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Abstract

Background: We developed an explainable deep-learning (DL)-based classifier to identify
flow-limiting coronary artery disease (CAD) by O-15 H,O perfusion positron emission
tomography computed tomography (PET/CT) and coronary CT angiography (CTA)
imaging. The classifier uses polar map images with numerical data and visualizes data
findings.

Methods: A DLmodel was implemented and evaluated on 138 individuals, consisting of a
combined image—and data-based classifier considering 35 clinical, CTA, and PET
variables. Data from invasive coronary angiography were used as reference.
Performance was evaluated with clinical classification using accuracy (ACC), area under
the receiver operating characteristic curve (AUC), F1 score (F1S), sensitivity (SEN),
specificity (SPE), precision (PRE), net benefit, and Cohen’s Kappa. Statistical testing was
conducted using McNemar’s test.

Results: The DL model had a median ACC = 0.8478, AUC = 0.8481, F1S = 0.8293, SEN =
0.8500, SPE = 0.8846, and PRE = 0.8500. Improved detection of true-positive and false-
negative cases, increased net benefit in thresholds up to 34%, and comparable Cohen’s
kappa was seen, reaching similar performance to clinical reading. Statistical testing
revealed no significant differences between DL model and clinical reading.

Conclusions: The combined DL model is a feasible and an effective method in detection of
CAD, allowing to highlight important data findings individually in interpretable manner.
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ABBREVIATIONS
ACC accuracy
AUC area under the receiver oper-
ating characteristic curve
CAD coronary artery disease
CTA coronary computed tomography
DL deep learning
F1S F1 score
GRAD-CAM gradient-based class activation
mapping
ICA invasive coronary angiography
SHAP shapely values
SMBF stress myocardial blood
INTRODUCTION

Deep learning (DL) can introduce breakthrough
applications in nuclear cardiology, for which one
of the foremost is classification of clinical sub-
jects [1,2]. DL methods for automated classifica-
tion can bring benefits in diagnostic accuracy,
decision-making, and clinical throughput by
speeding up the diagnosis [3]. There is still un-
exploited potential in applying DL in evaluation of
coronary artery disease (CAD) [4], conducted by
myocardial perfusion imaging (MPI) with O-
15H,0 hybrid positron emission tomography
computed tomography (PET/CT).

Diagnostic work-up of CAD includes analyzing
data from imaging tests and clinical risk factors,
such as age, gender, diabetes, dyslipidemia, and
hypertension [5—7]. Hybrid PET/CT imaging en-
ables combined analysis of myocardial perfusion
and detection of coronary stenosis with coronary
CT angiography (CTA) [8]. Coronary CTA has high
sensitivity enabling exclusion of obstructive CAD,
whereas its specificity is lower [8,9]. This com-
plementary information is combined in the
diagnostic decision chain, and any DL approaches
should operate on a similar manner. DL ap-
proaches can highlight useful target variables
from this rich source of information and highlight
regions in the images with subjects at risk to be
further explored.

The use of current DL approaches in clinical
decision-making is limited by lack of trans-
parency or operating in a “black-box” fashion
[10,11]. Ability to visualize the DL decision pro-
cess and to indicate the priority of the input pa-
rameters is essential for clinical applications [12].
Interpretable models can result in increased trust
from practitioners, can indicate new insights, and
can assist the model design, training, and appli-
cability [13]. This is advantageous in complex
models using images and data, with more in-
terconnections available. Thus, an intuitive
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explanation on which variables the model
considered significant on an individual basis is
desired.

There is a limited number of studies on the
implementation of DL for the identification of
myocardial ischemia in PET MPI [14]. Combined
approaches using clinical features and image
data from single-photon emission computed to-
mography (SPECT) MPI [10,15] or PET MPI [16]
have been studied for diagnosis of CAD or event
prediction. We have previously investigated
detection of CAD using O-15 H,O PET and only
polar map images [17,18]. However, no studies
using hybrid DL-based classifiers for the detection
of myocardial ischemia, which operate on a
combination of polar map images, CTA, quanti-
tative stress myocardial blood flow (sMBF) values,
and clinical data currently exist. Despite the vast
amount of research performed, explainable DL
models using both images and clinical variables
have not been extensively explored. Our motiva-
tion is to build upon these prior findings to fill the
gap on the implementation of hybrid DL ap-
proaches for the identification of myocardial
ischemia in O-15 H,O PET MPI and design an
approach that improves the model explainability
and interpretability.

This is achieved by combining image and data
classification in a single, explainable DL pipeline
for the detection of flow-limiting CAD, similar to
diagnostic reading. Visual representation of blood
flow as polar map images, quantitative sMBF
values, data on coronary atherosclerosis, and
anatomical coronary stenosis based on CTA as
well as clinical characteristics are used in com-
bination. To advance beyond the “black-box”
approach and to understand which variables are
given more weight by the model, we implement
explainability methods for visualization and
justification of the classification results on an
individual basis. These include highlighting of
perfusion defects on the polar maps as well as
ranking of imaging and clinical variables, which
affected positively or negatively to the classifica-
tion result.

Our proposed method uses a combination of
different sources of data from combined coronary
CTA and O-15 H,0 PET myocardial perfusion im-
aging. The method adds on to the growing
structure of application of DL in hybrid cardio-
vascular PET/CT imaging by using a combination
of several variables including the following: a)
features extracted from the polar maps indicating
visual data, b) quantitative results from the PET
perfusion examination as sMBF values, c)
anatomical information from coronary CTA, as
well as d) clinical patient-specific risk variables.
An important aspect of our work is to use CTA
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data in combination with polar map images and
SMBF information, which has not been done
previously. Finally, explainability methods have
not been leveraged to the degree presented in this
study for hybrid O-15 H,O PET/CT imaging.

MATERIALS AND METHODS

Study population

The study was conducted in a prospective cohort
of 138 individuals (73 men) with suspected
obstructive CAD who had undergone coronary
CTA and O-15 H,0 PET/CT perfusion study during
adenosine stress at Turku PET Centre at the
Turku University Hospital in Finland. All patients
had invasive coronary angiography (ICA). The
population characteristics with details from the
image acquisition and analysis are given in detail
in Refs. [8,18—20]. Details of the cohort with short
description of the clinical reading are given in the
following.

The cohort contains in total of 56 patients with
significant obstructive CAD, with 36 individuals in
the training set and 20 in the separate hold-out
(test) set. Significant obstructive CAD is defined
based on ICA, with hemodynamic significance
confirmed by intracoronary fractional flow
reserve (FFR) measuring <0.80 when appropriate.
This information was used to define the reference
CAD labels that were compared vs the clinical
reading and the DL model predictions.

The human readers analyzing the CTA and PET
were blinded to the results of ICA and FFR anal-
ysis, which was performed by an expert blinded
to the CTA and PET results. For the clinical
reading, the human readers had the CTA and PET
data at their disposal and would weigh the final
decision based on both data types and their
concordance. In comparison, the DL model had
all data available on a single setting, basing its
decision on all the variables together.

The study was approved by an institutional
review committee of the Hospital District of
Southwest Finland and was conducted according
to the guidelines of the Declaration of Helsinki.
All individuals gave informed consent.

Polar map and clinical data preprocessing

The data consisted of polar maps and numerical
data. Polar maps represent the distribution of
quantitative myocardial blood flow during aden-
osine stress (sMBF) in the left ventricular
myocardium. They contain information for
quantitative and visual PET reading. The numer-
ical CTA and clinical data contain information
from patient-specific risk factors and potential
coronary stenosis, which could indicate the
presence of flow-limiting CAD.

A database of individuals was constructed,
containing polar map images prepared identically
to our previous study [18], with 35 numerical and
categorical variables. Clinical variables were
selected based on known clinical association with
the prevalence of obstructive CAD. These con-
sisted of a) purely clinical variables, b) PET results
including the modeled sMBF value (mL/g/min) in
14 polar map segments excluding segments 2, 3,
17 due to variability [21], and c) CTA results
describing the degree of stenosis in the main ar-
teries and branches as well as the coronary cal-
cium score [22]. A reference label for each
individual was determined based on the ICA data
(1 = ischemic, 0 = non-ischemic).

The number of missing variables is given in
Supplemental Table 1, with a technical descrip-
tion of preprocessing the variables is given in
Supplemental Methods. All variables are sum-
marized in Table 1.

Continuous variables are presented as median
with interquartile range. Categorical variables
are expressed as counts and corresponding
percentages. Statistical testing was conducted
between the training and test datasets using the
Wilcoxon rank-sum test for continuous vari-
ables and the chi-squared test for categorical
ones, with P value < 0.05 denoting statistical
significance.

Deep-learning pipeline description

The DL model is a custom approach, a result of
careful curation and experimentation of different
models, their combinations, and designs. Several
approaches, mentioned in Ref. [17], and their
combinations using ensembles were experi-
mented, but none of them proved to be superior
to our image-only approach in Ref. [18]. Building
on our previous research, we designed an entirely
new, explainable fusion approach for this specific
purpose, which we refer specifically as the
DL+data model.

The DL pipeline is shown in Figure 1,
containing a) an image-based classifier for visu-
alization of detected perfusion defects and im-
age feature extraction and b) a data-based
classifier, with a dual-input model concatenating
the image features from input a) and the clinical
data.

Image data are fed to the model in two com-
plementary formats. The first are the sMBF values
given directly to the data-based classifier, and the
second are the features extracted from the polar
map images by the image-based classifier. The
features are low-level textural representations
gained from the deep layers of the model and can
be considered complementary to the sMBF
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Table 1. List of all imaging and clinical variables. Continuous variables are presented as median with interquartile range in
parenthesis. Categorical variables are expressed as counts and corresponding percentages in parentheses.

All Patients (N = 138) Training (N = 92) Test (N = 46) P Value
Clinical variables
Age 62 (10.0) 63 (10.5) 61 (7.0) 0.391
Sex (M/F) 73/65 53/39 20/26 0.117
BMI 26.3 (4.7) 26 3 (3.8) 26.5 (5.5) 0.956
Family history of CAD 70 (50.7) 48 (52.2) 2 (47.8) 0.806
Angina® 85 (61.6) 56 (60.9) 9 (63.0) 0.835
Diabetes 114 (82.6) 77 (83.7) 7 (80.4) 0.827
Smoking 83 (60.1) 55 (59.8) 8 (60.9) 0.863
Dyslipidemia 33 (23.9) 18 (19.6) 5 (32.6) 0.197
Hypertension 55 (39.9) 38 (41.3) 7 (37.0) 0.798
PET sMBF”
Segment 1 3.09 (1.45) 2.75 (1.46) 3.21 (1.44) 0.094
Segment 4 3.15 (1.52) 3.10 (1.64) 3.19 (1.24) 0.766
Segment 5 3.18 (1.58) 2.95 (1.52) 3.36 (1.32) 0.209
Segment 6 3.18 (1.43) 2.93 (1.48) 3.31 (1.14) 0.088
Segment 7 3.20 (1.70) 3.01 (1.57) 3.52 (1.57) 0.011
Segment 8 2.85 (1.60) 2.66 (1.56) 3.13 (1.53) 0.061
Segment 9 2.78 (1.51) 2.63 (1.62) 2.98 (1.16) 0.407
Segment 10 3.23 (1.72) 3.29 (1.77) 3.17 (1.42) 0.871
Segment 11 3.60 (1.99) 3.52 (2.07) 3.67 (1.78) 0.671
Segment 12 3.40 (1.63) 3.22 (1.69) 3.63 (1.38) 0.074
Segment 13 3.35 (1.79) 3.03 (1.81) 3.90 (1.58) 0.016
Segment 14 3.06 (1.90) 2.87 (2.03) 3.25 (1.51) 0.104
Segment 15 3.31 (1.78) 3.34 (1.81) 3.26 (1.63) 0.701
Segment 16 3.75 (1.85) 3.47 (2.20) 3.87 (1.30) 0.255
CTA findings®
LM 56 (40.6) 42 (45.7) 14 (30.4) 0.196
LADA 93 (67.4) 66 (71.7) 27 (58.7) 0.149
LADB 77 (55.8) 55 (59.8) 22 (47.8) 0.047
LADC 40 (29.0) 32 (34.9) 8 (17.4) 0.417
LCXA 54 (39.1) 40 (43.5) 14 (30.4) 0.482
LCXB 40 (29.0) 32 (34.8) 8 (17.4) 0.306
RCAA 68 (49.3) 50 (54.3) 18 (39.1) 0.485
RCAB 51 (37.0) 34 (37.0) 17 (37.0) 0.479
RCAC 39 (28.3) 29 (31.5) 10 (21.7) 0.827
D1 39 (28.3) 29 (31.5) 10 (21.7) 0.047
RPD 15 (10.9) 14 (15.2) 29 (63.0) 0.063
Coronary calcium score 106 (406.3) 106.5 (477.5) 88 (314.8) 0.350

P value < 0.05 signifies statistical significance and is given in bold.

BMI, body mass index; CAD, coronary artery disease; CTA, coronary computed tomography; PET, positron emission tomography;
sMBF, stress myocardial blood flow; LM, left main artery; LADA, LADB, LADC, the proximal, middle, and distal left anterior
descending coronary artery; M, male; F, female; LCXA, LCXB, the proximal and middle left circumflex artery; RCAA, RCAB,
RCAC, the proximal, middle and distal right coronary artery; D1, the first diagonal branch; RPD, the right posterior descending

branch.

@ Typical or atypical angina.

b Segments 2, 3, and 17 are excluded from the analysis.
¢ Grade 2-5.

values, guiding the visual interpretation of the
polar maps by the DL+data model.

To visualize the regions that the model con-
siders ischemic, we implemented gradient-based
class activation mapping (GRAD-CAM) [23].
GRAD-CAM has been used in medical and non-
medical contexts to visualize which spatial pat-
terns in the image are considered important.

The data-based classifier concatenates the
extracted-image features and clinical data. The
first input layer receives extracted-image-based
features from the flatten layer of the image

classifier model. The second input layer receives
directly the preprocessed clinical data as a data-
frame. Both are concatenated and passed to a
neural network classifier. The classifier uses both
data types in combination to predict the final
probability for ischemia in the individual, a value
between 0 and 1.

To visualize which variables the model con-
siders important in the final decision, we calcu-
lated the Shapely values (SHAP values, [24]). SHAP
values have been proven to facilitate the expla-
nation of highly non-linear models, allowing to
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Clinical data

Visualization

th, <P

Numerical results

Figure 1. A description of the hybrid DL pipeline. The image classification model (upper model) takes only the JPEG polar map as
an input and performs gradient-based class activation mapping (GRAD-CAM) visualizations. The polar map data are processed by
convolutional layers until the image features are extracted before the first flatten layer. The features are given as an input to the
dual-input model (lower model), which takes the raw tabulated clinical data (35 variables) as a secondary input. Both the image
features (512 variables) and the tabulated data are concatenated, thereafter a neural network performs the final classification and
outputs the numerical results consisting of a single value as a probability between 0 and 1, in addition to giving also Shapely
values (SHAP). The max pool layers (red) contain a 2 x 2 window. The number of filters for each convolutional layer increases
gradually as: 12, 16, and 32. The kernel sizes for all layers are 3 x 3, whereas strides were set as 2 x 2. The image classifier model
dense layer sizes are 512 and 128. The data classifier model contains dense layers of 512, 128, and 64 in size, with 0.5 drop-out in

between. Abbreviation: DL, deep learning.

break down the impact of input features on pre-
diction [6]. They have been recently used as a tool
for interpreting DL models and have been shown
also to follow human intuition in the interpreta-
tion of model predictions. SHAP values are
calculated for clinical data and image features
and are visualized as an easily interpretable bar
plot to explain which variables and features the
model considered important.

The SHAP values represent how strongly each
of the given feature (e.g., clinical variable)
contributed to increasing or decreasing the
probability of detecting ischemia in a specific
patient. Consequently, this allows any outside
reader to interpret what features a) the model
considered important when making the final
prediction and b) which affected the model
judgement either positively or negatively. The
final outputs from the pipeline are the following:
1) visualization of the GRAD-CAM maps high-
lighting perfusion defects on the polar map im-
ages, divided to each coronary artery segment, 2)
SHAP values visualized as bar plots from the
clinical data and the image features to indicate
which variables contributed most significantly to
the final decision of the classifier, and 3) a prob-
ability value based on image and clinical data to
indicate whether the subject is ischemic or not.

A detailed technical description from the
development of the DL processing pipeline, with
the hyperparameters used, is given in Supple-
mentary Methods. The final selection of the

hyperparameters were decided on the training
performance during k-fold cross-validation. The
set of hyperparameters with the highest area
under the receiver operating characteristic curve
(AUC) was chosen and fixed for the final model,
an optimization approach used in Ref. [25]. Thus,
the hyperparameter selection was conducted on
experimental basis, and no automatic optimiza-
tion libraries were applied.

Training, validation, and testing procedures

Figure 2 shows an overview of training and
testing procedures, where we follow the recom-
mended approaches for evaluation of DL algo-
rithms [26].

The dataset was divided with a single split of
the entire data to separate training and testing
sets. The training set consisted of 92 individuals.
A separate hold-out (test) set containing 46 sub-
jects was used for model testing only and calcu-
lation of the final results, the same split of data as
in as in Ref. [18] was applied to make our results
comparable.

For training, we applied a 10-fold repeated
(N = 10 repeats) cross-validation using the data-
set of 92 individuals. Training data were used to
fix the model hyperparameters and evaluate the
training performance. Repeated cross-validation
was selected to ensure consistent performance
and to minimize noise between different cross-
validation sets. The training results of the model
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Full dataset
(N =138)

Training
dataset
(N=92)

10-fold repeated
cross-validation
(10 repeats)
I

v

Parameter
selection

Final DL model

Hold-out (Test)
dataset
(N = 406)

Repeated training
and testing

(100 repeats)

Evaluation
metrics

Final results

Figure 2. A workflow diagram of the training and testing performed to the DL pipeline. A single split of the data to training (92
cases) and test (46) datasets was performed. K-fold cross-validation was performed to train the model using the training set, with
adjustment of the model hyperparameters. The final model performance evaluation was applied to test dataset only by repeated
training and testing for 100 runs in total. Abbreviation: DL, deep learning.

from the 10-fold repeated cross-validation are
given in Supplementary Table 2.

For model testing, we applied a separate hold-
out (test) set of 46 individuals. The prediction
performance and stability of the final DL+data
model was evaluated with this set, which
remained unseen during model training. The final
testing was performed similarly to Ref. [18]. The
evaluation included repeated training followed by
hold-out testing with 100 repeats to estimate the
variation of the model due to random number
initialization.

The predicted probability values with the ICA
reference labels during training and testing were
saved to evaluate the model performance and
stability.

Data analysis and visualization

All data visualization and analysis were per-
formed with MATLAB v2020b (MathWorks Inc.,
US). The visualization of polar map data, GRAD-
CAM visualization maps, and SHAP values were
performed using the data processing libraries in
Python 3.8.10.

Classification accuracy metrics

The prediction performance was evaluated using
commonly applied classification evaluation met-
rics. After validation of the model performance and
tuning of the hyperparameters using k-fold cross-
validation, a comparison of the model prediction
performance to a clinical observer and our
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previously published image-only DL model in
Ref. [18] was performed using the hold-out (test)
dataset.

All the metrics were calculated in comparison
of the reference labels from ICA. The probability
value given by the DL+data model was converted
to a binary value using a threshold of 0.5, where
probability values greater than the threshold
were given a value of 1. This binary label was
then compared to the predictions of the clinical
observer and reference CAD label.

The metrics were accuracy (ACC), area under
the receiver operating characteristic curve (AUC),
F1 score (F1S), sensitivity (SEN), specificity (SPE)
and precision (PRE). F1 score provides a measure
of the trade-off between false-positive and false-
negative results in the test population. Further-
more, PRE in this context does not refer to the
variability of the measurement but indicates
which proportion of positive identifications were
actually correct. In addition, we calculated the
number of true positives (TPs), true negatives
(TNs), false positives (FPs), and false negatives
(FNs). All metrics are reported as median with the
interquartile range over the different runs for the
DL-+data model. The equations for calculating the
metrics are given in Supplementary Methods.

Net benefit

We calculated the net benefit [27] to compare the
DL+data model with the clinical reading in the
test set. Net benefit is a relatively new decision
analytic technique, which allows to compare two
models, markers or tests in regard whether they
would lead to better clinical outcomes on average
among suitable patients, and whether either of
the techniques would be better than a default
strategy of treating all patients or none. By defi-
nition, an optimal technique would perform bet-
ter than alternative approaches, across a wide
range of threshold probabilities [27]. In the anal-
ysis, both the DL+data model and clinical reading
were assessed vs the CAD label based on ICA plus
FFR data as the ground truth. The net benefit was
visualized in a decision curve over threshold
probabilities from 0% to 100%.

Agreement with the reference CAD data

The agreement between the ICA results
compared to the DL+data model, and clinical
reading was investigated by calculation of
Cohen’s Kappa coefficient k for each of the 100
runs performed on the test set. We report the
median value and the interquartile range of «
between the DL+data model and the clinical
reading against the ICA labels.

Statistical testing

Finally, statistical testing between the clinical
reading and the DL+data model was performed
using the McNemar’s test [28—30] with Edward’s
continuity correction [31]. The test was conduct-
ed for each of the 100 runs of the test data, with
significance level o = 0.05. Due to multiple com-
parisons performed, Bonferroni correction [32]
was implemented, with the corrected P value of
<0.0005 denoting statistical significance.

RESULTS

Figure 3 shows the box plots from the 100 runs of
the DL+data model over the test data in com-
parison to the clinical classification. Comparable
performance to the clinical classification can be
seen.

Table 2 contains the classification accuracy
metrics reported as median with interquartile
range in parenthesis, over 100 runs of the test
data. The results from the clinical reading and
image-only DL model are presented for compari-
son. The DL+data model and the clinical reading
had small differences in accuracy and achieved
similar AUC and F1 score. Sensitivity was higher
with the DL+data model, whereas clinical reading
achieved better specificity and precision.

Table 3 contains the amount of TP, TN, FP, and
FN cases classified by the DL+data model, with
median and interquartile range of the 100 runs of
the test data with the results of clinical reading
and the image-only DL model. The DL+data
model had improved performance over TP and FN
cases, with difference of two subjects with TN
and FP cases to the clinical reading.

:

[*_clinical ]
*

st oo
rhe-- o

+ 4 %
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(=]
(&
+

% f----
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A(I:C AlIJC FiS SéN PI‘!E
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Figure 3. A box plot of prediction performance with the

DL+data model with 100 runs over the test data, showing a

comparison to the clinical observer to visualize the distribu-

tion of performance metrics over different runs. Abbreviation:

DL, deep learning.
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Table 2. Classification accuracy metrics of the DL+data
model prediction performance. Metrics are reported as
median and interquartile range (IQR) in parenthesis over
100 runs of the data in comparison to the results with
the clinical reading and image-only DL model (DL)
reported in Ref. [18] with the hold-out (test) dataset.

Method ACC AUC F1S SEN SPE  PRE
DL+data 0.848 0.848 0.829 0.850 0.885 0.850
(0.065) (0.064) (0.077) (0.100) (0.154) (0.122)
DL 0.826 0.806 0765 0.650 0.962 0.929
(0.065) (0.065) (0.101) (0.100) (0.000) (0.010)
Clinical 0.870 0.856 0.833 0.750 00962 0.938

ACC, accuracy; AUC, area under the receiver operating
characteristic curve; F1S, F1 score; SEN, sensitivity; SPE,
specificity; PRE, precision; DL, deep learning.

In Figure 4, net benefit is shown. Using both
clinical and imaging data resulted in improved
net benefit up to threshold probability of 34%
with the DL+data model, showing improved
performance over the previous image-only DL
model.

We found a good agreement k = 0.692 (0.129)
between the DL+data model and the ICA data in
classifying the individuals as ischemic, which
was comparable to the clinical reading (x = 0.728).

According to the McNemar’s test, there was a
non-significant difference (corrected P
value > 0.0005) between the proportion of errors
in the test set between the DL+data model and
the clinical reading, in each of the 100 runs of the
data. A single, worst-performing run had the
lowest P-value closest to the corrected signifi-
cance  threshold (run number 9, P
value = 0.007963). Majority of the runs (92 runs
out of 100) had a P-value that was considerably
higher even than the uncorrected significance
threshold (P > 0.05).

In Figure 5, we show the classification results
with SHAP and GRAD-CAM highlighting the

Table 3. The number of true positives (TPs), true negatives
(TNs), false positives (FPs), and false negatives (FNs) with
median and interquartile range (IQR) of the DL+data
model on 100 runs of the data in addition to the results
with the clinical reading and the image-only DL model
(DL) reported in Ref. [18] with the hold-out (test) dataset.

Method TP TN FP FN
DL+data 17 (2) 23 (4) 3 (4) 3(2)
DL 13 (2) 25 (0) 1 (0) 7 (2)
Clinical 15 25 1 5

TP, true positive; TN, true negative; FP, false positive; FN, false
negative; DL, deep learning.
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Figure 4. Net benefit of the developed DL model (DL+data) and
the clinical observer (clinical) over decision thresholds of 0% to
100%. The net benefit of our previous image-only DL approach
(DL) using data from Ref. [18] is shown in comparison. The net
benefit is visualized as mean over the 100 runs of the test data.
Only positive values in the range of 0 to 1 for the net benefit
are shown. Abbreviation: DL, deep learning.

ischemic regions in the polar maps for one
ischemic case. Noteworthy is the complementary
nature of the GRAD-CAM and SHAP highlighting
the defect and individual risk variables from CTA
and clinical data. The DL+data model highlighted
image features which weigh the decision towards
a CAD-positive case (Supplementary Figure 1).

In Figure 6, we show the SHAP values from
image features for one severely ischemic case.
Image features are highlighted according to the
extent of the perfusion defect in the polar maps
and are visualized by GRAD-CAM. Additional
variables are highlighted in the CTA and clinical
data.

In Figure 7, we show a case example in which
the model classified as a TP, although the polar
map was showing high sMBF. No defects were
detected by GRAD-CAM or in the image features,
but classification was made based on the CTA
stenosis degree and patient-specific clinical vari-
ables, showing the complementary advantage of
our approach.

DISCUSSION

We introduced a DL-based approach using polar
maps, segmental sMBF values, coronary CTA
findings, and clinical modifiers of the likelihood
of obstructive CAD. The approach includes
explainability methods to visualize perfusion
defects and highlighting important clinical fea-
tures. The model achieved a good performance
compared to the clinical reading. Even greater
benefit is the ability to highlight possible risk
variables and perfusion defects on individual
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Figure 5. Detection examples with a TP ischemic case showing (A) SHAP values from CTA, PET, and clinical data represented as a
bar plot and (B) GRAD-CAM detection overlaid on polar map (left polar map). Noteworthy is that the SHAP values of the coronary
CTA data (RCAB) and GRAD-CAM visualization maps in polar maps match each other. The probability of CAD as predicted by the
model was 0.643. SHAP acronyms are identical to Table 1, with exception of STR1 to STR16, which describe the segmental sMBF
values and CS which indicates coronary calcium score. Abbreviations: CTA, coronary computed tomography; PET, positron
emission tomography; GRAD-CAM, gradient-based class activation mapping; SHAP, Shapely values; TP, true positive.

basis, giving extended information compared to
majority of current DL-based classifiers.

Our approach proposes potential solutions on
how to address the following, timely issues in
application of DL in PET MPI [33]. First, the
approach allows to incorporate multi-parametric
information to a single, explainable pipeline.
Second, both imaging and other clinical infor-
mation are considered together. Third, explain-
ability methods for both images, and clinical
variables are used to understand what the model
is basing its decisions.

The hybrid DL+data approach showed
improved performance and stability over our
previous image-only approach [18] (Table 2).
Increased ACC, AUC, F1S, and SEN were seen
(Table 2). The number of TP results increased
from 13 to 17 and that of FN results decreased
from 7 to 3 (Table 3). Increased net benefit was
also seen (Figure 4). Thus, the hybrid DL+data

approach showed improved performance over
the image-only approach, with only a slight in-
crease in the number of FP results. Furthermore,
the performance of DL+data model was superior
to a data-only model (Supplementary Methods,
Supplementary Figures 3 and 4).

The DL+data model compared to clinical
reading showed similar ACC, AUC, and F1S, but
the model showed improved SEN (Figure 3,
Table 2). Clinical interpretations of ACC, AUC,
and F1S fall close to the median predictions, and
are within the interquartile range, indicating
comparable performance (Figure 3). However,
SPE and PRE of the model could be improved
(Figure 3).

An improved net benefit of decision thresholds
up to 34% over the clinical reading was seen with
superior performance compared to the image-
only model (Figure 4). The increased net benefit
of the model indicates that it could be useful to a
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Figure 6. Example case of SHAP values from (A) clinical data, (B) image features, and (C) GRAD-CAM detection (left polar map with
overlay) with a severely ischemic case. Image features in (B) are highlighted according to the degree of the perfusion defect seen in
the polar map in addition to clinical variables in (A), as well as the location of the defect by GRAD-CAM in (C). The final probability
for CAD-positive predicted by the DL+data model was 0.858. SHAP acronyms are identical to Table 1, with exception of STR1 to
STR16, which describe the segmental SMBF values and CS which indicates coronary calcium score. Abbreviations: CAD, coronary
artery disease; DL, deep learning; GRAD-CAM, gradient-based class activation mapping; SHAP, Shapely values.

subset of preferences when applied in conjunc-
tion with clinical reading. For example, additional
clinical analysis could be conducted in those
deemed positive by the DL+data model.

Notably, the amount of FN results with the use
of DL+data model was 3 vs. 5 based on clinical
reading. In individual and epidemiological
standpoint, the cost of FN results is higher than

that of FP results [6], indicating that the fusion
model is preferable to our previous, image-based
approach, which resulted in 7 FN cases. An
example of the classification results is shown in
Supplementary Figure 2.

Slightly lower Kohen'’s kappa with the DL+data
model compared to clinical -classification
(k = 0.692 (0.129) vs k = 0.728) was found. There
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Figure 7. A case example which the DL+data model classified as TP, although no reduction of sMBF is shown in the polar map
image, with (A) SHAP values from clinical data and (B) GRAD-CAM detection. GRAD-CAM (left polar map) has not detected any
regions with clear defects in conjunction with high sMBF shown in the original polar map (right polar map). However, the SHAP
values show the DL model considering the CTA stenosis degree in major vessels with additional, patient-specific risk factors in
making the final classification decision (red bars). These included CTA stenosis degree in major arteries, or individual risk factors
such as family history of CAD, angina, or diabetes. Noteworthy is that the final probability for CAD-positive given by the DL+data
model of 0.574 (range 0 to 1) shows that the case can be considered borderline. SHAP acronyms are identical to Table 1, with
exception of STR1 to STR16, which describe the segmental sMBF values and CS which indicates coronary calcium score. Abbre-
viations: CAD, coronary artery disease; CTA, coronary computed tomography; DL, deep learning; PET, positron emission tomog-
raphy; GRAD-CAM, gradient-based class activation mapping; SHAP, Shapely values; TP, true positive.

was also a non-significant difference in propor-
tion of errors in the test set between the model
and clinical reading according to the McNemar’s
test. This shows that addition of the imaging and
clinical data could effectively improve the clas-
sification performance to the level comparable to
clinical reading, considering all metrics. The
model does have a slight advantage in having
additional 9 clinical variables to use, whereas the
human reader is operating on CTA and PET data.

Special attention was placed to the explain-
ability and visualization of the model decision
process. This offered several advantages to
highlight why certain cases are deemed CAD-
positive (Figures 5—7), especially when investi-
gating TP cases with high sMBF. Adding comple-
mentary data from coronary CTA and clinical

variables allowed detection of CAD even in some
cases with preserved sMBF. An additional
advantage of visualization is highlighting the re-
gions with reduced sMBF and clinical variables
individually, allowing to justify the classifier de-
cisions (Figures 5-6).

The explainability methods allowed us to note
several interesting findings using feature ranking.
Previously, integration of coronary CTA and
clinical data has been shown to improve the
detection of ischemia [34]. Our results expand
this by confirming that both image-based and
data-based (CTA, PET, clinical) features provide
complementary information for CAD detection.
Additionally, we found the features were ranked
consistently in the following order: CTA, clinical,
and PET variables (Supplementary Figure 5).
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The clinical variables were ranked higher than
PET variables, which may be caused by sMBF
values being in the normal range in most of the
segments. Only a small number of individuals
showed significantly reduced perfusion below the
SMBF < 2.3 g/mL/min threshold [35]. Another
explanation is that the visual features already
contributed the information needed, and thus the
quantitative values did not bring additional
benefit. Furthermore, the coronary CTA variables
indicating coronary stenosis were ranked the
highest, whereas coronary calcium score was
ranked the lowest. This is an interesting finding,
as it might imply how the CTA stenosis variables
could be co-linear with the coronary calcium
score, which mainly translates to the presence of
plaque burden. Whether this finding has further
clinical significance should be investigated in
more detail.

In addition to the clinical variables, the model
receives low-level textural representations of the
image. Currently, the image feature importance
visualization is qualitative, showing significant
trend with extreme cases (Figure 7). It is chal-
lenging to correlate these features in spatial
terms, compared to the GRAD-CAM visualization
maps. This is better understood based on what
the image features represent: the most salient
responses over the whole image while discarding
the spatial distributions of the individual pixels
[36]. Thus, the information contained in these
features is a condensed textural representation of
the visual patterns in the image.

Only a few DL approaches have focused on CAD
detection in MPI, with majority existing for SPECT
[10,37] and not for PET. One study [37] presented a
fusion approach with SPECT polar maps and
clinical data. Our approach extends this by
allowing the model to learn from both polar maps
and clinical data before final classification. Simi-
larly to Ref. [10], the GRAD-CAM maps matched
the perfusion defects (Figure 6). Furthermore,
another important aspect in our work was
combining coronary anatomy information from
CTA, which was not used in the aforementioned
studies.

Our study is currently limited to a feasibility
study, as the number of participants (N = 138) is
small. However, we noted a good stability with
low variation in the k-fold cross-validation and
repeated hold-out testing. Considering a rela-
tively large proportion of patients with positive
results in our cohort, a larger cohort would allow
to include more individuals with no or only
minimal CTA findings and low number of clinical
risk variables. In our study, individuals typically
showed elevated probability for ischemia by the
model (30%-40%). However, the results with the
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k-fold cross-validation and the hold-out dataset
show the feasibility of our approach. Naturally,
adding additional data would help to optimize the
model performance better. Finally, this could in-
crease the statistical power of the McNemar’s
test as we did not detect significant differences
after Bonferroni correction.

Thus, our future intent is to extend our evalu-
ation to a large cohort of patients who have un-
dergone hybrid O-15 H,O PET/CT MPI, although
constructing such a database is challenging. To
develop the methodology to operate in a fully
automated form, the variables could be extracted
and processed automatically and passed to the
model at the time of clinical reading.

Finally, the practice of modern medicine relies
heavily on synthesis of data from multiple sour-
ces [38]. Thus, DL models operating on data syn-
thesis from multiple sources, with increased
transparency in model decision-making are
needed.

NEW KNOWLEDGE GAINED

e A fusion DL model was developed for hybrid
stress O-15 H,O MPI-PET and CTA imaging. The
model incorporates both polar map images and
diagnostic data and shows good performance
in detection of flow-limiting CAD.

e With increased input data, model explain-
ability is needed to justify the model decision
process in visualizing the defects and high-
lighting the clinical variables. These might
reveal important diagnostic variables to be
investigated further.

e Knowledge of the contribution of relevant
variables on an individual basis offers a sig-
nificant advantage, allowing to understand
where the model bases its decisions, increasing
the adaptability of DL approaches to clinical
routine.

CLINICAL PERSPECTIVE

e A deep-learning approach allows to incorpo-
rate multiparametric information, such as
multi-modality imaging data from coronary
computed tomography, stress myocardial
perfusion imaging positron emission tomog-
raphy polar maps, and clinical risk variables
for detecting flow-limiting coronary artery
disease in an explainable pipeline.

e When combining imaging and diagnostic data
to a deep-learning model, explainability
methods are needed to understand the model
decisions and might potentially reveal impor-
tant diagnostic variables to be investigated.
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e Knowledge of the contribution of relevant
clinical and imaging variables with high-
lighting the ischemic regions in the polar maps
on an individual basis offers a significant
advantage over traditional deep-learning
models, improving their adaptability to clinical
routine.

CONCLUSIONS

A combined DL-based classifier using polar map
images, coronary CTA, sMBF and diagnostic data
in hybrid coronary CTA and O-15 H,0 PET/CT
perfusion imaging is a feasible method for the
detection of flow-limiting CAD, showing diag-
nostic performance up to the level of clinical
reading.

This work expands from our prior efforts,
showing the improved performance of the hybrid
DL approach. One of the major strengths is the
ability to highlight the culprit regions with the
contribution of relevant clinical variables in an
interpretable manner and on an individual basis.
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