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Abstract 

Background  Artificial intelligence (AI) seems promising in diagnosing pneumonia on chest x-rays (CXR), but deep 
learning (DL) algorithms have primarily been compared with radiologists, whose diagnosis can be not completely 
accurate. Therefore, we evaluated the accuracy of DL in diagnosing pneumonia on CXR using a more robust reference 
diagnosis.

Methods  We trained a DL convolutional neural network model to diagnose pneumonia and evaluated its accuracy 
in two prospective pneumonia cohorts including 430 patients, for whom the reference diagnosis was determined 
a posteriori by a multidisciplinary expert panel using multimodal data. The performance of the DL model was com‑
pared with that of senior radiologists and emergency physicians reviewing CXRs and that of radiologists reviewing 
computed tomography (CT) performed concomitantly.

Results  Radiologists and DL showed a similar accuracy on CXR for both cohorts (p ≥ 0.269): cohort 1, radiologist 1 
75.5% (95% confidence interval 69.1–80.9), radiologist 2 71.0% (64.4–76.8), DL 71.0% (64.4–76.8); cohort 2, radiolo‑
gist 70.9% (64.7–76.4), DL 72.6% (66.5–78.0). The accuracy of radiologists and DL was significantly higher (p ≤ 0.022) 
than that of emergency physicians (cohort 1 64.0% [57.1–70.3], cohort 2 63.0% [55.6–69.0]). Accuracy was significantly 
higher for CT (cohort 1 79.0% [72.8–84.1], cohort 2 89.6% [84.9–92.9]) than for CXR readers including radiologists, clini‑
cians, and DL (all p-values < 0.001).

Conclusions  When compared with a robust reference diagnosis, the performance of AI models to identify pneumo‑
nia on CXRs was inferior than previously reported but similar to that of radiologists and better than that of emergency 
physicians.
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Relevance statement  The clinical relevance of AI models for pneumonia diagnosis may have been overestimated. 
AI models should be benchmarked against robust reference multimodal diagnosis to avoid overestimating its 
performance.

Trial registration  NCT02​467192, and NCT01​574066.

Key point   
• We evaluated an openly-access convolutional neural network (CNN) model to diagnose pneumonia on CXRs.

• CNN was validated against a strong multimodal reference diagnosis.

• In our study, the CNN performance (area under the receiver operating characteristics curve 0.74) was lower 
than that previously reported when validated against radiologists’ diagnosis (0.99 in a recent meta-analysis).

• The CNN performance was significantly higher than emergency physicians’ (p ≤ 0.022) and comparable to that of 
board-certified radiologists (p ≥ 0.269).

Keywords  Artificial intelligence, Chest x-ray, Deep learning, Diagnosis, Pneumonia

Graphical Abstract

Background
Lower respiratory tract infections are among the most 
common infections and are a leading cause of death 
globally [1, 2]. A diagnosis of pneumonia is suggested 
by clinical findings but always requires confirmation 
on imaging studies, primarily chest x-ray radiography 
(CXR) [3–5]. While CXR is widely available, its inter-
pretation is time-consuming and may lead to important 
interobserver variability among radiologists and clini-
cians [6–10]. Moreover, the detection of pneumonia 

on CXR requires experienced radiologists who are not 
always readily available in an emergency setting.

Deep learning (DL) has become very popular and 
helpful in various medical diagnoses. Many artificial 
intelligence (AI) tools have been developed to diagnose 
pneumonia on CXRs [11–18], notably to overcome the 
lack of experienced reviewers in an emergency context. 
The reference diagnosis used to assess their performance 
is commonly based on radiologists’ interpretation of the 
CXR, despite the poor sensitivity of CXRs and a low 

https://classic.clinicaltrials.gov/ct2/show/NCT02467192
https://classic.clinicaltrials.gov/ct2/show/NCT01574066
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interobserver agreement [6, 7, 10]. The performance of 
AI in the diagnosis of pneumonia on CXR may thus be 
biased and overestimated because of the inaccuracy of 
the reference diagnosis commonly used in the literature. 
Moreover, the performance of AI has rarely been com-
pared to other imaging modalities increasingly used for 
the diagnosis of pneumonia, such as thoracic CT scan, 
which has better accuracy than CXR.

Against this background, we developed a convolutional 
neural network (CNN) DL model to diagnose pneumo-
nia on a large cohort from public datasets and compare 
it to a strong reference diagnosis. We aimed to compare 
its performance for the diagnosis of pneumonia on CXR 
with those of (1) emergency physicians and (2) senior 
radiologists reading the same CXR, as well as (3) radiolo-
gists interpreting a CT scan performed concomitantly, 
using two prospective observational cohorts of patients 
with suspected pneumonia which used a panel of experts 
for the reference diagnosis. The CNN model used in this 
article is made publicly available online to the scientific 
community.

Methods
Training cohort
We first trained a CNN system to identify pneumonia 
on CXRs of a large cohort of patients derived from sev-
eral public datasets. Our study is reported in accordance 
with the CLAIM checklist [19], modeled on the STARD 
guidelines.

Our training cohort included 700,555 frontal CXRs 
from the following datasets: CheXpert (n = 223,648) 
[20]; MIMIC-CXR (n = 371,920) [21]; and ChestXray-14 
(n = 104,987) [22, 23]. Of the data, 85% were used for the 
training set (n = 595,472 CXRs), 10% for the validation set 
(n = 70,055 CXRs), and 5% for the testing set (n = 35,028 
CXRs). Only CXRs with frontal views from these data-
sets were used, without other exclusion criteria.

All these CXRs were associated with a binarized (yes/
no) diagnosis of pneumonia in order to perform the CNN 
training. For the CheXpert and MIMIC-CXR datasets, 
the pneumonia label was provided in the public data-
sets and included 62,298 and 67,435 cases, respectively. 
For the ChestXray-14 dataset, the pneumonia diagnosis 
was relabeled by Rajpurkar et al. [24] and included 31,851 
pneumonia cases. Of note, in these datasets, the refer-
ence diagnosis was the interpretation of CXR reported in 
routine by radiologists. All images in the three datasets 
were resized (512 × 512 pixels) and normalized (-1 to 1) 
to match standard CNN training practice. We did not 
used other preprocessing or data augmentation methods 
during the CNN training.

CNN model training
This large dataset of frontal CXRs was used to train a 
CNN with an EfficientNet-B4 architecture pre-trained 
on ImageNet and using Tensorflow (v2.11.0), which is 
open access [13]. The last layer of the EfficientNet-B4 
CNN was replaced by a dense layer of 1 neuron in order 
to fit our unique prediction label (i.e., pneumonia), with 
a sigmoid function activation. This model was trained to 
identify pneumonia, using Adam optimizer with stand-
ard parameters [25]. We trained the CNN for 200 epochs 
with minibatches of size 8 and used an initial learning 
rate of 0.001, which was reduced by a factor of 10 each 
time the loss on the tuning set plateaued after 10 epochs. 
The best model was selected based on its performance 
evaluated by the area under the receiver operating char-
acteristic curve (ROC-AUC) on the validation set (ROC-
AUC = 0.988) and showed excellent performance on the 
internal testing set from the same large cohort (ROC-
AUC = 0.985). No change in thresholding after train-
ing this model and validating and testing it on the data 
split from the same cohort. We used our institution’s 
high-performance computing system to train this net-
work, on a node with 8 NVIDIA 3090 GPUs. The model 
developed for this article is publicly available on GitHub: 
https://​github.​com/​jerem​yhofm​eister/​pneum​oniaC​XR.

External validation cohorts
The validation cohorts were derived from two prospec-
tive clinical studies comparing the performance of CXR 
and thoracic CT scan in the diagnosis of pneumonia 
upon hospital admission.

The “Low-dose CT for the diagnosis of pneumonia in 
elderly patients’ study” (PneumOld-CT, NCT02​467192) 
[26] prospectively included 200 consecutive > 65 year-old 
patients hospitalized between 1 May 2015 and 30 April 
2016 for suspected community-acquired pneumonia and 
nursing home-acquired or hospital-acquired pneumo-
nia at Geneva University Hospitals (details in Additional 
file 1: Appendix 1). A frontal CXR (with or without lat-
eral view) was obtained for all patients upon admission 
and interpreted by the attending emergency physician 
in charge of the patient, who had access to all patient’s 
clinical information. All CXRs were also reviewed a pos-
teriori by two senior radiologists certified in thoracic 
imaging (with over 10 years of experience) (radiologist 1, 
radiologist 2). A low-dose CT scan without intravenous 
administration of contrast agent was performed upon 
admission, within 12 h after CXR, and was interpreted by 
a board-certified radiologist in charge of reviews.

The “Early Chest Computed Tomography Scan to 
Assist Diagnosis and Guide Treatment Decision for 

https://github.com/jeremyhofmeister/pneumoniaCXR
https://classic.clinicaltrials.gov/ct2/show/NCT02467192
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Suspected Community-acquired Pneumonia” study 
(PACSCAN, NCT01​574066) [27] included 319 consecu-
tive > 18-year-old patients with suspected community-
acquired pneumonia only in the emergency units of four 
tertiary teaching hospitals of the Assistance Publique—
Hôpitaux de Paris between November 2011 to January 
2013. For each patient, a CXR was obtained according to 
routine clinical protocol and interpreted by the attending 
emergency physician in charge of the patient who also 
had access to the patient’s clinical and biological informa-
tion. The CXR was also interpreted by a board-certified 
radiologist. A CT scan, which could be full-dose and 
enhanced with contrast, if necessary, was acquired in all 
patients within 4 h of inclusion in the study and reviewed 
by a board-certified thoracic radiologist.

In both cohorts, the probability of pneumonia assessed 
by emergency physicians and radiologists was reported 
on a Likert scale, with 3 points in the PneumOld-CT and 
4 points in the PACSCAN cohorts. In order to calculate 
the difference in diagnostic performance, these scales 
were adapted to obtain a binary output of pneumonia 
(present/absent). For the PneumOld-CT study, interme-
diate and high probabilities were considered as presence 
and low probabilities as absence of pneumonia; in the 
PACSCAN study, definite and probable diagnoses were 
considered as pneumonia and possible and excluded 
diagnoses were considered as the absence of pneumo-
nia. We repeated the analysis of the PACSCAN cohort, 
including possible pneumonia as part of the pneumonia 
group (i.e., definite, probable, and possible pneumonia 
considered as pneumonia; and excluded pneumonia con-
sidered as non-pneumonia).

Reference diagnosis
In both cohorts, the reference diagnosis of pneumo-
nia was adjudicated a posteriori and in accordance with 
international guidelines by a panel of experts using a 
Delphi method; the experts had access to all available 
imaging, biological, and clinical data and were aware 
of patients’ long-term evolution [3, 26–28]. Details are 
described in Additional file 1: Appendix 1.

Prediction of pneumonia by the CNN
Processing of CXRs from both cohorts was performed 
by one of the authors (J.H.) on a commonly available 
computer (MacBook Air Retina 13-inch 2019, with a 
1.6  GHz Dual-Core Intel Core i5 processor and 8  GB 
of RAM, Apple Inc. Cupertino, CA, USA). As with the 
training cohort, CXRs from both validation cohorts were 
resized and normalized at the time of processing by the 
CNN. Each CXR was rapidly processed by the CNN 
with a processing time to make a prediction of pneu-
monia of 129 ± 36  ms (mean ± standard deviation) for 

PneumOld-CT and of 141 ± 33  ms for PACSCAN. For 
each CXR, the output of CNN was a binarized prediction 
of pneumonia (1 = pneumonia; 0 = no pneumonia), with a 
percent probability.

Performance comparison between readers and imaging 
modalities
Statistical comparisons between the different CXR read-
ers (CNN, emergency physicians, or radiologists) and the 
two imaging modalities (CXR or CT) were performed 
separately for the two validation cohorts to assess the 
consistency of the results. For all predictions, we used the 
reference diagnosis as previously described.

The ROC-AUC was used to assess accuracy of clini-
cians, senior radiologists, and AI on CXR and for radi-
ologists on CT. These ROC-AUC were computed based 
on Likert-score reported by clinicians for CXR) and 
radiologists for CXR and C), as described above, and on 
the probabilistic output produced by the CNN for AI. 
ROC-AUCs were compared using two-tailed DeLong 
test. Accuracy, sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), positive 
likelihood ratio, negative likelihood ratio, and diagnostic 
odds ratio (DOR) were reported separately for the two 
cohorts with their 95% confidence intervals. Confidence 
intervals were computed using Wilson’s method, which 
does not rely on a normal approximation and results in 
accurate confidence intervals even for small sample sizes 
[29, 30].

Results
All the 200 CXRs from the PneumOld-CT study and 230 
of 319 CXRs from the PACSCAN study were available 
(Fig. 1). The lower inclusion rate of CXRs for the PACS-
CAN study was due to missing data related to their stor-
age on digital media and then manual retrieval, whereas 
CXRs from the PneumOld-CT study were stored on a 
research picture archiving and communication system, 
so directly accessible to the authors. Demographic char-
acteristics of patients in both cohorts are reported in 
the original articles [26, 27] and in Table 1 of the current 
manuscript.

Diagnostic testing accuracy measures for clinicians, 
senior radiologists, and AI on CXR and for radiologists 
on CT are reported in Table  2. Consistently in both 
cohorts, accuracy for the diagnosis of pneumonia was 
higher for CT scan (89.6% in PACSCAN and 79.0% 
PneumOld-CT) than for CXR, whoever was the asses-
sor. Radiologist 1 showed an accuracy of 70.9% (PACS-
CAN) and 75.1% (PneumOld-CT), radiologist 2 of 71.0% 
(in PneumOld-CT), the AI model 72.6% and 71.0%, and 
emergency physicians 63.0% and 64.0%, respectively. So, 
the radiologists and AI had close diagnostic accuracy on 

https://classic.clinicaltrials.gov/ct2/show/NCT01574066
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CXRs (between 70.9 and 75.5%), and their accuracy was 
higher than that of emergency physicians (see Table 2).

In both cohorts, all CXR and CT reviewers had higher 
PPVs than NPVs for identifying patients with pneumo-
nia. PPVs were relatively close between both cohorts, 
but NPVs were higher for all reviewers in the PACSCAN 
study.

DORs for the diagnosis of pneumonia were excellent 
for CT in both cohorts (94.9 for PACSCAN and 27.4 for 
PneumOld-CT). They were excellent for one radiologist 
on CXR (15.0 in PneumOld-CT) and good for the other 
(6.5 in PACSCAN and 7.3 in PneumOld-CT). The DOR 
of the AI model on CXR was relatively close to the radi-
ologists (7.1 and 5.2 in PACSCAN and PneumOld-CT, 

respectively). The emergency physicians DOR on CXR 
was lower (3.0 and 2.1, respectively). Details of positive 
and negative likelihood ratios are reported in Table 2.

Statistical comparison of the performance of clinicians 
and radiologists on CXR, and radiologists on CT are 
reported in Table 3 and 4. Consistently in both cohorts, 
radiologists and AI had significantly higher ROC-AUCs 
than clinicians for pneumonia diagnosis on CXRs. We 
did not observe any significant difference in ROC-AUC 
between radiologists and AI. However, all CXR readers 
(radiologists, AI, and emergency physicians) had signifi-
cant lower performance compared with CT readers, with 
the exception of one senior radiologist in the PneumOld-
CT cohort.

Fig. 1  Flowchart of the PneumOld-CT and PACSCAN cohorts

Table 1  Main characteristics and outcomes of patients included in the validation cohorts

CURB-65, confusion, urea > 7 mmol/L, respiratory rate > 30/min, blood pressure < 90 mmHg, age > 65 years. PSI, Pneumonia severity index. Data are mean with standard 
deviation or frequencies with percentage except when marked otherwise
a Median with interquartile range

PneumOld-CT (N = 200) PACSCAN (N = 230)

Mean age (years) 84 (79–90)a 65 (20)

Sex (% woman) 98 (49) 164 (51)

Chronic obstructive pulmonary disease 35 (18) 64 (20)

Chronic heart failure (%) 103 (52) 39 (12)

Cough 170 (85) 240 (76)

Sputum production 74 (37) 147 (46)

Hypoxemia (SaO2 < 90% on room air) 102 (51%) 49 (17)

Fever 116 (58) 112 (35)

Pneumonia confirmed (%) 133 (67) 163 (51)

Severe pneumonia (PSI cat IV-V, or CURB-65 ≥ 3) 89 (45) 118 (37)

30-day death (%) 11 (5) 13 (4)
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In Fig. 2, three cases of patients with pneumonia visible 
on CXRs and their saliency maps generated by the CNN 
are shown.

When repeating data analysis for the PACSCAN cohort, 
considering possible pneumonia as part of the group of 
patients with a final diagnosis of pneumonia, we observed 
close results. However, the performance of clinicians and  

radiologists on CXRs is more variable than that of AI 
(Additional file  1: Supplementary Table  1). The perfor-
mance of radiologists even becomes statistically inferior 
to that of AI and is no longer statistically inferior to that 
of clinicians. Overall, however, CXR reviewers (clinicians, 
radiologists, and AI) continue to perform worse than CT 
reviewers (Additional file 1: Supplementary Table 2).

Table 2  Diagnostic testing accuracies

Results are reported in percent along with their 95% confidence intervals. The radiologists in both cohorts are senior radiologists specialized in thoracic imaging. AI, 
Artificial intelligence; CT, Computed tomography; CXR, Chest-x-ray; LDCT, Low-dose computed tomography; LR + , Positive likelihood ratio; LR-, Negative likelihood 
ratio; DOR, Diagnostic odd radio; PPV, Positive predicting value; NPV, Negative predicting value; Radiol., Radiologist; ROC-AUC​, Area under the receiver operating 
characteristic curve

Accuracy Sensitivity Specificity PPV NPV LR +  LR- DOR

PneumOld-CT cohort

  Clinicians (CXR) 64.0% (57.1–70.3) 76.7% (68.8–83.1) 38.8% (28.0–50.8) 71.3% (63.4–78.1) 45.6% (33.4–58.4) 1.253 (0.956–1.688) 0.601 (0.334–1.112) 2.087

  Radiol. 1 (CXR) 75.5% (69.1–80.9) 69.9% (61.7–77.1) 86.6% (76.4–92.8) 91.2% (84.1–95.3) 59.2% (49.3–68.4) 5.206 (2.613–10.658) 0.347 (0.247–0.502) 14.983

  Radiol. 2 (CXR) 71.0% (64.4–76.8) 67.7% (59.3–75.0) 77.6% (66.3–85.9) 85.7% (77.8–91.1) 54.7% (44.7–64.4) 3.023 (1.760–5.335) 0.417 (0.291–0.614) 7.256

  AI (CXR) 71.0% (64.4–76.8) 74.4% (66.4–81.1) 64.2% (52.2–74.6) 80.5% (72.6–86.5) 55.8% (44.7–66.4) 2.078 (1.390–3.193) 0.398 (0.253–0.643) 5.217

  LDCT 79.0% (72.8–84.1) 72.9% (64.8–79.8) 91.0% (81.8–95.8) 94.2% (87.9–97.3) 62.9% (53.0–71.8) 8.144 (3.563–19.131) 0.297 (0.211–0.430) 27.394

PACSCAN cohort

  Clinicians (CXR) 63.0% (56.6–69.0) 61.4% (53.2–69.1) 65.6% (55.3–74.6) 73.5% (64.9–80.7) 52.2% (43.1–61.2) 1.783 (1.189–2.715) 0.588 (0.415–0.847) 3.031

  Radiol. (CXR) 70.9% (64.7–76.4) 67.9% (59.7–75.0) 75.6% (65.8–83.3) 81.2% (73.2–87.2) 60.2% (51.0–68.7) 2.776 (1.744–4.484) 0.425 (0.300–0.612) 6.525

  AI (CXR) 72.6% (66.5–78.0) 72.1% (64.2–78.9) 73.3% (63.4–81.4) 80.8% (73.0–86.7) 62.9% (53.3–71.5) 2.705 (1.753–4.237) 0.380 (0.259–0.565) 7.122

  CT (LDCT/full–dose) 89.6% (84.9–92.9) 87.1% (80.6–91.7) 93.3% (86.2–96.9) 95.3% (90.2–97.8) 82.4% (73.8–88.5) 13.071 (5.844–29.67) 0.138 (0.086–0.225) 94.889

Table 3  ROC-AUC and statistical comparisons of diagnostic performances (PneumOld-CT cohort)

ROC-AUC results are reported in percent along with their 95% confidence interval. Statistical comparison of two sets of predictions by area under the receiver 
operating characteristic curve using method from Sun and Xu. [reference #[31]. AI, Artificial intelligence; CT, Computed tomography; LDCT, Low-dose computed 
tomography; ROC-AUC​, Area under the receiver operating characteristic curve

Clinicians Radiologist 1 Radiologist 2 AI LDCT

ROC-AUC​ 0.577 (0.509–0.646) 0.782 (0.726–0.839) 0.726 (0.662–0.791) 0.738 (0.664–0.812) 0.820 (0.769–0.871)

Clinicians 0.577 (0.509–0.646)

Radiol. 1 0.782 (0.726–0.839) p < 0.001

Radiol. 2 0.726 (0.662–0.791) p < 0.001 p = 0.134

AI 0.738 (0.664–0.812) p < 0.001 p = 0.269 p = 0.768

LDCT 0.820 (0.769–0.871) p < 0.001 p = 0.233 p = 0.013 p = 0.065

Table 4  ROC-AUC and statistical comparisons of diagnostic performances (PACSCAN cohort)

ROC-AUC results are reported in percent along with their 95% confidence interval. Statistical comparison of two sets of predictions by area under the receiver 
operating characteristic curve using method from Sun and Xu. [reference #[31]. AI, Artificial intelligence; CT, Computed tomography; LDCT, Low-dose computed 
tomography; ROC-AUC​, Area under the receiver operating characteristic curve

Clinician Radiologist AI CT

ROC-AUC​ 0.635 (0.571–0.699) 0.717 (0.658–0.776) 0.735 (0.667–0.802) 0.919 (0.884–0.954)

Clinicians 0.635 (0.571–0.699)

Radiologist 0.717 (0.658–0.776) p = 0.022

AI 0.735 (0.667–0.802) p = 0.021 p = 0.683

CT 0.919 (0.884–0.954) p < 0.001 p < 0.001 p < 0.001
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Discussion
Our study reports that the performance of a CNN model 
compared to a robust reference diagnosis is inferior to 
that previously described when compared only to radi-
ologists’ report. This suggests that the performance of AI 
reported so far has been overestimated because of a com-
parison with an insufficiently reliable reference diagno-
sis. Our study also found that the performance of a CNN 
model in diagnosing pneumonia on CXR was similar to 
that of senior thoracic radiologists and significantly bet-
ter than that of emergency physicians. Furthermore, AI 
diagnosis on CXR was inferior to a diagnosis made by 
radiologists on CT.

Our study highlights the importance of an appropri-
ate reference diagnosis in studies evaluating the clinical 
utility of AI tools. Previous studies evaluating the perfor-
mance of AI for the diagnosis of pneumonia have used 
the radiologists’ diagnosis as a reference test. They have 
shown excellent performances, up to a ROC-AUC of 0.99 
reported in a recent meta-analysis [32]. However, the 
reference diagnosis in these studies is far from optimal. 
First, the definition of pneumonia requires both clini-
cal findings and the presence of an acute infiltrate on an 
imaging modality. Radiologist’s diagnosis does not always 
incorporate clinical data. Secondly, due to intrinsic limi-
tations of CXR, and as demonstrated by other authors, 
radiologist diagnosis has limited reproducibility [6, 10]. 
Moreover, in most of datasets, annotation methods are 
heterogenous and not specifically addressing the pneu-
monia diagnosis. Third, incorporation bias (i.e., the index 

test, here CNN interpretation of a CXR, is also a central 
part of the reference standard) is an unresolved issue.

We tried to surpass these limitations by using an expert 
consensus based on a vast array of clinical, biological, 
and radiological information, which represents the best 
achievable reference diagnosis in a clinical setting, hence 
providing a more unbiased estimate of the performance 
of AI. The corresponding ROC-AUC was relatively low, 
i.e., 0.74.

An additional feature of our study may explain the 
lower-than-expected performance of CNN: CXRs 
were obtained in real-world conditions, with associ-
ated technical challenges to obtain high-quality studies. 
This translates in approximately 60% of CXRs in both 
cohorts obtained on bedridden patients, which is rep-
resentative of the management of these patients. This 
may affect the ability of all readers to identify pneu-
monia but is more representative of the real diagnostic 
potential of CXR in this setting.

CNN and senior radiologists had close diagnostic 
performance when interpreting CXR, which was sig-
nificantly better than that of emergency physicians. 
We found some heterogeneity between radiologists 
in their accuracy, as one of the two radiologists from 
PneumOld-CT showed significantly better metrics than 
the other one. The accuracy of our CNN was similar in 
the two cohorts, suggesting good generalizability. In an 
emergency setting with limited timely access to senior 
radiologists, AI could therefore assist clinicians in the 
interpretation of CXR. However, future prospective 
studies are needed to validate this hypothesis.

Fig. 2  Three illustrative cases of chest x-ray of patients with pneumonia (a, upper row) and their relative saliency maps using gradient-weighted 
class activation mapping (b, lower row)
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The diagnostic performance of CXR consistently 
remained inferior to CT scan, regardless of the reader 
(clinicians, radiologists, or CNN). Our study thus 
confirms that CT has a significantly better DOR than 
CXR and thus may play an important role in the diag-
nostic workup of pneumonia depending on the clini-
cal situation, as previously proposed by other authors 
[5, 33, 34]. It is noteworthy that CT performance was 
better for the PACSCAN cohort. This difference may 
arise from (i) the fact that CT scans in the PACSCAN 
study could be full-dose CT and/or contrast-enhanced 
if necessary and (ii) that the patients included in the 
PACSCAN cohort were younger than those of the 
PneumOld-CT cohort. Indeed, the interpretation of 
thoracic imaging has been described to be more chal-
lenging in the elderly population [35–37].

The reference diagnosis (i.e., the “label” in AI studies) 
of the training data in our model was that given by radi-
ologists, whose limitations were raised earlier. Thus, one 
arising question is whether the AI could achieve bet-
ter performance by being trained with a better label (i.e., 
stronger reference diagnosis). However, the difficulty of 
obtaining such a training dataset with a strong reference 
diagnosis of sufficient size did not allow us to test this 
hypothesis.

Our CNN model was developed based on an open 
access CNN architecture and trained with publicly 
available data. The accessibility of our model’s develop-
ment should therefore encourage the scientific commu-
nity to continue to share the methods and data needed 
to validate AI tools on clinical cohorts. One of the 
strengths of this work is that, unlike many studies eval-
uating the performance of AI in the diagnosis of pneu-
monia on CXR, the reference diagnosis was not that of 
radiologists but adjudicated a posteriori by a panel of 
experts using all available information.

We identify several limitations to our study. First, due 
to technical issues independent of patients’ character-
istics, we were not able to reanalyze all the PACSCAN 
patients. Second, the diagnosis by CNN in our study 
was based only on frontal CXRs and did not integrate 
clinical, demographic, and biological data pertinent for 
the diagnosis of pneumonia. If used in a clinical set-
ting, a similar AI tool could be an aid to the interpre-
tation of radiological studies but should not substitute 
to the physician diagnosis. Third, we did not assess 
the impact of heart failure, pleural effusion, cavitation, 
and lung mass on the accuracy of interpretation of the 
DL model. Fourth, our algorithm did not distinguish 
between bacterial and viral pneumonia, which has an 
impact on patient management.

In conclusion, our study highlights the importance of 
a strong reference diagnosis to avoid overestimating the 

performance of AI models. When compared to a multi-
modal reference diagnosis, the accuracy of AI in diag-
nosing pneumonia on CXR was similar to that of expert 
radiologists but lower than that previously reported in 
the literature. This difference may be due to the valida-
tion of AI against the diagnosis of radiologists in pre-
vious studies, despite its limited sensitivity. Finally, 
although we found the diagnostic performance of CXR 
to be inferior to CT, regardless of reader, AI was more 
accurate than emergency physicians and may therefore 
have a role in assisting with CXR interpretation when 
an expert radiologist is not readily available.

Abbreviations
AI	� Artificial intelligence
CNN	� Convolutional neural network
CT	� Computed tomography
CXR	� Chest x-ray
DL	� Deep learning
DOR	� Diagnostic odds radio
NPV	� Negative predictive value
PACSCAN	� “Early Chest Computed Tomography Scan to Assist Diagnosis 

and Guide Treatment Decision for Suspected Community-
Acquired Pneumonia” study (NCT 01574066)

PneumOld-CT	� “Low-dose CT for the diagnosis of pneumonia in elderly 
patients” study (NCT 02467192)

PPV	� Positive predictive value
ROC-AUC​	� Area under the receiver operating characteristic curve

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s41747-​023-​00416-y.

Additional file 1: Appendix 1. Reference diagnosis.

Authors’ contributions
All authors designed the study and acquired the data. JH, NG, XM, YEC, XD, 
and VP analyzed the data. JH, NG, and VP wrote the draft of the manuscript. All 
authors approved the final version of the article.

Funding
This work has been supported by two Research and Development Grant of 
the Geneva University Hospital (PRD 7–2015-II & PRD 11–2017-II) & Ligue 
Pulmonaire Genevoise. The funder had no role in the study design, data col‑
lection and analysis, decision to publish, or preparation of the manuscript.

Availability of data and materials
The datasets used during the current study are available from the correspond‑
ing author on reasonable request. The deep learning model developed in this 
study is available here: https://​github.​com/​jerem​yhofm​eister/​pneum​oniaC​XR.

Declarations

Ethics approval and consent to participate
The two clinical studies analyzed in this article were approved by the com‑
petent authorities in Switzerland (CER 14–250) and France (ANSM and the 
Institutional Review Board for the Protection of Human Subjects, Paris No. 
2011-oct-12749).

Consent for publication
Not applicable.

https://doi.org/10.1186/s41747-023-00416-y
https://doi.org/10.1186/s41747-023-00416-y
https://github.com/jeremyhofmeister/pneumoniaCXR


Page 9 of 10Hofmeister et al. European Radiology Experimental            (2024) 8:20 	

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Diagnostics, Geneva University Hospitals, Geneva, Swit‑
zerland. 2 Division of Internal Medicine, Riviera Chablais Hospital, Rennaz, 
Switzerland. 3 Department of Medicine, Geneva University Hospitals, Geneva, 
Switzerland. 4 Department of Radiology, APHP, Hôpital Bichat, University Paris 
Cité, Inserm UMR1152, Paris, France. 5 Department of Emergency Medicine, 
Centre Hospitalier Princesse Grace, La Colle, Principality of Monaco, Monaco. 
6 Department of Epidemiology and Clinical ResearchInserm CIC 1425UMR 
1138, APHP, Hôpital BichatUniversity Paris CitéIAME, Paris, France. 7 Depart‑
ment of Rehabilitation and Geriatrics, Geneva University Hospitals, Geneva, 
Switzerland. 8 Division of Infectious Disease, Geneva University Hospital, 4 Rue 
Gabrielle Perret‑Gentil, 1211 Geneva 14, Switzerland. 

Received: 24 July 2023   Accepted: 28 November 2023

References
	1.	 Troeger C, Forouzanfar M, Rao PC et al (2017) Estimates of the global, 

regional, and national morbidity, mortality, and aetiologies of lower 
respiratory tract infections in 195 countries: a systematic analysis for the 
Global Burden of Disease Study 2015. Lancet Infect Dis 17:1133–1161. 
https://​doi.​org/​10.​1016/​S1473-​3099(17)​30396-1

	2.	 Torres A, Cilloniz C, Niederman MS, et al (2021) Pneumonia. Nat Rev Dis 
Primers 2021 7:1 7:1–28. https://​doi.​org/​10.​1038/​s41572-​021-​00259-0

	3.	 Torres A, Niederman MS, Chastre J et al (2017) International ERS/ESICM/
ESCMID/ALAT guidelines for the management of hospital-acquired pneu‑
monia and ventilator-associated pneumonia. Eur Respir J 50:1700582. 
https://​doi.​org/​10.​1038/​s41572-​021-​00259-0

	4.	 Woodhead M, Blasi F, Ewig S et al (2011) Guidelines for the management 
of adult lower respiratory tract infections - full version. Clin Microbiol 
Infect 17:E1–E59. https://​doi.​org/​10.​1111/J.​1469-​0691.​2011.​03672.X

	5.	 Haga T, Fukuoka M, Morita M et al (2016) Computed tomography for the 
diagnosis and evaluation of the severity of community-acquired pneu‑
monia in the elderly. Intern Med 55:437–441. https://​doi.​org/​10.​2169/​
INTER​NALME​DICINE.​55.​5556

	6.	 Loeb MB, Carusone SBC, Marrie TJ et al (2006) Interobserver reliability 
of radiologists’ interpretations of mobile chest radiographs for nursing 
home-acquired pneumonia. J Am Med Dir Assoc 7:416–419. https://​doi.​
org/​10.​1016/j.​jamda.​2006.​02.​004

	7.	 Albaum MN, Hill LC, Murphy M et al (1996) Interobserver reliability of the 
chest radiograph in community-acquired pneumonia. Chest 110:343–
350. https://​doi.​org/​10.​1378/​chest.​110.2.​343

	8.	 Young M, Marrie TJ (1994) Interobserver variability in the interpretation of 
chest roentgenograms of patients with possible pneumonia. Arch Intern 
Med 154:2729–2732. https://​doi.​org/​10.​1001/​archi​nte.​1994.​00420​23012​
2014

	9.	 Melbye H, Dale K (1992) Interobserver variability in the radiographic 
diagnosis of adult outpatient pneumonia. Acta Radiol 33:79–81. https://​
doi.​org/​10.​1177/​02841​85192​03300​117

	10.	 Hopstaken RM, Witbraad T, van Engelshoven JMA, Dinant GJ (2004) 
Inter-observer variation in the interpretation of chest radiographs for 
pneumonia in community-acquired lower respiratory tract infections. 
Clin Radiol 59:743–752. https://​doi.​org/​10.​1016/j.​crad.​2004.​01.​011

	11.	 Do HM, Spear LG, Nikpanah M et al (2020) Augmented radiologist 
workflow improves report value and saves time: a potential model for 
implementation of artificial intelligence. Acad Radiol 27:96–105. https://​
doi.​org/​10.​1016/J.​ACRA.​2019.​09.​014

	12.	 Wu JT, Wong KCL, Gur Y et al (2020) Comparison of chest radiograph 
interpretations by artificial intelligence algorithm vs radiology residents. 
JAMA Netw Open 3:e2022779–e2022779. https://​doi.​org/​10.​1001/​JAMAN​
ETWOR​KOPEN.​2020.​22779

	13.	 Tan M, Le Q V (2019) EfficientNet: rethinking model scaling for convolu‑
tional neural networks. Arxiv 6105–6114. https://​doi.​org/​10.​48550/​arXiv.​
1905.​11946

	14.	 Majkowska A, Mittal S, Steiner DF et al (2020) Chest radiograph interpre‑
tation with deep learning models: assessment with radiologist-adjudi‑
cated reference standards and population-adjusted evaluation. Radiology 
294:421–431. https://​doi.​org/​10.​1148/​RADIOL.​20191​91293

	15.	 Nam JG, Kim M, Park J, et al (2021) Development and validation of a 
deep learning algorithm detecting 10 common abnormalities on chest 
radiographs. European Respiratory Journal 57:. https://​doi.​org/​10.​1183/​
13993​003.​03061-​2020

	16.	 Ahn JS, Ebrahimian S, McDermott S et al (2022) Association of artificial 
intelligence–aided chest radiograph interpretation with reader perfor‑
mance and efficiency. JAMA Netw Open 5:e2229289–e2229289. https://​
doi.​org/​10.​1001/​JAMAN​ETWOR​KOPEN.​2022.​29289

	17.	 Seah JCY, Tang CHM, Buchlak QD et al (2021) Effect of a comprehensive 
deep-learning model on the accuracy of chest x-ray interpretation by 
radiologists: a retrospective, multireader multicase study. Lancet Digit 
Health 3:e496–e506. https://​doi.​org/​10.​1016/​S2589-​7500(21)​00106-0

	18.	 Stephen O, Sain M, Maduh UJ, Jeong DU (2019) An efficient deep learn‑
ing approach to pneumonia classification in healthcare. J Healthc Eng 
2019:. https://​doi.​org/​10.​1155/​2019/​41809​49

	19.	 Mongan J, Moy L, Kahn CE (2020) Checklist for artificial intelligence in 
medical imaging (CLAIM): a guide for authors and reviewers. Radiol 
Artif Intell 2:e200029. https://​doi.​org/​10.​1148/​RYAI.​20202​00029/​ASSET/​
IMAGES/​LARGE/​RYAI.​20202​00029.​TBL1.​JPEG

	20.	 Irvin J, Rajpurkar P, Ko M et al (2019) CheXpert: a large chest radiograph 
dataset with uncertainty labels and expert comparison. Proc AAAI Conf 
Artif Intell 33:590–597. https://​doi.​org/​10.​1609/​aaai.​v33i01.​33015​90

	21.	 Johnson AEW, Pollard TJ, Berkowitz SJ, et al (2019) MIMIC-CXR, a 
de-identified publicly available database of chest radiographs with 
free-text reports. Sci Data 2019 6:1 6:1–8. https://​doi.​org/​10.​1038/​
s41597-​019-​0322-0

	22.	 Wang X, Peng Y, Lu L, et al (2019) ChestX-ray: Hospital-scale chest X-ray 
database and benchmarks on weakly supervised classification and locali‑
zation of common thorax diseases. Adv Comput Vision Pattern Recogni‑
tion 369–392. https://​doi.​org/​10.​1007/​978-3-​030-​13969-8_​18/​COVER

	23.	 Wang X, Peng Y, Lu L, et al (2017) ChestX-ray8: hospital-scale chest X-ray 
database and benchmarks on weakly-supervised classification and locali‑
zation of common thorax diseases. Proceedings - 30th IEEE Conference 
on Computer Vision and Pattern Recognition, CVPR 2017 2017-Janu‑
ary:3462–3471. https://​doi.​org/​10.​1109/​CVPR.​2017.​369

	24.	 Rajpurkar P, Irvin J, Ball RL et al (2018) Deep learning for chest radiograph 
diagnosis: a retrospective comparison of the CheXNeXt algorithm to 
practicing radiologists. PLoS Med 15:e1002686. https://​doi.​org/​10.​1371/​
JOURN​AL.​PMED.​10026​86

	25.	 Kingma DP, Ba JL (2014) Adam: a method for stochastic optimization. 3rd 
International conference on learning representations, ICLR 2015 - confer‑
ence track proceedings. https://​doi.​org/​10.​48550/​arxiv.​1412.​6980

	26.	 Prendki V, Scheffler M, Huttner B et al (2018) Low-dose computed tomog‑
raphy for the diagnosis of pneumonia in elderly patients: a prospective, 
interventional cohort study. Eur Respir J 51:1702375. https://​doi.​org/​10.​
1183/​13993​003.​02375-​2017

	27.	 Claessens YE, Debray MP, Tubach F et al (2015) Early chest computed 
tomography scan to assist diagnosis and guide treatment decision for 
suspected community-acquired pneumonia. Am J Respir Crit Care Med 
192:974–982. https://​doi.​org/​10.​1164/​rccm.​201501-​0017OC

	28.	 Metlay JP, Waterer GW, Long AC et al (2019) Diagnosis and treatment of 
adults with community-acquired pneumonia. Am J Respir Crit Care Med 
200:E45–E67. https://​doi.​org/​10.​1164/​rccm.​201908-​1581ST

	29.	 Wilson EB (1927) Probable inference, the law of succession, and statistical 
inference. J Am Stat Assoc 22:209. https://​doi.​org/​10.​2307/​22767​74

	30.	 Altman D, Machin D, Bryant T, Gardner M (2000) Statistics with confi‑
dence. Confidence intervals and statistical guidelines, 2nd edition

	31.	 Sun X, Xu W (2014) Fast implementation of DeLong’s algorithm for 
comparing the areas under correlated receiver operating characteristic 
curves. IEEE Signal Process Lett 21:1389–1393. https://​doi.​org/​10.​1109/​
LSP.​2014.​23373​13

	32.	 Li Y, Zhang Z, Dai C et al (2020) Accuracy of deep learning for automated 
detection of pneumonia using chest x-ray images: a systematic review 
and meta-analysis. Comput Biol Med 123:103898. https://​doi.​org/​10.​
1016/J.​COMPB​IOMED.​2020.​103898

	33.	 Self WH, Courtney DM, McNaughton CD et al (2013) High discordance 
of chest x-ray and computed tomography for detection of pulmonary 

https://doi.org/10.1016/S1473-3099(17)30396-1
https://doi.org/10.1038/s41572-021-00259-0
https://doi.org/10.1038/s41572-021-00259-0
https://doi.org/10.1111/J.1469-0691.2011.03672.X
https://doi.org/10.2169/INTERNALMEDICINE.55.5556
https://doi.org/10.2169/INTERNALMEDICINE.55.5556
https://doi.org/10.1016/j.jamda.2006.02.004
https://doi.org/10.1016/j.jamda.2006.02.004
https://doi.org/10.1378/chest.110.2.343
https://doi.org/10.1001/archinte.1994.00420230122014
https://doi.org/10.1001/archinte.1994.00420230122014
https://doi.org/10.1177/028418519203300117
https://doi.org/10.1177/028418519203300117
https://doi.org/10.1016/j.crad.2004.01.011
https://doi.org/10.1016/J.ACRA.2019.09.014
https://doi.org/10.1016/J.ACRA.2019.09.014
https://doi.org/10.1001/JAMANETWORKOPEN.2020.22779
https://doi.org/10.1001/JAMANETWORKOPEN.2020.22779
https://doi.org/10.48550/arXiv.1905.11946
https://doi.org/10.48550/arXiv.1905.11946
https://doi.org/10.1148/RADIOL.2019191293
https://doi.org/10.1183/13993003.03061-2020
https://doi.org/10.1183/13993003.03061-2020
https://doi.org/10.1001/JAMANETWORKOPEN.2022.29289
https://doi.org/10.1001/JAMANETWORKOPEN.2022.29289
https://doi.org/10.1016/S2589-7500(21)00106-0
https://doi.org/10.1155/2019/4180949
https://doi.org/10.1148/RYAI.2020200029/ASSET/IMAGES/LARGE/RYAI.2020200029.TBL1.JPEG
https://doi.org/10.1148/RYAI.2020200029/ASSET/IMAGES/LARGE/RYAI.2020200029.TBL1.JPEG
https://doi.org/10.1609/aaai.v33i01.3301590
https://doi.org/10.1038/s41597-019-0322-0
https://doi.org/10.1038/s41597-019-0322-0
https://doi.org/10.1007/978-3-030-13969-8_18/COVER
https://doi.org/10.1109/CVPR.2017.369
https://doi.org/10.1371/JOURNAL.PMED.1002686
https://doi.org/10.1371/JOURNAL.PMED.1002686
https://doi.org/10.48550/arxiv.1412.6980
https://doi.org/10.1183/13993003.02375-2017
https://doi.org/10.1183/13993003.02375-2017
https://doi.org/10.1164/rccm.201501-0017OC
https://doi.org/10.1164/rccm.201908-1581ST
https://doi.org/10.2307/2276774
https://doi.org/10.1109/LSP.2014.2337313
https://doi.org/10.1109/LSP.2014.2337313
https://doi.org/10.1016/J.COMPBIOMED.2020.103898
https://doi.org/10.1016/J.COMPBIOMED.2020.103898


Page 10 of 10Hofmeister et al. European Radiology Experimental            (2024) 8:20 

opacities in ED patients: implications for diagnosing pneumonia. Am J 
Emerg Med 31:401–405. https://​doi.​org/​10.​1016/j.​ajem.​2012.​08.​041

	34.	 Syrjälä H, Broas M, Suramo I et al (1998) High-resolution computed 
tomography for the diagnosis of community- acquired pneumonia. Clin 
Infect Dis 27:358–363. https://​doi.​org/​10.​1086/​514675

	35.	 Black AD (2016) Noninfectious mimics of community-acquired pneumo‑
nia. Pneumonia 8:14–45. https://​doi.​org/​10.​1186/​s41479-​016-​0002-1

	36.	 Aliberti S, Brambilla AM, Chalmers JD et al (2014) Phenotyping commu‑
nity-acquired pneumonia according to the presence of acute respiratory 
failure and severe sepsis. Respir Res 15:1–10. https://​doi.​org/​10.​1186/​
1465-​9921-​15-​27/​FIGUR​ES/4

	37.	 Janssens JP, Krause KH (2004) Pneumonia in the very old. Lancet Infect 
Dis 4:112–124

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1016/j.ajem.2012.08.041
https://doi.org/10.1086/514675
https://doi.org/10.1186/s41479-016-0002-1
https://doi.org/10.1186/1465-9921-15-27/FIGURES/4
https://doi.org/10.1186/1465-9921-15-27/FIGURES/4

	Validating the accuracy of deep learning for the diagnosis of pneumonia on chest x-ray against a robust multimodal reference diagnosis: a post hoc analysis of two prospective studies
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 
	Relevance statement 
	Trial registration 
	Key point 

	Background
	Methods
	Training cohort
	CNN model training
	External validation cohorts
	Reference diagnosis
	Prediction of pneumonia by the CNN
	Performance comparison between readers and imaging modalities

	Results
	Discussion
	References


