated CT scan represents the gold standard for CAC evaluation,
a wealth of evidence supports the high agreement of CAC measure-
ment from non-gated CT scan with that of gated CT scan (in the
Multi-Ethnic Study of Atherosclerosis agreement substudy: r statistic
0.95, sensitivity 96.8%, and specificity 92.5% for no CAC vs. CAC
>0)? along with its robust prognostic value.>° Moreover, slice thick-
ness has been previously identified as the main source of discordance
between standard and gated chest CT scan®'; and we only included
chest CT scan with slices <2.5 mm, that is below conventional 3 mm
gated CT scan for CAC scoring.

Fourth, CAC is a robust surrogate of coronary plaque burden
and 10-year ASCVD in primary prevention. However, it does
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not directly capture non-calcified plaque burden, a major prognostic
marker of ASCVD among symptomatic or secondary prevention
patients.>? The AI-CAC use should not be intended for thiese pa-
tients’ subset.

Fifth, Kaplan—Meier curves denote a somewhat higher ASCVD in-
cidence in the first year following chest X-ray assessment that would
not be expected in a general primary prevention population. This
may reflect a bias due to either incidental findings on chest CT
scan (i.e. coronary calcifications) prompting further diagnostic work-
up and eventually coronary revascularization, or due to symptomatic
patients (i.e. dyspnoea) undergoing chest X-ray/CT scan as part of
diagnostic work-up and eventually undergoing coronary revasculari-
zation. Also, the inclusion of a cohort of patients who underwent
chest CT for clinical indications may not fully represent the broader
population in a primary prevention setting. Of note, the clinical rea-
sons for chest X-ray/CT scan execution were not recorder, which is
another study limitation. This observation does not affect the pri-
mary analytical purpose of diagnostic accuracy, and it is also unlikely
to have significantly affected the prognostic comparison, especially in
terms of the demonstrated independency of the AI-CAC prognostic
value from the clinical risk profile. Finally, the sample size of the ex-
ternal validation cohort is modest, and—despite still in the range of
good accuracy—the diagnostic performance appears numerically
lower as compared to the internal validation cohort. A prospective,
multi-center real-world study is currently being planned to establish
the score generalizability.

Conclusions

The deep-learning-based AI-CAC model seems to accurately detect
subclinical atherosclerosis on chest X-ray and to predict ASCVD events
independently from the CV risk profile. Adoption of the AI-CAC model
to refine CV risk stratification or as an opportunistic screening tool re-
quires prospective evaluation.
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