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CT pulmonary angiography (CTPA) is the first-line imaging test for evaluation of acute pulmonary emboli. However, diagnostic quality is
heterogeneous across institutions and is frequently limited by suboptimal pulmonary artery (PA) contrast enhancement. In this retrospective
study, a deep learning algorithm for measuring enhancement of the central PAs was developed and assessed for feasibility of its use in quality
improvement of CTPA. In a convenience sample of 450 patients, automated measurement of CTPA enhancement showed high agreement
with manual radiologist measurement (7 = 0.996). Using a threshold of less than 250 HU for suboptimal enhancement, the sensitivity and
specificity of the automated classification were 100% and 99.5%, respectively. The algorithm was further evaluated in a random sampling of
3195 CTPA examinations from January 2019 through May 2021. Beginning in January 2021, the scanning protocol was transitioned from
bolus tracking to a timing bolus strategy. Automated analysis of these examinations showed that most suboptimal examinations following the
change in protocol were performed using one scanner, highlighting the potential value of deep learning algorithms for quality improvement in

the radiology department.

©RSNA, 2022

T pulmonary angiography (CTPA) is the first-line
Cimaging test for diagnosis of acute pulmonary em-
bolism (PE). However, accurate diagnosis of PE with
CTPA can be marred by patient and technical factors,
including suboptimal contrast enhancement of the pul-
monary arteries (PAs) (1). The degree of PA enhance-
ment on CTPA images can be evaluated qualitatively
through visual assessment or quantitatively by drawing
a region of interest measurement in the main PA to
measure the attenuation in Hounsfield units (2,3). Both
methods may limit quality initiatives, however, because
they are often performed nonsystematically and do not
allow for routine evaluation of PA enhancement across
an organization.

This study reports the accuracy of a deep learn-
ing method for assessment of central PA enhancement
(CPAE) relative to manual measurement. The algorithm
was used to analyze more than 3000 CTPA examinations
performed since 2019 for quality improvement purposes.
In particular, this method was used to assess CTPA qual-
ity during a change in our scanning protocol as we tran-
sitioned intravenous contrast timing from bolus tracking
to a timing bolus strategy.

Materials and Methods

Dataset

This was a Health Insurance Portability and Account-
ability Act—compliant, institutional review board—ap-
proved study (protocol number 191797) with waiver of
informed consent owing to use of retrospectively col-
lected anonymized data. All data were obtained from
the University of California San Diego picture archiving

and communication system. Inclusion criterion for the
study was CTPA performed between 2016 and 2021
without exclusion based on age or indication. CT exam-
inations were performed with CT scanners at two hos-
pitals and one outpatient site, including three 64-sec-
tion scanners (Discovery 750 HD; GE Healthcare), two
64-section scanners (Revolution EVO; GE Healthcare),
one 256-section scanner (Revolution; GE Healthcare),
and one 320-section scanner (Aquilion One; Canon
Medical Systems USA). CTPA images were de-identi-
fied using Arterys software (version 26; Arterys) with
the Digital Imaging and Communications in Medicine
PS3.15 2016e specification (National Electrical Manu-
facturers Association).

Algorithm development dataset.— We obtained a con-
venience sample of 125 CTPA examinations for algo-
rithm development and assigned 90 (34319 images) to
the training set, 10 (6765 images) to the validation set,
and 25 (9212 images) to the test set. The convenience
sample was derived from a larger group of cardiovascu-
lar imaging CT studies that were readily accessible for
deep learning algorithm development. The CT scans
were manually inspected to ensure representation of a
wide range of contrast opacification. The central (main,
left, and right), interlobar, and left descending PAs were
manually segmented. Ground truth segmentations were
manually performed in ITK-SNAP software (version
3.6.0; www.itksnap.org) by two radiologists with 3 years’
postresidency experience (K.H., L.D.H.) and a radiol-
ogy resident (T.A.). All segmentations were reviewed by
a fellowship-trained cardiothoracic radiologist (L.D.H.)
for consistency.

This copy is for personal use only. To order printed copies, contact reprints@rsna.org

Al IN BRIEF


http://www.itksnap.org
mailto:reprints%40rsna.org?subject=
mailto:Lehahn@health.ucsd.edu

Automated Deep Learning for Quality Improvement of CT Pulmonary Angiography

Abbreviations

CPAE = central PA enhancement, CNN = convolutional neural
network, CTPA = CT pulmonary angiography, DSC = Dice simi-
larity coefficient, ICU = intensive care unit, PA = pulmonary artery,
PE = pulmonary embolism

Summary

Deep learning algorithms may facilitate automation and ensure
diagnostic quality of CT pulmonary angiograms.

Key Points

= Deep learning convolutional neural networks were used to accu-
rately segment the central pulmonary arteries and measure central
pulmonary artery enhancement on CT pulmonary angiograms.

= An automated method for identification of suboptimal contrast
enhancement had a sensitivity of 100% and a specificity of 99.5%
when compared with manual assessment as a reference standard.

= Automated central pulmonary enhancement measurement was
used as a performance metric to identify targets for a CT pulmo-
nary angiogram quality improvement initiative.

Keywords

CT Angiography, Pulmonary Arteries

Neural network development.— A two-dimensional convo-
lutional neural network (CNN) modifying a U-Net style ar-
chitecture (4) was developed by the lead author (L.D.H.) to
perform segmentation of the central PA, interlobar or left de-
scending PA, and background using the manual segmentations
as ground truth labels. CNN input consisted of axial images
at their original resolution (512 X 512). Voxel density was
clipped and normalized to the range of 1200 HU to 3000
HU. The CNN was initialized with random initial weights.
The optimizer used was RMSprop (hitps:/fkeras.iolapifopti-
mizers/rmsprop/), batch size was 32, and the loss function was
sparse categorical cross-entropy. The algorithm was trained for
30 epochs with early stopping. No augmentation was used dur-
ing training. The algorithm was implemented in Python (ver-
sion 3.8.3; Python Software Foundation; hzps:/fwww.python.
org/) using Keras (version 2.4; hitps://keras.io) with TensorFlow
(version 2.4; Google; https://www.tensorflow.org) backend. Dice
similarity coefficient (DSC) was used to assess PA segmenta-
tion CNN performance on a per-study basis in the test set of

25 CTPA studies.

Assessment of central PA enhancement measurement accu-
racy.— In an independent set of 450 CTPA studies that were
not used for algorithm development, a fellowship-trained car-
diothoracic radiologist (L.D.H.) performed CPAE manual
measurement by drawing an area of interest at the bifurcation
of the main PA to serve as a reference standard. Automated
CPAE was performed using the CNN by computing the aver-
age attenuation within the inferred central PA segmentation
volume. The automated CPAE measurement was compared
with manual measurement by computing the Pearson correla-
tion coefficient (7). To assess the effectiveness of CNN-based
classification of enhancement, a central PA attenuation thresh-
old below 250 HU using a manual measurement was consid-

ered suboptimal (3).

Application of CNN for automated quality assessment.— By
using the CNN, we retrospectively evaluated CPAE for 3195
randomly selected CTPA examinations performed between
January 2019 and May 2021. In January 2021, a test bolus
strategy was implemented as a quality improvement initia-
tive, and CPAE of every examination was measured over the
entire period to estimate the rate of suboptimal PA enhance-
ment. Subgroup analyses were performed to assess variation in
frequency of suboptimal enhancement based on scanner site,
whether the CT was performed on the weekend versus per-
formed on a weekday, and clinical setting. In August 2021,
scan delay was increased by 2 seconds for a specific scanner
with a large proportion of suboptimal examinations, and
CPAE was further analyzed for 1 month.

Statistical analysis.— Statistical comparison of enhancement
and rate of suboptimal examinations between bolus track-
ing and test bolus was performed using a two-sided unpaired
Student # test and two-proportion Z test using Excel 2019
(Microsoft) and R Foundation (version 3.5.3; The R Project
for Statistical Computing), respectively. A P value of less than
.05 indicated a significant difference.

Data Availability

The code for the model used in this study has been made pub-
licly available (hetps://github.com/ldhahn/CPAsegmentation).

Results

Algorithm Performance

Segmentation performance was good, with a mean * standard
deviation DSC of 0.89 = 0.04 for the validation set and 0.85
*+ 0.14 for the test set. Visually, central PA segmentation gen-
erally correlated well with PA borders in the test set (Fig 1).

CPAE Measurement Accuracy

Manual and automated measurements of CPAE in 450 ex-
aminations correlated strongly (» = 0.996) (Fig 2A). The au-
tomated method demonstrated sensitivity of 100% (39 of 39)
for suboptimal examinations and a true-negative rate of 99.5%
(409 of 411) (Fig 2B). Total accuracy was 99.6%, with manual
and automated measurements agreeing in 448 of 450 examina-
tions. In the two inaccurately classified examinations, the au-
tomated measurements of 248 HU and 243 HU were slightly
lower than the manual measurements of 258 HU and 268 HU,
respectively.

Automated Quality Assessment Using CNN

Figure 3 shows CPAE for 3185 CTPA examinations performed
between January 2019 and May 2021. Average CPAE using
test bolus was lower than that for bolus-tracking studies (412
HU = 147 vs 449 HU = 150, respectively; P < .001). The
overall rate of suboptimal examinations was 7.1% (226 of
3195), with 6.8% (195 of 2880) and 9.8% (31 of 315) for
suboptimal bolus-tracking and timing bolus examinations, re-
spectively (P = .06). CPAE analysis revealed that suboptimal
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Source Image Ground truth Automated Automated
Segmentation Segmentation Overlay

Figure 1: Example results of automated central pulmonary artery (PA) segmentation using a convolutional neural network. Automated segmenta-
tion of the PAs ogreed well with ground truth segmentation in these exomp\es with streak artifact (Top row), poor PA contrast opodﬂcoﬂon (middle
row), and lung parenchymal abnormalities (bottom row).
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Figure 2: (A) Automated measurement of central pulmonary artery enhancement (CPAE] strongly correlated with automated contrast enhancement (r=0.996). (B)

Confusion matrix for CPAE classification of optimal versus suboptimal using a threshold of 250 HU demonstrated excellent agreement between automated and manual
measurements.
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Figure 3: Automated measurement of central pulmonary artery enhancement
in 3185 CT pulmonary angiography examinations performed between January
2019 and May 2021. These data were used to evaluate pulmonary artery en-
hancement during a transition from contrast timing using bolus tracking (red) to a
test bolus (blue) beginning in January 2021.

test bolus examinations were predominantly localized to one
scanner, which accounted for 32% (102 of 315) of all test bo-
lus examinations but 65% (20 of 31) of suboptimal studies
(Fig 4A). Furthermore, although only 28% (88 of 315) of all
test bolus studies were performed on weekends, 42% (13 of
31) of suboptimal test bolus studies were performed on week-

ends (Fig 4B).

Subgroup Analyses
A hospital-based scanner was identified as being associated
with the highest rate of nondiagnostic examinations, and
the patient distribution was as follows: 79.4% in the emer-
gency department (81 of 102), 7.8% in the intensive care
unit (ICU) (eight of 102), 12.7% inpatients (13 of 102), and
no outpatients. For the remaining scanners, the patient dis-
tribution was 47.9% in the emergency department (102 of
213), 11.7% in the ICU (25 of 213), 30.5% inpatients (65
of 213), and 9.9% outpatients (21 of 213). On weekdays,
the distribution was 56.8% in the emergency department
(129 of 227), 9.7% in the ICU (22 of 227), 24.2% non-ICU
inpatients (55 of 227), and 9.3% outpatients (21 of 227).
On weekends, the distribution was 61% in the emergency
department (54 of 88), 13% in the ICU (11 of 88), 26%
non-ICU inpatients (23 of 88), and no outpatients.

Analysis of CTPA studies from the scanner that generated
a disproportionate number of suboptimal studies showed early
contrast bolus timing in most examinations, and subsequently,
scan delay was increased by 2 seconds. Prior to that interven-
tion, 20 of 102 studies (19.6%) performed on this scanner were
suboptimal. One month after intervention, 12 of 76 studies
(15.8%) performed using that machine were suboptimal. The
average CPAE increased from 378 HU * 152 to 390 HU =
158. However, there was no statistically significant difference in
suboptimal examination rate or CPAE.

Discussion

This study used a deep learning algorithm to facilitate auto-
mated image-based analysis of CTPA quality by directly seg-

menting and measuring CPAE. Although we implemented
the change in contrast timing strategy from bolus tracking to
timing bolus to improve contrast opacification, we were sur-
prised to find an initial decrease in average CPAE. Application
of the deep learning algorithm allowed us to identify a specific
hospital-based scanner with a disproportionate number of sub-
optimal examinations after this change. We increased the bolus
timing scan delay, recognizing that early bolus timing was a
contributing factor to suboptimal opacification. This resulted
in a small, but not statistically significant, improvement in fre-
quency of suboptimal enhancement.

Other factors, including patient complexity, also may have
contributed to suboptimal opacification. The CT scanner in
question was primarily used for patients evaluated in the emer-
gency department and was used in the evaluation of fewer out-
patients compared with other scanners, although the greater pro-
portion of ICU patients examined using other scanners could
have had an opposing effect. The difference in suboptimal ex-
aminations on weekends was likely partly related to absence of
outpatient CTPA being performed.

Prior works have used automated and semiautomated meth-
ods for PA segmentation at CT. Many earlier works used rules-
based computer vision methods, including fast marching level
sets combined with active contours (5) and serial erosion and
dilatation (6). In recent years, there has generally been a shift
from rules-based methods to machine learning for segmentation
of vascular structures (7). Machine learning methods may be
more robust to variations in anatomy and disease compared with
rules-based methods if the training set accounts for such varia-
tion. One group has previously used a deep learning method to
segment the central PA, using a three-dimensional CNN (8).
Although direct comparison is difficult because of differences in
darta sources, Romdn et al (8) observed performance similar to
that of our method, achieving a mean DSC of 0.89.

An absolute CPAE threshold of 250 HU was used to deter-
mine adequate PA opacification, as commonly used in the litera-
ture (2,3,9). It is important to acknowledge the limitations of this
metric. Early bolus or transient interruption of the contrast bolus
may lead to adequate central PA opacification but poor opacifica-
tion of segmental and subsegmental arteries. Moreover, in cases in
which the central PAs demonstrate an average attenuation greater
than 250 HU, it may still be possible to diagnostically evaluate
subsegmental arteries, particularly if the central PAs are opacified
at the tail end of the bolus. In fact, we subjectively found that most
cases identified as suboptimal still had diagnostic contrast opaci-
fication. Nondiagnostic PE study rates vary from 3.3% to 6.6%
(3,10,11) based on imaging report review. We suspect that our rate
of suboptimal examination is higher likely owing to use of an ab-
solute threshold for attenuation rather than radiologist-based as-
sessment. Although this measure is imperfect, we find it useful for
comparing general trends, as done in our study for contrast timing
methods, scanners, and days of the week. Additionally, this was a
single-institution study, and these results may not hold on datasets
from other institutions. CPAE can also be affected by factors not
evaluated in our study, including larger patient body habitus and
kilovoltage peak (12,13), which we presumed was proportionately
represented across our sample population.
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Subgroup analysis of CT pulmonary angiography performed using a test bolus for scan timing. (A) Analysis

by scanner (ie, CT1, CT2, CT3, or CT4) demonstrated that CT performed using the CT1 scanner accounted for a dispro-
portionate number of suboptimal examinations (exams). (B) Suboptimal examinations were performed more frequently on
weekends relafive to the overall proportion of CT examinations performed on weekends.

We believe this approach may be readily reproduced and
valuable for automating quality monitoring and improvement
across several examinations at multiple sites, which may be
particularly helpful at large-volume centers with a variety of
scanners, scanning protocols, and technologists. For practical
application, this system could be applied to a set number of
examinations performed each month, in parallel with standard
workflow for clinical interpretation.

Beyond observing trends in contrast opacification for quality
improvement, the automated analysis may eventually integrate
with daily workflow for technologists, alerting them to possible

Radiology: Artificial Intelligence Volume 4: Number 2—2022 = radiology-ai.rsna.org

suboptimal examinations and prompting radiologist consulta-
tion. Because most examinations labeled as suboptimal were in
fact diagnostic, it may be necessary to lower the 250 HU thresh-
old to reduce alert fatigue in this setting. Additionally, the algo-
rithm could be refined to address other reasons for nondiagnos-
tic examinations, including motion artifact. Nonetheless, this
PA segmentation algorithm may facilitate other applications,
such as for measurement of PA size, as previously performed for
other vascular structures (14).

In summary, we conducted a quality improvement analysis
facilitated by a deep learning algorithm for CPAE measurement.
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'This method could be used in future studies to prospectively de-
termine whether interventions result in improved CPAE.
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