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Background: The deep learning convolution neural network (DL-CNN) benefits evaluating clot burden of
acute pulmonary thromboembolism (APE). Our objective was to compare the performance of the deep learning
convolution neural network trained by the fine-tuning [DL-CNN (ft)] and the deep learning convolution
neural network trained from the scratch [DL-CNN (fs)] in the quantitative assessment of APE.

Methods: We included the data of 680 cases for training DL-CNN by DL-CNN (ft) and DL-CNN (fs),
then retrospectively included 410 patients (137 patients with APE, 203 males, mean age 60.3+11.4 years)
for testing the models. The distribution and volume of clots were respectively assessed by DL-CNN(ft)
and DL-CNN(fs), and sensitivity, specificity, and area under the curve (AUC) were used to evaluate their
performances in detecting clots on a per-patient and clot level. Radiologists evaluated the distribution of
clots, Qanadli score, and Mastora score and right ventricular metrics, and the correlation of clot volumes
with right ventricular metrics were analyzed with Spearman correlation analysis.

Results: On a per-patient level, the two DL-CNN models had high sensitivities and moderate specificities
(DL-CNN (ft): 100% and 77.29%; DL-CNN (fs): 100% and 75.82%), and their AUCs were comparable
(Z2=0.30, P=0.38). On a clot level, DL-CNN (ft) and DL-CNN (fs) sensitivities and specificities in detecting
central clots were 99.06% and 72.61%, and 100% and 70.63 %, respectively. DL-CNN (ft) sensitivities and
specificities in detecting peripheral clots were mostly higher than those of DL-CNN (fs), and their AUCs
were comparable. Clot volumes measured with the two models were similar (U=85094.500, P=0.741), and
significantly correlated with Qanadli scores [DL-CNN(ft) r=0.825, P<0.001, DL-CNN(fs) r=0.827, P<0.001]
and Mastora scores [DL-CNN(ft) r=0.859, P<0.001, DL-CNN(fs) r=0.864, P<0.001]. Clot volumes were
also correlated with right ventricular metrics. Clot burdens were increased in the low-risk, moderate-risk,
and high-risk patients. Binary logistic regression revealed that only the ratio of right ventricular area/left
ventricular area (RVa/LVa) was an independent predictor of in-hospital death (odds ratio 6.73; 95% CI,
2.7-18.12, P<0.001).

Conclusions: Both DL-CNN (ft) and DL-CNN (fs) have high sensitivities and moderate specificities
in detecting clots associated with APE, and their performances are comparable. While clot burdens
quantitatively calculated by the two DL-CNN models are correlated with right ventricular function and risk
stratification, RVa/IVa is an independent prognostic factor of in-hospital death in patients with APE.
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Introduction

Pulmonary arterial occlusion by fresh emboli can sharply
increase pulmonary vascular resistance leading to acute right
heart failure and even sudden death in acute pulmonary
embolism (APE). Clot burden was an important factor in
hemodynamics and right ventricular size (1) and is of great
significance for risk evaluation and treatment in APE (1,2).
Both the Qanadli score (3) and Mastora score (4) measured
on computed tomographic pulmonary angiography (CTPA)
have been used to semi-quantitatively assess clot burden,
and some studies have indicated that these scores correlate
with risk stratification and prognosis in APE (5-7).

The deep learning (DL) algorithm (8-10) trains deep
neural networks used in processing large and complex
images. It is usually composed of multi-layer simple
neural networks with nonlinear input-output mapping
characteristics in which convolutional neural networks
(CNN) can extract many features from abstracted layers of
filters. Currently, there are two approaches (11,12) to train
DL-CNN models: the deep learning convolution neural
network trained by the fine-tuning [DL-CNN (ft)] and the
deep learning convolution neural network trained from the
scratch [DL-CNN (fs)]. DL-CNN (fs) is a conventional
method that trains a model from scratch using the weights
of random initialization and obtains good performance by
using large-scale training datasets, while DL-CNN (ft) is
the most widely used approach for transfer learning, which
starts training with the weights gained from a pre-trained
model. Compared with DL-CNN (fs), DL-CNN (ft) can
significantly reduce the target labeled data requirements in
the field of natural images. A previous study (13) indicated
that DL-CNN (ft) was more robust to the size of training
sets than DL-CNN (fs) on several distinct medical imaging
applications. In our initial study (14), we trained a DL-
CNN (fs) model and developed a fully automatic algorithm,
end-to-end fully convolutional network based on DL-
CNN, U-Net, to auto-segment clots of APE. However, the
performance of DL-CNN (ft) in assessing clot burden in
APE remains unknown. Thus, this study aimed to compare
DL-CNN (ft) and DL-CNN (fs) performances to detect
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the clot burden of APE and analyze the correlation of clot
burden with risk stratification and short-term prognosis of
APE during hospitalization.

Methods
Study cobort and design

This study was registered at the Chinese Clinical Trials
Registry Center (http://www.chictr.org/en/; registration
number ChiCTR-OCH-14004929) and was approved by
our institutional review board (medical ethics number: 2020-
070-1). Following the Declaration of Helsinki (as revised in
2013), the study was conducted, and informed consent from
patients was waived for this retrospective study. Figure 1
demonstrates a flowchart detailing how participants
were selected, and research was undertaken. First, data
of 680 cases (384 males, mean age =64.3+11.2 years,
510 patients with APE) who attended one of our four
hospitals between January 2016 and December 2018
were retrospectively collected for the training model.
This dataset was randomly split into a training dataset
and a validation dataset. The training dataset included
408 cases with APE (233 males, mean age =65.8+15.7
years) and 136 cases without pulmonary embolism (PE)
(74 males, mean age =52.6+14.3 years) for training DL-
CNN. The validation dataset included 102 cases with
APE (57 males, mean age =63.1+7.3 years) and 34 cases
without PE (20 males, mean age =60.5+18.2 years) for
optimizing model parameters. A total of 410 cases (203
males, mean age =60.3+11.4 years) who attended one of
our four hospitals between January 2019 and June 2020
were then retrospectively collected as the testing dataset,
which included 137 cases with APE and 273 cases without
PE. The diagnosis of APE followed the guidelines of the
European Society of Cardiology (ESC) and the European
Respiratory Society (ERS) in 2019 (15). Patients (n=83)
with incomplete clinical data or unsatisfactory CTPA image
quality were excluded, as were those who were diagnosed
with chronic pulmonary embolism (CPE) (n=103), chronic
thromboembolic pulmonary hypertension (CTEPH) (n=32),
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680 cases (510 cases with APE and 170 cases without
PE) from Jan 2016 to Dec 2018
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Figure 1 Experiment flow chart. APE, acute pulmonary thromboembolism; PE, pulmonary thromboembolism; DL-CNN (ft), the deep

learning convolution neural network trained by fine-tuning; DL-CNN (fs), the deep learning convolution neural network trained from

scratch.

pulmonary arterial tumor (n=17), pulmonary vasculitis
(n=21), mediastinal fibrosis (n=34), Patients who were lost
in follow-up (n=88) and patients with malignancy (n=24)
were also excluded. The risk stratification of APE patients
was recorded from personal medical charts following the
guidelines of the European Society of Cardiology (ESC)
and the European Respiratory Society (ERS) in 2019 (15)
and was classified according to clinical, imaging, and
laboratory indicators. APE patients were divided into low-
risk, intermediate-risk, and high-risk groups.

CTPA examination

CTPA was performed in the craniocaudal direction with
multidetector CT scanners (Optima CT660, GE Healthcare;
Lightspeed VCT/64, GE Healthcare; Toshiba aquilion
one tsx-301¢/320; Philips ICT/256; Siemens sensation/16,
SOMATOM definition dual-source CT) by using a standard
CT pulmonary angiography protocol. All images were
acquired with the patient in the supine position and breath-
holding, and the scanning range was from the thoracic
entrance to the supradiaphragmatic level. Scan parameters
were as follows: tube voltage 100-120 kV, tube current
100-300 mAs, gantry rotation time 0.8 s, speed of CT table
39.37 mm/s, and a contrast agent (Ultravist, 370 mgl/mL,
Schering Bayer) at an injection rate of 4.5 mL/s and an
amount of up to 70 mL (bolus tracking technique). A soft
tissue reconstruction kernel was used, the reconstructed
section thickness was 0.625 mm to 1 m, and the reconstructed
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section interval ranged from 1 to 1.25 mm.

DL-CNN (ft) and DL-CNN (fs)

Similar to our previous study (14), to reduce the diversity
of data sources to DL-CNN, all CTPA images were pre-
processed by several operations before feeding into the
network. These included windowing operation with a
window width of 620 and window level of 160, mapping
each pixel value into [0, 1], and copying each imaging to
form a three-channel image.

We selected 544 cases as a training dataset to train
DL-CNN by fine-tuning and from scratch, respectively.
Training DL-CNN by fine-tuning was that the weights
of the segmentation network were all trained with pre-
training, which were initialized using the network
parameters of our previous study (14). In training DL-CNN
from scratch, the weights of the segmentation network
were all trained without pre-training and initialized using
the Xavier method (16). The U-Net trained by fine-tuning
and from scratch were DL-CNN (ft) and DL-CNN (fs)
respectively. In the validation step, the remaining 136 cases
were used as a validation dataset for obtaining the optimal
network parameters of DL-CNN (ft) and DL-CNN (fs).

Once in use, given a sequence of CTPA slices from a
patient, our trained model for clot segmentation would
output the probability of each pixel for the foreground
or the clot via sigmoid function. Based on our previous

findings (14), the probability threshold was set to 0.1.
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Following the automatically extracted lung lobes and
segments, all segmented clots were then mapped into the
central pulmonary artery or peripheral pulmonary artery,
and clot volumes were obtained according to automated
segmentation results. Based on the calculated total clot volume,
it was then possible to identify whether the given patient
suffered from APE. For patients who were identified as APE,
it could also be determined whether a clot was located in the
central pulmonary artery or the peripheral pulmonary artery
according to the mapped results of all segmented clots.

Evaluation of APE by radiologists

CTPA images were randomly assigned to two chest
radiologists with 15- and 13-year’s experience, respectively,
who independently located the clots and calculated the
computer tomographic pulmonary artery obstruction index
(CTPAQOI), including the Qanadli and Mastora scores. The
clots were located into the central pulmonary artery (main
pulmonary artery, left and right pulmonary artery, inter lobar
artery, or five lobar arteries) and the peripheral pulmonary
artery (18 segmental pulmonary arteries) including the apex
segment of right superior lobe (R1), anterior segment of
right superior lobe (R2), posterior segment of right superior
lobe (R3), medial segment of right middle lobe (R4), lateral
segment of right middle lobe (R5), posterior segment of right
inferior lobe (R6), medial basal segment of right inferior lobe
(R7), anterior basal segment of right inferior lobe (R8), lateral
basal segment of right inferior lobe (R9), posterior basal
segment of right inferior lobe (R10), apicoposterior segment
of left superior lobe (L.1.3), anterior segment of left superior
lobe (L.2), superior lingular segment of left superior lobe (L4),
inferior lingular segment of left superior lobe (L5), posterior
segment of left inferior lobe (L6), anteromedial basal
segment of left inferior lobe (LL7.8), lateral basal segment of
left inferior lobe (L9), and posterior basal segment of left
inferior lobe (L10).

According to the location of clots, APE was divided into
four types: Type I: Central APE (clot only located in the
central pulmonary artery); Type 1I: Peripheral APE (clot
only located in the peripheral pulmonary artery); Type
III: Mixed APE (clot located in the central and peripheral
pulmonary artery); Type IV: negative. According to the
previously described methods (17,18), right ventricular and
arterial metrics on CTPA images (Figure 2) were measured
independently by one resident with 5-year experience.
RVd Right Ventricular transverse diameter (RVd), Left
Ventricular transverse diameter (LVd), Right Ventricle Area
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(RVa), and Left Ventricle Area (I.Va) were measured at the
four-chamber level. RVd or LVd is the maximum vertical
distance from the free wall of the bilateral ventricle to the
interventricular septum, and RVa or LVa is the maximum
cross-section of the bilateral ventricle shown on the cross-
sectional image, which is calculated automatically by
computer after drawing lines along the inner edge of the
ventricular wall. Main Pulmonary Artery diameter (MPAd)
is the largest diameter on the transverse view, and Ascending
Aortic diameter (AAd) was measured at the same level.
Right Ventricular Anterior Wall Thickness (RVAWT) is the
maximum thickness of the middle part of the free wall, and
Interventricular Septal Thickness (IVST) is the maximum
thickness of the middle part of the free wall. Superior Vena
Cava maximal diameter (SVCd) was measured at the level of
the Azygos vein crossing the right main bronchus. RVd/LVd,
RVa/LVa, and MPAd/AAd were calculated. Measurement of
the Ventricular Septal Angle (SVSA) took place as follows
(Figure 2): the maximum plane of the left and right ventricles
was selected on transverse image obtained at mediastinal
window settings [level, 50 Hounsfield Units (HU); width,
350 HU], and the angle of the line between the xiphoid
process and spinous process of the vertebral body and
interventricular septum was included.

Statistical analysis

Statistical analyses were performed using SPSS (version
26.0, IBM Corp.) and MedCalc statistical software
(version15.6.1, Ostend, Belgium). Quantitative data were
expressed as mean = SD or median (interquartile interval,
IQR), M-W U test was utilized for the nonparametric test
of non-normal quantitative data, and chi-square test was
utilized for qualitative data comparison. The performances
of DL-CNN (ft) and DL-CNN (fs) were compared with
AUC of receiver operating characteristic (ROC) analysis,
together with specificity and sensitivity. Correlations
between clot volume and Qanadli score, Mastora score, and
right ventricular metrics were evaluated by the Spearman
rank test. Prognostic factors were analyzed with binary
logistic regression, and P<0.05 was considered the level for
statistical significance.

Results
Baseline characteristics

A total of 137 cases with APE (64 males, mean age
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Figure 2 Right ventricular metrics measured on transversal computed tomographic pulmonary angiography image. (A) RVd, LVd, RVAWT,
and IVST. (B) RVa and LVa. (C) MPAd and AAd. (D) SVSA (Spinal Ventricular Septal Angle -angle between interventricular septum and
chest midline). RVd, Right Ventricular transverse diameter; LVd, Left Ventricular transverse diameter; RVAWT, Right Ventricular Anterior
Wall Thickness; IVST, Interventricular Septal Thickness; RVa, Right Ventricle Area; LVa, Left Ventricle Area; MPAd, Main Pulmonary
Artery diameter; AAd, Ascending Aortic diameter; SVSA, Spinal Ventricular Septal Angle.

=62.5£16.8 years) and 273 cases without PE (139 males,
mean age =61.5x12.4 years) were included to test DL-CNN
(ft) and DL-CNN (fs). According to risk stratification, there
were 77 low-risk cases, 43 intermediate-risk cases, and 17
high-risk cases among APE patients, while six cases died
during hospitalization. According to radiology evaluation,
the 137 patients with APE included two cases with type
I, 29 cases with type 1I, and 106 cases with type III. The
radiologists reported a total of 1,364 clots. The median
value of the Qanadli score and Mastora scores were 14 (IQR,
8-20) and 35 (IQR, 11.5-76.5).

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

DL-CNN (ft) and DL-CNN (fs) for evaluation of APE

In the 137 patients with APE, no type I locations were
correctly detected by DL-CNN (ft) or DL-CNN (fs), as all
were wrongly detected as type III. Two cases and one case
with type II were correctly detected by DL-CNN (ft) and
DL-CNN (fs), respectively. Except for one case, which was
wrongly detected as type I by DL-CNN (ft), the others with
type I locations were wrongly detected as type III. Both
DL-CNN (ft) and DL-CNN (fs) correctly classified 106
cases as type III. In 273 patients without PE, DL-CNN (ft)
misclassified 11 cases into type I, five cases into type 1I, and
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Table 1 AUC:s, sensitivity, and specificity of the two DL-CNN models on a per patient level

DL-CNN model AUC of ROC Sensitivity Specificity
DL-CNN (ft) 0.886+0.016 (95% Cl, 0.855-0.918) 100% 77.29%
DL-CNN (fs) 0.879+0.017 (95% Cl, 0.846-0.912) 100% 75.82%

DL-CNN, the deep learning convolution neural network; DL-CNN (ft), the deep learning convolution neural network trained by fine-tuning;
DL-CNN (fs), the deep learning convolution neural network trained from scratch; AUC, area under the curve; ROC, receiver

operating characteristic curve.

—

Figure 3 The correct identification and labeling of clots by the DL-CNN model. (A) The correct identification and labeling of a central

pulmonary artery clot by DL-CNN (ft) in an 82-year-old male. (B) The correct identification and labeling of a peripheral pulmonary artery

clot by DL-CNN (ft) in a 78-year-old female. (C) The correct identification and labeling of central and peripheral pulmonary artery clots

by DL-CNN (fs) in a 74-year-old female (white arrow pointing to the central pulmonary artery clot; black arrow pointing to the peripheral

pulmonary artery clot). DL-CNN, the deep learning convolution neural network; DL-CNN (ft), the deep learning convolution neural

network trained by fine-tuning; DL-CNN (fs), the deep learning convolution neural network trained from scratch.

46 cases into type III, and DL-CNN (fs) misclassified five
cases into type I, five cases into type II, and 56 cases into
type IIL.

Table 1 shows the sensitivity and specificity of DL-
CNN (ft) in the diagnosis of APE, respectively were 100%
and 77.29%, on a per-patient level, and the sensitivity
and specificity of DL-CNN (fs) were 100% and 75.82%,
respectively. The AUCs of DL-CNN (ft) [0.886+0.016 (95%
CI, 0.855-0.918)] and DL-CNN (fs) [0.879+0.017 (95%
CI, 0.846-0.912)] in the diagnosis of APE were comparable
(72=0.30, P=0.38).

Among 1,738 clots labeled by DL-CNN (ft), 1071 were
true clots (Figure 3), while 667 were false-positive clots
(Figures 4,5). However, 293 clots were missed by DL-CNN
(ft) (Figure 6). Among 1,747 clots labeled by DL-CNN (fs),
1,061 were true clots (Figure 3), 686 clots were false-positive
clots (Figures 4,5), and 303 clots were missed by DL-CNN
(fs) (Figure 6). lable 2 shows the sensitivities and specificities
of DL-CNN (ft) and DL-CNN (fs) for detecting central

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

clots were 99.06% and 100%, and 72.61% and 70.63%,
respectively, while the AUCs of DL-CNN (ft) [0.858+0.018
(95% CI, 0.823-0.894)] and DL-CNN (fs) [0.848+0.018
(95% CI, 0.818-0.888)] in the detection of central clots
were comparable (Z=0.20, P=0.42). Table 3 shows the
sensitivities and specificities of DL-CNN (ft) in detecting
clots of each peripheral pulmonary artery were slightly
higher than those of DL-CNN (fs) (except R10), although
the AUCs of DL-CNN (ft) and DL-CNN (fs) for detecting
clots in each peripheral pulmonary artery were comparable.

Correlations between clot burden and right ventricular
metrics

Clot volumes measured with DL-CNN (ft) and DL-
CNN (fs) in APE patients were 3.1 mL (IQR, 0.5-10.9)
and 3.2 mL (IQR, 0.4-10.3), respectively, and there was
no significant difference between them (U=85094.500,
P=0.741). Table 4 shows that clot volumes measured with
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Figure 4 False-positive clot in the central pulmonary artery labeled by the deep learning convolution neural network (DL-CNN) model,

caused by (A) surrounding soft tissue, (B) adjacent vein, (C) lymph node, (D) inhomogeneous velocity artifact.

Figure 5 False-positive clot in the peripheral pulmonary artery labeled by the deep learning convolution neural network (DL-CNN) model,

caused by (A) adjacent vein, (B) inhomogeneous velocity artifact, (C) surrounding soft tissue.

DL-CNN (ft) and DL-CNN (fs) in APE patients were
significantly correlated with Qanadli and Mastora scores.
Moreover, clot volumes measured with DL-CNN (ft) and
DL-CNN (fs) in APE patients were significantly correlated
with RVd/LVd, RVa/LLVa, MPAd, MPAd/AAd, and SVSA
(P<0.05), and there were no significant correlations between

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

clot volumes and SVCd, RVAWT, IVST, and AAd (P>0.05).
Clot volumes with risk stratification and in-hospital

mortality

Figure 7 shows clot burden measured with DL-CNN (ft),
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Figure 6 False-negative clots in the DL-CNN model. (A) DL-CNN (ft) missed clot in a 73-year-old male. (B) DL-CNN (fs) missed clot
in a 70-year-old male. (C) R10 clot was identified and labeled as R9 by DL-CNN (fs) in a 65-year-old female. DL-CNN, the deep learning
convolution neural network; DL-CNN (ft), the deep learning convolution neural network trained by fine-tuning; DL-CNN (fs), the deep

learning convolution neural network trained from scratch.

Table 2 AUC:s, sensitivity, and specificity of the two DL-CNN models in detecting clots of the central pulmonary artery

DL-CNN model AUC of ROC Sensitivity Specificity
DL-CNN(ft) 0.858+0.018 (95% Cl, 0.823-0.894) 99.06% 72.61%
DL-CNN(fs) 0.848+0.018 (95% ClI, 0.818-0.888) 100.00% 70.63%

DL-CNN, the deep learning convolution neural network; DL-CNN (ft), the deep learning convolution neural network trained by fine-tun-
ing; DL-CNN (fs), the deep learning convolution neural network trained from scratch; AUC, area under the curve; ROC, receiver operating
characteristic curve.

Table 3 AUC:, sensitivity, and specificity of the two DL-CNN models in detecting clots of the peripheral pulmonary artery

DL-CNN (ft) DL-CNN (fs)
ltems AUC of DL-CNN (ft) AUC of DL-CNN (fs)
Sensitivity Specificity Sensitivity Specificity
R1 87.84% 91.67% 86.49% 90.17% 0.898+0.024 0.883+0.025
(95% Cl, 0.851-0.944) (95% Cl, 0.835-0.932)
R2 80.72% 88.68% 77.11% 89.30% 0.796+0.030 0.912+0.021
(95% Cl, 0.738-0.854) (95% Cl, 0.870-0.953)
R3 84.29% 91.47% 82.86% 91.47% 0.879+0.027 0.872+0.028
(95% Cl, 0.826-0.931) (95% Cl, 0.817-0.926)
R4 81.25% 88.18% 87.50% 86.97% 0.847+0.027 0.872+0.024
(95% Cl, 0.794-0.901) (95% Cl, 0.825-0.919)
R5 87.32% 90.86% 84.51% 90.27% 0.891+0.025 0.847+0.025
(95% Cl, 0.843-939) (95% Cl, 0.822-0.926)
R6 89.23% 88.70% 86.15% 90.14% 0.890+0.024 0.881+0.026

(95% Cl, 0.842-0.937)

(95% Cl, 0.830-0.933)

Table 3 (continued)

© Quantitative Imaging in Medicine and Surgery. All rights reserved.
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DL-CNN (ft) DL-CNN (fs)
ltems AUC of DL-CNN (ft) AUC of DL-CNN (fs)
Sensitivity Specificity Sensitivity Specificity
R7 96.82% 88.47% 95.24% 88.47% 0.926+0.017 0.919+0.019
(95% Cl, 0.894-0.959) (95% Cl, 0.882-0.955)
R8 67.57% 93.75% 60.81% 94.64% 0.807+0.034 0.777+0.036
(95% Cl, 0.740-0.873) (95% ClI, 0.707-0.847)
R9 90.00% 90.59% 87.14% 90.00% 0.903+0.023 0.886+0.025
(95% Cl, 0.859-0.947) (95% Cl, 0.837-0.935)
R10 0 100% 0 100% 0.500+0.036 0.500+0.036
(95% Cl, 0.429-0.571) (95% Cl, 0.429-0.571)
L1.3 76.47% 90.94% 75.00% 91.23% 0.837+0.032 0.831+0.032
(95% Cl, 0.775-0.899) (95% Cl, 0.768-0.894)
L2 82.26% 87.64% 83.87% 88.51% 0.850+0.030 0.862+0.029
(95% Cl, 0.791-0.908) (95% Cl, 0.805-0.918)
L4 66.15% 92.17% 64.62% 92.17% 0.792+0.036 0.784+0.037
(95% ClI, 0.720-0.863) (95% Cl, 0.712-0.856)
L5 95.08% 85.10% 93.44% 83.67% 0.901+0.020 0.886+0.022
(95% Cl, 0.862-0.940) (95% Cl, 0.843-0.929)
L6 77.19% 91.22% 75.44% 90.08% 0.842+0.034 0.828+0.035
(95% Cl, 0.776-0.908) (95% Cl, 0.760-0.896)
L7.8 72.94% 92.00% 77.65% 89.85% 0.825+0.030 0.837+0.028
(95% Cl, 0.766-0.883) (95% Cl, 0.782-0.893)
L9 91.67% 91.71% 75.00% 92.57% 0.867+0.030 0.838+0.034
(95% Cl, 0.807-0.926) (95% Cl, 0.771-0.905)
L10 84.29% 87.65% 85.711% 85.29% 0.860+0.027 0.855+0.027

(95% Cl, 0.803-0.907)

(95% Cl, 0.803-0.907)

R1, apex segment of right superior lobe. R2, anterior segment of right superior lobe. R3, posterior segment of right superior lobe. R4, me-
dial segment of right middle lobe. R5, lateral segment of right middle lobe. R6, posterior segment of right inferior lobe. R7, medial basal
segment of right inferior lobe. R8, anterior basal segment of right inferior lobe. R9, lateral basal segment of right inferior lobe. R10, poste-
rior basal segment of right inferior lobe. L1.3, apicoposterior segment of left superior lobe. L2, anterior segment of left superior lobe. L4,
superior lingular segment of left superior lobe. L5, inferior lingular segment of left superior lobe. L6, posterior segment of left inferior lobe.
L7.8, anteromedial basal segment of left inferior lobe. L9, lateral basal segment of left inferior lobe. L10, posterior basal segment of left
inferior lobe. DL-CNN, the deep learning convolution neural network; DL-CNN (ft), the deep learning convolution neural network trained
by fine-tuning; DL-CNN(fs), the deep learning convolution neural network trained from scratch; AUC, area under the curve; ROC, receiver
operating characteristic curve.
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Table 4 Correlations between right ventricular metrics and clot volumes measured with two DL-CNN models

DL-CNN (ft) DL-CNN (fs)
CT metrics
r P r P

Qanadli score 0.825 P<0.001 0.827 P<0.001
Mastora score 0.859 P<0.001 0.864 P<0.001
Rvd /Lvd 0.476 P<0.001 0.460 P<0.001
RVa /LVa 0.523 P<0.001 0.504 P<0.001
MPAd/(mm) 0.219 0.010 0.218 0.011
MPAd/AAd 0.315 P<0.001 0.311 P<0.001
SVSA 0.279 0.001 0.287 0.001
SVCd (mm) 0.168 0.051 0.155 0.071
RVAWT (mm) 0.039 0.648 0.025 0.768
IVST (mm) -0.099 0.250 -0.085 0.323
AAd (mm) -0.122 0.157 -0.114 0.185

RVd, Right Ventricular transverse diameter; LVd, Left Ventricular transverse diameter; RVa, Right Ventricle Area; LVa, Left Ventricle Area;
MPAd, Main Pulmonary Artery diameter; AAd, Ascending Aortic diameter; RVAWT, Right Ventricular Anterior Wall Thickness; IVST,
Interventricular Septal Thickness; SVCd, Superior Vena Cava maximal diameter; SVSA, Spinal Ventricular Septal Angle. DL-CNN, the deep
learning convolution neural network; DL-CNN (ft), the deep learning convolution neural network trained by fine-tuning; DL-CNN (fs), the
deep learning convolution neural network trained from scratch.

30r = DL-CNN (fs) 120 m Mastora score
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Figure 7 Clot burden in low-risk, intermediate-risk, and high-risk APE patients. (A) Clot burden (Y-axis: clot volume) evaluated by DL-CNN
(fs) and DL-CNN (ft). (B) Clot burden (Y-axis: clot score) evaluated by Mastora score and Qanadli score. DL-CNN (ft), the deep learning

convolution neural network trained by fine-tuning; DL-CNN (fs), the deep learning convolution neural network trained from scratch.

DL-CNN (fs), and Mastora score increased in low-risk, death (odds ratio =6.73; 95% CI, 2.7-18.12; P<0.001).
moderate-risk, and high-risk patients, while the Qanadli
score in intermediate-risk and high-risk patients were . .

. . o Discussion
comparable. Binary logistic regression indicated that RVa/

LVa was the independent prognostic factor of in-hospital DL-CNN (ft) and DL-CNN (fs) detected clots on a per-
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patient level and in the central pulmonary artery with
high sensitivities and moderate specificities, while both
methods detected clots in the peripheral pulmonary artery
with moderate to high sensitivities and specificities. Clot
volumes from DL-CNN (ft) were comparable to DL-CNN
(fs) and closely correlated with right ventricular metrics.
Further, although clot burdens measured with DL-CNN (ft)
and DL-CNN (fs) were increased in low-risk, moderate-
risk, and high-risk patients, RVa/LVa was the independent
prognostic factor for in-hospital death.

While in our initial study, only DL-CNN (fs) was
tested (14), in the present study, we compared DL-CNN
(ft) and DL-CNN (fs) and found that on a per-patient level,
both had high sensitivities and moderate specificities in the
diagnosis of APE. Weikert er al. (19) reported that DL-
CNN had a sensitivity of 92.7% and specificity of 95.5%
in detecting PE. We speculate that the difference between
these results and ours is because of differences in the
proportion of positive and negative subjects.

Both DL-CNN (ft) and DL-CNN (fs) also showed
high sensitivities and moderate specificities in detecting
central clots on a clot level. Soft tissue around the central
pulmonary artery and adjacent vein, hilar soft tissue and
hilar lymph nodes, inhomogeneous velocity artifact, and
radiation artifact of the superior vena cava contrast media
were sometimes wrongly detected as central clots. DL-
CNN (ft) and DL-CNN (fs) showed moderate to high
sensitivities and specificities in detecting peripheral clots.
Breathing artifact, the pulmonary vein, inhomogeneous
velocity artifact, and soft tissue around the peripheral
pulmonary artery were the main causes of false-positive
peripheral clots, while clots in the occluded peripheral
pulmonary artery were easily missed, causing false negatives.
As the performances of DL-CNN (ft) and DL-CNN (fs)
were comparable in detecting both central and peripheral
clots, both can be used to screen APE. However, if there
is a positive result, this should be manually checked, while
if there is a negative result, it is suggested that APE can be
excluded.

Qanadli and Mastora scores were used to assess the clot
burden of APE semi-quantitatively. Our previous research (14)
showed that clot volumes from DL-CNN (fs) were
correlated with Qanadli and Mastora scores, the sensitivity
and specificity of DL-CNN (fs) in detecting clots were
94.6% and 76.5%, respectively, and the AUC was 0.926
(95% CI, 0.884-0.968). In the present study, clot volumes
from DL-CNN (ft) were comparable to DL-CNN (fs),
and clot volumes from both correlated with Qanadli and
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Mastora scores. The sensitivity and specificity of DL-
CNN (ft) in the diagnosis of APE were 100% and 77.29%,
respectively, while the sensitivity and specificity of DL-
CNN (fs) were 100%, 75.82%, respectively. AUCs of DL-
CNN (ft) and DL-CNN (fs) in the diagnosis of APE were
comparable. While our previous research (14) was mainly
on a per-patient level, in the present study, we further
analyzed the performance of DL-CNN (ft) and DL-CNN
(fs) in measuring clot distribution and volume on the level
of lobe and segment arteries, which is more conducive for
clinicians to provide better-targeted treatment.

The Mastora index was shown to reflect clot burden
and change of right heart function (20), and the Qanadli
index was shown to be a strong independent predictor
of right ventricular dysfunction in APE (21), correlating
linearly with different variables associated with higher
morbidity and mortality (22). Abdelwahab er al. (23)
found a significant correlation between clot volume and
parameters of RV dysfunction assessed by CTPA, but
there was no significant correlation between the two using
echocardiography. Rodrigues et a/. (24) also found that
most usual echocardiographic parameters evaluating RV
fail to demonstrate a good correlation with clot burden,
but Bach et al. (25) found there was no association of global
obstruction and prognosis. Ghuysen ez /. (26) also found
that the pulmonary obstruction index could not predict
patient outcome. In the current study, clot volumes from
DL-CNN (ft) and DL-CNN (fs) were correlated with
RV function metrics such as RVa/LLVa and RVd/LVd,
This confirmed the effect of clot burdens of APE on right
ventricular size and function. Clot burdens measured
with DL-CNN (ft) and DL-CNN (fs) increased in low-
risk, moderate-risk, and high-risk patients, suggesting clot
volume is useful for risk stratification. Shen ez 4/. (5) showed
clot volume measured with both CADe and RVd/LVd were
two independent factors of high-risk in APE patients, and a
prospective multicenter cohort study in 457 patients showed
a right-to-left ventricular dimensional ratio >0.9 was an
independent predictor of adverse in-hospital outcomes (27).
Our results showed that only RVa/LVa was an independent
prognostic factor of death during hospitalization, consistent
with those of previous studies (28-30). This also suggests
that clot burden may be related to risk stratification but may
not determine the short-term prognosis of APE.

Study limitations

The strength of our study is its use of different CT
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scanners to achieve a higher external validity and better
robustness of the DL-CNN model. However, there were
several limitations in the study. Firstly, we only segmented
the lung to the level of lobes and segments and not to the
specific segmental arteries. Secondly, we only analyzed
the correlation of metrics on CTPA and the short-term
prognosis during hospitalization. Only patients with APE
and negative cases were included, which limited DL-CNN
in evaluating chronic PE. Although clot burden correlated
with RV function and risk-stratification, RVa/I.Va were the
independent predictors of in-hospital death. Future studies
should further refine pulmonary artery segmentation
and concentrate on automatically segmenting clot and
ventricular size by DL-CNN.

Conclusions

Our study confirmed that both DL-CNN (ft) and DL-
CNN (fs) have high sensitivities and moderate specificities
in detecting clots, and their performances are comparable.
While clot volumes measured with the two DL-CNN
models correlated with right ventricular function and
clinical risk stratification, RVa/LVa was the independent
prognostic factor of in-hospital death.
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