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ABSTRACT

Relevance: In recent years, there has been an increase in the use of artificial intelligence (A1) technology in chest low-dose computed
tomography (LDCT), which has attracted considerable attention. LDCT scans are widely used for early detection and monitoring of lung
diseases, making the accurate analysis of these scans crucial for effective diagnosis and treatment.

The study aimed to evaluate the diagnostic effectiveness of an Al system in clinical practice by comparing its sensitivity in detecting
pulmonary nodules and differentiating between benign and malignant processes with radiologists. Additionally, it aimed to provide a

theoretical basis for the clinical application of Al in LDCT.

Methods: The study is based on a retrospective analysis of LDCT scans performed in a pilot lung cancer screening project. High-
resolution tomography followed standardized low-dose scanning protocols, and experienced radiologists and an expert with many years
of practice interpreted the results. Modern deep learning frameworks (TensorFlow, PyTorch) were applied for data analysis and nodule

segmentation.

Results: The study results demonstrated that the deep learning model detected pulmonary nodules with a sensitivity of 63.4% (95%
CI: 54.0-72.8%) and a specificity of 81.6% (95% CI: 79.8-83.4%), consistent with previous studies findings.

Conclusion: Like previous published studies, this study demonstrates that Al can enhance the LDCT interpretation process.
However, despite the obtained diagnostic value, it requires further refinement for full implementation in clinical practice.

Keywords: artificial intelligence (A1), low-dose computed tomography (LDCT), lung cancer.

Introduction: Lung cancer is the second most com-
mon type of malignant tumor in men and women (af-
ter prostate and breast cancer, respectively) and a lead-
ing cause of cancer mortality worldwide. According to the
World Health Organization (WHO), in 2020, there were 2.2
million new cases of lung cancer and 1.8 million deaths
from this burden [1].

Lung canceris an urgent health problem both through-
out the world and in the Republic of Kazakhstan, as it ranks
second in morbidity and the main cause of mortality from
malignant neoplasms. In 2021, 3,615 new cases of lung
cancer and 2,086 deaths were registered in Kazakhstan [2].

Early lung cancer diagnostics is critical for successful
treatment and improvement of overall survival rates. Ac-
cording to the literature, low-dose computed tomography
(LDCT) is an effective lung cancer screening method. It
makes it possible to find cancer at an early stage, resulting
in a decrease in mortality from this pathology [3-6]. LDCT
screening requires the interpretation of a large number of
images. It can be a time-consuming process subject to var-
iability depending on the radiologist’s experience. Arti-
ficial intelligence (Al) can improve the accuracy and effi-
ciency of lung cancer screening using LDCT by automating

image analysis and providing decision-making support to
radiologists [7], as well as reducing the time to interpret
LDCT images.

Over the past 10 years, significant advances have been
made in using Al technology for early lung cancer diagnos-
tics using LDCT. Several studies have demonstrated that Al
algorithms can accurately identify and classify lung nodes
on CT scans. It greatly improves and is critical for the early
diagnostics of lung cancer. Besides increasing lung cancer
detection in the early stages, Al can also increase the effi-
ciency of LDCT screening [7-9].

Despite the promising results of the Al models devel-
oped in lung cancer screening, aspects still need to be
studied. The Al algorithms developed should be improved
with more diverse data sets to increase generalizability in
different populations, for example, for Central Asians to
validate based on the results obtained.

The study aimed to evaluate the diagnostic effective-
ness of an Al system in clinical practice by comparing its
sensitivity in detecting pulmonary nodules and differenti-
ating between benign and malignant processes with radi-
ologists. Additionally, it aimed to provide a theoretical ba-
sis for the clinical application of Al in LDCT.
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Materials and methods:

Materials: The data of LDCT studies conducted as part
of a pilot project for lung cancer screening from June 1,
2018, to September 31, 2023, in the cities of Almaty, Ust-
Kamenogorsk, and the Almaty region were studied retro-
spectively.

Scanning was performed at the 3 of Oncology and
Radiology (KazIOR) and the East Kazakhstan Regional
Multidisciplinary Center for Oncology and Surgery. Com-
puted tomography scanners with a different number of
detectors (from 64 to 128) and a slice thickness of not
more than 1.25 mm were used for scanning. All scanners
had a low-dose scanning protocol: voltage 120 kV, cur-
rent strength 10-40 mA. The effective dose for the pa-

tient did not exceed 1 mSv according to the order on pre-
ventive examinations of the population in Kazakhstan
[10]. Segmentation, annotation, and interpretation of
LDCT scans were performed by 4 radiologists with more
than 6 years of experience (Figure 1). The results of LDCT
studies were retrospectively analyzed by an invited ex-
pert with 30 years of experience in reading computed to-
mography examinations of the lungs to determine the
number of “true” nodes. Lung nodules were classified ac-
cording to the Lung Imaging Reporting and Data System
(Lung-RADS 1.1).

The deep learning model was developed by IT special-
ists of KazIOR using special deep learning frameworks and
sources (libraries) (TensorFlow, PyTorch) (Figure 1).

Figure 1 - Segmentation of pulmonary nodule contours on LDCT scans of the patient LDCT0266 performed as part of a pilot lung
cancer screening project

Methods:

Data pre-processing:

LDCT obtaining and anonymization.

Extracting regions of interest (ROIs) containing lung
nodes from LDCT scans and creating fragments of 2D or
3D images.

Annotations for regions of interest containing nodules
in the lungs.

Model development:

Selecting and implementing deep learning architec-
tures for pulmonary nodule diagnostics.

Creating learning models using the annotated CT
scans.

Hyperparameter tuning to optimize model perfor-
mance.

Model assessment:

Assessing the Al model performance using a control
set of CT scans and diagnostic value data.

Statistical analysis:

The results were statistically analyzed using appro-
priate tests (t-tests, chi-squared) and modeling methods
(logistic regression). Cohen'’s Kappa coefficient was used
to study the degree of agreement between radiologists
and the Al model.

According to international requirements, the statisti-
cal significance of findings was checked using the p-val-

ue and confidence intervals. The statistical processing re-
sults were considered statistically significant at p < 0.05
obtained using the Monte Carlo method. All data obtained
during the study were statistically processed. The data was
statistically processed using SPSS software version 21.0
and Microsoft Office Excel.

The study was approved by the local ethics committee
of the Kazakh Institute of Oncology and Radiology JSC (Al-
maty, Kazakhstan).

Results: The study analyzed LDCT scans of 1,500 lung
cancer screening program participants. Our deep learn-
ing model for lung cancer screening demonstrated a sen-
sitivity of 63.4% (95% Cl: 54.0-72.8%) and a specificity of
81.6% (95% Cl: 79.883.4%) when detecting lung nodules by
LDCT. The Lung Cancer CT model was trained on a dataset
of annotated CT scans and tested on a reference dataset
of 1,000 CT scans. Then, we analyzed the efficiency of the
deep learning model, comparing it with the work of radi-
ologists with different levels of experience.

The data in Figure 2 demonstrate that the proposed
model, trained to find lung nodules, successfully identified
alung nodule by indicating its location using labels. It illus-
trates the potential of Al in the automatic detection and di-
agnostics of pulmonary pathologies.

However, it should be noted that it is always neces-
sary to consider possible limitations and potential er-

46 Oncology and Radiology of Kazakhstan, Ne4 (74) 2024



DIAGNOSTICS

rors when interpreting the results based on Al systems. In
this case, despite the successful diagnostics of the mass,
there may be situations where the Al mistakenly identi-

fies pleural adhesions at the apices of the lungs (Figure
3) as lung nodules or has limited capabilities to find sub-
pleural nodules.

Figure 2 - LDCT image of the central neoplasm S1/2 in the upper lobe of the left lung of the patient LDCT0286 performed as part of
the pilot project on lung cancer screening

Figure 3 - Pleural adhesions at the apices of the lungs that the Al
mistakenly identified as lung nodules, patient images LDCT1106
performed as part of the pilot lung cancer screening project

The Al model’s performance was similar to radiol-
ogists with less than 5 years of experience, with a sen-
sitivity of 67.1% and a specificity of 83.8%. More ex-
perienced radiologists showed higher accuracy in
diagnostics of pulmonary nodules, with a sensitivity of
94.2% and a specificity of 98.8%. However, radiologists
needed three times more time to interpret LDCT than Al
technologies.

It was also found that the deep learning model im-
proves the radiologists’ work by increasing the volume
of interpreted LDCT studies within the same time inter-
val by 38%.

However, it should be noted that the Al model
showed lower sensitivity (40%) and specificity (82%)
during detecting subpleural nodules of different sizes.
When the model’s performance was analyzed for the
size and location of the lung nodules, it was found that
the Al showed better results in detecting parenchymal

lung nodules in patients with larger lung nodules (> 10
mm in diameter) compared to smaller nodules (< 10 mm
in diameter) with a sensitivity of 83.3% and 67.8%, re-
spectively.

Discussion: Our study assessed the efficiency of
the deep learning model in lung cancer screening us-
ing LDCT. The model achieved a sensitivity of 63.4% and
a specificity of 81.6% in detecting pulmonary nodules,
and it is consistent with previous studies that reported
sensitivity from 63% to 96% and specificity from 60%
to 98% [11-14]. It was also found that the Al model per-
formance is similar to that of radiologists with less than
5 years of experience, indicating its potential for devel-
opment.

This is consistent with previous studies that report-
ed that experienced radiologists have higher sensitivity
and specificity than less experienced physicians [15-17].
However, the fact that radiologists in both groups spent
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more time interpreting the results than the Al model
suggests that the Al model may be a more efficient and
reliable alternative to manual CT interpretation, espe-
cially for less experienced radiologists.

Despite the promising results of Al use in lung can-
cer screening, our study identified several significant
limitations that need to be considered in the clinical ap-
plication of Al:

Low accuracy in detecting subpleural nodules: In this
study, Al demonstrated a significantly lower sensitivity
(40%) and specificity (82%) in detecting subpleural nod-
ules, especially those of a small diameter (<10 mm). This
limits the model’s effectiveness in detecting neoplasms
in hard-to-interpret areas, which may lead to the omis-
sion of potentially malignant neoplasms.

Error in classifying pulmonary structures: In some cas-
es, Al mistakenly interprets pleural adhesions, especially
in the apices of the lungs and vessels, and degenerative
changes in vertebral elements as pulmonary nodules.
It can lead to false positives, increasing the burden on
doctors.

Limited ability to interpret complex cases: Although
Al-based technology can significantly improve the di-
agnostics of pulmonary nodules, its capabilities in com-
plex clinical cases, such as multifocal or diffuse pulmo-
nary parenchymal lesions and central lung neoplasms,
remain limited.

The study showed the need to further refine the
Lung Cancer CT model to detect subpleural nodules.
This may require including additional characteristics of
the elements or a large amount of data.

Despite the limitations in detecting subpleural le-
sions, our study suggests that the Al model could be
useful for lung cancer screening with LDCT. The Lung
Cancer CT model improved the performance of radi-
ologists with less than 5 years of experience and in-
creased the total volume of LDCT scans interpreted by
radiologists. Al technology certainly has the potential
to improve the efficiency and accuracy of lung cancer
screening using LDCT [16-18]. However, further study
is required to test the model’s performance on larger,
more diverse data sets.

Although many Al models are developed and tested
today, there is still a need to find the most optimal mod-
els for automatic detection and differentiation of pul-
monary nodules on LDCT scans. Our results suggest that
such a model could be useful in lung cancer screening
with LDCT, especially for less experienced radiologists,
and could increase the amount of CT data processed.
However, further improvements are needed to increase
its sensitivity and specificity, especially when smaller and
subpleural lesions are found. Further study is needed to
test the model’s performance with a larger sample.

Conclusion: In this study, the Lung Cancer CT mod-
el has proven the potential of Al models in lung can-

cer screening. Despite technological limitations in de-
tecting subpleural nodules and small-diameter lung
nodules, the model could become a valuable tool for
improving the overall efficacy of screening programs.
However, further improvement and validation are re-
quired to realize the full potential of Al models in lung
cancer screening.
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AHJIATIIA

OKIIE KATEPJII ICIT'IH EPTE JUATHOCTUKAJIAY YIIIH A3 JO3AJIbI
KOMIIBIOTEPJIIK TOMOI'PADUAIA LUNG CANCER CT ’KACAH/IbI MTHTEJUIEKT
TEXHOJOTUACBIH KOJJAHY

A. Myxameoacan', A.C. Ilanuna'?, K.C. 960pacunosa', 8.4. Kazvikenosa?, /I.P. Kaiioaposa', JK.M. Amanxynoe'

1«Kasak OHKOMOrus xaHe pagunonorus FeinbIMu-3epTTey MHCTUTYTbI» AK, Anmatel, KasakctaH Pecnybnmkactr;
1«C.[. Actheramsipos aTbiHparbl Kasak ynTTelk MeauumHa yHusepeuteti» KEAK, Anmartsl, KasakcraH Pecnybnukack!

Oszexminizi: Conabl dcwbl0apvl 6KNEeHIH a3 003aivl Komnviomepnix momozpaguscein (AJKT) ocacazanoa scacandvr unmennexm (HKH)
MexXHON02UACHIH KOJOAHY AUmMapaviKmai apmanoblKmaH o2an oeeen Hasap oa apmuin kenedi. AKT exne aypynapln epme aHblKMay jHcoue
OaKbLIAY YUWiH KeHIHeH KOLOAHbLIAObL, Al MUIMOL OUACHOCMUKA MeH eMOoey Yulin 3epmmeyoi HaKmvl maiday eme Manbl30bl.

3epmmeydiny maxKcamol — oxne myuiHOepiH AHbIKMAY Ce3iMMAanoblebliH HCoHe Kamepi MeH Kamepcis yoepicmepoi axculpamyoazsl HacaH-
Ovl unmennexm (JKH) scyiieciniy OuazHocmuKkanvlk muimMoiniein KIUHUKATLIK Maxcipubede 6azanay, OHbl paouoioe 0opicepiepoiy HOmuiceci-
MeH CanbiCmulpy, COHOAL-aK KAUHUKATIBIK KOIOAHY2A MEOPUSIbIK HE2l3 YCbIHY.

Aoicmepi: 3epmmey oxne Kamepiui icieiH CKpuHuUHemey 60ubIHUIA NUIOMMbLK H#coba asicvinoa opvindanzan AJIKT ckandapwin pempocnex-
muemi manoayaa HezizoenzeH. AxCblpamuliblMbl Hco2apvl momozpagmapoa a3z 003aabl CMAHOAPMMAI2aAH CKAHepiey Xammamaiapsl Koiod-
HbLIbIN, HOMUdICENepOi MoNCIpubeni paouoioemap MeH KonicolioblK modcipubeci bap capanuivl unmepnpemayusiiaosl. /lepekmepoi maioay
JiCoHe MyUiHOepOi ceeMeHmayusiay yuin samanayu mepey okoimy naameopmanapet (TensorFlow, PyTorch) Konoanuinosi.

Homucenepi: bis xcypeiseen 3epmmey nomuoiceci bouvinuia oknedeei myuindepdi anvikmayea apran azipaeneen Lung Cancer CT mepey
OKbIMY MOOeNiHIY oKkne myuindepin anvikmayoa cesimmanovievt 63,4% (95% CHU: 54,0-72,8%) owcone apnaitvinvievt 81,6% (95% CH: 79,8-

83,4%) exenin kepcemmi.

Kopoimuinowt: Amanmeiue 3epmmey HcyMuicvl ocvl2an Oeliinzi 3epmmeyiepoe Kepceminzen aknapammul pacmai omuipwin, KU AJKT
Mandayvli jyeaKcapma aiamolisbin kepcemmi. Anaiioa exne myuinoepin epme anvikmayoazvl AJIKT cezimmanoviebl MeH apHAllbLIbIK KOPCem-
Kiwmepine Kapamacmat, KU onapowsi anvlkmay yuiin Kocolmuia dceminidipynep MeH 0aublHObIKMbL Kadicem emeol.

Tyuinoi cozoep: scacanovt unmennexm (JKH), az oosanvl komnwvromepaix momoepaghus (AAKT), exne oovipbi.

AHHOTAIUA

HNPUMEHEHHUE TEXHOJIOI'MX HICKYCCTBEHHOI'O MHTEJVIEKTA LUNG CANCER CT
P HU3KOA03HOM KOMITIBIOTEPHOI TOMOI' PAGHT
JIJISI PAHHEN JUATHOCTUKH PAKA JIETKOI'O

A. Myxameoacan', A.C. Ilanuna®?, XK.C. A6opacunosa', A.A. Kasvikenosa®, /I.P. Kaiioaposa', 7JK.M. Amankynos'

'AO «Kasaxckuii HayuHo-1CCneaoBaTeNbCKUA UHCTUTYT OHKONOTMM 1 pagunonoruny, Anmatsl, Pecnybnuka Kasaxcran;
*HAO «Kasaxckuit HamoHanbHbIi MeguunHekuit yHusepeutet um. C. . AcdeHausipoan, Anmarsl, Pecny6nuka Kasaxcra

Axmyansnocms: B nociednue 2006l ommeyaemcs pocm npumeHeHus mexHono2uu ucKyccmeenno2o unmeniekma (MH) npu evinonnenuu
HU3K0003HOU KomnvromepHot momoepaguu (HIIKT) neekux, umo, 6 ceor ouepedv, npusiekaem snawumenvhoe snumanue. H/IKT wupoxo
UCNONbL3Yemcs 0 PAHHE20 BbIABIEHUS U MOHUMOPUH2A 3A001e6AHUU IeCKUX, d MOYHbII AHAIU3 UCCIe008AHUT UMeem BAJICHOe 3HAYeHUe s

2hhekmusHoOl QUASHOCMUKY U NeYeHUS.

Ilenv uccneoosanus — oyeHums OuazHocmuueckyio spgexmuenocmos HH-cucmemvr 6 KIUHUYECKOM NPUMEHEHUU, CPABHUBAS
4YBCMEUMETILHOCMb K OOHAPYIHCEHUIO JIe20UHbLX V31108 U Oupheperyuayuro 006pOKa1ecmeeHHblX U 310KAYeCMBEHHbIX NPOUECCO8 ¢ NOMOUbIO
WU u spaveii-paouonoeos, ¢ npedocmasienuem meopemuyeckol 0CHO8bL 0115 KIUHUYEeCKO20 UCNOIb308AHUS.

Memoowr: Hccneoosanue ocnosano Ha pempocnekmugrnom anaiuze H/IKT ucciedosanuil, 6binojIHeHHbIX 6 PAMKAX NULOMHO20 NPOEKMA
Nno CKpUHUH2Y paxa neckozo. Mcnonv306ansl cmanoapmusupo8aHHvle NPOmMoKOoJbl HUSKOOO3HO20 CKAHUPOBAHUS HA MOMO2PApax ¢ 6blCOKUM
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paspewienueMm, a uHmMepnpemayus pe3yibimanos npoeooOULACcs ONbIMHLIMU PAOUOIO2AMU U IKCHEPMOM C MHO2OAEMHUM cmadcem. /s ananusa
OAHHBIX U Ce2MEHMAYUL Y3108 NPUMEHSIUCH COBPEeMenHble Ppetimeopku enybokoeo obyuenus (TensorFlow, PyTorch).

Pesynvmamur: Pe3ynomamol ucciedo8anus noka3aiu, ¥mo mooeus enyooxoeo ooyuenus Lung Cancer CT, coz0annas 0ns onpedeneHus
J1e20uHbIX Y3108, 061a0aem wyscmeumenbnocmoio 63,4% (95% J/IHU: 54,0-72,8%) u cneyuguunocmoto 81,6% (95% JH: 79,8-83,4%).

3axntouenue: UM moscem ynywwume npoyecc unmepnpemayuu H/IKT, oOnaxo, necmomps Ha nonyuennvle 3Havenus OuazHoCmuieckoll
yenHocmu, éce ewje mpedyem OONOIHUMENbHOU OOPAGOMKU ONIsl ROTHO20 NPUMEHEHUs 8 NPAKMUKE.

Knrwuesvie cnosa: uckyccmsennwiii unmennekm (MH), Huzkooosznas komnsromepuas momoepagus (HAKT), pak neekozo.
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