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Summary

Background. The evaluation of solitary pulmonary
nodules (SPNs) is a complex diagnostic challenge,
particularly for radiology residents, whose limited
experience increases the risk of errors. Artificial intel-
ligence (Al) systems are seen as a promising tool to
enhance diagnostic accuracy, but their impact on
residents’ decision-making remains understudied. Aim.
Toinvestigate the impact of Al-assisted automated analysis
of SPNs on the diagnostic accuracy and decision-making
processes of radiology residents. Materials and methods.
A two-phase prospective study involved 4 residents
evaluating 100 CT scans without and with Al support
(Hiveomics Malignancy Index). The Al classified nodules

using a 5-tier malignancy scale. Ground truth diagnoses
were confirmed via histopathology, microbiology, and
clinical follow-up. Results. Without Al, residents’ mean
accuracy was 43%, with the highest errors in inflammation
(17.9%) and tuberculosis (32.1%) detection. Al improved
overall accuracy by 8.8% (p=0.0003), notably for
malignant neoplasms (+13.4%), but had limited impact
on tuberculosis (+3.6%). Conclusion. Al significantly
enhances malignant SPN diagnosis for radiology residents
but requires refinement for complex cases (tuberculosis,
hamartomas). The results highlight Al’s potential as an
educational and clinical decision-support tool.

Keywords: solitary pulmonary nodules, artificial intelli-
gence, automated analysis, computed tomography
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Pesiome

O60cHOBaHMe nccnepoBaHua. OLeHKa OANHOYHbIX OYa-
roB B nerkux (OOJT) npeacTaBnAeT CIIOXKHYI0 AnarHoCTMYe-
CKy'o 3aflauy, 0COBEHHO [ Bpayen-CTaxepoB, Yel orpaHu-
YeHHbI OMbIT MOBBILLIAET PUCK OLLINOOK. IHTerpaums cncrem
nckyccTBeHHoro nHtennekra (UMW) paccmatpurBaeTca Kak
NepCrneKTUBHbIA MHCTPYMEHT ANA YNyUlleHUsa QUarHoCcTu-
KW, OQHAKO X BIVAHME Ha NPUHATME PeLLUEHN PEHTIeHO-
noramm-ctaxkepamu pesungeHTamm n3yyeHo HeJoCTaTOUHO.
Llenb: nccnenosath BAVAHME aBTOMaTU3UPOBaHHOIO aHa-
nun3a OOJT ¢ nomoubio MY Ha ArMarHoCTMYecKyro TOYHOCTb
N NpoLecc NPUHATUA pPelleHnin BpayamMn-pesnaeHTamu.
Matepuanbl n metogbl. [[poBeaeHO AByX3TanHOe Npo-
CMEeKTUBHOE MCCNefoBaHNEe C yyacTMem 4 pPeHTreHo-
NOroB-CTa)kepoB, oueHuBlUMX 100 KT-ckaHoB 6e€3 1 ¢
nogaepxkon MM (Hiveomics Malignancy Index). M knac-
cndurympoBan y3nbl No 5-6annbHON LWKane 3noKavecTBeH-

HOCTW. /ICTVHHbIe AMarHo3bl YCTaHOBJIEHbI HA OCHOBE K-
CTONOT K, MUKPOOUONOMY U KITMHNYECKOTO HAabMo4eHWS.
Pesynbtatbl. be3 VI cpegHAA TOUHOCTb YYaCTHMKOB COCTa-
Buna 43%, ¢ HanbonbLWVMK OLIMOKAMUN NPU ANArHOCTUKE
BocnaneHun (17,9%) n tybepkynesa (32,1%). C M obwas
TOYHOCTb Bblpoc/a Ha 8,8% (p=0,0003), ocobeHHO and 310-
KayecTBeHHbIX 06pa3oBaHuii (+13,4%). OgHako BANAHKE Ha
[MarHoCTUKy TybepKyresa 0cTanocb MHUManbHbIM (+3,6%).
3aknioueHune. M 3HaunTeNbHO ynydlaeT ANArHOCTUKY
3nokauectBeHHbIx OOJ1 y pe3maeHToB, HO TpebyeT fopa-
6OTKM ANA CJIOXKHbIX ClyYaeB (TybepKynes, raMapTombl). Pe-
3ynbTaTbl NOAYepKMBatoT noTeHuman I kak Bcnomoratenb-
HOFO VHCTPYMEHTa B 00YyUYeHUN 1 KIMHUYECKON NpPaKTUKe.

KnioueBble cnoBa: O1HOUHbIE JIerOYHbIe OYaru, NCKyc-
CTBEHHbIA UHTENNEKT, aBTOMATU3NPOBAHHbIN aHanms,
KOMMbloTepHas Tomorpadusa

Introduction

Incidentally detected pulmonary nodules on com-
puted tomography (CT) scans pose a significant clinical
challenge, as they necessitate further investigation to
differentiate between benign and malignant lesions. This
requirement creates substantial ethical and clinical dilem-
mas: missing a malignant nodule risks cancer progression,
while unnecessary intervention for a benign process en-
tails avoidable risks and costs. The evaluation of solitary
pulmonary nodules (SPNs) is a complex diagnostic task in
radiology. This task is particularly challenging for radio-
logy residents; whose limited interpretive experience
heightens the risk of diagnostic errors [1].

To standardize the approach to such findings, clini-
cal guidelines have been developed (e.g., by the British
Thoracic Society, Fleischner Society) [2, 3]. However, these
guidelines have significant limitations, including:

« a high rate of overdiagnosis and unnecessary inva-
sive procedures (e.g., up to 25% of patients without
lung cancer undergo thoracoscopy/VATS based on
false suspicion of malignancy, as reported in a major
study) [4];

« low patient adherence to long-term surveillance
(over 50% of high-risk patients with new nodules
fail to undergo recommended, timely follow-up CT
scans, as demonstrated by a Toronto study) [5];

« the absence of clear algorithms for patients with a
history of extrapulmonary malignancies [2, 3];

» diagnostic uncertainty for nodules measuring
8-30 mm, where the choice between surveillance,
biopsy, and PET remains ambiguous [3];

« failure to account for the risk of tuberculosis and
other granulomatous diseases in endemic regions.

The integration of artificial intelligence (Al) systems
capable of automatically detecting nodules, assessing
their characteristics, and predicting malignancy risk is
viewed as a promising tool to overcome these limitations
and support decision-making [6-8]. The problem is espe-
cially relevant for young radiologists who, for one reason
or another, cannot get a second opinion from senior col-
leagues on a specific clinical case. This creates the precon-
ditions for integrating technology into the educational
process [9].

Although the accuracy of such systems in classifica-
tion tasks matches or exceeds that of experienced radiol-
ogists, the critical question for clinical implementation is
not the absolute accuracy of Al itself, but its actual impact
on physician decision-making in an assistive role. Large-
scale studies demonstrate that this impact varies widely,
from significant improvement to deterioration in diag-
nostic performance [10, 11]. Notably, traditional factors
(radiologist experience, prior Al exposure) proved unreli-
able predictors of how effectively an individual radiologist
integrates Al prompts into their workflow. This highlights
the risks of both uncritically accepting erroneous Al re-
commendations and disregarding accurate prompts due
to insufficient confidence or a lack of understanding of
the algorithm.

At the same time, innovative technologies for the ear-
ly diagnosis of pathological processes in the lungs, along
with psychological predictors of the disease, play a key
role in the success of subsequent treatment [12] and the
quality of life of patients. Despite the acknowledged im-
portance of the problem, the influence of automated anal-
ysis results specifically on the diagnostic decisions and
confidence of radiology residents remains insufficiently
studied. The present research aims to address this gap.
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Materials and methods

Study aim: to investigate the impact of implementing
automated lung nodule analysis systems in CT imaging on
the diagnostic performance and decision-making process-
es of radiology residents.

Study Design. This was a prospective, two-phase, ob-
server performance study conducted to assess the diag-
nostic utility of an Al-based tool (Hiveomics Malignancy
Index) for classifying solitary pulmonary nodules (SPNs)
on non-contrast chest CT. The performance of radiology
residents was evaluated before and after exposure to Al
system outputs.

Participants. A total of 100 chest CT scans from
asymptomatic adult patients (mean age, 57.6+£15.3 years;
range, 15-86 years; 42 males [42%], 58 females [58%])
with incidentally detected solitary pulmonary nodules
measuring 8-30 mm were included (Fig. 1). Patients with
known malignancy or granulomatous disease, multiple
nodules, or archival imaging were excluded.

Nosological distribution:

« malignant neoplasm — 54%;

« benign lesion of unknown nature — 3%;

« hamartoma — 15%;

« tuberculosis — 21%;

« nonspecific inflammatory process — 7%.

Image acquisition. Chest CT examinations were ob-
tained from 30 different scanners across multiple vendors
(GE, Siemens, Toshiba, Philips) with slice thicknesses rang-
ing from 1.0 to 3.0 mm. Images were reconstructed using
standard algorithms in 95% of cases and high-resolution
kernels in 5% of cases.

Study procedure. In Phase |, four radiology residents
independently reviewed the 100 CT scans without Al sup-
port and assigned each patient to one of two categories:
benign or malignant nodules, using predefined criteria.
They then provided a more specific diagnosis based on
the nosological classification.

Following Phase |, the Hiveomics Malignancy Index
system processed all 100 CT scans. The Al model success-
fully detected and analyzed nodules in 98 of 100 cases
(98%). In two cases, no lesion was identified.

In Phase I, four radiology residents re-reviewed the
same 100 CT scans with full access to the Hiveomics Ma-
lignancy Index Al outputs. Residents could either maintain
their initial diagnosis or revise it based on the Al system’s
suggestions.

Ground truth diagnoses were established using clin-
ical follow-up, imaging progression, histopathology, or
microbiological data. Verification breakdown: clinical/
radiologic (63%), histopathology (19%), etiologic confir-
mation (18%). Final diagnoses included:

« adenocarcinoma — 26%;

« hamartoma — 15%;

« carcinoid — 10%;

o tuberculosis — 21%;

e pneumonia — 7%;

« squamous cell carcinoma — 9%;

« myofibroblastic tumor — 2%;

* metastases — 7%;

« large intrapulmonary lymph node — 1%;

« retention cyst — 2%.

Al System Description. The Hiveomics Malignancy In-
dex is a deep learning algorithm that performs automated

Sex (M — male;
175 F — female)
oM
15.0 mF —

12.5

10.0

Number of Patients

7.5

5.0
2.5
0.0
10s 20s 30s 40s 50s 60s 70s 80s
Age Group

Fig. 1. Distribution of patients by age and sex
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detection, segmentation, and classification of pulmonary
nodules (8-30 mm) on non-contrast CT scans in DICOM
format. Outputs included nodule size, consistency (so-
lid, part-solid, or non-solid), malignancy probability (on
a 5-tier scale), and differential diagnosis suggestions for
benign lesions.

Al probability tier definitions. To facilitate clini-
cal interpretation, the continuous malignancy score is
categorized into five tiers, each reflecting a distinct level
of certainty:

1. Benign (Category 1): virtually no risk of malignan-
cy (error rate < 1%), ideal for safely ruling out cancer.

2. Probably benign (Category 2): low risk (error rate
<10%); these nodules can be followed with routine sur-
veillance.

3. Indeterminate (Category 3): equivocal findings
where the algorithm’s confidence is insufficient to guide
a definitive decision; additional clinical or imaging data
may be required.

4. Probably malignant (Category 4): elevated risk
(error rate <10%), prompting consideration of further
diagnostic workup (e.g., PET, biopsy).

5. Malignant (Category 5): high risk (error rate <1%),
warranting expedited evaluation and management.

These tiers provide a structured risk framework
that complements the malignancy index categories,
empowering clinicians to tailor patient management
based on both quantitative and categorical Al out-
puts.

The table below (Tab. 1) summarizes the Al’s classi-
fication performance across the five malignancy index
tiers, highlighting both the accuracy within each cate-
gory and the corresponding interpretation of diagnostic
confidence.

In addition to the malignancy-index categories, the
system’s performance was also stratified by specific lesion
etiology (Tab. 2).

o #1R
30. 1x28 mm (8508 mm?®)
Malignant

Table 1
Performance by Malignancy index categories
Category Interpretation Accuracy (%)
1 High probability benign 100
2 Probably benign 89
3 Indeterminate (no clear assignment) | Not reported
4 Probably malignant 87.5
5 High probability malignant 100

Note: The indeterminate Category 3 represents those nodules for which the Al
could not decisively favor benign or malignant. Accuracy was not calculated for
this intermediate stratum.

Table 2
Accuracy for key lesion types

Diagnosis Accuracy, %

Hamartoma 91.2

Tuberculosis 84.6

Outcomes and statistical analysis

Metrics:

« overall accuracy: proportion of correct diagnoses
across all cases and categories;

« class-specific accuracy: proportion of correct diag-
noses within each diagnostic category;

» overdiagnosis (false positives, FP) and under-
diagnosis (false negatives, FN) for malignant neo-
plasms and tuberculosis, reported as counts and
percentages.

Formulas:

FP% % = (FP / TN) x 100, where TN is the number
of true-negative cases for the given class.

FN% % = (FN / TP) x 100, where TP is the number
of true-positive cases for the given class.

-

= al|ir HIVEOMICS

Fig. 2. Example of the Hiveomics malignancy index system operation: Demonstrating a solid-type nodule in the upper lobe of the right lung on CT
(lung window). The system classified it as malignant (Category 5). Histologically confirmed as squamous cell carcinoma of the lung
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To assess the statistical significance of changes in di-
agnostic accuracy after Al implementation, the McNemar
exact test—a nonparametric criterion for paired depend-
ent data—was applied.

The primary outcome was the diagnostic accuracy
before and after the implementation of Al support. Sec-
ondary outcomes included overdiagnosis and underdi-
agnosis of malignancy and tuberculosis. The McNemar
exact test was used to assess the statistical significance of
performance differences between phases. Analyses were
performed using paired data.

Exclusion criteria

Cases with nodules <8 mm or >30 mm, multiple nod-
ules, diffuse lung involvement, or characteristic tree-in-
bud patterns were excluded.

Results

Table 3 presents the diagnostic accuracy of four res-
ident physicians in differentiating solitary pulmonary
nodules (SPN) using CT without artificial intelligence (Al)
systems. The overall mean diagnostic accuracy was 43.0%
(range, 33.0-49.0%). The highest accuracy was observed
for malignant neoplasms (MN) (mean 51.9%). The grea-
test diagnostic challenges occurred with non-specific in-
flammatory processes (mean 17.9%). Accuracy for tuber-
culosis (mean 32.1%) and hamartoma (mean 38.3%) also
remained low. Significant inter-observer variability was

noted (e.g., tuberculosis: 14.3-47.6%; hamartoma: 13.3-
60.0%). These data demonstrate substantial limitations in
visual SPN assessment, particularly for benign processes,
and critically low accuracy in recognizing inflammation
(<20%).

This table highlights the significant constraints of
visual SPN assessment by residents, especially for benign
processes (tuberculosis, hamartoma), and reveals critical-
ly low accuracy for non-specific inflammation identifica-
tion (<20%) without Al or auxiliary tools (advanced image
analysis, PET/CT). Key issues include low overall accuracy
(43%), extremely poor nonspecific inflammation detection
(17.9%), and substantial inter-observer variability. These
findings align with established literature, underscoring
the need for standardized approaches (e.g., Fleischner
Society or Lung-RADS algorithms), follow-up imaging,
advanced modalities (such as PET/CT), and Al-assisted
diagnostic systems (CADx) to improve differential diag-
nosis accuracy, particularly for complex benign cases, and
reduce unnecessary interventions.

Table 4 details diagnostic errors for MN and tubercu-
losis. On average, 36.4% of benign nodules were misclas-
sified as malignant (overdiagnosis; range, 26.1-47.8%),
confirming the observed trend in Table 3. Conversely,
48.1% of true malignant nodules were missed, resulting
in underdiagnosis (range, 27.8-63.0%), indicating signifi-
cant failure in cancer detection. For tuberculosis, 67.9% of
true cases were misclassified (range 52.4-85.7%), directly

Table 3

Accuracy of pathology characterization without artificial intelligence systems

: . . . Accuracy Accuracy in detecting
Resident 1 47.0 57.4 38.1 46.7 14.3
Resident 2 49.0 72.2 14.3 333 14.3
Resident 3 43.0 37.0 47.6 60.0 28.6
Resident 4 33.0 40.7 28.6 13.3 14.3
Average value 43.0 51.9 321 38.3 17.9

Table 4

Quantity and percentage of false positives and false negatives for malignant neoplasms and tuberculosis without Al

Overdiag-

Hypodiag-

Hypodiag-

Ov;;(ilzaﬁ:ﬁtsls nosis nostics nostics Overdiagno-  Overdiagno- nggg':sg' ng:ii;asg-

Resident T Igasms malignant malignant Malignant sis tubercu-  sis tubercu- R R i

p > neoplasms, neoplasms, neoplasms, losis, abc. losis, % : o :
abc. i abc. %o
Resident 1 12.0 26.1 23.0 42.6 5.0 6.3 13.0 61.9
Resident 2 22.0 47.8 15.0 27.8 3.0 3.8 18.0 85.7
Resident 3 12.0 26.1 34.0 63.0 15.0 19.0 11.0 52.4
Resident 4 21.0 45.7 32.0 59.3 13.0 16.5 15.0 71.4
Average value 16.8 36.4 26.0 481 9 114 14.3 67.9
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Table 5
Changes in average diagnostic accuracy following Al implementation
Category Without Al, % With Al, % A, %
Overall Accuracy 43.0 51.8 8.8
Malignant Neoplasm (MN) 51.9 65.3 134
Tuberculosis 321 35.7 3.6
Hamartoma 38.3 40.0 1.7
Non-specific Inflammatory Process 17.9 28.6 10.7
Benign Nodule of Indeterminate Nature 4.7 33.3 -8.3
explaining its low diagnostic accuracy (32.1%). Tubercu- 65.3
losis overdiagnosis was substantially lower (mean 11.4%, 60
range 3.8-19.0%), reflecting reduced clinical suspicion = without Al
compared to MN. 50 W with Al

Significant inter-observer variability persisted (e.g.,
MN underdiagnosis: 27.8-63.0%; tuberculosis underdi-
agnosis: 52.4-85.7%), confirming experience-dependent
subjectivity. These results reveal a dual diagnostic prob-
lem: overdiagnosis of MN coupled with underdiagnosis of
tuberculosis and MN itself. Collectively, our findings cor-
roborate extensive literature on the extreme difficulty of
SPN classification (benign vs. malignant), as summarized
in Fleischner Society guidelines.

During Stage 2, all residents received CT analysis re-
sults from the Hiveomics Malignancy Index system, were
informed about its diagnostic accuracy metrics, and reas-
sessed the etiology of detected nodules. They could either
maintain their initial diagnosis or modify it based on input
from Al

Paired comparison (McNemar’s exact test) revealed a
statistically significant 8.8% increase in overall diagnostic
accuracy after Al implementation (p=0.0003). The most
substantial improvement occurred in malignant neoplasms
(A=+13.4%; p-FDR=0.000192). No statistically significant
changes were observed for other nosological categories.

Figure 3 illustrates the diagnostic accuracy gains
achieved across various pathological processes with the
aid of Al.

Results confirm the efficacy of Al-assisted diagnosis
(CADx) in improving the classification accuracy of solitary
pulmonary nodules (SPN), particularly for malignant and
inflammatory lesions, categories with the highest clinical
stakes and baseline error rates. While tuberculosis diagno-
sis showed limited improvement (persistent underdiagno-
sis remains an issue), the significant increase in accuracy
for malignant neoplasms (+13.4%) and overall diagnostic
performance (+8.8%) demonstrates Al's potential to re-
duce critical diagnostic errors. The decreased accuracy
for ‘benign nodules of indeterminate nature’ suggests an
Al-driven shift in diagnostic focus toward more specific
etiologies.

40 357

30

Accuracy, %

N
o

10

Hamartoma  Malignant ~ Non-specific Tuberculosis
neoplasm inflammatory
process
Pathology

Fig. 3. Dynamics of mean diagnostic accuracy across nosologies fol-
lowing Al implementation

The implementation of Al led to a significant reduc-
tionin:

« overdiagnosis of malignant neoplasms (-7.1 pp);

« underdiagnosis of malignant neoplasms (-13.4 pp).

For tuberculosis, underdiagnosis decreased only mar-
ginally (-3.6 pp) and remains critically high (64.3%).

Thus, Al-assisted systems (CADx) demonstrated
high efficacy in optimizing the diagnosis of malignant
neoplasms, significantly reducing the risks of both false-
positive and false-negative results. However, their impact
on tuberculosis detection was limited, requiring further
algorithm refinement or the integration of complementary
diagnostic approaches.

The Al system demonstrated the highest efficacy for cor-
recting diagnoses of malignant neoplasms (57.4% accurate
corrections) and non-specific inflammatory processes
(55.6%). This clinical significance is heightened given the
substantial risks of overdiagnosis and underdiagnosis as-
sociated with these conditions. However, for tuberculosis
and hamartoma, the Al frequently prompted erroneous
corrections (33.3% and 30.0% respectively), proving more
detrimental than beneficial.
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Table 6

Quantities and percentages of false positives and false negatives for malignant neoplasms and tuberculosis with Al

Category Without Al With Al A

Overdiagnosis malignant neoplasms, abc. 16.8 13.5 -3.3
Overdiagnosis malignant neoplasms, % 36.4% 29.3% 71

Hypodiagnostics malignant neoplasms, abc. 26 18.8 -7.3
hypodiagnostics malignant neoplasms, % 48.1% 34.7% -13.4
Overdiagnosis tuberculosis, abc. 9 6.8 -2.3
Overdiagnosis tuberculosis % 11.4% 8.5% -2.9
Hypodiagnostics tuberculosis, abc 14.3 13.5 -0.8
Hypodiagnostics tuberculosis, % 67.9% 64.3% -3.6

Table 7

Frequency and Accuracy of Diagnosis Changes After Al Implementation

Diagnosis Total Changes i G Dlagnosis Changes%  Changos,%
Malignant Neoplasm 68 39 10 57.4 14.7
Tuberculosis 24 11 8 45.8 33.3
Hamartoma 20 7 6 35.0 30.0
Non-specific Inflammatory Process 9 5 2 55.6 22.2
Thus, this Al system functions most reliably as a verifi- m without Al
cation tool for malignant processes. Its application when 56.0 | with Al

tuberculosis, hamartoma, or indeterminate benign no-
dules are suspected warrants caution and requires sup-
plementary validation methods.

The impact of Al varied across physicians (impro-
vement range: 3-17%), likely reflecting differential levels
of trust. Nevertheless, it reduced inter-observer variability
in error rates (Figure 4).

Currently, the potential applications of Al technol-
ogy in a specialist’s work have not been fully explored.
The data presented in the study confirm the hypothesis
that Al influences the decision-making of a resident. In
addition, progress in the quality of decisions was made
and a decrease in the number of errors was noted in all
parameters, for all indicators studied, which makes the
format of interaction between Al and a resident inter-
esting for increasing the level of knowledge in general.
This approach is particularly evident in the work of Al,
which demonstrates a high level of accuracy and spec-
ificity, currently in development and requiring further
refinement.

Limitations of the Study

The study was conducted exclusively with radiology
residents who had not yet completed their medical ac-
creditation. Their limited clinical experience may have in-

Accuracy, %

Resident 1

Resident 2 Resident 3 Resident 4

Fig. 4. Aggregate accuracy changes among residents

fluenced the results, as their diagnostic performance and
decision-making processes might differ significantly from
those of experienced radiologists.

Further research is needed to evaluate the impact of
Al assistance on board-certified radiologists with varying
levels of expertise.

The physicians provided a binary response (benign/
malignant), while the Al system used a 5-tier malignancy
scale, including an “indeterminate” category. This discrep-
ancy in evaluation methods may have affected the com-
parability of results.
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The Al's ability to abstain from definitive classification
in uncertain cases could have introduced bias, as residents
were forced to make a binary choice even when unsure.

The residents were informed about the Al's imperfect
accuracy, which might have influenced their trust in the
system and their willingness to adjust diagnoses based on
its suggestions.

The study did not account for potential variability in
how individual residents weighed Al recommendations
against their own judgments.

The results highlight the need for additional studies
involving experienced radiologists to determine whether
the observed improvements in diagnostic accuracy are
replicable across different skill levels.

Future studies should also explore the impact of Al
on older physicians, who may exhibit different patterns
of interaction with technology.

Conclusions

1. Visual assessment of SPNs without Al support
carries substantial risks: overdiagnosis of malignant ne-
oplasms (mean 36.4%) leading to invasive procedures,
and underdiagnosis of life-threatening conditions — tu-

berculosis (67.9%) and malignant neoplasms themselves
(48.1%) — potentially delaying critical treatment.

2.The demonstrated low overall diagnostic ac-
curacy (43.0%) and the systematic nature of clinically
significant errors necessitate integrating advanced im-
aging (PET/CT), strict adherence to diagnostic guide-
lines (Fleischner Society), and the implementation of
Al-assisted systems (CADx) to enhance the reliability of
SPN classification.

3. Al implementation (CADx) significantly enhanced
malignant neoplasm diagnosis (+13.4% accuracy) by re-
ducing both underdiagnosis and overdiagnosis, thereby
mitigating risks of delayed treatment and unwarranted
interventions. However, the current level of specificity and
accuracy of developed programs remains a fairly high risk
of missing a pathology during the individual work of the Al.

4. Al showed minimal impact on tuberculosis detec-
tion (underdiagnosis persists at 64.3%, accuracy +3.6%),
underscoring the need for pathology-specific algorithm
refinement

5. The teamwork of Al and residents showed a more
effective diagnostic result than working separately and
can be used as a mechanism to improve the quality of
resident work.
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