
Post-deployment performance of a deep learning algorithm for normal and 
abnormal chest X-ray classification: A study at visa screening centers in the 
United Arab Emirates

Amina Abdelqadir Mohamed AlJasmi a, Hatem Ghonim b, Mohyi Eldin Fahmy b,  
Aswathy Nair c,*, Shamie Kumar c, Dennis Robert c, Afrah Abdikarim Mohamed a, Hany Abdou b,  
Anumeha Srivastava c, Bhargava Reddy c

a Emirates Health Services, DSO Digital Park Building A8, Dubai Silicon Oasis, Dubai, UAE
b Unison Capital Investment LLC, Park Heights Square, Dubai Hills Estate, UAE
c Qure.ai Technologies Pvt Ltd, Prestige Summit, 6, St Johns Rd, Halasuru, Bengaluru, India

A R T I C L E  I N F O

Keywords:
Chest radiograph
Abnormality
Visa screening
Artificial intelligence
Workflow
Agreement

A B S T R A C T

Background: Chest radiographs (CXRs) are widely used to screen for infectious diseases like tuberculosis and 
COVID-19 among migrants. At such high-volume settings, manual CXR reporting is challenging and integrating 
artificial intelligence (AI) algorithms into the workflow help to rule out normal findings in minutes, allowing 
radiologists to focus on abnormal cases.
Methods: In this post-deployment study, all the CXRs acquired during the visa screening process across 33 centers 
in United Arab Emirates from January 2021 to June 2022 (18 months) were included. The qXR v2.1 chest X-ray 
interpretation software was used to classify the scans into normal and abnormal, and its agreement against 
radiologist was evaluated. Additionally, a digital survey was conducted among 20 healthcare professionals with 
prior AI experience to understand real-world implementation challenges and impact.
Results: The analysis of 1309,443 CXRs from 1309,431 patients (median age: 35 years; IQR [29–42]; 1030,071 
males [78.7 %]) in this study revealed a Negative Predictive Value (NPV) of 99.92 % (95 % CI: 99.92, 99.93), 
Positive Predictive Value (PPV) of 5.06 % (95 % CI: 4.99, 5.13) and overall percent agreement of the AI with 
radiologists of 72.90 % (95 % CI: 72.82, 72.98). In the survey, majority (88.2 %) of the radiologists agreed to 
turnaround time reduction after AI integration, while 82 % suggested that the AI improved their diagnostic 
accuracy.
Discussion: In contrast with the existing studies, this research uses a substantially large data. A high NPV and 
satisfactory agreement with human readers indicate that AI can reliably identify normal CXRs, making it suitable 
for routine applications.

1. Introduction

In countries with high immigration rates and low incidence of pul-
monary diseases such as tuberculosis, immigrants are screened either 
before departure, upon arrival, or post-departure [1]. Holding the fifth 
position in international migrant population, the United Arab Emirates 
(UAE) has 7.8 million migrants out of a total population of 9.2 million as 
per United Nations’ estimates of 2013 [2], in UAE, the medical visa 
screening of expatriates and migrants above 18 years of age is a 
mandatory process, regulated by comprehensive guidelines for 

screening and confirming the presence or absence of targeted infectious 
diseases [3]. Chest radiography, as a primary and pre-dominant 
screening tool, plays an integral part in the visa screening process, sys-
tematically detecting thoracic abnormalities such as tuberculosis, 
COVID-19 and other abnormalities among migrants. The substantial 
number of CXRs generated every month in such settings presents a sig-
nificant challenge for radiologists to report on time amidst subjective 
variability in interpretations [4,5].

With over 80 % of health systems reporting radiology department 
shortages and projections indicating persistent staff shortfalls and 
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ageing radiologists over the next decade, addressing these challenges 
and burnout is crucial. According to the Association of American Med-
ical Colleges’ analysis, the deficit of radiologists and other specialists 
could exceed 35,000 by 2034 [6]. In Dubai, the healthcare service uti-
lization is influenced by the epidemiological profile, leading to dispar-
ities between demand and supply. This underscores the necessity for 
more efficient infrastructure utilization and expert availability [7]. UAE 
radiographers also emphasize on the importance of training and stan-
dard guidelines to expand their roles beyond image acquisition, poten-
tially mitigating staff shortage challenges [8,9].

The unreported scans lead to delayed or missed diagnoses, adversely 
impacting patient care, further leading to outsource and insource re-
quirements to cope with growing demands. Manual interpretation of 
high-volume CXRs is also a labour-intensive process directing the radi-
ologists toward decision fatigue, missed or incorrect diagnosis and 
delayed reports for patients. However, precisely stratifying CXRs that 
appear ’normal’ or without any abnormality is critical, to prevent 
missing or overlooking any notable finding. Consequently, radiologists 
end up spending a considerable amount of time in evaluating and ruling 
out the 90 % normal CXRs available in abundance with no evident pa-
thologies, limiting their time and focus to assess complex abnormalities 
in 10 % of suspected or abnormal cases [10–12].

To mitigate these challenges of burnout, workload, potential medical 
errors and delays in reporting, the integration of AI-based computer 
aided design tools into such intricate workflows can aid in segregating 
normal CXRs with minimal false negatives. AI is also increasingly fav-
oured due to its capability to manage large volumes of images or data-
sets and analyse a vast number of investigations daily. Recent 
advancements in the application of deep learning to the interpretation of 
medical images also target to improve the efficiency and quality of 
radiological interpretation in routine clinical settings [13]. The process 
of analysing high-volume CXRs through AI models in clinical routine 
would assist in reducing processing time, standardizing the reporting 
workflow, identifying abnormalities with minimal diagnostic errors, 
prioritizing patients in emergency settings, etc. [14].

Furthermore, significant advancements of AI-powered diagnostic 
radiology have happened in the field of tuberculosis (TB) detection, with 
AI assisting the interpretation of chest X-rays. In high-volume settings 
with limited resources and identifying incidental cases of infectious 
diseases, AI-powered computer-aided detection (CAD) tools have 
demonstrated its potential in screening and triage [15]. Recognizing AI’s 
potential in TB screening and triage, the World Health Organization 
(WHO) has approved AI-based computer-aided detection (CAD) for in-
dividuals aged 15 or older and their use as an alternative to human 
interpretation of chest X-rays [16,17]. In low-incidence countries like 
Oman, policy changes by Minister of Health have enabled the screening 
of expatriates and immigrants for communicable diseases like TB 
mandatory. With the change from symptom based to radiological 
screening since 2018, designing operational studies can further assess 
the yield for future planning [18]. Deep learning algorithm have also 
shown potential in detecting and classifying cancer growths from radi-
ology images [19–21].

Diagnostic accuracy of the AI software used in this study for classi-
fying normal versus abnormal has been previously studied and reported. 
With a sensitivity of 96 % and specificity of 100 %, AI have identified all 
missed and mis-labelled findings in CXRs reducing errors among radi-
ologist [22]. One study has reported the sensitivity of qXR in finding 
abnormal CXRs is about 997 % and specificity of about 67.4 % [13]. 
Another study reported the sensitivity and specificity of qXR in finding 
abnormal CXRs to be 96.88 % and 75.55 % respectively [23]. Both 
studies reported a high NPV of >99 % too. Both studies used a panel of 
expert radiologists to establish ground truth. However, these studies 
were limited by relatively small sample size of < 1000 CXRs and were 
done in controlled atmosphere of a research study evaluation thereby 
raising questions on real-world performance of AI. These studies also 
utilized CXRs from patients presenting to hospital for one or more 

reasons. However, this study is not designed to be a controlled validation 
study and hence have utilized a large number of consecutive CXRs in a 
VISA screening setting which is substantially different from the study 
populations studied earlier.

The primary objective of this multi-centre retrospective study is to 
assess the agreement of AI (qXR version 2.1) in classifying normal versus 
abnormal CXRs with reporting radiologists. Further, digital survey as-
sessments of clinical and technical users provide insights into the 
perceived implementation challenges and benefits of integrating AI into 
clinical workflows.

2. Methods

2.1. Device description

Developed by Qure.ai, a Software as a Medical Device organization, 
qXR version 2.1 is an AI computer-aided detection (CAD) device inten-
ded for detecting presence or absence of various radiological abnor-
malities in CXRs. It consists of multiple deep-learning algorithms for 
multiple radiological abnormalities and was trained on a dataset of over 
2 million CXR images using expert radiologist labels for supervised 
classification task [24]. qXR is CE marked for classifying CXRs into 
normal and abnormal ones which was the focus of this study. A 
description of the algorithm development has been previously reported 
and the same article also reported a high 
area-under-the-receiver-operating-characteristics-curve (AUC) of 0.92 
(CI 0.91–0.94) for detection of abnormal CXRs [25]. The AI software 
classifies the CXRs into normal when no radiological abnormalities are 
detected in the CXR and abnormal if abnormalities (e.g. lung nodule, 
blunted costophrenic angle, cardiomegaly, cavity, consolidation, 
fibrosis, hilar enlargement, opacities, pleural effusion, pneumothorax, 
radiological signs of tuberculosis, rib fracture) are detected. In this 
study, we focused on the normal versus abnormal classification feature 
of qXR.

2.2. Study design

For agreement analysis: This is a retrospective multicentre post- 
deployment study in which all the consecutive frontal (PA/AP) CXRs 
between January 2021 and June 2022 (18 months) acquired from pa-
tients aged 18 years or older as a part of the visa screening process from 
33 centres in UAE were considered for analysis. All the CXRs with pa-
tient demographics like age and gender, quarter or year of X-ray 
acquisition, and normal versus abnormal classification by AI and radi-
ologist were obtained for analysis. Any CXRs with a non-available AI 
result and CXRs where the radiologist suggested a repeat CXR due to lack 
of image quality were excluded from analysis.

For survey analysis: The digital survey based on forms were elec-
tronically sent to the radiologists and IT professionals working in the 
study sites. The survey questionnaire included 20 questions (S1 sup-
plementary), and the corresponding responses were collected between 
14th and 29th of February 2024. The email responses from 17 radiolo-
gists and 3 health professionals (PACS/ IT managers) who had prior 
experience in using the AI software were collected for analysis post 
receiving their consent, all within a period of 1-month.

2.3. Dataset

The retrospectively collected CXR dataset included variables like 
anonymous patient identifier, AI and radiologist interpretation as 
normal or abnormal), age of the subject at the time of CXR acquisition in 
years, gender of the subject, and quarter of the year (e.g.: 2022 Q1) in 
which the CXR was done. Definitions of classification metrics for eval-
uating the performance of AI models are shown in Table 1. All the data 
collected as per the pre-defined criteria during the course of this study 
was stripped of any patient identifying information in compliance with 
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HIPAA and GDPR guidelines.

2.4. Statistical analysis

For a normal versus abnormal classification, the NPV (normal pre-
dictive correlation), PPV (abnormal predictive correlation), positive 
percent agreement (PPA), and negative percent agreement (NPA), are 
reported along with their 95 % confidence interval (95 % CI) con-
structed using the exact binomial method. We used PPA and NPA instead 
of sensitivity and specificity guided by recommendations from the 
Federal Drug Agency (FDA) for computer-aided detection (CAD) eval-
uations using non-reference standards [26]. Statistically speaking, PPA 
and NPA are similar in mathematical forms to sensitivity and specificity, 
respectively. Like sensitivity, positive percent agreement indicates the 
proportion of true positives (considered positive by both AI and radi-
ologist) to the total number of CXRs confirmed as positive, i.e., abnormal 
by radiologist (this includes the true positives and false negatives). 
Similarly, like specificity, negative percent agreement indicates the 
proportion of true negatives (considered negative by both AI and radi-
ologist) to the total number of CXRs confirmed as negative, i.e., normal 
by radiologist (this includes the true negatives and false positives).

The calculations of these four metrics are shown below. 

NPV =
TN

TN + FN 

PPA =
TP

TP + FN 

NPA =
TN

TN + FP 

PPV =
TP

TP + FP 

Subgroup analysis stratified by gender, age group, and time period 
(quarter) are also reported. Agreement statistics quantifying the overall 
percentage agreement (PA) along with 95 % CI are also reported.

2.5. Deployment at site

With 33 radiology centres among 136 facilities in the UAE, the site 
faces the operational challenges of processing millions of CXRs involving 
timely detection and reporting of abnormalities for making prompt 
clinical decisions, ensuring an efficient visa process. Balancing the 
workload of radiologists and healthcare professionals also enhances 
clinical and administrative productivity, leading to faster decisions and 
improved healthcare quality. To tackle these issues, the team of radi-
ologists from the site opts for the central deployment of an evidence- 
based, data-driven, chest X-ray interpretation software across their 33 
visa screening centres from January 2021 to streamline the visa 
screening processes with minimal clinical and operational risks. AI 
classify all the CXRs into normal and abnormal (include flagging of cases 
with tuberculosis and COVID among immigrants) within minutes. 
Further investigation on the reported flags and discordant cases are 
carried out by the radiologists.

3. Results

3.1. Diagnostic accuracy estimation

Based on the Standards for Reporting of Diagnostic Accuracy 
(STARD) guidelines, the data flow diagram showing the selection pro-
cess of CXRs are represented in Figure After excluding 706 CXRs with 
low image quality and 93,370 without AI processed outputs, a total of 
1309,443 CXRs from 1309,431 patients (median age: 35 years; IQR 
[29–42]; 1030,071 males [78.7 %]) were included in the analysis. The 
baseline characteristics of the selected 1309,443 CXRs with respect of 
age, gender, and time period of CXR acquisition quarter wise are shown 
in Table 2. The contingency table (Table 3) shows the samples of TP, TN, 
FP, and FN used for analysis from the selected dataset as per the defined 
test criteria against reference standard.

The analysis of 1309,443 CXRs in this study revealed a NPV of 
99.92 % (95 % CI: 99.92, 99.93) and a PPV of 5.06 % (95 % CI: 4.99, 
5.13). The point estimates and 95 % CI of NPV, PPA, NPA, and PPV are 
shown in Table 4. As a comparison, a hypothetical naïve classifier 
classifying all CXRs as normal would have attained an NPV of 98.50 % 
due to high observed prevalence of about normal CXRs in the sample. 
This means that the margin of improvement for any other classifier 
models is 1.5 % suggesting that AI crossed 94.67 % (1.42 % marginal 
increase observed using the AI software in this study) of that margin. 
The overall percent agreement between the AI and reporting radiologist 
was found to be 72.90 % (95 % CI: 72.82, 72.98).

Sub-group analysis based on age and gender is presented in Table 5, 
while Fig. 2 illustrates the correlation of the increasing trend in NPV 
values following the threshold adjustments made in 2021 Q2 for the 
classification of normal versus abnormal cases. NPV was found to be 
comparable in males 99.92 (95 % CI: 99.92–99.93) and females 99.91 
(95 % CI: 99.90–99.92) while a slightly lower NPV was observed in the 
participants aged > 65 years (NPV: 99.70, 95 % CI: 99.45–99.86) 
compared to younger participants aged 18–35 years (NPV: 99.94, 95 % 
CI:99.93–99.94).

Table 1 
Basic classification metrics and its definition for statistical estimation of model 
performance.

Metric Definition

True Positive (TP) Both AI and radiologist classified a CXR as abnormal.
True Negative 
(TN)

Both AI and radiologist classified a CXR as normal.

False Positive 
(FP)

AI classified a CXR as abnormal, but the radiologist deemed it as 
normal.

False Negative 
(FN)

AI classified a CXR as normal, but the radiologist deemed it as 
abnormal.

Table 2 
Baseline demographic characteristics of the CXR data included in the analysis. 
*Nine out of the 1309,431 patients were having age more than 100 years. The 
possibility of a data entry issue can not be ruled out. We did not exclude these 
patients because this group constituted only a very miniscule proportion and the 
CXRs from these patients were all valid CXRs.

Age
Metric Value
N 1309,431
Mean 3613
Median 35.00
Inter-quartile range 29.00 – 42.00
Minimum 18.00
Maximum* 134.00
Standard Deviation 9.91
Age Group
Group N (%)
18 – 35 691540 (52.81 %)
36 – 65 608252 (46.45 %)
> 65 9639 (0.74 %)
Gender
Group N (%)
Male 1030,071 (78.66 %)
Female 279360 (21.34 %)
Number of CXRs by Quarter (Total N ¼ 1309,443)
Group N (%)
2021 Q1 212071 (16.19 %)
2021 Q2 234537 (17.91 %)
2021 Q3 197305 (15.07 %)
2021 Q4 195310 (14.91 %)
2022 Q1 276206 (21.09 %)
2022 Q2 194014 (14.83 %)
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3.2. Survey analysis

The digital survey was planned to understand the real-life challenges 
and benefits of the deployed AI software from its actual users and the 
questionnaire (S1 supplementary) covers the aspects of trust factor, 
apprehensions, awareness, and opinions related to the evolving use of AI 
used in radiology and its adoption within the clinical workflow. The 
distribution of survey participants is shown in Fig. 3 and out of the 17 
radiologists participated in the survey, 14 (82.3 %) routinely report 
CXRs for visa screening investigations and though the remaining 3 PACS 
or IT Managers do not report CXRs, they do validate the images on 
arrival. Approximately 65 % of the respondents have experience in 
using AI before, leaving out 35 % with no prior experience. Further, 16 
(80 %) suggested they had to put in minimal effort to implement the AI 
technology at work and 17 (85 %) did have a good understanding of this 
technology they use and know how it works.

In the survey, the responses from participated radiologists toward 
the different questions were measured in Likert scale (Fig. 4) and 71 % 

of them were familiar and at ease to use AI in their practice, with ma-
jority acknowledging its use positively. 82 % of radiologists also agreed 
that the AI aiding the CXR interpretation improved their diagnostic 
accuracy, reducing the likelihood of missed diagnoses. 88.2 % of them 
suggested that there is a reduction in turnaround time after adopting AI 
into the workflow with a positive impact and no disagreement was re-
ported among radiologists in AI assisting routine CXR interpretation. 
Based on their previous experience in using AI, 70.5 % positively 
acknowledged that their reporting times are faster when compared to 
manual analysis, while 29.4 % remained unbiased in their opinion. 
Other suggestions for improvement provided by the radiologists are 
shown in Fig. 5.

About 29.4 % of participating radiologists also consider it realistic 
that AI software could eventually automate certain aspects of their role, 
such as routine checks of the Preventative Medicine Department, 
generating directed reports for normal radiographs, and serving as an 
adjuvant tool. While 41.1 % hold the opposite view on the same, the 
remaining 29.4 % expressed their responses in a neutral way. Among the 
perceived benefits of AI in the clinical process or radiologist workflow, 
majority (53 %) of the radiologists suggested reduced reporting time, 
followed by workload reduction, improved sensitivity and productivity, 
and workflow enhancement. While 24 % of radiologists had neutral 
opinions on the AI performance in diagnostic workflows, positive sug-
gestions for AI integration included its use for classifying and seg-
menting lesions, assisting in routine screening, detecting X-ray fractures, 
and more. The need for more AI accuracy studies in real-world settings 
was also highlighted. The radiologists also suggested the general need 
for improvement in areas of lesion detection, customization required as 
per area/ region of interest, regular update of variable normal appear-
ances, etc. 24 % of the radiologists also raised concerns related to AI in 
terms of overreading, low accuracy, over-reliance, and flagging insig-
nificant things. The PACS/IT managers also highlighted the use of AI in 
routine CXR applications to reduce the workload of the radiologists and 
improve their reporting time and overall productivity.

4. Discussion

In our study, we observed a high NPV of AI (99.92 %, 95 % CI: 99.92, 
99.93) indicating that the algorithm can accurately classify the normal 
CXRs with minimal false negative rate. It can be argued that false 
negative (wrongly flagging an abnormal CXR as normal) result is more 
harmful than false positive result, especially in the context of a hypo-
thetical auto normal reporting scenario because in such a scenario a false 
positive CXR will still be reviewed a radiologist. In this context, a high 
NPV is desired because it indicates high confidence that a CXR classified 
as normal by AI is truly normal. The observed PPV of 5.06 % (95 % CI: 
4.99–5.13) is apparently low and the low prevalence of radiologist- 
deemed abnormal CXRs could have contributed to this. Both NPV and 
PPV are dependent not only on the device accuracy, but also on the 
prevalence of the target condition. The observed PPA (96.52, 95 % CI: 
96.22–96.80) and NPA (71.83, 95 % CI: 71.74–71.92) suggests that AI 
has very good agreement with radiologists for abnormal CXRs and 
moderate agreement with radiologists for normal CXRs. The relatively 
lower NPA may be due to AI flagging even non-clinically relevant 
findings such as old rib fractures, small and long-standing lung nodules, 
etc [23]. Post-deployment measures taken to improve the NPV through 
threshold adjustments are necessary for optimising the performance of 
AI. The increasing NPV trend following the threshold adjustments made 
in 2021 Q2 for the classification of normal versus abnormal cases further 
supports it.

The need for automated interpretation of normal CXRs to reduce the 
radiologist workload is clear and AI system has reported abnormalities 
from 28 % of normal CXRs with 99 % sensitivity [27]. In 
health-screening settings, AI triage can efficiently identify normal CXRs, 
reducing the workload of radiologist by 40 % and improving reader 
specificity [28]. AI has also demonstrated consistently high performance 

Table 3 
Contingency table showing true positive (TP), false positive (FP), false negative 
(FN) and true negative (TN) numbers of AI in comparison to reporting radiol-
ogist for normal versus abnormal classification of CXRs.

Rad Abnormal Rad Normal Total

AI Abnormal 18,865 (TP) 354,100 (FP) 372,965
AI Normal 737 (FN) 935,741 (TN) 936,478
Total 19,602 1289,841 1309,443

Table 4 
Overall results showing NPV, PPA, NPA and PPV point estimates and 95 % 
confidence intervals.

Metric Point Estimate Lower 95 % CI Limit Upper 95 % CI Limit

NPV 99.92 99.92 99.93
PPA 96.24 95.96 96.50
NPA 72.55 72.47 72.62
PPV 5.06 4.99 5.13

Table 5 
Diagnostic accuracy estimates stratified by the sub-groups like age, gender, and 
quarter of CXR data acquisition.

Age 
Group

NPV (95 % CI) PPA (95 % CI) NPA (95 % CI) PPV (95 % 
CI)

18–35 99.94 
(99.93–99.94)

95.58 
(95.09–96.04)

78.13 
(78.03–78.23)

4.53 
(4.43–4.63)

36–65 99.90 
(99.89–99.91)

96.56 
(96.21–96.88)

66.69 
(66.57–66.81)

5.33 
(5.24–5.43

> 65 99.70 
(99.45–99.86)

98.26 
(96.83–99.16)

37.06 
36.07–38.07

9.03 
(8.33–9.76)

Gender NPV (95 % CI) PPA (95 % CI) NPA (95 % CI) PPV (95 % 
CI)

Male 99.92 
(99.92–99.93)

96.52 
(96.22–96.80)

71.83 
(71.74–71.92)

5.11 
(5.03–5.180

Female 99.91 
(99.90–99.92)

95.02 
(94.27–95.70)

75.19 
(75.03–75.35)

4.86 
(4.71–5.02)

Quarter NPV (95 % CI) PPA (95 % CI) NPA (95 % CI) PPV (95 % 
CI)

2021Q1 99.88 
(99.86–99.90)

94.09 
(93.21–94.88)

75.54 
(75.35–75.72)

5.56 
(5.37–5.75)

2021Q2 99.88 
(99.86–99.90)

93.87 
(93.01–94.64)

76.46 
(76.28–76.63)

5.63 
(5.44–5.82)

2021Q3 99.95 
(99.94–99.96)

97.65 
(97.01–98.19)

70.77 
(70.57–70.97)

4.40 
(4.24–4.57)

2021Q4 99.95 
(99.94–99.96)

97.64 
(96.99–98.18)

70.31 
(70.1–70.51)

4.35 
(4.19–4.52)

2022Q1 99.94 
(99.92–99.95)

97.01 
(96.44–97.51)

70.92 
(70.75–71.09)

4.84 
(4.69–4.99)

2022Q2 99.94 
(99.92–99.95)

97.51 
(96.94–98)

70.93 
(70.72–71.13)

5.73 
(5.55–5.93)
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Fig. 1. Data flow diagram illustrating the selection process of the CXRs used in the study analysis.

Fig. 2. Trend of NPV stratified by quarter during the study period (January 2021 to June 2022). The two dashed vertical lines indicate the two threshold adjustments 
done for improved normal versus abnormal classification in August 2021 and March 2022.
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Consultant
Radiologists

60%

Specialist
Radiologists

25%

PACS/ IT Manager
15%

Fig. 3. Percentage distribution of total participants (n=20) responded to the digital survey across various health categories of the study setting.

Fig. 4. Responses of participated radiologists (n=17) expressed in Likert scale toward the prime survey questions regarding the impact of artificial intelligence 
technology integration in the study setting.

Positive Suggestions
29%

Suggested need for
improvement

23%

Problems or
Concerns

24%

No specific thoughts
24%

 AI for classification and
segmentation of the lesions

 AI as support tool
 For routine screening
 Interest in more AI accuracy

studies
 AI for X-ray fracture

detection

 Improving accuracy of lesion
detection using AI

 Customization required as per
area/ region of interest

 Regular update of variable
normal appearances.

 Overreading
 Low accuracy
 Not fully dependent
 Highlight

unimportant things

Fig. 5. Critical inputs expressed by the radiologists (n=17) related to using artificial intelligence for interpreting chest X-rays, highlighting the areas of improvement 
and concerns.
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in classifying CXRs with normal and abnormal findings, including major 
thoracic diseases, surpassing radiologists in some cases and potentially 
enhancing the overall quality and efficiency of clinical workflow [29]. 
Setting a confidence threshold can help to classify the CXRs into highly 
probable normal and abnormal and aid diagnosis [30]. Studies deter-
mining the usability of AI to rule-out normal cases show a precision of 
97.7 % and further emphasize on enabling radiologists to focus more on 
complex abnormalities [31]. It is also reported that the average time 
taken to report critical imaging findings decreased significantly from 
11.2–2.7 days [32]. The multiple AI models showed a reported sensi-
tivity over 95 % for classifying normal versus abnormal chest radio-
graphs [13,33]. Another retrospective study revealed that AI could 
identify normal chest radiographs without pathologies in 24.5 % to 
52.7 % of cases, with a sensitivity of 98 %. Also, only 1.1 % of critical 
errors are observed above 95 % sensitivity and it is comparable or less 
than that observed with the radiologist standard [34].

Prior assessments of the AI software used in this study have focused 
on its ability to differentiate between normal and abnormal CXRs, 
revealing a negative predictive value of 98.9 % [13]. Implementation of 
AI has resulted in a significant decrease in turnaround time, reducing it 
by around 40.63 % [35]. In another study, AI demonstrated high 
sensitivity compared to radiologists, making it particularly beneficial in 
resource-constrained clinical settings where there’s a shortage of trained 
radiologists [36]. Specifically tailored for primary chest X-ray inter-
pretation, AI holds promise in reducing both the time and cost associated 
with reporting normal studies, thereby allowing radiologists to dedicate 
more attention to abnormal cases. Using the radiologist as the reference 
standard, AI also demonstrated an overall sensitivity of approximately 
87.9 % (95 % CI: 86.7–88.9) in detecting pulmonary abnormalities 
using dataset from UAE hospital. The level of agreement is observed to 
be consistent across various subgroups, including age and gender [37]. 
Globally, many cases may not be reported within the specified time-
frame and patient pathway, yet the substantial negative predictive value 
(NPV) values hold great potential for improving clinical support. In a 
different service evaluation conducted using a randomly sampled 
retrospective CXR dataset, the AI software has revealed 97 % sensitivity 
and 99 % NPV in classifying a chest radiograph as normal and abnormal 
with 92 % AUC [23].

As this study focusses on improving the radiological efficiency in 
high-volume settings like visa screening centres, we believe that AI 
could be instrumental in reducing both the time and cost associated with 
reporting normal scans, thereby allowing radiologists to focus more onto 
abnormal cases. In clinical workflows, further categorizing the abnormal 
scans is also crucial to triage the migrant population and AI can be used 
for secondary reads to identify discrepancies in CXR findings. The model 
performance and generalizability of AI findings may vary with respect to 
age-related variation, image acquisition parameters with respect to ra-
diation dose, sub-populations, etc. Hence, training and validating the 
algorithms over an expansive dataset is important [38]. Further, recent 
studies also highlight the role of AI in redefining traditional workflows 
and optimizing the radiologist efficiency with more uniform reporting, 
correlating diagnoses with other clinical reports and treatment plans to 
flag discrepancies on time, along with patient tracking and care coor-
dination between healthcare provider and patient, optimizing resources, 
etc [39]. The major strength of this study is the inclusion of a huge 
volume dataset used for performance evaluation and incorporating data 
from multiple centres. The multi-centre approach also supports the 
generalizability of the AI findings, its impact on the routine clinical 
workflow, and allows for a comprehensive understanding of radiological 
patterns and trends across patient types and settings.

One of the limitations of this study is using a single radiologist 
ground truth as reference standard without clinical or microbiological 
confirmation, as it may lack confidence due to the possible subjective 
interpretations and inter-reader variability. And as this is not a valida-
tion study, with large volume of chest X-rays analysed routinely, setting 
the ground truth post-deployment can be challenging or operationally 

impractical. Also, having the single radiologist ground truth to analyze 
the agreement between the AI algorithm and radiologists in classifying 
chest X-rays as normal or abnormal contributed to meet the study 
objective. Apart from this, another limitation of this study is the exclu-
sion of 93,730 CXRs from analysis (Fig. 1) as they did not have AI results 
due to suboptimal image quality and resolution (1440*1440 pixels) 
required for processing. However, this affected only 6.7 % (93730 out of 
1403,879) of the CXRs. Further, discordant cases were not reviewed by 
another radiologist due to the retrospective nature of the analysis. 
Filtering these discordant cases from such extensive data volumes before 
analysis was not feasible, and it was beyond the scope of this study. 
Additionally, as a potential limitation, the current study has not quan-
titatively analysed the turnaround time as accessing the required data-
points in a large volume study was difficult and hence the reduction in 
turnaround time was assessed only through the radiologist opinions 
from digital survey.

So, in future, prospective study to assess the real time impact of the 
AI integration, prospective data related to estimating turnaround time, 
cost effectiveness and patient outcomes can be designed. A failure 
analysis, including the estimation of false positives and false negatives, 
along with the underlying factors influencing such results, can help 
identify potential overreading or underreading errors by the AI algo-
rithm. Periodic post-marketing surveillance would help build confi-
dence in the safety and effectiveness of AI used in routine clinical 
workflows. The studies focussing on the performance of AI to identify 
and categorize the abnormalities after eliminating the normal scans can 
also assist the radiologists in specific disease diagnosis and triaging 
among migrants.

5. Conclusion

For validated, hardware agnostic and compatible algorithms, with 
regulatory and data compliance (HIPAA and GDPR) in place, the 
adoption of AI in clinical workflows are rapidly expanding. In this study, 
the analysis of over 1.3 million CXRs from a visa screening centre 
demonstrated a NPV of 99.92 % and an overall percent agreement of 
72.90 % between radiologists and AI. The digital survey indicated in-
terest of 82 % radiologists in AI assisted CXR interpretation and 88.2 % 
suggested that there is a reduction in turnaround time after AI integra-
tion. In conclusion, standardization within clinical workflows is pivotal 
and this also includes routine checks within the department, producing 
computerized reports for normal radiographs, and serving as an adju-
vant tool to clinicians as suggested by the radiologists in the survey. 
Once there is alignment between the AI interpretations to that of radi-
ologists, integrating AI into the workflow reduce fatigue, minimize the 
risk of incorrect diagnoses associated with labour-intensive procedures, 
and enhance operational efficiency.
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