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Abstract
Objectives To evaluate and compare the diagnostic performances of a commercialized artificial intelligence (AI) algorithm for
diagnosing pulmonary embolism (PE) on CT pulmonary angiogram (CTPA) with those of emergency radiologists in routine
clinical practice.
Methods This was an IRB-approved retrospective multicentric study including patients with suspected PE from September to
December 2019 (i.e., during a preliminary evaluation period of an approved AI algorithm). CTPA quality and conclusions by
emergency radiologists were retrieved from radiological reports. The gold standard was a retrospective review of CTPA,
radiological and clinical reports, AI outputs, and patient outcomes. Diagnostic performance metrics for AI and radiologists were
assessed in the entire cohort and depending on CTPA quality.
Results Overall, 1202 patients were included (median age: 66.2 years). PE prevalence was 15.8% (190/1202). The AI algorithm
detected 219 suspicious PEs, of which 176 were true PEs, including 19 true PEs missed by radiologists. In the cohort, the highest
sensitivity and negative predictive values (NPVs) were obtained with AI (92.6% versus 90% and 98.6% versus 98.1%, respec-
tively), while the highest specificity and positive predictive value (PPV) were found with radiologists (99.1% versus 95.8% and
95% versus 80.4%, respectively). Accuracy, specificity, and PPV were significantly higher for radiologists except in subcohorts
with poor-to-average injection quality. Radiologists positively evaluated the AI algorithm to improve their diagnostic comfort
(55/79 [69.6%]).
Conclusion Instead of replacing radiologists, AI for PE detection appears to be a safety net in emergency radiology practice due
to high sensitivity and NPV, thereby increasing the self-confidence of radiologists.
Key Points
• Both the AI algorithm and emergency radiologists showed excellent performance in diagnosing PE on CTPA (sensitivity and
specificity ≥ 90%; accuracy ≥ 95%).

• The AI algorithm for PE detection can help increase the sensitivity and NPV of emergency radiologists in clinical practice,
especially in cases of poor-to-moderate injection quality.

• Emergency radiologists recommended the use of AI for PE detection in satisfaction surveys to increase their confidence and
comfort in their final diagnosis.

Keywords Pulmonary embolism . Computed tomography angiography . Artificial intelligence . Sensitivity and specificity .

Predictive value of tests

* Guillaume Gorincour
g.gorincour@imadis.fr

1 IMADIS, 48 Rue Quivogne, 69002, Lyon, Bordeaux,
Marseille, France

2 Ramsay Générale de Santé, Clinique de la Sauvegarde, Lyon, France
3 ELSAN, Clinique Bouchard, Marseille, France
4 Centre hospitalier de Saintonge, Saintes, France

5 Centre Aquitain d’Imagerie, Bordeaux, France
6 Department of Radiology, Centre Hospitalier Universitaire de

Besançon, Besançon, France
7 Nanomedecine Laboratory, INSERM EA4662, University of

Franche-Comte, Besançon, France
8 University of Bordeaux, Bordeaux, France
9 Department of Radiology, Pellegrin University Hospital,

Bordeaux, France

European Radiology (2022) 32:5831–5842
https://doi.org/10.1007/s00330-022-08645-2

http://crossmark.crossref.org/dialog/?doi=10.1007/s00330-022-08645-2&domain=pdf
http://orcid.org/0000-0002-4926-1063
mailto:g.gorincour@imadis.fr


Abbreviations
AI Artificial intelligence
CI Confidence interval
COVID-19 Coronavirus disease 2019
CTPA CT pulmonary angiogram
DCNN Deep convolutional neural network
EC European conformity
FDA Food and Drug Administration
NPV Negative predictive value
PACS Picture archive and communication system
PE Pulmonary embolism
PPV Positive predictive value

Introduction

Due to the ever-increasing numbers of hospital admissions
and CT scans requested by emergency departments, reliable
and rapid diagnosis and communication of results to referring
physicians are becoming major challenges for radiologists. In
the setting of suspected acute pulmonary embolism (PE), this
is especially true, as early initiation of anticoagulation therapy
is associated with better outcomes [1].

PE is the third most frequent acute cardiovascular syn-
drome, with an annual incidence rate ranging from 39 to 115
per 100,000 [2, 3]. During the coronavirus disease 2019
(COVID-19) pandemic, the PE incidence increased more than
two-fold worldwide [4].

The diagnosis of PE is based on clinical presentation, D-
dimer testing, and CT pulmonary angiogram (CTPA).
Moreover, CTPA allows the evaluation of early patient risk
by detecting right ventricle enlargement [2].

Artificial intelligence (AI) is becoming an essential tool to
help radiologists interpret medical images [5]. Recent studies
have shown encouraging results of deep convolutional neural
networks (DCNNs) for detecting critical findings on CT
scans, notably for intracranial hemorrhage or acute cerebral
ischemia [6–11].

Regarding the diagnosis of PE on CTPA, AI is expected to
play a key role in the emergency workflow. In our emergency
teleradiological group, we have beenworking with a Food and
Drug Administration (FDA) and European Conformity (EC)–
approved AI algorithm based on DCNNs for several months
(AIDOC). This algorithm provides automated detection of PE
and flags the positive examinations for PE in the worklist. It
has shown excellent preliminary results in the detection of PE
[12], but the gold standard used did not allow us to draw
conclusions on the respective accuracies of AI, radiologists
alone, and in which situation AI could help radiologists.
Herein, we hypothesized that the AI could complement emer-
gency radiologists in their clinical practice.

Consequently, our primary objective was to evaluate and
compare the diagnostic accuracies of radiologists alone

(during their on-call duty) and AI alone in the detection of
PE on CTPA based on a retrospective multicentric exploratory
series preceding the routine implementation of AI in our
teleradiological emergency workflow. The gold standard for
AI and radiologist performances was the retrospective review
of the CTPAs by one senior radiologist and one expert in AI
with full access to clinical records, radiological reports, and AI
predictions. Our secondary objectives were to determine the
impact of AI implementation on the PE detection rate, satis-
faction of radiologists, and interpretation duration.

Material and methods

Study design

This multicentric study was approved by the French national
radiological review board (CRM-2103–146).

Three cohorts from three quarterly time periods were re-
cruited from French emergency departments. The main cohort
(“cohort-2019”) consisted of all consecutive patients meeting
the following inclusion criteria: adult patients with a clinical
suspicion of PE between 2019–09–21 and 2019–12–24, re-
quest for CTPA by an emergency physician, available CTPA
on picture archive and communication system (PACS), avail-
able interpretation by the radiologist, and available AI result.
Since AI was not used in clinical practice over this period
(except for internal evaluation), this cohort was used for our
main objective, i.e., to compare the diagnostic performances
of radiologists alone and AI alone.

The final AI implementation for clinical practice and
webinars regarding the use of AI for pulmonary embolism
detection were provided to all radiologists involved at
Imadis on 2019–12–24 evening, which was the end of recruit-
ment for cohort-2019.

Thus, two other cohorts were used for our secondary ob-
jectives, i.e., the impact of AI on PE detection rate and on
interpretation duration. They consisted of all consecutive pa-
tients from 2018–10–01 to 2018–12–31 (“cohort-2018” or
“pre-AI”) and from 2020–06–01 to 2020–08–31 (“cohort-
2020”, between the 1st and 2nd waves of the COVID-19 pan-
demic in France, after full AI implementation) who met the
following inclusion criteria: adult patients, request for a
CTPA, available CTPA on PACS, and available report by
the radiologist. Furthermore, the presence of abnormal find-
ings on CT scan compatible or suspicious or typical of
COVID-19 in patients from cohort-2020 was prospectively
collected (i.e., equivalent of CO-RADS 3, 4, or 5) [13]. The
difference between these two cohorts was that all radiologists
had access to AI results before validating their reports in co-
hort-2020.

The number of recruiting emergency departments was 42
in 2018, 50 in 2019, and 73 in 2020.
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Imaging protocol

CTPAs were performed using various 16-, 64-, or 80-detector
row CT-scanners with a standardized protocol for all hospitals
and bolus-tracking intravenous iodine contrast media at a rate
of 3–4 mL/s (Omnipaque 350, GE Healthcare; Iomeron 400,
Bracco Diagnostics; and Ultravist 370, Bayer Healthcare).

Radiological interpretation

The radiological interpretation protocol met the current
French recommendations for teleradiology practice [14].
Requests including clinical data were received from the emer-
gency departments by our dedicated interpretation centers (in
Bordeaux, Lyon, and Marseille, France), and the indications
and specific technical protocols for CTPAwere systematically
validated by a radiologist using dedicated software (ITIS,
Deeplink Medical). Once the examination was completed,
images were securely transferred through a virtual private
network to the PACS (Carestream Health 12). Images
were interpreted by one of the on-site radiologists in one
of the interpretation centers. Our medical team consisted
of 150 radiologists, including 104 senior radiologists
(with ≥ 5 years of emergency imaging experience) and
46 junior radiologists (i.e., residents with 3–5 years of
emergency imaging experience). Radiologists operated
on-site rotations in groups of at least 5 per night, includ-
ing one senior per site.

Radiological reports for any suspected PE are standardized.
Radiologists systematically provided the following informa-
tion: presence/absence of PE (defined as filling defects within
the pulmonary arterial vasculature), presence/absence of respi-
ratory artefacts limiting the interpretation, and quality of con-
trast media injection (good, average, or poor)

Furthermore, patient age and sex, imaging protocol, and
radiological interpretation duration were retrieved.

AI implementation

The PE detection algorithm was provided by AIDOCMedical
(version 1.0 in cohort-2019 and cohort-2020). The algorithm
has been FDA- and EC-approved [15]. There was no financial
support for this study. The algorithm principle is detailed in
the study by Weikert et al [12, 16]. The practical implemen-
tation consisted of the transfer of deidentified examinations
from a virtual machine installed at Imadis to the AIDOC data
center for analysis. In the case of positive AI results, a color-
encoded map was transferred into Imadis PACS
(reidentification process) to enable visualization of the area
suspected. Figure 1 shows examples of AIDOC outputs.

Consensual reading as the gold standard

Three months after the end of the inclusion period of cohort-
2019, one senior radiologist (A.B.C., with 16 years of experi-
ence in emergency imaging) and one IT engineer specialized
in AI (J.M.) reviewed all cohort-2019 cases. Based on AI
output and on the radiologists’ reports, they validated if a PE
was actually present or not. If diagnosis remained doubtful,
the reader requested the judgement of other senior radiologists
and consulted medical records.

Moreover, the characteristics of the true PEs missed by AI
and by radiologists were retrospectively reviewed.

Satisfaction survey

In September 2020, i.e., 9 months after AI introduction for
routine diagnosis at Imadis, a satisfaction survey was sent to

Fig. 1 Example of an output provided by the artificial intelligence (AI)
algorithm (AIDOC Medical) to detect pulmonary embolism (PE). A 64-
year-old man presented with spontaneous unilateral pain in the lower
limb, increased with palpation, and unilateral edema. The revised simpli-
fied Geneva score was 3 and the D-dimer dosage was positive. A

Contrast-enhanced CT pulmonary angiogram (CTPA) demonstrated a
PE in the left lower limb (blue arrow). B On the same cross-section, the
AI algorithm highlighted the same location of the suspected PE through a
color-encoded map.
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all radiologists with the following questions: “Does AI for PE
detection improve diagnostic confidence?” and “Do you feel
that AI for PE modifies your interpretation duration?” The
answers corresponded to an ordered five-star scale from “*”
(very negatively) to “*****” (very positively).

Statistical analyses

Statistical analyses were performed with R (v3.5.3). A p value
< 0.05 was deemed significant.

Performances of AI and radiologists in cohort-2019
Sensitivity, specificity, positive predictive value (PPV), nega-
tive predictive value (NPV), and accuracy (number of true
positive and true negative observations divided by all the ob-
servations) with 95% confidence (95%CI) were estimated for
the entire cohort.

Subgroup analysis These performance metrics were also
estimated in the following subgroups of cohort-2019:
(subcohort-1) examinations with average injection quality,
(subcohort-2) examinations with poor injection quality,
(subcohort-3) examinations with poor-to-moderate injec-
tion quality, (subcohort-4) examinations with respiratory
artefacts limiting the interpretation, and (subcohort-5) ex-
aminations with respiratory artefacts and poor-to-moderate
injection quality, as well as depending on the experience of
radiologists (junior or senior).

Comparisons of AI and radiologists’ performances Accuracies
of AI and radiologists were compared with paired McNemar
tests in the entire cohort-2019 and each subgroup.

Comparisons between pre-AI cohort-2018 and post-AI cohort
2019 The PE prevalence in the two cohorts was compared
with the chi-squared test. After checking normality with the
Shapiro–Wilk test, the interpretation durations between the
two cohorts were compared with the unpaired Wilcoxon test.
For this last test, examinations with protocols including addi-
tional exploration to the chest CTPA were removed to reduce
bias, as well as patients from cohort-2020 with lung abnor-
malities compatible or strongly suspicious of COVID-19, as
these two variables could bias and increase the interpretation
time when positive.

Results

Study populations

Figure 2 shows the study flow chart. Overall, 1667 patients
were included in cohort-2018 (median age 66.2 years, 961/
1667 women [57.7%]), 1202 patients in cohort-2019 (median
age 68.3 years, 689/1202 women [57.3%]), and 4454 in
cohort-2020 (median age 68.6 years, 2236/4454 women
[50.2%]) (Table 1 and Supplementary Data 1).

Regarding cohort-2019, 1558/2773 (56.2%) adult patients
with CTPA were not post-processed with AI, and the diagno-
sis of PE remained equivocal for 13/1215 (1.1%) patients after
consensual reading, leading to their exclusion (Fig. 2).

Thus, there were 190/1202 (15.8%) CTPAs with true PE
(Table 1). The injection quality was rated as average and poor
in 259/1202 (21.5%) and 67/1202 (5.6%) examinations.
Significant respiratory artefacts were reported in 360/1202
(30%) examinations.

Fig. 2 Flow chart of the study. Abbreviations: AI, artificial intelligence; CTPA, CT pulmonary angiogram
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Table 2 summarizes the subcohorts derived from cohort-
2019 with PE prevalence. The lowest PE prevalence was
found in subcohort-2 (5/67 [7.5%]).

Performances of AI and radiologists to diagnose PE

The AI algorithm detected 219 suspicious PEs, of which 176
were true positives, 14 were false negatives, 43 were false
positives, and 19 were true PEs missed by radiologists. The
radiologists detected 180 suspicious PEs, of which 171 were
true positives, 19 were false negatives, 9 were false positives,
and 14 were true PEs missed by AI.

Table 3 shows the performance metrics of AI and radiolo-
gists in cohort-2019 and its subcohorts. Regarding the entire
cohort, sensitivity and NPV were higher with AI than with
radiologists, but the difference was not significant (sensitivity
= 0.926 [95% CI: 0.879–0.959] with AI versus 0.900 [95%
CI: 0.848–0.939] with radiologists, p = 0.3840; and NPV =
0.986 [95% CI: 0.977–0.991] with AI versus 0.981 [95% CI:
0.972–0.988] with radiologists, p = 0.4393, respectively).

Conversely, specificity and PPV were significantly higher
with radiologists than with AI (specificity = 0.991 [95%CI:
0.983–0.996] versus 0.958 [95%CI: 0.943–0.969],
p < 0.0001; and PPV = 0.950 [95%CI: 0.908–0.973] versus
0.804 [95%CI: 0.753–0.846], p < 0.0001, respectively).

Accuracy was significantly higher with radiologists than
with AI (0.977 [95% CI: 0.967–0.984] versus 0.953 [95%
CI: 0.939–0.964], p = 0.0024).

Regarding the subcohorts, similar trends were found, with
sensitivity and NPV showing a tendency to be equal or higher
with AI, without significant differences. Conversely, specific-
ity and PPV were systematically higher with radiologists, ex-
cept when the injection was of poor quality (subcohort-2;
p = 0.3173 and 0.6015, respectively).

Accuracy was significantly higher with radiologists in
subcohort-1, subcohort-4, and subcohort-5 (p = 0.0371,
0.003, and 0.0098, respectively, i.e., when the injection
quality was average or when there were respiratory arte-
facts) but not in subcohort-2 and subcohort-3 (p = 1 and
0.0633, respectively, i.e., when the injection quality was
poor or when the injection quality was poor-to-average).

Table 2 Summary of the
subcohorts extracted from cohort-
2019

Name Properties No. of patients Positivity rate for
PE

Cohort-2019 - 1202/1202 (100%) 190/1202 (15.8%)

Subcohort-1 CTPAs with average injection quality 259/1202 (21.5%) 38/259 (14.7%)

Subcohort-2 CTPAs with poor injection quality 67/1202 (5.6%) 5/67 (7.5%)

Subcohort-3 CTPAs with average-to-poor injection quality 326/1202 (27.1%) 43/326 (13.2%)

Subcohort-4 CTPAs with respiratory artefacts limiting the
interpretation

360/1202 (30%) 44/360 (12.2%)

Subcohort-5 CTPAs with respiratory artefacts limiting the
interpretation AND average-to-poor injection
quality

168/1202 (14%) 18/168 (10.7%)

Note. Abbreviations: CTPA CT pulmonary angiogram, no. number; PE pulmonary embolism

Table 1 Characteristics of cohort-2019

Characteristics Patients

Age (years)

Mean (sd) 65.4 ± 18.9

Median (range) 68.3 (18.1–101.9)

Sex

Women 689/1202 (57.3%)

Men 513/1202 (42.7%)

Pulmonary embolism (: gold standard)

Present 190/1202 (15.8%)

Absent 1012/1202 (84.2%)

Protocols

CTPA 1100/1202 (91.5%)

CTPA + Abdomen-pelvic 78/1202 (6.5%)

Brain + CTPA 13/1202 (1.1%)

CTPA in pregnant women 8/1202 (0.7%)

Brain + CTPA + abdomen-pelvic 3/1202 (0.2%)

Respiratory artefacts limiting interpretation

Yes 360/1202 (30%)

No 842/1202 (30%)

Quality of the injection

Good 748/1202 (62.2%)

Average 259/1202 (21.5%)

Poor 67/1202 (5.6%)

No mention 128/1202 (10.6%)

Note. Results are number of patients with percentage in parentheses,
except for age also given as mean ± standard deviation

Abbreviations: CTPA CT pulmonary angiogram, sd standard deviation
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Figure 3 represents these performance statistics for the
entire cohort-2019 and subcohort-2 (poor-quality
injection).

Junior and senior radiologists interpreted 301/1202 (25%)
and 901/1202 (75%) CTPAs, respectively. The accuracies of
seniors and juniors were similar (0.977 [95%CI: 0.965–0.986]
and 0.977 [95%CI: 0.953–0.991], respectively) and higher
than the accuracy of AI in the two corresponding subgroups
(0.953 [95%CI: 0.938–0.966] and 0.950 [95%CI: 0.919–
0.972], respectively) (Supplementary Data 2).

Table 4 displays the absolute number and proportions of
discrepancies between AI and radiologists, AI and gold stan-
dard, and radiologists and gold standard for each cohort.
Conversely, AI falsely indicated PE in 34 patients, while the
radiologists correctly indicated the absence of PE. The highest
rate of discordance between radiologists and AI was found in
subcohort-2 (9% [6/67]), which was also the subcohort in
which radiologists had the highest discordance with the gold
standard (4.5% [3/67]).

Table 5 summarizes the characteristics of true PEs missed
by radiologists and not by AI and missed by AI and not by
radiologists. Overall, PEs missed by radiologists were
interpreted within a shorter time than PEs missed by AI
(p = 0.0390), more frequently present along with other con-
fusing thoracic diseases (p = 0.0265), and characterized by
shortest clot length (p = 0.0186).

Figure 4 illustrates PE diagnosed by AI and not radiolo-
gists, and PE diagnosed by a radiologist and not AI.

Clinical use of AI by radiologists

Figure 5 A, B shows the results of the satisfaction survey.
Responses were provided by 79/150 (52.7%) Imadis radiolo-
gists. Regarding improvement in diagnostic confidence, 57/79
(72.2%) radiologists found that the availability of AI was pos-
itive or strongly positive. Regarding the interpretation dura-
tion, most radiologists were neutral (41/79, 51.9%), while 27/
79 (34.2%) found that using AI increased it.

The prevalence of PE was 16.3% (256/1667) in cohort-
2018 versus 12.7% (566/4454) in cohort-2020, which was
significantly different (p = 0.0077) (Supplemental Data 1).
The average interpretation duration for CTPA alone was
14.55 ± 9.08 min in patients from cohort-2018 (n = 1459)
versus 15.6 ± 9.77 min in patients from cohort-2020 (without
findings compatible or typical of COVID-19, n = 3311),
which was significantly different (p < 0.0001) (Fig. 5C).

Discussion

Herein, we compared the diagnostic performance of a validat-
ed AI algorithm for PE detection on CTPA with those of

Table 3 Performance statistics of artificial intelligence (AI) and radiologists in cohort-2019 and its subcohorts depending on factors limiting the
radiological interpretation

Cohorts Sensitivity (95%CI) Specificity (95%CI) PPV (95%CI) NPV (95%CI) Accuracy (95%CI)

Cohort-2019

Radiologists 0.9 (0.848–0.939) 0.991 (0.983–0.996)*** 0.95 (0.908–0.973)*** 0.981 (0.972–0.988) 0.977 (0.967–0.984)**

AI 0.926 (0.879–0.959)ns 0.958 (0.943–0.969) 0.804 (0.753–0.846) 0.986 (0.977–0.991)ns 0.953 (0.939–0.964)

Subcohort-1: Average injection quality

Radiologists 0.895 (0.752–0.971) 0.991 (0.968–0.999)** 0.949 (0.823–0.987)*** 0.98 (0.952–0.992) 0.977 (0.95–0.991)*

AI 0.947 (0.823–0.994)ns 0.932 (0.891–0.962) 0.724 (0.615–0.811) 0.99 (0.961–0.997)ns 0.934 (0.897–0.961)

Subcohort-2: Poor injection quality

Radiologists 0.6 (0.147–0.947) 0.984 (0.913–1)ns 0.875 (0.468–0.982)ns 0.929 (0.817–0.975) 0.955 (0.875–0.991)

AI 1 (0.478–1)ns 0.952 (0.865–0.99) 0.697 (0.44–0.831) 0.966 (0.866–0.988)ns 0.955 (0.875–0.991)

Subcohort-3: Average-to-poor injection quality

Radiologists 0.86 (0.721–0.947) 0.989 (0.969–0.998)** 0.938 (0.831–0.979)*** 0.974 (0.947–0.988) 0.972 (0.948–0.987)ns

AI 0.953 (0.842–0.994)ns 0.936 (0.901–0.962) 0.738 (0.642–0.816) 0.991 (0.965–0.998)ns 0.939 (0.907–0.962)

Subcohort-4: Limiting respiratory artifacts

Radiologists 0.909 (0.783–0.975) 0.994 (0.977–0.999)*** 0.964 (0.871–0.991)*** 0.983 (0.958–0.993) 0.983 (0.964–0.994)**

AI 0.932 (0.813–0.986)ns 0.937 (0.904–0.961) 0.734 (0.642–0.81) 0.987 (0.961–0.995)ns 0.936 (0.906–0.959)

Subcohort-5: Limiting respiratory artifacts AND average-to-poor injection quality

Radiologists 0.944 (0.727–0.999) 0.993 (0.963–1)** 0.964 (0.79–0.995)*** 0.99 (0.934–0.998)ns 0.988 (0.958–0.999)*

AI 0.944 (0.727–0.999) 0.92 (0.864–0.958) 0.689 (0.56–0.794) 0.989 (0.929–0.998) 0.923 (0.871–0.958)

Note. Abbreviations: 95%CI 95% confidence interval, AI artificial intelligence, NPV negative predictive value, PPV positive predictive value, ns not
significant; *: p < 0.05; **: p < 0.005; ***: p < 0.001. For each metrics and each subcohort; the highest value between AI and radiologists is indicated in
boldface
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Figure 3 Performances of artificial intelligence (AI) and teleradiologists
(TR) to diagnose pulmonary embolism on CT pulmonary angiogram
(CTPA) in a multicentric emergency cohort. A Patients from the entire
cohort-2019. B Patients from the subcohort 2 with poor quality injection.

Abbreviations: 95%CI, 95% confidence interval; NPV, negative predic-
tive value; PPV, positive predictive value. *: p < 0.05, **: p < 0.005; ***:
p < 0.001

Table 4 Discordances between radiologists, artificial intelligence (AI), and gold-standard in cohort-2019 and its subcohorts depending on factors
limiting the radiological interpretation.

Cohorts Discordance
between AI and
radiologists

Discordance
between AI and
gold-standard

Discordance between
radiologists and gold-
standard

No. of TPs captured by
AI and not by
radiologists

No. of TPs captured by
radiologists and not by
AI

Cohort-2019 85/1202 (7.1%) 57/1202 (4.7%) 28/1202 (2.3%) 19/190 (10%) 14/190 (7.4%)

Subcohort 1 (average injection
quality)

23/259 (8.9%) 17/259 (6.6%) 6/259 (2.3%) 4/38 (10.5%) 2/38 (5.3%)

Subcohort 2 (poor injection
quality)

6/67 (9%) 3/67 (4.5%) 3/67 (4.5%) 2/5 (40%) 0/5 (0%)

Subcohort 3 (average or poor
injection quality)

29/326 (8.9%) 20/326 (6.1%) 9/326 (2.8%) 6/43 (14%) 2/43 (4.7%)

Subcohort 4 (respiratory artifacts) 29/360 (8.1%) 23/360 (6.4%) 6/360 (1.7%) 4/44 (9.1%) 3/44 (6.8%)

Subcohort 5 (respiratory artifacts
AND average or poor injection
quality)

15/168 (8.9%) 13/168 (7.7%) 2/168 (1.2%) 1/18 (5.6%) 1/18 (5.6%)

Note. Abbreviations: AI artificial intelligence, FP false positive, TP true positive
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Table 5 Review of the true pulmonary embolism (PE) missed by artificial intelligence (AI) and radiologists

Characteristics PE missed by AI (n = 14) PE missed by radiologists (n = 19) p value

Radiologists’ experience

Junior 4/14 (28.6%) 3/19 (15.8%) 0.6477

Senior 10/14 (71.4%) 16/19 (84.2%)

Interpretation duration (min)1 23 ± 13 14.4 ± 7 0.0390*

Patients’ sex

Women 8/14 (57.1%) 12/19 (63.2%) 1

Men 6/14 (42.9%) 7/19 (36.8%)

Patients’ age (years)1 65.9 ± 18.7 75.3 ± 14.2 0.1353

Respiratory artifacts

Absent 7/10 (70%) 13/17 (76.5%) 1

Present 3/10 (30%) 4/17 (23.5%)

Density in pulmonary trunk (HU)1 432.3 ± 188 440.6 ± 156.1 0.8555

Presence of other confusing abnormal findings

No 10/14 (71.4%) 5/19 (26.3%) 0.0265*

Yes 4/14 (28.6%) 14/19 (73.7%)

Details regarding the abnormal findings

Pleural effusion 3/14 (21.4%) 3/19 (15.8%) 1

Infectious disease 4/14 (28.6%) 7/19 (36.8%) 0.9009

Cardiac decompensation 0/14 (0%) 2/19 (10.5%) 0.607

Neoplasia 1/14 (7.1%) 2/19 (10.5%) 1

Atelectasia 2/14 (14.3%) 4/19 (21.1%) 0.9669

Emphysema 0/14 (0%) 3/19 (15.8%) 0.3438

Major dorsal kyphosis 1/14 (7.1%) 2/19 (10.5%) 1

Other 1/14 (7.1%) 1/19 (5.3%) 1

PE laterality

Right 6/14 (42.9%) 9/19 (47.4%) 0.3701

Left 3/14 (21.4%) 7/19 (36.8%)

Bilateral 5/14 (35.7%) 3/19 (15.8%)

Number of lung lobes with PE1 1.6 ± 1.1 1.2 ± 0.5 0.2144

Number of clot

Multiple 7/14 (50%) 5/19 (26.3%) 0.3022

Single 7/14 (50%) 14/19 (73.7%)

Location of the most proximal clot

Proximal 3/14 (21.4%) 0/19 (0%) 0.1802

Lobar 2/14 (14.3%) 3/19 (15.8%)

Segmental 7/14 (50%) 14/19 (73.7%)

Sub-segmental 2/14 (14.3%) 2/19 (10.5%)

Positioning of the clot in the vessel

Central 13/14 (92.9%) 15/19 (78.9%) 0.5417

Marginal 1/14 (7.1%) 4/19 (21.1%)

Occlusive clot

No 5/14 (35.7%) 12/19 (63.2%) 0.2276

Yes 9/14 (64.3%) 7/19 (36.8%)

Length of the longest clot (mm)1 21.4 +/- 14.1 10.7 +/- 6.9 0.0186*

Dilated pulmonary artery

No 8/14 (57.1%) 15/19 (78.9%) 0.3351

Yes 6/14 (42.9%) 4/19 (21.1%)

Note. Data are number of patients with percentage in parentheses except for (1 ), where data are mean ± standard deviation. The tests are chi-square or
Fisher test for categorical characteristics and unpaired Wilcoxon test for numerical characteristics

Other abbreviations: HU, Hounsfield unit

*: p < 0.05
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radiologists in a clinical setting. In the entire cohort, sensitivity
and NPVwere higher with AI than with radiologists, although
the differences were not significant. Conversely, specificity,

PPV, and accuracy were significantly higher with radiologists
than with AI. However, our results were more contrasted for
poor-quality examinations and for the appreciation of AI tools

Figure 4 Clinical examples. A 71-year-old patient with a medical history
of cancer and recent surgery presented with heart rate > 95 beats per
minute and a borderline saturation and underwent a contrast-enhanced
CT pulmonary angiogram (CTPA) (A), which showed a segmental,
sub-acute, pulmonary embolism (PE) in the right low limb, which was
missed by the emergency radiologist during his on-call duty (red arrow).
B On the same cross-section, the PE was correctly identified by the
artificial intelligence (AI) algorithm (AIDOC Medical). Example of

pulmonary embolism (PE) correctly diagnosed by the emergency
radiologist and not by the artificial intelligence (AI) algorithm. Opposite
example: An 85-year-old patient with a medical history of PE and a recent
surgery presented with a heart rate between 75 and 94 beats per minute
and acute dyspnea and underwent CTPA (C). Two segmental PEs were
correctly diagnosed by the emergency radiologist but missed by the AI
algorithm (white arrows)

Figure 5 Use of artificial intelligence (AI) by radiologists for emergency
clinical routine at Imadis. Qualitative assessment: results of the satisfac-
tion survey sent 9 months after implementing AI in clinical workflow (A,
B). Quantitative assessment (C): comparison of interpretation duration

for a single CT pulmonary angiogram in 2018 (without AI) and 2020
(with AI) (lines inside the violin plots correspond to 1st quartile, median,
and 3rd quartile). ***: p < 0.001
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by radiologists. Indeed, radiologists stressed the importance of
AI to strengthen their conclusions, especially to confirm neg-
ative findings, or to ensure the absence of distal PE in poor-
quality examinations.

Previous computer-assisted detection solutions for auto-
matic detection of PE were hampered by long calculation
times, rather low sensitivities [16–20], and low specificities
[21–30], leading to increased workloads for radiologists [31].
These disappointing performances were likely due to the
datasets used to train the AI algorithms, which were
often imbalanced towards high PE prevalence or some-
times even included only positive examinations [16, 18,
19, 22, 26, 28, 31]. Thus, the clinical implementation of
algorithms with acceptable computational time, easily
includable in emergency workflows, represents a major
breakthrough.

In the study by Weikert et al performed on a comparable
number of patients, the same AI algorithm correctly identified
215 of 232 PEs, providing 92.7% sensitivity, which is com-
parable to ours (92.6%). Furthermore, the AI algorithm report-
ed 1178 of 1233 negative CTPAs, providing 95.5% specific-
ity, again comparable to ours (95.8%). In their study, the gold
standard corresponded to written radiological reports ap-
proved by at least two radiologists, at least one of them being
board-certified. The visual review of AI outputs was perform-
ed by a 3rd year radiology resident. Indeterminate findings
were read by a board-certified radiologist with 4 years of pro-
fessional experience. Negative examinations according to
both radiological reports and AI algorithms were considered
true negatives and not checked visually. However, the authors
did not compare the performances of the AI algorithm with
those of the radiologists during their clinical activity (herein,
emergency on-call period), did not review the failures of radi-
ologists, and did not investigate the changes in interpretation
time and PE prevalence following AI implementation, which
has been performed in our work. Thus, regarding our first
objective, our results suggest that the AI algorithm did not
demonstrate significantly better diagnostic performance, re-
gardless of the metrics used. However, our secondary objec-
tives enable us to propose a more contrasting analysis.

Indeed, in the entire cohort-2019, AIDOC captured 19 PEs
that were not diagnosed by radiologists in 19 distinct patients.
In other words, the AI algorithm could correct a misdiagnosed
PE approximately every 63 CTPAs (≈1202/19). This estima-
tion must be considered in parallel with the high number of
CTPAs required by emergency physicians (≈18,000 CTPAs
in 2020 in our group—so approximately 285 [≈18000/1202 ×
19] true PEs detected by AI but initially misdiagnosed by
radiologists in 2020) and with human and financial conse-
quences of missed PEs [32]. Indeed, mortality and recurrence
rates for untreated or missed PE range between 5 and 30%.

Furthermore, our subgroup analysis highlighted the similar
accuracy for junior and senior radiologists, as well as the

interest of AI for poor-quality examinations, especially re-
garding the injection. Indeed, although the number of patients
in this subgroup was small (subcohort-2, n = 67), we observed
higher sensitivity, NPV, and similar accuracy with AI.
Interestingly, the highest number of discrepancies between
radiologists and the gold standard was found in subcohort-2,
in agreement with previous studies [19, 33, 34]. Indeed, Miller
reported that rates of false-positive and indeterminate exami-
nations increased with diminishing CTPA quality. Thus, we
believe that supporting radiological diagnosis in these partic-
ular settings (where radiologists can lack confidence and be
less efficient) could be a main advantage of AI. In addition,
acquisitions with low image quality remain practically chal-
lenging. In these situations, the additional uses of CT scan
improvement via AI [35], as well as spectral imaging [36],
could be valuable. Interestingly, the retrospective review of
missed PEs suggested that radiologists’ failures were also
partly due to distraction by concomitant confusing thoracic
diseases.

Regarding secondary objectives, thanks to the comparison
of cohort-2018 and cohort-2020, we found that the average
interpretation time for CTPA alone increased by 1 min 3 s
(7.2+%) since AI clinical implementation (after controlling
potential confusion bias such as multiple acquisitions and
COVID-19). In contrast, Duron recently found that using AI
for detecting adult appendicular skeletal fractures decreased
the interpretation time by 15% [34]. The nature of medical
images can explain these findings (2D radiographs versus
3D CT scans). Moreover, a teleradiology workflow leads to
the transfer of a large volume of data. Bandwidth limitations
and the level of security required can also explain the delay.

Additionally, the satisfaction survey (performed several
months after AI clinical implementation) highlighted the pos-
itive reception by radiologists who emphasized that AI has
increased their diagnostic confidence and comfort when inter-
preting CTPAs. The higher sensitivity and NPV of AI are
probably the underlying reasons for this additional confi-
dence, especially in late night, while correcting falsely posi-
tive predictions made by AI is generally rapidly achieved.
Another secondary interest of implementing FDA- and CE-
approved AI algorithms in clinical practice could be to protect
radiologists from medical malpractice litigations. Thus, be-
yond the raw comparisons of diagnostic performances, the
overall balance between the advantages and disadvantages
appears to favor the use of AI in clinical practice to comple-
ment (and possibly to augment) radiologists’ interpretations.

Our work has limitations. First, it was retrospective.
Second, we did not compare the diagnostic performances of
AI alone and radiologists alone with those of radiologists with
full access to the AI output during their practice (i.e., “aug-
mented” radiologists). Only a prospective comparative study
could achieve this and enable to draw a conclusion. Third, we
did not investigate other features that could influence the

5840 Eur Radiol (2022) 32:5831–5842



performances of radiologists but not AI, such as interpretation
hours (especially during late nights) or high workload periods.
The type of scanner, its acquisition, and post-processing pa-
rameters could have also influenced the performances of AI
and radiologists, but the number of patients per center was too
small for this sub-analysis. Moreover, some features could
alter the performances of both AI and radiologists, such as
the location of PE in the lung, its distality, or its location
within the vascular lumen [12]. Fourth, we did not observe
an increase in the diagnosis of PE following AI clinical im-
plementation, as shown in comparisons between cohort-2018
and cohort-2020. However, cohort-2020 might have been bi-
ased by the COVID-19 pandemic, which resulted in more
requests for chest CT, overall [37], and specifically for
suspected PE [38]—though these rises were also due to the
increase in partner centers of IMADIS. The injection quality
was rated as poor in only 5.6% of examinations, whereas
respiratory artefacts were reported in 30%. This discrepancy
can be explained by the high level of protocol homogenization
needed in teleradiology settings, reaching its limits in
the absence of on-site radiologists. It also reflects the
difficulties for radiographers to obtain technically good
examinations in a real-life multicentric cohort of symp-
tomatic and dyspneic patients from the emergencies dur-
ing the on-call period.

In conclusion, this study confirms the high diagnostic per-
formances of AI algorithms relying on DCNN to diagnose PE
on CTPA in a large multicentric retrospective emergency se-
ries. It also underscores where and how AI algorithms could
better support (or “augment”) radiologists, i.e., for poor-
quality examinations and by increasing their diagnostic con-
fidence through the high sensitivity and high NPV of AI.
Thus, our work provides more scientific ground for the con-
cept of “AI-augmented” radiologists instead of supporting the
theory of radiologists’ replacement by AI.
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