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ABSTRACT

Relevance: The 5-year overall survival rate(s) in NSCLC p-stage 1A is 73%, and the recurrence rate in radically treated patients is

almost 10%.

The study aimed to evaluate the prognostic significance of several clinical and morphological factors and apply machine learning
algorithms to predict the results of the overall survival of patients with lung cancer.
Methods: The forms 030-6/y C34 — lung cancer (n=19,379) from the EROB database for 2014-2018 were analyzed, and the impact of

risk factors on overall survival was assessed using the Kaplan-Meier method. Accordingly, the training data set for constructing forecasting
models included 19,379 observations and 15 factors. The machine learning algorithms such as Random Forest Classifier, Gradient
Boosting Classifier, Logistic Regression Model, Decision Tree Classifier, and K Nearest Neighbors (KNN) Classifier were implemented
in the Python programming language. The results were evaluated by constructing an error matrix and calculating classification metrics:
the proportion of correctly classified objects (accuracy) during training and validation (validation), accuracy (precision), completeness
(recall), Kappa-Cohen.

Results: In our study, 19,379 patients were analyzed, including 15,494 men (79.95%) and 3,885 women (20.04%). At the time of the
study, 6,171 men (39.8%) and 1,962 women (49.5%) were alive. Median survival was 8.3 months (SE — 0.154 months, 95% CI—7.96-8.56)
in men and 15.43 months (SE — 1.0 months, 95% CI — 13.497-17.363) in women. At diagnosis, 1,037 patients (5.35%) had stage I disease,
and 4,145 (21.38%) had stage 1I. Most patients (61.4%) had advanced stage NSCLC: 9,189 people (47.4%) were diagnosed with stage 111,
and 4,655 (24%) — with stage 1V. The reliability of differences in median survival (y2=3991.6, p=0.00) indicated the prognostic significance
of the tumor process stage and its influence on the patient’s survival. Also, the revealed significant difference in the median survival of
patients with various morphological forms of lung cancer suggests the prognostic significance of the morphological factor (the difference

between those indicators was statistically significant, y2=623.4 p=0.000).

Conclusion: Machine learning models can predict the risk of fatal outcomes for patients after surgical treatment and registration in
the EROB database. The creation of patient-oriented systems to support medical decision-making makes it possible to choose the optimal
strategies for adjuvant therapy, dispensary observation, and frequency of diagnostic studies.

Keywords: lung cancer, prognostic significance, machine learning, relapses, overall survival.

Introduction: In recent decades, cancer of thorac-
ic organs has become one of the main causes of can-
cer cases and deaths. Despite early detection, some
patients still die from relapse. According to R. Maeda, re-
lapses in radically treatment patients approach 10% [1].
Determination of risks of relapse and/or fatal outcomes
in patients with NSCLC remains an acute open issue.
Modern tumor staging system (TNM 7 and 8) is the most
common tool for predicting the course of NSCLC. How-
ever, this classification does not reflect all significant
clinical and pathological predictors, so it cannot always
determine a personalized approach in precision medi-
cine [2-4]. Some studies demonstrate Al-based mod-
els to be more accurate than the standard TNM staging
system since they analyze a large amount of data, re-
flecting both the biological and clinical features of the

course of the disease [5]. Therefore, the models based
on machine learning were recommended as prognos-
tic tools alternative or supplementary to TNM classifi-
cation [6]. A literature review revealed a successful use
of machine learning algorithms, such as Random For-
est Classifier, Gradient Boosting Classifier, Logistic Regres-
sion Model, Decision Tree Classifier, and K Nearest Neigh-
bors (KNN) Classifier, in the classification of LC patients
by risk groups [7-12] and predicting the survival of pa-
tients with LC [13-14].

The study aimed to evaluate the prognostic signifi-
cance of several clinical and morphological factors and
apply machine learning algorithms to predict the re-
sults of the overall survival of patients with lung cancer.

Materials and methods: The forms 030-6/y C34 -
lung cancer (n=19,379) from the EROB database for
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2014-2018 were analyzed. The impact of risk factors
(gender, age, TNM, histology, localization of metastat-
ic foci) on overall survival was assessed using the Ka-
plan-Meier method. The database was created using
Microsoft Excel. Accordingly, the training data set for
constructing forecasting models included 19,379 obser-
vations and 15 factors. We identified three risk groups:
Group 1 - survival from 0 to 12 months, Group 2 - sur-
vival from 12 to 24 months, and Group 1 - survival from
24 to 72 months, respectively.

The machine learning algorithms (Random Forest Clas-
sifier, Gradient Boosting Classifier, Logistic Regression Model,
Decision Tree Classifier, K Nearest Neighbors (KNN) Classifier)
were implemented in the Python programming language.
The results were evaluated by constructing an error matrix
and calculating classification metrics: the proportion of
correctly classified objects (accuracy) during training and
validation (validation), the measurement accuracy (preci-

sion), and completeness (recall) by Kappa-Cohen.

Results:

Evaluation of the gender factor impact on the survival of
patients with LC in the Republic of Kazakhstan.

Our study involved 19 379 patients, including 15 494
men (79.95%) and 3 885 women (20.04%).

At the time of the study, 6 171 (39,8%) men were alive,
with a median survival of 8.3 months (SE — 0.154 months,
95% Cl 7.96-8.56). One-year survival in men was 44% (SE -
0.44), two-year — 31% (SE - 4.4), three-year — 26% (SE —
0.47), four-year- 24% (SE - 0.49), and five-year survival
reached 23% (SE - 0.51).

Among women, 1 962 (49,5%) were alive, with a medi-
an survival of 15.43 months (SE - 1.0 month, 95% Cl 13.497-
17.363). One-year survival in women was 55% (SE — 0.84),
two-year — 45% (SE - 0.9), three-year — 40% (SE — 0.95),
four-year— 38% (SE - 1.0), and five-year survival reached
37% (SE - 1.03) (Figure 1).
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Figure 1 - Overall survival of patients depending on gender, by Kaplan-Meier method

Thus, it is clear that in our data set, the male gender
was a risk factor for survival in LC. The difference in the me-
dian survival of men and women with LC was statistically
significant: x2=219.03, p=0.00.

Tumor stage impact on the remote outcome of patients
with LC

Most patients with NSCLC (61.4%) had advanced can-
cer: stage lll - 9 189 (47.4%) or stage IV — 4 655 (24%).

Among stage | patients, 845 (81.5%) were alive by the
end of the study (2018). The median was not reached:
the median survival was 125.6 months, SE - 9.6 months,
95% Cl - 106.7-144.5. Among stage Il patients, 2 366

(57.1%) were alive by the end of the study (2018). Their
median survival was 26.1 months, SE - 1.4 months, 95%
Cl 23.3-28.8. Among 9 189 patients with stage Ill, 3 687
(40.1%) survived, with a median survival of 8.3 months,
SE — 0.2 months, 95% Cl - 8.0-8.7. By the end of 2018,
only one-fourth of patients with stage IV had survived -
1 183 (25.4%). The median survival in that group was 3.3
months, SE — 0.1 month, 95% CI - 3.1-3.5 (Figure 2).

Assessing the significance of differences in median
survival (x2=3991.6, p=0.00) showed the prognostic sig-
nificance and influence of the tumor process stage on pa-
tient survival.
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Figure 2 — Overall survival of patients depending on disease stage,
by Kaplan-Meier method

Impact of the tumor morphological type on LC patient  al was 17.1 months, SE — 0.9 months, 95% Cl - 15.2-19.1.

survival in the RK

Patients with squamous cell cancer accounted for

Among 19 379 patients diagnosed with LC in 2014-  27.0% (5 231), and 2 254 (43.1%) survived 2018. The me-
2018, 18.5% (3 579) had adenocarcinoma. Of them, 1 738  dian survival was 11.6 months, SE — 0.3 months, 95% C| —
(48.6%) were alive by the end of 2018; the median surviv-  10.9-12.3 (Figure 2).

Survival Functions

0,87

0,67

Cum Survival

0,4

0,27

0,0

-1 ApgeHokapupHomMa
|- INNOCKOKNETONHBIN paK
MenKoKNeTouHbIN pak
Pak BAY
KapupiHoupb!
- KpynHokneTouHbIN pak
-MTC
MeseHxumanbHble
onyxonu
" Apyme
H"He sepuduupposaH
R
I ggggg%gerowbm pax:
MenKoKNeTOuUHbIN paK-
censored
[-+—Pak BAY-censored
KapuyHounpbl-censored
- ‘I:(gxgg?exé\erouubm pax:
[-t—Mrc-censored
MeseHxumanbHble
onyxonu-censored
—t— Apyme-censored
He sepudmnupposaH-
+ censoll?ec? e

1 1 1 1
.00 50,00 100,00 150,00 200,00

Survival time, months

Figure 3 — Overall survival of patients depending on the tumor morphological type,

by Kaplan-Meier method
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Small-cell cancer (SCC) was diagnosed in 1 091 (5.6%) cas-
es. Of them, 377 (34.6%) were alive by the end of 2018; the me-
dian survival was 7.2 months, SE — 0.3 months, 95% C| — 6.5-
7.99. Lung cancer not otherwise specified (NOS) was detected
in 7 643 (39.4%) cases; 2 922 (38.2%) were alive; the median sur-
vival was 6.2 months, SE — 0.2 months, 95% Cl - 5.7-6.6.

Among patients with lung adenocarcinoma, one-,
two-, three-, and four-year survival rates were 57% SE1,
45% SE1, 39% SE1, and 37% SE1, respectively. The five-
year survival reached 36% SE1. In patients with squa-
mous cell lung cancer, the one-, two-, three-, and four-
year survival rates were slightly lower and amounted to
51% SE1, 35% SE1, 30% SE1, and 28% SE1, respectively.
The five-year survival reached 27% SE1. In SCC, major sur-
vival rates were still below NSCLC: one-year survival was
39% SE2, two-year survival was 24% SE2, three-year sur-
vival was 21% SE2, and four-year survival was 19% SE2.
The five-year survival did not exceed the 20% threshold
and amounted to 18% SE2.

The survival rates in patients with lung cancer NOS
correlated with those in SCC: 40% SE1, 28% SE1, 24%

SE1 for one-, two-, and three-year survival, and 22%
SE1 for four- and five-year survival. One-year survival
in patients with carcinoids amounted to 78% SE5. The
two-, three-, four-, and five-year survival rates were
74% SE6.

Thus, mandatory morphological identification of malig-
nant neoplasms of the lung helps in choosing treatment tac-
tics and selecting adequate anticancer drug therapy and the
disease prognosis. The identified significant difference in medi-
an survival among patients with various morphological forms
of lung cancer demonstrates the prognostic significance of the
morphological factor (the difference between these indicators
was statistically significant, x2=623.4 p=0.000).

Predicting the marker of survival of patients with LC from
the EROB database using a machine learning model.

After assessing potentially significant predictors from
the EROB database, a training set was formed. Machine
learning-based models can automatically classify patients,
taking into account multifactorial data.

Figure 4 shows the prevailing number of patients in
Risk Group 1.
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Figure 4 - Distribution of LC patients by risk groups

When building the machine learning model, we had
to decide on significant and excessive (noise) parameters.
Avoiding excessive parameters improves data interpreta-
tion and model accuracy. We optimized the list of selected
parameters during model training to improve the simula-
tion accuracy. The main predictors (~5%) chosen for those
models were the tumor stage and size, the involvement of
lymph nodes (N), and patient age (Table 1).

The developed machine learning models showed a
high proportion of correctly grouped classification ob-
jects, i.e.,, high model accuracy. The highest accuracy of
predictions on the training set was achieved using Deci-

sion Tree (0.86), Gradient Boosting (0.72), and Random For-
est (0.70) algorithms. Validation of the obtained models re-
vealed the following accuracy rates: for Gradient Boosting
- 0.70, Random Forest - 0.70, and logistic regression - 0.69
(Figure 5, Table 2).

The Decision Tree algorithm showed the best
characteristics (accuracy during training - 0.86,
during validation - 0.63) on the given data set. Af-
ter the optimal parameters for the model were se-
lected, namely {'C": 100, ‘penalty’: ‘[2’, ‘solver’: ‘liblin-
ear’}, the accuracy during validation amounted to
69%. The quality of this model was tested using the
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error matrix (Figure 6). During the test, the degree of
measurement accuracy (precision) was 0.71, and the
recall was 0.87. The Consistency Measure Indicator
k-Cohen was 0.66, which indicates the good poten-

tial of this approach. Other measurements amount-
ed to a true positive rate (TPR) of 0.98, a false positive
rate (FPR) of 0.06, specificity was 0.94, and an area
under the curve (AUC) was 0.98.

Table 1 - Calculation of the importance of parameters in algorithms,%

Algorithm
Parameter
Decision Tree Classifier Random Forest Classifier Gradient Boosting Classifier
Stage 16,0 34,7 59,3
Tumour_size 8,6 17,2 6,0
N 9,1 17,4 8,2
Metastasis 3,7 12,9 4,3
Brain_metastasis 0,7 0,3 0,3
Multiple_metastasis 2,1 0,9 0,2
Bone_metastasis 1,0 0,2 0,3
Liver_metastasis 1,7 0,2 0,4
Adenocarcinoma 2,7 43 4,0
Squamoscell_carcinoma 34 1,6 1,4
Smallcell_carcinoma 2,0 0,2 0,1
Carcinoid_tumours 04 04 0,8
Cancer_unknown 2,5 3,4 2,6
Gender 3,6 2,9 43
Age 42,4 34 7,8
Total 100 100 100

Age

Gender
Cancer_unknown
Carcinoid_tumours
Smallcell_carcinoma
Squamoscell_carcinoma
Adenocarcinoma
Liver_metastasis
Bone_metastasis
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Figure 5 - Survival prediction model created using the logistic regression algorithm

Table 2 - Accuracy indicators of machine learning
algorithms during training and validation

. . - Accuracy Accu.racy
Machine learning algorithms ) e during

during training s

validation
DecisionTreeClassifier 0,86 0,63
RandompForestClassifier 0,71 0,70
GradientBoostingClassifier 0,72 0,70
LogisticRegressionModel 0,70 0,69
K NearestNeighborsClassifier 0,75 0,68

Predicting the marker of survival of patients reg-
istered at the EROB database during 2014-2018 (19
379 patients, 15 factors) using machine learning has
shown that such machine learning algorithms as
Random Forest, Gradient Boosting, Decision Tree,
and logistic regression produce the best models,
with the accuracy of 72% during training and 70%
during validation on the test set. The accuracy of
the Decision Tree Classifier during training was 87%
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compared to 63% on the test set. After the optimal
parameters for the model were selected {'C’: 100,
‘penalty’: 12} ‘solver’: ‘liblinear’}, the validation accu-
racy amounted to 69%.

The constructed models have reached the indicators

acceptable for the application and therefore were recog-
nized as applicable.

According to the error matrix, the measurement precision
was 0.71, the recall - was 0.87, the k-Cohen was 0.66, TPR —
0.98, FPR - 0.06, and the specificity was 0.94, and AUC - 0.98.
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Figure 6 — Error matrix of the prediction model for three risk groups of patients from
the EROB database created using the decision tree algorithm

Discussion: The TNM staging system remains an im-
portant and verified survival predictor, but it does not
account for all disease parameters. This limits the TNM
staging system’s capacity to predict an unfavorable
outcome. In this study, we used the survival impact as-
sessment by Kaplan-Meier to evaluate the prognostic
and predictive biomarkers that affect disease progno-
sis. E.g., the male gender was identified as a risk factor
worth focusing on in future studies. Presumably, not
the male gender as a genetic factor but the relation-
ship of gender with lifestyle, behavioral factors, work,
attitude to health, etc., should be explored.

The developed algorithms can also help identify
the patient subgroups requiring more intensive fol-
low-up and adjuvant treatment regimens. Stratifying
risks based on the received data may contribute to
changing established monitoring and treatment stan-
dards in favor of further drug therapy and the intensity
of dispensary follow-up. Thus, high-risk patients shall
reduce the dispensary follow-up to timely adjust treat-
ment to changes in their oncological and function-
al status. Still, identifying patient groups with a high
risk of relapse who can benefit from adjuvant therapy
remains an issue. Selecting patients for chemothera-
py based on a single risk factor may be ineffective be-

cause comprehensive prediction shall account for all
disease attributes and the weight of each factor.

In this study, machine learning models showed the
optimal combination between forecast and actual ob-
servation. This guarantees the reproducibility and reli-
ability of the proposed model. More importantly, the
proposed model fits the EROB cohort.

Machine learning algorithms deliver a more accu-
rate prognosis than the TNM staging system and ear-
lier developed predictive models. This tool allows
doctors to better predict the patient’s survival after
surgery and determine the subgroups of patients who
need a specific treatment strategy.

Takeaways:

1. The analysis of factors influencing LC survival re-
vealed the male gender as a risk factor (x2=219.03,
p=0.00), while the female gender was classified as a fa-
vorable prognostic factor.

2. An analysis of clinical and morphological factors
showed a significant effect of such indicators as the stage
of the disease (x2=3991.6, p=0.00) and the morphologi-
cal type of tumor (x2=623.4 p=0.000) on survival in LC.

3. Significance of differences in median survival
(x2=3991.6, p=0.00) indicates the prognostic signifi-
cance and impact of the LC stage on survival.
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4. The Random Forest, Gradient Boosting, and De-
cision Tree classifiers showed their applicability in pre-
dicting the risk group (marks) of overall survival in LC.

5. The machine learning model validation on the
test set showed the admissibility of the Random For-
est, Gradient Boosting, and Decision Tree classifiers to
aid decision-making.

6. Data quality, as is an algorithm, is important for
building a predictive model. Data shall be accurate
and bulk, with a normal (Gaussian) distribution by risk
groups (classes).

Conclusion: Machine learning models can help pre-
dict the risk of death in LC patients after surgical treat-
ment or registration in the EROB database. Creating
patient-oriented medical decision support systems will
help choose the optimal strategies for adjuvant thera-
py, dispensary follow-up, and the frequency of diag-
nostic tests.
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TYXbIPBIM

KA3AKCTAH PECITYBJIUKACBIHAAFBI OKIIEHIH KATEPJII ICITIMEH AYBIPATBIH
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“«Kasak-Peceit MeauuHa YHusepcuTeTin MemnekeTTik emec binim 6epy mekemeci, Anmartsl, Kasakcran Pecnybnukace

Ozexminici: la camviceinoazvl okneniy kamepii iciciniy 5 Hcoli0bIK Jcannvl omip cypy oeweeili 73% Kypaiiobvl, an paouxaiobl emoeneeH na-

yuenmmepoe peyuous sxcuiniei wamamen 10% Kypaiiovl.

3epmmey marcamot — 6ipKamap KIUHUKATBIK HCIHE MOPPONOUANBIK PAKMOPAApObIY DOIHCAMObI MAHBIZObLILIZbL MEH OKNe Kamepii iciel 6ap
HayKacmapowly Hcaanvl eMIip Cypy Hamudxcenepin 0oaxcay yulin MauuHaIblK, OKblmy an2opummoepin Ko10any MyMKIHWINIZIH 6azanay.

Qoicmep: 030-6/y c34 — oxne 06vipwl (n=19379) nvicanoapvina 2014-2018 arcorc. OHIP depexmep bazacvinan manoay scypeizinoi, Kannian-
Meiiep 20ici botiviHwa dHcannvl eMip cypyee Kayin (hakmopiapuinsly acepin bazanay sxcypeizindi. Tuicinue, 6012cay MooenbOepin Kypyea apHaI2aH
oxwimy orcuvinmuievt 19379 baxvinay men 15 gpakmopowr xammuowl. JKymvicma sondaunvinamuin Mawunanviy okbimy aneopummoepi (Random
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Forest Classifier, Gradient Boosting Classifier; Logistic Regression Model, Decision Tree Classifier, K Nearest Neighbors (KNN) Classifier) Python
bazoapramanay mininoe icke acvipuviizan. Homuoicenep xame mampuyamnsl Kypy, jcikmey oauemoepin ecenmey apKblivl 0a2anianobl: OKblMY JcaHe
mexcepy (validation), 0anodix (precision), moneikmoix (recall), Kanna-Kosn keszinde dypuic scikmenzen ob6vexminepoiy yieci (accuracy).

Homuocenepi: bizoiy sepmmeyimizoe 19 379 nayxac manoanovl, onviy iwinde 15 494 ep aoam (79,95%) swcane 3 885 aiien (20,04%). 3epmmey
bapvicvinoa Kasipei Kyui epiep apacuinoa 6 171 naykac (39,8%) mipi exenoiei anvikmanowt, 6yn pemme omip cypy meouanacwt 8,3 ailovt Kypaowvl (SE —
0,154 aui, 95% J[H — 7,96-8,56). Oiendep apacvinoa 1 962 nayxac (49,5%) mipi, 6yn pemme emip cypy meduaracet 15,43 aiioer kypaowl (SE — 1,0 ail,
95% JIH — 13,497-17,363). 1 037 nayuenmme (5,35%) aypyoviy I camovicoinoa sicane 4 145 (21,38%) 1l camvicvinoa anvixmanovt. O¥IKEKI naykac-
mapoviy Kenwinieinoe (61,4%) ken mapanzan cameioa ouazros Kouvirean: 9 189 adavoa (47,4%) — 11l cameioa, 4 655-me (24%) — IV camoioa. Omip
CYpYy MeOUaHaCbIHOAbl AbIpMAUbLILIKMAPOLlY OYpbicmbiebit Oazanay (y2=3991,6, p=0,00) icik npoyeciniy boax#amobl Manbi30bIILIZ6IH JCIHE
HAyKacmapowly eMip cypyine acepin kepcemedi. Conoati-ax, ekne Kamepii icieiniy apmypii MOpgonousnbx opmanapsl 6ap HayKacmap apacsioa
OMIp CYpy MEOUAHACLIHOALL] AUMAPTLIKMAL AULIPMAULLLTbI MOPHONOSUANLE (PAKMOPObIH OONHCAMObL MAHBISOBLILIEG! MYPANbL AUMY2d MYMKIHOIK
bepedi (cmamucmukanivlk mypebloan aieanod, Oy KOpCemKiumep apacblHOAgbl AUbIPMAUbLIbIK CeHiMOi 60106, ¥2=623,4 p=0,000).

Kopoimuinowr: Mawunaneix okeimy mooenvoepi xupypausinvlk emoeyoer keilin 0e, OHOP depekkopbina mipKeneeHHeH KelliH 0e HayKacmapobly
onim Kaynin 6onicayea MymKinoik 6epedi. Haykacka 6agoapianzan meOuyuHansl, wewinoep Kabulioayovl Konoay AHCyuecin Kypy aovloanmmol
mepanusHbll, OUCNAHCEPTIK OAKLIIAYObIH HCIHE OUAHOCIIUKATLIK 3epmmeyaep JHCULNICIHIY OHMailibl Cpameusiapbin mayoayea MyMKinoik bepeoi.

Tyiiinoi cesoep: oxneniy kamepii iciei, OonHaMObl MAHBIZObLILIZbL, MAWUHANBIK, OKbIMNY, KAUMALAHYIAP, HCATNbL OMID CYPY KOPCemKiuli.

AHHOTALIUA

POJIb MAIINHHOTI'O OBYYEHUA B PASPABOTKE MOJIEJINU ITPOT'HO3NPOBAHUA
PE3VJIBTATOB BbIZKUBAEMOCTH BOJIbHBIX PAKOM JIETKUX B PK

B.A Maxapoé"?, /I.P. Kaiioaposa®, C.E. Ecenmaesa®, JK. Kaamamaesa®’, M.E. Mancyposd’,
H. Kaowvipoex®, P.E. Kaowvipoaesa®, C.T. Onacaes', H.H. Hosuros'

IKI'TI Ha MXB «AnmatuHckasi PervioHanbHasi MHoronpodunbHas Knukukay, Anmarsl, Pecnybnvka KasaxcraH,
HAO «Kasaxckuit HaumoHamnbHbIi YHUBEpeuTeT uM. anb-Gapabuy, Anmaresl, Pecrybnvka Kasaxctah,
A0 «Kasaxckuit HayuHo-Uccnenosatensckuit UHcTutyT OHkonorvm v Paguwonoruny, Anmatsl, Pecnybnuka Kasaxcran,
*HYO «Kasaxcko-Poccuiickuit MeanumHekuii YHueepcuteT», Anmarsl, Pecnybnnka KasaxcTan

Axkmyansnocmy: B psoe ucciedosanuil 6v110 NOKA3aHO, 4MO MOOENU, CO30AHHbIE C NOMOWbIO UCKYCCIMBEHHO20 UHMENLEKMA, AGIAI0MCs Oolee
MOYHbIMU, YeM 00blunas cucmema cmaouposanus TNM, nockonvky onu cmpoamcsi Ha ananuze 601bui020 00bemMa OAHHbIX, OMPANCAIOUUX KAK
buonocuyeckue, max u KiuHuyeckue ocobennocmu mevenus bonesnu. Ha smom ocnosanuu mooenu, co30annvle ¢ NOMOUubI0 MAUUHHO20 00YYeHus.,
ObLIU PEKOMEHO0BAHDL 8 KAYecmee anrbmephamusHolx unu oonoausowux TNM kiaccugpukayuio npoeHocmudeckux uHCmpymMeHmos.

Lleny uccnedosanus — oyenumos NPOSHOCMUYECKYIO 3HAYUMOCIL PAOA KAUHUKO-MOPGHONOSUYECKUX (PaAKMOPO8 U NPUMEHUMb Al20pUmmbl
MAWUHHO20 06YUenUs Ol NPOSHO3UPOBANUS PE3YIbINAMO8 0OUell BbIHCUBAEMOCNU OOLHBIX € PAKOM JE2KUX.

Memoowt: [Iposeden ananus ucmopuu 601e31HU nAyUeHmos ¢ pakom aeekozo (n=19379) uz 6aswi dannvix PO 3a 2014-2018 ze., npoussedena
OYeHKa GIUAHUSL (PAKMOPO8 PUcka na oouylo gvldcusaemocns no memody Kannana-Meiiepa. Ilpumenennvle 6 pabome ancopummovl MAUUHHO2O
obyuenusi (Random Forest Classifier, Gradient Boosting Classifier;, Logistic Regression Model, Decision Tree Classifier, K Nearest Neighbors
(KNN) Classifier) peanuzosanvi na sizvike npoepammuposanus Python.

Pesynomamut: B nawem ucciedosanuu Ovliu npoaHanuzuposansl ucmopuu oonesnu 19 379 nayuenmos. Ha momenm ucciredosanus cpeou
MyaxHcuun oviau xcugvl 6 171 6onvubix (39,8%), npu smom meduana svisxcusaemocmu cocmasuna 8,3 mecsayee (SE — 0,154 mecayes, 95% JIH —
7,96-8,56). Cpeou scenwyun 6vinu sncuswl 1 962 6onvnvix (49,5%), npu smom meouana svidicusaemocmu cocmasuia 15,43 mecayes (SE — 1,0
mecsay, 95% JIU — 13,497-17,363). V 6onvuuncmea (61,4%) nayuenmos HMPJI 6vin Ouacnocmuposan 6 pacnpocmpanennou cmaouu: y 9 189
uenogex (47,4%) — na Il cmaouu, y 4 655 (24%) — na 1V cmaouu. Oyenxa docmoseprocmu pasiuyuil 8 meouare gvigcusaemocmu (y2=3991,6,
p=0,00) yxaszvieaem na npocHOCMUYECKYI0 3HAUUMOCTb U GIUAHUE CINAOUU ONYXOIE8020 NPOYECCd HA GbIJICUBAEMOCTb OObHBIX.

3axniouenue: Mooeru mawunno2o 06yueHus NO360NAIOM NPOSHOUPOBAMb PUCK PA3GUMUS JEMANbHO20 UCX00d OONbHBIX KAK Nocie
XUPYpeUUecKkoeo i1edenus, maxk u nocie nocmanosku na yuem 6 oazy oannvix SPOb. Coz0anue nayuenm-opueHmuposanbix cucmem noooepiucKu
NPUHAMUSA BPAYEOHBIX PeuleHull No380sem BblOpamb ONMUMANbHbIE CMpameuu ao0bIOBAHMHOU mepanuu, OUCHAHCEPHO20 HAOTIOO0eHUs U
4aACmMonsl OUACHOCMUYECKUX UCCTIEO08AHUIL.

Kniouegvie cnosa: pax nezko2o, npocHoOCMu4eckas 3HaUUMOCMb, MAUWUHHOE 00yyeHue, Peyuoussl, 00Was 6blACUBAEMOCTb.
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