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Abstract

Purpose: To evaluate the potential role of artificial intelligence (AI)-based software in assisting radiologists with
reporting unenhanced chest computed tomography (CCT) scans in an emergency setting.

Material and methods: It was an IRB-approved retrospective study, and the need for informed consent was waived.
We included 90 unenhanced CCT scans performed in an emergency setting over a 2-month period (November-
December 2024). Anonymized original reports were retrieved. Axial 3 mm thick multiplanar reconstructions were
processed using commercially Al-based software (xAid Chest, xAID LLC, Barcelona, Spain). All scans were subse-
quently re-evaluated by two radiologists in consensus (reference standard). Detection of lung nodules, lung opaci-
fications, emphysema, coronary calcification, aortic dilatation, pulmonary dilatation, pleural effusion, pericardial
effusion, pneumothorax, rib fractures, vertebral fractures, and adrenal masses was compared between original re-
ports, Al outputs, and image revision.

Results: In the original reports, the frequency of reported findings ranged from 96.7% (pleural effusion) to 5.6%
(pulmonary artery dilatation); among the described findings, the positivity rate ranged from 100% (emphysema)
to 11.4% (pericardial effusion). The AI software demonstrated non-inferior sensitivity and specificity compared to
the reporting radiologist in terms of sensitivity in all pathologies, excluding emphysema. For several findings that
are not routinely reported by radiologists (coronary calcifications, pulmonary dilatation, vertebral fractures), the AI
system outperformed the radiologist in sensitivity, albeit with a trade-off in specificity.

Conclusion: Al is a valuable tool for assisting radiologists in reporting unenhanced CCT scans in an emergency setting.
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of chest computed tomography (CCT) scans performed
for trauma, yet they are mentioned in only one-third of
cases [4-7]. While many of these findings are clinically
irrelevant, others may have relevant implications for pa-

Introduction

Radiological reporting in the emergency setting, par-
ticularly in high-volume facilities, represents a “perfect

storm,” often associated with high rates of diagnostic er-
rors, omissions, and addendums [1-3]. In this context, in-
cidental and collateral findings are frequently overlooked,
as priority is typically given to acute and life-threatening
conditions. Incidental findings may be observed in 25-31%

tients’ prognosis if left undiagnosed. For example, roughly
20% of incidentally detected pulmonary nodules require
radiological follow-up to exclude cancer [8]. Similarly,
the presence of coronary calcification may enable reco-
gnition of patients at high risk for cardiovascular disease
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who might benefit from pharmacological treatments to
reduce morbidity and mortality [9-11].

Artificial intelligence (AI) technology is rapidly gain-
ing traction across a variety of radiological scenarios
and has demonstrated efficacy in thoracic imaging for
exam triage, error monitoring, and opportunistic diagno-
ses [12]. Moreover, Al has been shown to reduce CCT
interpretation times by 22% [13].

The aim of this study was to evaluate the potential
benefits of using Al technology in the evaluation of CCT
in an emergency setting.

Material and methods

Patient population

In this Institutional Review Board (IRB)-approved retro-
spective study, the need for informed consent was waived
due to the retrospective nature. We considered for inclu-
sion 105 consecutive patients who underwent unenhanced
CCT scans in an emergency setting at Bolzano Central
Hospital over a 2-month period (November-December
2024). Exclusion criteria included patients younger than
18 years (9/105) and insufficient image quality due to se-
vere motion or metal artifacts (e.g., caused by extracorpo-
real medical devices) that made radiological image evalu-
ation unreliable (6/96). CT scans affected by mild motion
artifacts that still allowed for a reliable radiological assess-
ment (23/90) were retained in the study population, as
well as patients with post-surgical thoracic changes (5/90).
There were no cases of incomplete anatomical coverage.
Consequently, the study population included 90 patients
(48 male and 42 female, mean age 65 + 17 years).

(T technique

CCT scans were acquired in inspiration using a spiral
technique with the patient in the supine position with
the arms raised above the head. Two different scanners
were used: 12/90 (13.3%) exams were acquired on a dual
source scanner (Somatom Drive, Siemens), with acquisi-
tion parameters of 110 kVp and 81 mAs as reference, and
78/90 (86.7%) on a twin beam scanner (Somatom Edge,
Siemens), with acquisition parameters of 120 kVp and
66 mAs as reference. Both scanners were equipped with
the same detector (Stellar).

(T evaluation

Original radiology reports, written in free-text format,
were retrieved from the Radiology Information System,
anonymized, and reviewed by a single experienced radio-
logist (M.B.). The radiologist was asked to verify whether
any of the following 12 findings were mentioned in the
reports: lung opacifications, lung nodules, emphysema,
coronary artery calcifications, aortic dilatation, pulmonary
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artery dilatation, pleural effusion, pericardial effusion,
pneumothorax, rib fractures, vertebral fractures, and ad-
renal masses. When mentioned, the radiologist was further
asked to determine whether each finding was described
as present (positive finding) or absent (negative finding).
Anonymized 3 mm thick axial iterative multiplanar re-
constructions (MPR, ADMIRE 3, BL57 lung kernel) were
retrieved from the Picture Archiving and Communication
System and analyzed using commercially available cloud-
based Al software (xAID version 1.0.0, xAID Barcelona
LLC, Spain) consisting of 11 functional modules totaling
12 functions (pleural effusion and pneumothorax mod-
ules are represented by a single network). Each module
was developed based on Al-driven technology and imple-
mented as a sequential image-processing pipeline. Indi-
vidual modules could incorporate one or more Al models
serving distinct diagnostic or analytical purposes, as well
as auxiliary software components responsible for various
computational tasks, including the calculation of quan-
titative imaging parameters. The Al-generated outputs
were subsequently processed and converted into human-
interpretable formats, including annotated image series,
structured text reports, and graphical representations
(Secondary Capture and Summary). We chose to perform
the software analysis using 3 mm reconstructions instead of
1 mm ones to minimize data transfer and processing times.
Finally, the complete CCT images sets, comprising
1 mm and 3 mm series reconstructed with an iterative
ADMIRE 3 reconstruction algorithm, using both soft tis-
sue (BR38) and lung (BL57) kernels, were reviewed by
two experienced radiologists (MB and BP) in consensus
on a commercially available workstation (Syngo.via, Sie-
mens). Additional MPR and maximum intensity projec-
tion reconstructions were performed on the workstation
by the readers when needed. The readers were asked to
assess the presence or absence of the same 12 findings,
and this was considered the ground truth for the study.

Statistical analysis

Continuous variables were expressed as mean + standard
deviation or as medians with interquartile ranges, de-
pending on distribution normality. Categorical variables
were summarized as proportions and percentages.

Categorical outcomes were paired at the case level,
comparing diagnostic classifications obtained with and
without Al assistance for the same set of examinations.
The McNemar test was applied to evaluate differences in
paired binary outcomes (e.g., correct vs. incorrect clas-
sification relative to the ground truth).

Diagnostic performance metrics (sensitivity, specificity,
positive predictive value, and negative predictive value) were
calculated with 95% confidence intervals using the Wilson
score method, which provides robust estimates for moderate
sample sizes [14]. A y? value of 3.84 (1 degree of freedom)
was used as the threshold for statistical significance (p < 0.05).
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Results

A detailed summary of the description and prevalence of
the 12 considered findings in the original radiology re-
ports, in the Al evaluation, and in the experienced radi-
ologists re-evaluation is provided in Table 1.

In the original reports, a comparison with prior
CCT scans was performed in 38 out of 90 cases (42.2%),
while no prior CCT scans were available in the remain-
ing 52 cases (57.8%). The frequency of reported findings
ranged from 96.7% for pleural effusion to 5.6% for pul-
monary artery dilatation. Among the described findings,
the proportion of positive cases ranged from 100% for
emphysema to 11.4% for pericardial effusion.

The diagnostic performance, measured in terms
of sensitivity, specificity, positive predictive value, and
negative predictive value, of both the original radiology
reports and the Al software in detecting the 12 imaging
findings, as compared to the expert radiologist-defined
reference standard, is summarized in Table 2, along with
the results of the statistical comparison between the two
approaches. The Al software demonstrated non-inferior
performance to the original reports across all findings, ex-
cept for emphysema. The Al software showed significantly
higher sensitivity in detecting coronary artery calcifica-
tions, aortic dilatation, and pulmonary artery dilatation,
whereas the original radiology reports exhibited signifi-

cantly higher specificity for lung emphysema, coronary
arteries calcifications, pulmonary artery dilatation, verte-
bral fractures, and rib fractures (p < 0.05).

Discussion

This study evaluated the potential benefits of using AI
software for interpreting 90 unenhanced CCT scans
acquired in an emergency setting. The findings dem-
onstrated that the AI software achieved an overall di-
agnostic performance that was non-inferior to that of
radiologists operating under high workload conditions.
Notably, the software exhibited superior sensitivity in
detecting ancillary findings, including coronary artery
calcifications, aortic dilatation, and pulmonary artery
dilatation, although it showed lower specificity for other
imaging features.

Radiology reports generated in emergency contexts
are generally more concise than those produced in elec-
tive settings. In our series, 8 out of the 12 evaluated find-
ings - specifically, emphysema, coronary artery calcifi-
cations, aortic dilatation, pulmonary artery dilatation,
pneumothorax, vertebral fractures, rib fractures, and
adrenal masses — were documented in fewer than 50% of
the original radiology reports. In most cases, these omis-
sions corresponded to the actual absence of the findings
on computed tomography (CT) imaging. However, the

Table 1. Results regarding the description of the considered imaging findings and their prevalence according to the original reports, according to software
evaluation, and after computed tomography image revision (ground truth)

Finding Mentioned in Rate of positivity when Positive in the Positive according to Positive according
original report, mentioned in the original report, artificial intelligence to ground truth,
n/N (%) original report, n/N (%) software, n/N (%)
n/N (%) n/N (%)

Pulmonary 77/90 (85.6) 44177 (57.1) 44/90 (48.9) 58/90 (64.4) 45/90 (50.0)

opacification

Pulmonary 63/90(70.0) 37/63 (58.7) 37/90 (43.3) 28/90 (31.7) 36/90 (40.0)

nodules

Emphysema 13/90 (14.4) 13/13 (100) 13/90 (14.4) 6/90 (6.7) 15/90 (16.7)

Coronary 15/90 (16.7) 14/15(93.3) 14/90 (15.6) 59/90 (65.6) 47/90(52.2)

calcification

Aortic dilatation 22/90 (24.4) 9/22 (40.9) 9/90(10.0) 20/90 (22.2) 11/90(12.2)

Pulmonary 5/90 (5.6) 3/5(60.0) 3/90(3.3) 32/90 (35.6) 21/90(23.3)

dilatation

Pleural effusion 87/90(96.7) 26/87(29.9) 26/90(28.9) 28/90(31.7) 29/90 (32.2)

Pericardial 70/90 (77.8) 8/70(11.4) 8/90 (8.9) 3/90(3.3) 3/90(3.3)

effusion

Pneumothorax 12/90 (13.3) 4/12(33.3) 4/90 (4.4) 2/90(2.2) 2/90(2.2)

Vertebral 34/90 (37.8) 10/34(29.4) 10/90 (11.1) 74/90 (82.2) 14/90 (15.6)

fractures

Rib fractures 21/90(23.3) 3/21(14.3) 3/90(3.3) 40/90 (44.4) 6/90 (6.7)

Adrenal masses 6/90 (6.7) 3/6 (50.0) 3/90(3.3) 7/90 (7.8) 4/90 (4.4)
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Table 2. Diagnostic performance of original reports and Al in the evaluation of the 12 imaging findings in comparison to experienced radiologists’ re-eval-
uation (ground truth)

Finding Sensitivity Specificity Positive predictive value | Negative predictive value | McNemar’s
(95% (1), % (95% dI), % (95% (1), % (95% (1), % coefficient
Original Al Original Al Original Al Original Al
report report report report
Lung nodules 77.8 69.4 83.3 94.4 75.7( 89.3 84.9 823 1.00
(61.9-88.3) | (53.1-82.0) | (71.3-91.0) | (84.9-98.1) | 59.9-86.6) | (72.8-96.3) | (72.9-92.1) | (71.0-89.8)
Lung 86.7 100.0 88.9 711 88.6 77.6 87.0 100.0 0.39
opacification (73.8-93.7) | (92.1-100.0) | (76.5-95.2) | (56.6-82.3) | (76.0-95.0) | (65.3-86.4) | (74.3-93.9) | (89.3-100.0)
Lung 60.0 333 94.7* 1.3* 69.2* 6.3* 92.2% 9.1% 0.09
emphysema* | (35.7-80.2) | (15.2-58.3) | (87.1-97.9) | (0.2-7.2) | (42.4-87.3) | (2.7-14.0) | (84.0-96.4) | (1.6-37.7)
Coronary 25.5% 93.6% 95.3* 65.1% 85.7 74.6 53.9 90.3 8.02%*
calcium* (15.3-39.5) | (82.8-97.8) | (84.5-98.7) | (50.2-77.6) | (60.1-96.0) | (62.2-83.9) | (42.8-64.7) | (75.1-96.7)
Aortic 27.3* 100.0* 924 88.6 333 55.0 90.1 100.0 1.09
dilatation™ (9.7-56.6) | (74.1-100.0) | (84.4-96.5) | (79.7-93.9) | (12.1-64.6) | (34.2-74.2) | (81.7-94.9) | (94.8-100.0)
Pulmonary 14.3* 100.0* 100.0* 84.1* 100.0 65.6 79.3 100.0 1.69
trunk dilatation | (5.0-34.6) | (84.5-100.0) | (94.7-100.0) | (73.7-90.9) | (43.8-100.0) | (48.3-79.6) | (69.6-86.5) | (93.8-100.0)
Pleural effusion 89.7 96.6 100.0 100.0 100.0 100.0 95.3 98.4 1.00
(73.6-96.4) | (82.8-99.4) | (94.1-100.0) | (94.1-100.0) | (87.1-100.0) |(87.9-100.0)| (87.1-98.4) | (91.4-99.7)
Pericardial 100.0 66.7 9.3 98.9 37.5( 66.7 100.0 98.9 1.80
effusion (43.8-100.0) | (20.8-93.9) | (87.2-97.5) | (93.8-99.8) | 13.7-69.4) | (20.8-93.9) | (95.5-100.0) | (93.8-99.8)
Pneumothorax 100.0 100.0 97.7 100.0 50.0 100.0 100.0 100.0 2.00
(34.2-100.0) | (34.2-100.0) | (92.1-99.4) |(95.8-100.0)| (15.0-85.0) |(34.2-100.0) | (95.7-100.0) | (95.8-100.0)
Compression 57.1 100.0 97.4% 21.0% 80.0% 18.9% 925 100.0 42.25%*
fracture* (32.6-78.6) | (78.5-100.0) | (90.9-99.3) | (13.4-31.5) | (49.0-943) | (11.6-29.3) | (84.6-96.5) | (80.6-100.0)
Rib fracture 50.0 100.0 100.0% 59.5% 100.0% 15.0 96.6 100.0 25.97%%
(18.8-81.2) | (61.0-100.0) | (95.6-100.0) | (48.8-69.4) | (43.8-100.0) | (7.1-29.1) | (90.3-98.8) | (92.9-100.0)
Adrenal mass 0.0 75.0 96.5 953 0.0 49 95.4 98.8 0.00
(0.0-49.0) | (30.1-95.4) | (90.2-98.8) | (88.6-98.2) | (0.0-56.2) |(15.8-75.0) | (88.8-98.2) | (93.5-99.8)

*Diagnostic performance features without confidence interval (Cl) overlapping (evident difference)
**Statistically significant value of McNemar’s coefficient

underreporting of certain ancillary findings may carry
implications for a patient’s long-term clinical management
and future health outcomes. Consequently, the use of AI-
based software might improve the rate of description of
ancillary findings [15].

Conversely, emergency-related findings, namely lung
opacifications, pleural effusion, pericardial effusion, and
pneumothorax, were reported with excellent sensitivity
(86.7% to 100%) and specificity (88.9% to 100%) by ra-
diologists in the original reports. For this task, AI soft-
ware showed non-inferior performance compared to the
original readers, as already demonstrated in a previously
published paper [16], and might be helpful for radiolo-
gists with limited experience.

Previous studies have already demonstrated that Al
software can accurately segment thoracic vessels and as-
sess their diameters [17-19]. A dilated pulmonary trunk
may serve as a marker for pulmonary hypertension, with
sensitivity and specificity varying according to the se-

lected threshold used [20-22]. In our cohort, experienced
radiologists identified a dilated pulmonary trunk, using
a cutoff value of 32 mm, in 21 out of 90 cases (23.3%).
In comparison, pulmonary trunk dilatation was reported
in only 3 out of 90 cases (3.3%) in the original radiology
reports. The Al software, which applied a cutoff value of
29 mm, detected this finding in 32 out of 90 cases (35.6%)
(Figure 1). Accordingly, the use of Al software increased
sensitivity from 14.3% to 100%, albeit with a correspond-
ing reduction in specificity from 100% to 84.1%.
Similarly, prior research has shown that Al algorithms
can detect coronary artery calcifications with high accu-
racy on non-cardiac-gated CT scans [23]. In our study,
expert radiologists identified relevant coronary artery
calcifications in 47 out of 90 cases (52.2%). In contrast,
coronary calcifications were reported in 14 cases (15.6%)
in the original radiology reports, while the Al software
detected them in 59 cases (65.6%) (Figure 2). Accordingly,
the use of Al software increased sensitivity from 25.5%

© Pol J Radiol 2026; 91: e132-e139

e135



Matteo Bonatti, Bernardo Proner, Vincenzo Vingiani, et al.

Compress ion Fractures

Pulmonary opacification

l Pleural Effuson

Pulmonary Trunk

: Parscardial Fal Adrenal lesions

-
L]

I Lisngs emplysema ' Rib Fraciues

Figure 1. Example of software output. In this image, ascending aorta dilatation (orange line), pulmonary trunk dilatation (red line), lung opacifications
(pink lines), and intrascissural pleural effusion (light blue line) are correctly highlighted. On the other hand, bronchial calcifications (yellow arrow) are

incorrectly interpreted as coronary calcifications

Coronary Calcium

Agatston Index

CAC-DRS

Figure 2. On the 3 mm thick axial image reconstructed using a soft tissue kernel (A), coronary calcifications are recognizable in this patient with bilateral
pleural effusions and pulmonary opacifications. Coronary calcifications were overlooked in the original report, whereas the software (B) correctly highlighted

them (red dots)

to 93.6%, although this was accompanied by a decrease
in specificity from 95.3% to 65.1%, mainly because of
misinterpretation of other mediastinal calcifications
(Figure 1).

The Al software demonstrated excellent sensitivity in
detecting vertebral and rib fractures (Figure 3), achieving
100% sensitivity for both. These findings confirm the ex-
cellent results reported by Zhou et al. [24] and Spangeus
et al. [25], as well as those described in a recently pub-
lished systematic review in which AI was able to detect

e136

rib fractures with a pooled sensitivity of 0.853 [26]. On
the other hand, in our series, Al specificity was signifi-
cantly lower (21.1% for vertebral fractures and 59.5%
for rib fractures) compared to the literature [27,28].
The suboptimal specificity observed in our study may be
attributed to the use of 3 mm thick axial reconstructions
with a lung kernel, which may have negatively affected
the software’s ability to accurately depict fractures, as al-
ready demonstrated for the detection of coronary calcifi-
cations [29] (Figure 4).

© Pol J Radiol 2026; 91: e132-e139
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Figure 3. On the T mm thick axial image reconstructed using a soft tissue kernel (A), an acute fracture is recognizable on the left side (arrow), whereas healed
fractures are appreciable contralaterally. The software (B) correctly identified the left acute fracture, categorizing it as a dislocated fracture (red boxes),
but it also misclassified the right-sided healed fractures as non-dislocated fractures (green boxes). No acute fractures were reported in the original report

Figure 4. On the 3 mm thick sagittal MPR image (A) no vertebral fractures are recognizable, whereas the software wrongly indicated the presence of two
vertebral fractures (orange lines). Note the poor image quality of the sagittal reconstruction created by the software using the 3 mm thick axial series

reconstructed with a lung kernel

For lung nodule detection, the AI software demonstrat-
ed diagnostic performance comparable to that of the origi-
nal readers, with a sensitivity of 69.4% and specificity of
94.4%. These results are consistent with previously reported
values in patients with complex lung diseases [30] and in
a recently published systematic review [31]. Conversely,
the performance of Al in evaluating lung emphysema was
unsatisfactory, with a sensitivity of 33.3% and specificity of
1.3%, significantly lower than values reported in the lite-
rature [32]. Improvements in the algorithm are needed to
enhance its diagnostic accuracy for emphysema evaluation.

Our study has several limitations, primarily related
to its retrospective design. First, the use of 3 mm recon-
structions for software analysis might have reduced its
diagnostic performance; further research is warranted to
investigate potential differences in software performance
when using thin versus thick slices. Second, CCT scans
were acquired using two different scanners; however, as
the reconstruction algorithms and kernels were identical,
this should not have influenced the results.

Third, we did not evaluate the impact of the addition-
al findings identified by the software on patient mana-

© Pol J Radiol 2026; 91: e132-e139
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gement, as this was beyond the scope of the present
study.

Conclusions

Our study demonstrated that Al software may assist
radiologists in emergency settings by improving the de-
tection of potentially relevant ancillary findings on unen-
hanced CCT scans. Moreover, its diagnostic performance
for acute findings was non-inferior to that of radiologists
working under real-world, high-pressure conditions. On
the other hand, the use of thick slices for software analysis,
aimed at speeding up the workflow, should be discour-
aged, as it may reduce accuracy in the evaluation of bone
findings.

Disclosures

1. Institutional review board statement: Not applicable.

2. Assistance with the article: Anonymized axial MPR imag-
es (3 mm slice thickness, soft tissue kernel) were retrieved
from the Picture Archiving and Communication System
and analyzed using commercially available Al-based soft-
ware (xAid Chest), which automatically evaluated the
presence of the 12 specified findings: lung opacifications,
lung nodules, emphysema, coronary artery calcifications,
aortic dilatation, pulmonary artery dilatation, pleural ef-
fusion, pericardial effusion, pneumothorax, rib fractures,
vertebral fractures, and adrenal masses.

3. Financial support and sponsorship: None.

4. Conflicts of interest: None.

References

—

. Pinto A, Reginelli A, Pinto E, Lo Re G, Midiri E, Muzj C, et al. Errors
in imaging patients in the emergency setting. Br ] Radiol 2016; 89:
20150914. DOI: 10.1259/bjr.20150914.

. Platon A, Becker M, Perneger T, Varnay G, Breguet R, Becker CD,
Poletti PA. Emergency computed tomography: what is missed at
first reading? ] Comput Assist Tomogr 2016; 40: 177-182.

. Patra A, Premkumar M, Keshava SN, Chandramohan A, Joseph E,
Gibikote S. Radiology reporting errors: learning from report adden-
da. Indian J Radiol Imaging 2021; 31: 333-344.

. Safari S, Dizaji SR, Yousefifard M, Taheri MS, Sharifi A. Prevalence

and clinical significance of incidental findings in chest and abdom-

[\S]

w

'S

inopelvic CT scans of trauma patients: a cross-sectional study. Am
J Emerg Med 2024; 82: 117-124.

. Thompson RJ, Wojcik SM, Grant WD, Ko PY. Incidental findings on
CT scans in the emergency department. Emerg Med Int 2011; 2011:
624847. DOI: 10.1155/2011/624847.

. Evans CS, Arthur R, Kane M, Omofoye E, Chung AE, Moreton E,
Moore C. Incidental radiology findings on computed tomography

w

(=)

studies in emergency department patients: a systematic review and
meta-analysis. Ann Emerg Med 2022; 80: 243-256.
. Lai WA, Liu PH, Tsai MJ, Huang YC. Frequency, recognition, and

~

potential risk factors of incidental findings on trauma computed
tomography scans: a cross-sectional study at an urban level one
trauma center. ] Acute Med 2020; 10: 106-114.

. Scholtz JE, Lu MT, Hedgire S, Meyersohn NM, Oliveira GR, Prab-

hakar AM, et al. Incidental pulmonary nodules in emergent cor-

o]

onary CT angiography for suspected acute coronary syndrome:
impact of revised 2017 Fleischner Society guidelines. ] Cardiovasc
Comput Tomogr 2018; 12: 28-33.

. Teng LE, Kennedy L, Lok SC, O’Rourke E, Premaratne M. An op-

portunity to seize from low hanging fruits: capitalising on inciden-

Nel

tally reported coronary artery calcification. Heart Lung Circ 2023;
32:1222-1229.

10. Malik RF, Sun KJ, Azadi JR, Lau BD, Whelton S, Arbab-Zadeh A,
et al. Opportunistic screening for coronary artery disease: an
untapped population health resource. ] Am Coll Radiol 2024, 21:
880-889.

11. Graham C, Baranwal A, Kietselaer B, Ayoub C, Larsen C, Langer K,
et al. Coronary artery calcification as a predictor of survival in
patients receiving post-transplant cyclophosphamide for GVHD
prophylaxis. Transplant Cell Ther 2025; $2666-6367(25)01102-9.
DOI: 10.1016/j.jtct.2025.03.014.

12. Hwang EJ, Goo JM, Park CM. AT applications for thoracic imag-
ing: considerations for best practice. Radiology 2025; 314: €240650.
DOI: 10.1148/radiol.240650.

13. Yacoub B, Varga-Szemes A, Schoepf UJ, Kabakus IM, Baruah D,
Burt JR, et al. Impact of artificial intelligence assistance on chest
CT interpretation times: a prospective randomized study. AJR Am
] Roentgenol 2022; 219: 743-751.

14. Huo Y, Yang Y, Halloran ME, Longini IM, Dean NE. Hypothesis
testing and sample size considerations for the test-negative design.
Res 5q 2023; rs.3.rs-3783493. DOI: 10.21203/rs.3.rs-3783493/v1.

15. Thuere KL, Mantz L, Sultana S, Henderson LM, Sakoda LC, Kaze-
rooni E, et al. Opportunistic screening on chest CT, from the AJR
special series on screening. AJR Am ] Roentgenol 2025. DOI:
10.2214/AJR.25.33069.

16. Tatar OC, Akay MA, Metin S. DraiNet: Al-driven decision support
in pneumothorax and pleural effusion management. Pediatr Surg
Int 2023; 40: 30. DOI: 10.1007/s00383-023-05609-5.

17. Hamelink II, de Heide EEJ, Pelgrimn GJGJ, Kwee TCT, van Ooi-
jen PMAP, de Bock GHT, Vliegenthart RR. Validation of an Al-based
algorithm for measurement of the thoracic aortic diameter in low-
dose chest CT. Eur ] Radiol 2023; 167: 111067. DOI: 10.1016/j.ejrad.
2023.111067.

18. Hamelink I, van Tuinen M, Kwee TC, van Ooijen PMA, Vliegenthart R.
Repeatability of Al-based, automatic measurement of vertebral and
cardiovascular imaging biomarkers in low-dose chest CT: the ImaLife
cohort. Eur Radiol 2025; 35: 3833-3841.

19. Graby J, Harris M, Jones C, Waring H, Lyen S, Hudson BJ, Rodri-
gues JCL. Assessing the role of an artificial intelligence assessment
tool for thoracic aorta diameter on routine chest CT. Br ] Radiol
2023; 96: 20220853. DOI: 10.1259/bjr.20220853.

20. Kauhanen PS, Liimatainen T, Korhonen M, Parkkonen J, Vienonen J,

Vanninen R, Hedman M. Pulmonary artery dilatation is a common

e138

© Pol J Radiol 2026; 91: €132-e139



2

—_

22.

23.

24.

25.

26.

finding in a coronary artery CT angiography population. In Vivo
2021, 35: 2177-2185.

. Lange TJ, Dornia C, Stiefel ], Stroszczynski C, Arzt M, Pfeifer M,

Hamer OW. Increased pulmonary artery diameter on chest com-
puted tomography can predict borderline pulmonary hypertension.
Pulm Circ 2013, 3: 363-368.

Terpenning S, Deng M, Hong-Zohlman SN, Lin CT, Kligerman SJ,
Jeudy J, Ketai LH. CT measurement of central pulmonary arteries
to diagnose pulmonary hypertension (PHTN): more reliable than
valid? Clin Imaging 2016, 40: 821-827.

Xu ], Liu J, Guo N, Chen L, Song W, Guo D, et al. Performance of
artificial intelligence-based coronary artery calcium scoring in
non-gated chest CT. Eur ] Radiol 2021; 145: 110034. DOI: 10.1016/
j.ejrad.2021.110034.

Zhou Q, Qin P, Luo J, Hu Q, Sun W, Chen B, Wang G. Evaluating AI
rib fracture detections using follow-up CT scans. Am ] Emerg Med
2023; 72: 34-38.

Spangeus A, Bjerner T, Lindblom M, Gétz C, Hummer A, Salzlech-
ner C, Woisetschldger M. Breaking the silence: AI's contribution to
detecting vertebral fractures in opportunistic CT scans in the elderly
- a validation study. Arch Osteoporos 2025; 20: 42. DOI: 10.1007/
s11657-025-01524-5.

Collins CE, Giammanco PA, Trivedi SM, Sarsour RO, Kricfalusi M,
Elsissy JG. Diagnostic accuracy of artificial intelligence for detec-
tion of rib fracture on X-ray and computed tomography imaging:
a systematic review. ] Imaging Inform Med 2025; 38: 2973-2982.

27.

28.

29.

30.

3

—_

32.

Al-assisted evaluation of unenhanced ER chest CT

Kaike L, Castro-Zunti R, Ko SB, Jin GY. Diagnosis of rib fracture
using artificial intelligence on chest CT images of patients with chest
trauma. ] Korean Soc Radiol 2024; 85: 769-779.

Spangeus A, Bjerner T, Lindblom M, Gotz C, Hummer A, Salzlech-
ner C, Woisetschlager M. Breaking the silence: AI’s contribution
to detecting vertebral fractures in opportunistic CT scans in the
elderly-a validation study. Arch Osteoporos 2025; 20: 42.

Yin K, Chen W, Qin G, Liang ], Bao X, Yu H, et al. Performance
assessment of an artificial intelligence-based coronary artery calci-
um scoring algorithm in non-gated chest CT scans of different slice
thickness. Quant Imaging Med Surg 2024; 14: 5708-5720.

Abadia AF, Yacoub B, Stringer N, Snoddy M, Kocher M, Schoepf UJ,
et al. Diagnostic accuracy and performance of artificial intelligence
in detecting lung nodules in patients with complex lung disease:

a noninferiority study. ] Thorac Imaging 2022; 37: 154-161.

. Geppert ], Asgharzadeh A, Brown A, Stinton C, Helm EJ, Jayakody

S, et al. Software using artificial intelligence for nodule and cancer
detection in CT lung cancer screening: systematic review of test ac-
curacy studies. Thorax 2024; 79: 1040-1049.

Sourlos N, Pelgrim G, Wisselink HJ, Yang X, de Jonge G, Rook M,
et al. Effect of emphysema on Al software and human reader perfor-
mance in lung nodule detection from low-dose chest CT. Eur Radiol
Exp 2024; 8: 63. DOI: 10.1186/541747-024-00459-9.

© Pol J Radiol 2026; 91: e132-e139

e139



