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Objective. To develop a machine learning model for predicting the fact of recurrence in patients with thy-
roid cancer after surgical intervention.

Materials and methods. According to the aim of the study, the case histories of 300 patients who had un-
dergone surgical intervention for thyroid cancer were analyzed. The average age was 43.54 years. All patients
included in the study underwent a comprehensive examination according to the clinical recommendations
on the diagnosis and treatment of patients with thyroid cancer. Selection of the most appropriate model in
machine learning is critical as it directly affects the accuracy and efficiency of prediction. Selection of the best
model was done through comparing the performance of different algorithms on the same training sample us-
ing cross-validation. Each model was evaluated on such metrics as average accuracy and standard deviation to
determine which model demonstrates the best results. The random forest model performed best in terms of
average accuracy and was used hereafter. The model was trained using a matrix of predefined features. Using
param grid, we can efficiently adjust hyperparameters such as the number of trees, maximum depth and min-
imum number of samples for separation, which will help us to find the optimal settings for our task. Random-
izedSearchCV method was used to select the hyperparameters. During the hyperparameter search process, the
model was trained on training data selected as 70 % of the original dataset. The search resulted in the follow-
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ing best hyperparameters for the random forest model for our data specifically: n_estimators = 161,
min_samples_split = 5; max_leaf nodes = 39; max_depth = 12; bootstrap = True.

Results. A model that demonstrated high target feature accuracy was trained during the study. The proportion
of patients with postoperative recurrence correctly identified by the model was 98 % of all patients with recur-
rence, and the proportion of patients without recurrence correctly classified by the model “as patients at no risk
of recurrence” was 95 % of all patients without recurrence. This shows that the developed model effectively han-
dles the task of classification based on medical parameters, which may be particularly important for decision
making in clinical practice. The high accuracy indicates the reliability of the model and its ability to identify cases
of recurrence correctly, this may contribute to the improvement of diagnostics and treatment.

Conclusions. A machine learning model to predict a high probability of thyroid cancer recurrence based on
the analysis of medical parameters was developed while carrying out the study. The development process be-
gan with careful data preprocessing, which is a critical step in reliable models’ construction. During prepro-
cessing, outliers and columns containing monotonic values were removed to improve the data quality and
avoid distortions in the model training. Categorical variables were also coded to ensure that they could be
used correctly in machine learning algorithms, and correlated features were excluded to minimize multicol-
linearity and increase the interpretability of the model.

Keywords. Thyroid cancer, thyroid, machine learning, recurrence prediction, random forest, python.

Ieas. Pa3zpaboTka MOAEIN MAIIMHHOIO OOYYEHHUS 110 IPEACKA3aHUIO (PAKTA PELW/IMBA Y IIALUEHTOB C PAKOM
IIATOBU/IHON 5KEJE3bI IIOC/IE TTPOBE/IEHHOTO ONEPATUBHOTO BMEIIATEIBCTBA.

Marepuansl M1 METOABL. B COOTBETCTBUH C IE/BIO UCCIEOBAHMUA OBUIH IPOAHATU3UPOBAHBI UCTOPUHN OO-
ne3uy 300 MALMEHTOB € BBIIOJIHEHHBIM ONEPATUBHBIM BMEIIATENBCTBOM IO MOBOAY PAKd IIUTOBUAHON XKe-
ne3bl. CpeiHuit BO3pacT — 43,54 rojia. BceM BKIIOUEHHBIM B UCCIE0BAHUE OOMBHBIM OBUIO MPOBEICHO KOM-
TJIEKCHOE OOCEI0BAHNE COIMIACHO KIMHMYECKUM PEKOMEHAMAM IO JIMATHOCTUKE U JICYEHUIO OOJBHBIX
PIIK. Beibop Haubonee MOAXOAAMCH MOAEN B MAIMMHHOM OOYYEHHMHM KPUTHUECKH BAKEH, TAK KAK OH
HANPAMYIO BIUAET HA TOYHOCTb U 3(PPEKTUBHOCTD NIPEACKA3aHus. OTOOp Mydweil MOAENy ObUl IPOU3BECH
4yepe3 CPABHEHUE MPOU3BOJIUTENBHOCTY PA3MTMYHBIX AITOPUTMOB Ha OJHOH 1 TOH k€ 06y4atomeit BLIOOPKE C
UCTIONB30BAHNEM KPOCC-BAMUIAIMN. KaKIas MOJIEIb OLIEHUBANACh IO METPUKAM, TAKUM KAK CPEIHSA TOY-
HOCTb ¥ CTAH/JAPTHOE OTKJIOHEHUE, YTO MO3BOJAET ONMPEACTUTD, KAKASl U3 HUX JEMOHCTPUPYET HAWIYYIINC
peaynbTathl. JIydiie BCEro Mo MOKA3aTeNMo CPEHEN TOUHOCTH BBIABHIA CE6S MOJIE/b CIYYaHHOTO JIeca, OHA
€ B JAIbHENIIEM U UCTIONb30BAIACh. OOGyYeHNE MOJIETU ObUIO TIPOU3BE/ICHO MO MATPHUIIE 3apaHee Ompe/ie-
JICHHBIX TIPU3HAKOB. VICTIOMB3Ys MapaMETPUUECKYIO CETKY (param_grid), MOXHO 3((QEKTUBHO HACTPAMBATH
TUIEPIAPAMETPBL, TAKUE KAK KOMMYECTBO JICPEBHCB, MAKCUMAIbHAS [IYOMHA U MUHUMAJIBHOC KOJIUYECTBO
00pa31OB VI PA3AEICHNUS, YTO TIOMOXET HAUTU ONTUMAIbHBIE HACTPOWKY JyIsl Hamel 3aaun. Jig nogoopa
TUIEPIAPaMETPOB UCIONB30BAICA MeTof; RandomizedSearchCV. B mpotiecce noncka runepapamerpoB MOJICIb
00y4a1aCh HA TPEHUPOBOUHBIX JIAHHBIX, OTOOPAHHBIX KaK 70 % OT UCXO/IHOTO JlaTaceTa. ITOroM nowucka omnpe-
JIETWIACD CTIE/YIONIHE JIYYIIAE TUTIEPIIAPAMETPBI U1 MOJIETN CTYJalHOTO JIECA JUI1 KOHKPETHO HAIMNX JIAHHBIX:
n_estimators = 161; min_samples split = 5; max_leaf nodes = 39; max depth = 12; bootstrap = True.
Pe3ynbTaThl. B x07ic NCCIEI0BAHNA ObUIA OOYYEHA MOJIEb, KOTOPAsA NPOJAEMOHCTPUPOBAIA BBICOKYIO TOY-
HOCTb LIE/IEBOTO NPHU3HAKA. [l071 MAIUEHTOB C TIOCICONEPAITMOHHBIM PELUANBOM, TIPABUIBHO HACHTU(DUIIN-
POBAHHBIX MOJENBIO, COCTABMIA 98 % OT OOIMEro YMC/IA MAIUEHTOB C PELUMBOM, A IO TIALUEHTOB O€3 pe-
I1/IMBA, BEPHO KIACCU(DUIIMPOBAHHBIX MOJIEIBIO «KaK MAIMEHTBI, HE UMEIOIIE PUCKA PELUANBA>, — 95 % OT
BCEX MAIUEHTOB 0€3 PELU/MBA. DTO CBUIETENBCTBYET, UTO PA3PA60TAHHASA MOJAEND A(PMEKTUBHO CIIPABIACTCA
C 3aja4ell KIACCU(PUKALUU HA OCHOBE MEJUIMHCKUX MAPAMETPOB, YTO MOKET OBITb OCOOCHHO BLKHO UL
IPUHATHUA PEIEHNI B KIMHIYECKON TIPAKTUKE. BBICOKAS TOUHOCTD YKA3BIBAET HA HA/ICKHOCTb MOJIEH U €€
CHOCOGHOCTb MPABWIBHO UACHTU(PULIMPOBATD CIy4ad PELIUAMBA, YTO MOKET CIOCOOCTBOBATD YIYYLICHUIO
JMaTHOCTHUKY U JICYCHUSL.
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BrIBOgBL B pamkax nccneaoBaHys 65U1a pa3paboTaHa MOAEIb MAIMHHOIO OOYIEHIS /Uil TIPEAICKA3AHILT BBICO-
KOV BEPOSITHOCTH PELWANBA PaKa MUTOBUAHOM SKeJIe3bl HA OCHOBE AHAIM3A MEMIMHCKIX TTapamMeTpos. ITporiecc
PA3pAOOTKY HAYATICA C TIIATEBHON MPE0OPAGOTKY JTJAHHBIX, YTO SBJSETCA KPUTUYECKU BUKHBIM 3TATIOM B TO-
CTPOEHUH HAZICKHBIX MOJE/EN. B xo71€ npeodpadboTKy ObUIH YAAIEHD! BBIOPOCH! U CTOJOLIBL, COECPYKALIUE OJHO-
O0OPA3HBIE 3HAYCHFIS, YTO TO3BOJIUIO YIYUIINTh KAYECTBO JIAHHBIX M M30€KATh UCKAKEHNI B OOYYEHHH MOJIEIIL
Tatoke 6bUIa TIPOBE/IEHA KOAMPOBKA KATETOPUATBHBIX TIEPEMEHHBIX, YTO OOECTIEYMIO BO3ZMOKHOCTb UX KOPPEKT-
HOTO HCTIONMB30BAHMA B AMTOPUTMAX MAMMHHOTO OOYYEHIS, N MICKTIOUEHb! KOPPETUPYIONIHE MPH3HAKH, YTOObI
MUHUMU3UPOBATh MYJIBTHKOUIMHEAPHOCT 1 TIOBBICUTB HHTEPIIPETUPYEMOCTb MOJIETHL.

KiroueBpie ¢10Ba. Pak MUTOBUAHOIN JKe/E3bl, IUTOBUAHAS JKETE3a, MAMMHHOE 06YYEHHE, TPOTHO3UPOBA-

HUE PELUAUBOB, CIydalHbIi j1ec, python.

INTRODUCTION

Thyroid cancer (TC) is one of the most
common types of cancer among endocrine dis-
eases [1-4]. Despite high survival rates with ear-
ly detection and adequate treatment, the prob-
lem of recurrence remains relevant and requires
special attention [5-7]. Recurrence of the dis-
ease can occur even after successtul treatment,
which makes it necessary to do patients’ moni-
toring regularly [8-11]. However, predicting
recurrence based on clinical parameters is a
challenging task for medicine in general.

Oncology specialists face several challenges
when assessing the risk of disease recurrence.
First, patients' clinical data can be varied and
complex, including age, gender, tumor grade,
presence of metastases, and previous test results.
These factors can interact with each other in
complex ways, making them difficult to inter-
pret. Secondly, traditional risk assessment meth-
ods are often based on subjective assessments by
physicians, which can lead to variability in diag-
noses and treatment recommendations.

Furthermore, the time spent analyzing data
and making decisions can be significant. With
limited resources and increasing workloads on
healthcare professionals, it's important to optimize
the process of diagnosing and monitoring pa-
tients. Incorrect assessment of the risk of recur-
rence can lead not only to a deterioration in the

patient's condition, but also to unnecessary costs
for additional examinations and treatment.

The above-described challenges necessitate
the development of an automated model for pre-
dicting thyroid cancer recurrence. Machine learn-
ing methods enable the analysis of large volumes
of data and the identification of hidden patterns
between various clinical indicators and the likeli-
hood of recurrence. The model can be trained on
historical patient data, allowing it to make more
accurate predictions based on new input data.

Developing such a model will not only im-
prove prediction accuracy but also significantly
reduce the time required for data analysis, allow-
ing physicians to focus on more important aspects
of patient care and improving the quality of care.
Furthermore, automating the recurrence risk as-
sessment process could lead to cost savings for
both healthcare providers and patients.

Thus, the development of a model for pre-
dicting thyroid cancer recurrence represents an
important step towards improving the diagnosis
and treatment of patients.

The aim of the study is to develop a machine
learning model to predict the incidence of recur-
rence in patients with thyroid cancer after surgery.

MATERIALS AND METHODS

In accordance with the aim of the study,
the medical records of 300 patients who had
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undergone surgery for thyroid cancer were ana-
lyzed. The average age was 43.54 years. All pa-
tients included in the study underwent a com-
prehensive examination in accordance with
clinical guidelines [12] for the diagnosis and
treatment of patients with thyroid cancer. Pa-
tients meeting the following inclusion criteria
based on the complex of examination results
were selected: patients with thyroid cancer
without confirmed metastases with the disease
stage from TINOMO to T3NOMO; absence of
previous and concomitant special treatment
(immunotherapy or targeted therapy); availabil-
ity of informed consent for the surgical inter-
vention and participation in the study.

Selection of the most appropriate model in
machine learning is critical as it directly impacts
the accuracy and efficiency of predictions'. The
right model allows for better pattern detection in
data and adaptability to the specifics of the task.
An inappropriate model can lead to poor per-
formance, overfitting, or underfitting, making it
difficult to interpret results and make decisions.

Several models of the most common ones
were considered:

e Logistic Regression (LR);

e Linear Discriminant Analysis (LDA);

e K-Nearest Neighbors (KNN);

o Classification and Regression Trees (CART);

e Gaussian Naive Bayes (NB);

e Support Vector Machines (SVM);

e Random Forest Classifier (RF).

'Preliminary data preprocessing in machine learning:
Instructions, Tools, and Useful Resources for Beginners,
available at: https://habr.com/ru/companies/skillfactory/
articles/848858/; A Simple Guide to Data Preprocessing in
Machine Learning, available at https;// www.v7labs.com/
blog/data-preprocessing-guide; An overview of classifica-
tion methods in machine learning using Scikit-Learn,
available at: https://tproger.ru/translations, scikit-learn-in-
python
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The best model was selected by comparing
the performance of different algorithms on the
same training set using cross-validation. Each
model was evaluated using metrics such as av-
erage accuracy and standard deviation, which
made it possible to determine which one
demonstrated the best results (Table 1).

The random forest model showed the best
average accuracy, and was used subsequently.

The model was trained using a matrix of
predefined features, as this allows for a system-
atic study of the impact of various parameters
on model performance. Using a parametric grid
(param_grid), hyperparameters™ can be adjust-
ed efficiently’, such as the number of trees,
maximum depth, and minimum number of
samples to split, which will help us find the op-
timal settings for our task.

The RandomizedSearchCV method was used
to select hyperparameters. Its unique feature is
that instead of testing all possible combinations
of these hyperparameters RandomizedSearchCV
randomly selects a given number of combina-
tions, which allows for faster finding of optimal
settings and is especially useful when there are a
large number of hyperparameters or their values,
as it helps to avoid excessive costs of resources
and time for training models. In the course of the
search for these hyperparameters, the model is
trained on training data selected as 70% of the
original dataset, which is subsequently specified
when calling the training function. A visualization
of the search and training is shown in Fig. 1.

ZHyperparameter selection, available at: https://
educationyandex.ru/handbook /ml/article/podbor-
giperparametrov, Hyperparameter search and model opti-
mization, available at: https://habr.com/ru/companies/otus/
articles/754402/; Quality metrics for binary classification
models, available at: https://loginom.ru/blog/classification-
quality; Quality assessment in classification and regression
problems,  available  at:  https;//neerc.ifmo.ru/wiki/
index.phptitle
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Table 1
Results of the models
Model name Accuracy Loss
Logistic Regression (LR) 0894737 0074432
Linear Discriminant Analysis (LDA) 0884211 0077352
K-Nearest Neighbors (KNN) 0563158 0.094297
Classification and Regression Trees (CART) 0921053 0053931
Gaussian Naive Bayes (NB) 0.830842 0.086322
Support Vector Machines (SVM) 0.552632 0.026316
Random Forest Classifier (RF) 0942105 0.043719
n_estimators max_depth
—— bootstrap=True \ / —— bootstrap=True
g 0.94 - bootstrap=False %’ 0.94 bootstrap=False
§ 0.931 § 0.93
3 8
E 0.92 4 E 0.92
H H
0.91 0.91
60 80 100 120 140 160 180 a 6 8 10 12 1 16 18
n_estimators max_depth
max_leaf nodes min_samples_split
—— bootstrap=True ___,_———"—— —— bootstrap=True ___——_____
“g 0.94 4 bootstrap=False %J 0.94 bootstrap=False
§ 0.934 é 0.93
3 3
E 0.92 4 E 0.92
S H
0.91 0.91
10 15 20 25 30 35 40 2 3 4 5 6 7 8 s 10

max_leaf_nodes

min_samples_split

Fig. 1. Hyperparameter search and model training

The search identified the following best
hyperparameters for the random forest model
for our specific data:

e n_estimators = 161. This is the number
of trees in a random forest. A larger number of
trees typically leads to more accurate predic-
tions, as the model becomes more robust to
noise in the data;

e min samples split = 5. The minimum
number of samples required to split a tree
node. This parameter controls how “deep” the
tree can grow; higher values prevent overfit-
ting, reducing model complexity;

e max_leaf nodes = 39. The maximum
number of leaf nodes in a tree. Limiting the
number of leaves helps control the complexity
of the model and can improve generalization;

e max depth = 12. Maximum tree depth.
This setting limits how deep a tree can grow,
which also helps prevent overtraining;

e bootstrap = True. Specifies whether boot-
strapping is used to create subsamples of the data
when training each tree. Setting this parameter to
True means that each tree is trained on a random
subsample of the data, which promotes tree diversi-
ty and improves overall model performance.
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RESULTS AND DISCUSSION

For analysis in the development environ-
ment, the column names in the provided data set
wete changed to shorter ones, using Latin letters,
according to the following legend (Table 2).

The target feature for which a predictive model
needed to be developed was the “Postoperative Re-
currence” feature (represented as “pr” in Table 2).
The class distribution for this feature was tested and
is presented in the form of a pie chart (Fig. 2).

Table 2
Legend of columns renaming
New name Old name
id Patient ID
age Age
dotdm  |Duration of disease, months
dbtt  |TNM. diagnosis
dbtn  |TNM. N diagnosis
dbtm  |TNM. M diagnosis
ap Alkaline phosphatase
tc Total calcium
ttg TSH
tfpl Free T4, pmol/L
cpm  |Calcitonin, pg/mL
phpl  |Parathyroid hormone, pmol/L
at Thyroglobulin antibodies, [U/mL
rea CEA, ng/mL
cC Cytological classification after FNA according to the Bethesda system (diagnostic category from 1 to 5)

cd Associated Diseases

cds Associated Cardiovascular Diseases

cdg Associated Gastrointestinal Diseases

cdd Associated Diseases of Connective Tissue Dysplasia

td Type of surgery

apas  |Alkaline phosphatase after surgery

tcas  |Total calcium after surgery

tao TSH after surgery

t4a0 T, after surgery

cas Calcitonin after surgery

phas  [Parathyroid hormone after surgery

atas | Thyroglobulin antibodies after surgery
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End of Table 2

New name

Old name

ras CEA after surgery

dtaht  |TNM diagnosis after histology. T
drahn  |TNM diagnosis after histology. N
drahm | TNM diagnosis after histology. M

hsas Postoperative hospital stay, days

ic Intraoperative complications

pr Postoperative recurrence

0

count

Fig. 2. Distributions of classes in the target feature

No class imbalance was observed. There-
fore, the correlation of all features (excluding
categorical ones) was calculated using the
corr method, which calculates the Pearson
correlation coefficient, a2 measure of the line-
ar relationship between two variables, from
the Pandas library for Python’ in the Visual
Studio Code development environment. The
feature correlation matrix is shown in Fig. 3.

The matrix shows that two features

“cas” and “cpm”) are highly correlated.
To avoid information redundancy and, con-

* Al with Python - Supervised Learning: Classifica-
tion, available at: https:;//www.tutorialspoint.com/artifi-
cial_intelligence with python/artificial intelligence with
_python_supervised learning classification.htmm

sequently, a deterioration in the generaliza-
tion ability of the predictive model, these fea-
tures were removed. A correlation coefficient
calculation method was used to identify high-
ly correlated features. First, a correlation ma-
trix is created, after which iteration is per-
formed over its elements to identify pairs of
features with an absolute correlation value
above a given threshold (in this case, 0.75).
All such features are added to a set, which is
then used to remove these features from the
original dataset. In our case, there is only one
feature, and a strong correlation between the
“cc” feature and the target feature is noticea-
ble. A scatterplot of features was then con-
structed with respect to this feature, clearly
dividing it into the classes of interest.

Using the sns.boxplot (df) function from
the Seaborn library, we visualized the data
distribution in the form of a boxplot. It allows
us to compare the distributions of different
data groups, identify outliers, and assess vari-
ability. The median (second quartile), first
(Q)), and third (Q;) quartiles, which form the
interquartile range (IQR), are displayed. The
whiskers on the chart show the range of val-
ues within 1.5 IQR of the quartiles. Values
outside these boundaries are designated as
outliers and are displayed as individual dots.
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Correlation matrix
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Fig. 3. Correlation maitrix of features

The corresponding diagram is shown in
Fig. 4. Before plotting the diagram, the data
were normalized. The diagram in Fig. 4 shows
that outliers in our data are present in the fol-
lowing parameters: TSH (indicated as “ttg” in
the diagram), cytological classification after
FNAB according to the Bethesda system (diag-
nostic category from 1 to 5) (“cc”), and total
calcium after surgery (“tcas”).

Several simple methods can be used to re-
move outliers. One is the interquartile range
(IQR). First, boundaries are calculated based on
the first and third quartiles, and then values
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outside these boundaries are removed. Another
approach is the standard deviation: if a value is
too far from the mean, it can be excluded.

The IQR method was chosen over standard
deviation because it is more robust to the influ-
ence of outliers. Standard deviation value can be
distorted by extreme values, leading to incor-
rectly defined boundaries for outlier removal. In
contrast, IQR focuses on the central portion of
the data and allows for the detection of anoma-
lies without relying on extreme values. This
makes IQR a more robust tool for data cleaning
and model improvement.
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Distribution of classes with outliers
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Fig. 4. Correlation matrix of features

Description of the interquartile range
method (IQR)

1. Quartile determination: First, the first
(Q)) and third (Q;) quartiles are calculated.
The first quartile is the value below which
25 % of the data falls, and the third quartile is
the value below which 75 % of the data falls.

2. IQR calculation: The interquartile
range (IQR) is defined as the difference be-
tween Qs and Qy:

IQRZQS_QI'

3. Outlier detection: Values below Q-5
IQR or above Q;+1.5 IQR are considered out-
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liers and removed from the dataset. This
leaves only 272 rows of the original 300 in
the table.

To improve the accuracy and reliability
of the predictive model, a duplicate sample
search was performed as follows:

1. Counting duplicates: first, it is neces-
sary to determine how many times each
unique row occurs in the data set.

2. Filtering results: only those lines that
occur more than once, i.e. only duplicates, are
retained.

3. Output generation: if duplicates are
found, a text description is generated for each
group of duplicates, indicating the number of
occurrences and characteristics of these lines.
If there are no duplicates, a message is dis-
played stating that none were found.

No duplicates were found for the dataset
in question.

Next, columns populated with the same
value were found and removed.

Columns in the dataset were found and
removed (using the method below) whose
values were identical for all objects. Such col-
umns do not contain variability and therefore
do not provide useful information for analysis
or model training. Their presence can create
redundancy in the data and does not affect
the quality of predictions, so they are exclud-
ed for model optimization.

The search was carried out in the follow-
ing way:

1. Search of columns: columns in the da-
ta set are identified in which all values are the
same, ie. the number of unique values is 1.
These are listed.

2. Output of results: then iterates
through the found columns and displays in-
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formation about each of them, indicating that
the column is filled with one value and what
that value is.

These were the following: TNM diagno-
sis. M (after renaming it “dbtm”), associated
diseases (“cd”), TNM diagnosis after histolo-
gy. N (“dtahn”), TNM diagnosis after histolo-
gy. M (“dtahm”), and intraoperative compli-
cations (“ic”).

The found columns were removed by
overwriting the original dataset with the
same dataset, with the columns excluded
from the list compiled during the search. In
our case, there were five of them, leaving 28
of the 33 columns.

After training the model, its performance
was evaluated using quality metrics such as
accuracy, recall, and precision. These are cal-
culated based on the classification results,
presented as a confusion matrix, which in-
cludes four categories:

e true positive (TP): the number of posi-
tive cases correctly predicted;

o false positives (FP): the number of in-
correctly predicted positive cases;

o true negatives (TN): the number of
negative cases correctly predicted,

o false negatives (FN): the number of in-
correctly predicted negative cases.

Accuracy measures how often a model
makes correct predictions. It is calculated us-
ing the formula

TP+TN
TP+TN+FP+FN’
This value shows the proportion of all

correct predictions relative to the total num-
ber of predictions.

Accuracy =
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Recall reflects the model's ability to find
all positive cases. It is calculated as follows:

TP

Recall =———.
TP+ FN

This metric shows what proportion of all
actual positive cases the model was able to
identify correctly.

Precision measures the proportion of
correctly predicted positive cases among all
cases classified as positive by the model. It is
calculated using the formula

TP

Precision =——.
TP + FP

These metrics provide insight into how
well the model performs on the task and
identify potential issues, such as overfitting or
insufficient ability to identify positive classes.
The resulting calculations are presented in
Table 3. Additionally, a classification report
was generated, which provides more detailed
information about the model's performance
for each class. It is presented in Table 4.

Next, a matrix of errors was constructed.
This allows one to evaluate how the model
classifies the data by showing the distribution
of true and predicted values. It includes cor-
rect and incorrect predictions for each class.
This matrix is shown in Fig. 5.

The results show that the trained model
demonstrates high accuracy of the target fea-
ture. The proportion of patients with postop-
erative recurrence correctly identified by the
model was 98 % of the total number of pa-
tients with recurrence, while the proportion
of patients without recurrence, correctly
classified by the model as “patients at no risk
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Table 3
Model quality metrics
Metrics Value
Accuracy 0963
Recall 0963
Precision 0.964
Table 4
Classification report
Precision Recall F1-score
0957 0978 0967
0972 0.946 0959
0963 0.963 0963
0964 0962 0963
0964 0963 0963

True values

- %.0%

- %.0%

0 1
Predicted values

Fig. 5. Error matrix

of recurrence”, was 95% of all patients without
recurrence. This demonstrates that the model
effectively performs the classification task
based on medical parameters, which may be
particularly important for decision-making in
clinical practice. High accuracy indicates the
model's robustness and its ability to correctly
identify recurrence cases, which may contrib-
ute to improved diagnosis and treatment.
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CONCLUSIONS

The study developed a machine learning
model to predict a high probability of thyroid
cancer recurrence based on an analysis of
medical parameters®. The development pro-
cess began with careful data preprocessing, a
critical step in building robust models. Outli-
ers and columns containing uniform values
were deleted during preprocessing, improving
data quality and avoiding biases in model
training. Categorical variables were also cod-
ed to ensure their correct use in machine
learning algorithms, and correlated features
were excluded to minimize multicollinearity
and improve model interpretability.

To select the most suitable model, a
comparative analysis of several classification
algorithms was conducted.

As a result, the random forest method
was selected, which demonstrated high effi-
ciency in solving the classification problem.
Using the random hyperparameter search
method, the model was optimized, which al-
lowed us to determine the best parameters to
improve its performance. A prediction accu-
racy of 96 % was achieved in the obtained
model, which indicated its high reliability and
ability to correctly classify.

The results of the studies highlight the poten-
tial for machine learning in medicine, particularly
in the context of early diagnosis and disease moni-
toring. The model's high accuracy can significantly
improve clinical decision-making and enhance
the quality of medical care.

* Polidanov MA., Petrunkin RP. Kudashkin VN,
Volkov KA, Kravchenya AR, Rafeeva P.D, Trukhina MK,
Kapralov S.V., Amirov EV., Maslyakov V.V. A system for
predicting the occurrence of recurrences after surgery for
thyroid cancer: Certificate of Registration of Computer
Program No. 2024689824 dated 11.12.2024. Application
dated 28.11.2024.
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