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Abstract

Introduction. Predicting the risk of development of cervical dental pathology is a difficult task due to the
multifactorial nature of its etiopathogenesis and limited knowledge of risk factors.

Aim. To develop and test a computer model for predicting the development of cervical dental lesions in
young patients.

Materials and methods. The survey consisted of 272 patients (mean age 24.3 + 6.9 years), in whom risk
factors for the development of a wedge-shaped defect, cervical caries and enamel erosion were determined,
which became the input data for the computer model. The Extreme Gradient Boosting (XGBoost) tree-based
machine learning method implemented in the Python programming language using the scikit-learn and
XGBoost libraries was used. Synthetic Minority Over-sampling Technique (SMOTE) was additionally applied
to increase the efficiency of predicting less common enamel erosion among the examined individuals.
Results. When developing the models, the priority was given to recall over accuracy and specificity. This
contributed to reducing the number of missed cases for each pathology. The highest discriminatory ability
(ROC-AUC) = 0.84 (Receiver Operating Characteristic curve - Area under the curve) in combination with
a high level of recall (recall = 0.82) corresponded to the model for predicting cervical caries of teeth. This
confirmed the feasibility of using the XGBoost algorithm to identify complex relationships in nonlinear
combinations of the indicators. The model for predicting a wedge-shaped defect of teeth also had high
recall (recall = 0.83) but the moderate value of ROC-AUC (0.64) that emphasizes the presence of nonlinear
dependent predictors. Particular scientific interest has the model for predicting erosion of tooth enamel
which was created under conditions of a low prevalence of pathology among the examined. However, the
results showed an acceptable level of recall (recall = 0.47) and moderate discriminatory ability (ROC-AUC
= 0.72). This allowed us to determine that the problem of small sample was successfully solved.
Conclusions. The presented machine learning screening model helps identify patients with increased risk
of developing cervical dental lesions. Its use will make it possible to justify the prescription of preventive
measures to young patients.
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INTRODUCTION

and,

accordingly, prolonging tooth functioning and

Timely diagnostic and preventive measures
contribute to the improvement of the prediction of the
prevalence of cervical dental pathology and determine the
conservative or surgical tactics of their treatment [1, 2].
And if the intervention is started with younger age groups,
this will allow for a reduction in the incidence at an older
age [2]. Therefore, the relevance of early diagnosis is
connected with preserving the integrity of hard tissues
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life quality [3]. One of the ways to solve this issue is to
perform patients’ preventive examination while screening.
In this regard, it is necessary to have a clear idea of the
risk factors (RFs) of the development of cervical dental
lesions and the share of each of them [4]. But today
most of the information is of a generalized nature that
is not enough for their practical implementation. So,
the diagnosis of each type of lesion is relevant, namely
cervical caries (CC), wedge-shaped defect (WSD) and
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erosion (E) of tooth enamel in order to distinguish RFs in
populations. Further influence on them will contribute to
increasing the effectiveness of preventive measures at the
individual level [5, 6].

As a result of the studies conducted by the authors,
the RFs of the development of WSD, CC, and E of tooth
enamel in young patients were determined [7]. Some of
the predictors were modifiable, allowing changes in them
to be compared during subsequent examinations [8]. This
makes it possible to observe their dynamics, assess the
effectiveness of the prescribed measures, and, if necessary,
make corrections.

Nowadays, when using mathematical modeling,
the assessment of the risks of the development of various
pathologies, including dental ones, becomes more
objective and scientifically justified [1, 2]. Computer
technologies are increasingly used for this purpose [9, 10].
Such an approach can significantly simplify and accelerate
the process of prediction, and can become the basis for
the development of individual prevention plans. However,
existing methods need to be improved [8]. In addition,
most of the known mathematical models relate to the
prediction of dental caries in children [8, 10]. They can
accurately identify patients with a high risk of caries but
they have shown insufficient effectiveness for patients
with a low risk of developing dental pathology [11].

Logistic regression analysis is more often used
to predict non-carious cervical dental lesions [12, 13].
Alternatively, the ensemble model allows for an
increase in the diagnostic accuracy based on medical
imaging [3, 9, 14]. However, to date, there are no
mathematical models for predicting the development of
cervical dental lesions in young patients.

AIM

To develop and test a computer model for predicting
the development of cervical dental lesions (WSD, CC,
and E of enamel) in young patients in order to promptly
identify patients with a high risk and increase the
effectiveness of primary preventive measures.

MATERIALS AND METHODS

The survey consisted of 272 patients (174 women
and 98 men) aged 18-44 years (mean age 24.3+6.9 years)
of different social groups and professions. The selection
criteria included young age according to the WHO
classification (2016), the absence of alcohol and
drug addiction, neoplasms, tuberculosis, HIV/AIDS,
hepatitis C, mental disorders, pregnancy, lactation period,
occupational hazards. Among the examined patients, 60
were diagnosed with WSD, 50 with CC and 15 with E of
tooth enamel. More than 120 predictors of cervical dental
lesions were identified in the patients [7]. Later, twenty-
seven RFs that had a statistically proven significant effect
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on the occurrence of at least one of the diagnosed cervical
dental pathologies were used to develop a computer
prediction model. Extreme Gradient Boosting (XGBoost)
tree-based machine learning method was chosen as
the main approach. It was implemented in the Python
programming language (version 3.9.12, www.python.org)
using the scikit-learn and XGBoost libraries [12].

For E of tooth enamel, which is less common among
the examined patients, the balanced sampling method
Synthetic Minority Over-sampling Technique (SMOTE)
was applied to compensate class imbalance and increase
the prediction efficiency. It consists of an artificial
increase in the number of cases. Together with XGBoost,
this increases the generalization ability due to the gradual
correction of errors of early trees and optimization of
loss functions [15]. More detailed characteristics of the
developed statistical computer model were given in
a previous publication [12].

In the process of training the model, the probabilities
of developing cervical dental lesions were calculated for
each factor and threshold values were determined for
classification into risk groups (high, medium, low). The
Youden criterion and Receiver Operating Characteristic
curve (ROC) analysis were used for that purpose. This
was due to the fact that when creating a screening model,
the priority belongs to the threshold value at which the
difference between recall (True Positive Rate) and the
proportion of false positive predictions (False Positive
Rate) is the largest. While predicting that approach
allowed the detection the maximum possible number
of patients even with a low risk of dental pathology and
determined the choice of the classification threshold. The
latter for all three types of cervical dental lesions was
0.010 and it was significantly lower than the standard
value of 0.5. It is such a low threshold value that can
make the proposed model an effective screening tool and
minimize the omission of patients with suspicion of the
risk of developing pathology even with an increase in the
number of false positive predictions.

The effectiveness of the model was assessed
by Stratified K-Fold Cross-Validation (n=5) with the
calculation of ROC-AUC indicators (Area Under the
Curve), accuracy, and recall, as well as the construction of
confusion matrices and the analysis of feature importance.

RESULTS

Modeling the prediction of the development of CC
of teeth

In order to predict the development of CC of teeth,
a tree-based machine learning model was created based
on the XGBoost algorithm without using class balancing.
The assessment of the predictive characteristics of the
model was carried out using Stratified K-Fold Cross-
Validation (n = 5) with the obtaining of out-of-fold
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predicted probabilities. Based on ROC-analysis using
the criterion of maximizing the difference between recall
and the proportion of false positive predictions (the
Youden criterion), the optimal classification threshold was
determined. That threshold was necessary to balance the

ratio between patients with a risk of development of CC
of teeth and to limit the number of false predictions. The
effectiveness of the model was evaluated by the ROC-
AUC and recall indicators that were obtained on a training
sample of 272 patients (Table 1).

Table 1
Quality Metrics of the XGBoost Model for Predicting CC of Teeth
Metric name Metric value

Threshold 0.010
Accuracy 0.651
Precision 0.323
Recall (Sensitivity) 0.820
Fl-score 0.463
ROC-AUC 0.8412

The determined recall of the model (recall = 0.82)
showed its high ability to detect patients with an existing
risk of CC of teeth. This confirms the ability of the model
to correctly identify the vast majority of patients with an
existing minimal risk of developing CC of teeth which is
fundamentally important for screening models of primary
diagnosis.

The obtained relatively low precision (precision = 0.32)
is expected within the screening approach. This is
a consequence of minimizing the number of missed
cases (false negatives) by increasing the frequency of
false positive predictions (false positives). The chosen
strategy is clinically appropriate at the stage of assessing
RFs of CC of teeth because it prevents missing patients
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who require further observation or the implementation of
therapeutic and preventive measures.

The balanced nature of the model is confirmed by
the value of Fl-score = 0.46 which reflects a compromise
between recall and classification accuracy. At the same
time, the high value of ROC-AUC = 0.84 emphasizes
its good discriminative ability in distinguishing patients
with a minimal risk of developing CC of teeth from those
without it.

Fig. 1A presents a confusion matrix showing the ratio
between true positive, false positive, true negative and false
negative predictions. It also confirms the effectiveness of
the proposed prediction model as a primary screening tool.
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Figure 1. The characteristics of the model for CC of teeth: A. Confusion matrix; B. ROC curve; C. Gradation of predicators.

The ROC curve was made in order to evaluate
the ability of the model to distribute patients with a risk
of CC of teeth. As can be seen from Fig. 1B, the model
demonstrated a fairly good discriminatory ability. The
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area under the ROC curve is AUC = 0.841, which
confirms the high probability of correct distribution of
patients into risk groups of the development of CC of
teeth and patients who do not belong to any risk group,
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i.e., without any signs of pathology. The ROC curve by
its shape significantly deviates from the diagonal line.
This indicates the advantage of the model over random
prediction in a fairly wide range of threshold values and
confirms its ability to maintain high recall even when the
classification threshold is changed. Thus, the screening
orientation of the model of CC of teeth is emphasized.

The calculated AUC value also allows classifying
the model as a qualitative one for the initial detection of
patients with a risk of the development of CC of teeth.
Such patients require further in-depth examination, an
increase in the number of preventive examinations and/
or a decrease in the interval between them. The presented
algorithm also allows for assessing the significance of
all considered RFs. Thus, a history of caries, a dental
calculus index wvalue greater than 0.6 points, and
complaints of bloating and frequent headaches were
among the most significant predictors of the development
of CC of teeth (Fig. 1C). In general, the model provides
reliable identification of patients with an existing risk
of developing this dental pathology, it is characterized

by sufficient discriminatory ability and allows effective
distinction patients of the risk group from those without it.

Modeling the prediction of the development of WSD
of teeth

A screening tree-based classification model was also
created to predict the development of WSD of teeth. As
for CC of teeth, the XGBoost algorithm was used for this
purpose. A single approach to training and evaluating the
models was proposed for both cervical dental pathologies.
The emphasis was placed on minimizing the omission
of patients with a risk of their development. The use of
a classification threshold at the level of 0.010 made it
possible to increase recall of the models for identifying
patients of the risk group. At the same time, the precision
indicators were reduced expectedly. But in general, this is
a characteristic feature of screening systems. According
to the results of testing, the model showed high recall =
0.83 in identifying patients with a risk of developing WDS
of teeth (Table 2). This confirms its ability to correctly
identify the majority of patients with an increased risk of
developing this cervical dental pathology.

Table 2
Quality Metrics of the XGBoost Model for Predicting WSD of Teeth
Metric name Metric value

Threshold 0.010
Accuracy 0.437
Precision 0.259
Recall (Sensitivity) 0.833
F1-score 0.395
ROC-AUC 0.636

The obtained relatively low values of precision
(precision = 0.26) and overall classification accuracy
(accuracy = 0.44) indicate the presence of a significant
number of false positive predictions. But, this is an
expected consequence of using a screening strategy where
recall is the priority over specificity. Therefore, such
indicators do not reduce the clinical significance of the
model since false positive results can be clarified during
further additional examination of a patient.

The value of Fl-score = 0.40 indicates a moderately
balanced efficiency of the model. At the same time, ROC-
AUC = 0.64 indicates a moderate discriminatory ability
to distribute patients into groups with a minimal risk of
WSD of teeth and patients without any signs of pathology.
All the obtained indicators are acceptable for primary
screening models.

Confusion matrix (Fig. 2A) illustrates the
distribution of predictions and real values and reflects the
relationship between clinical data and prediction results
for the presence of WSD of teeth. The model correctly
classified 67 patients without cervical dental lesions, but
145 patients without WSD of teeth were classified as
a risk group. This indicates low specificity of the model.
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The indicated number of false positive results is also
expected and acceptable within the framework of the
screening approach.

As for patients with clinically diagnosed WSD of
teeth, the model correctly identified 51 cases, missing only
9 patients. This confirms the high recall of the algorithm,
and it is consistent with the obtained recall value. Thus,
the confusion matrix demonstrated a clearly expressed
priority of the model in favor of identifying the maximum
number of patients with probable pathology at the expense
of reducing the classification accuracy of patients without
cervical dental lesions.

Fig. 2B presents the ROC curve which clearly
demonstrates the ability of the model to distinguish
patients with a minimal risk of developing WSD and
without cervical dental pathology. The area under the
ROC curve is equal to AUC = 0.636 that fully corresponds
to the moderate discriminatory ability of the model. At the
same time, the AUC value exceeds 0.5. This indicates that
the model provides better classification quality compared
to random guessing, but the result is insufficient and
further optimization of the set of RFs or expansion of the
amount of the training sample seems advisable.

KaniniyHa Ta npodinakTuyHa MeaunuHa, Ne 2 (48) / 2026



JIOCJI/PKEHHS

Lk

L

B

1o — Ac-pam

} Consumption of carbonated water (average daily number of glasses)

[ zl B

Applysng pressure to the toathbnish -

Tangerine consumption {average daily number of pieces)
Complaints of headache

Complamts of descomfot in the digestive organs

Consumption of sour dishes {average daily number]

Complants af dry mouth

Presence of gum recession
Age (in y:ars)

Complaints of bloatng _

Disgases of the circulatory system
Salreary rate {mil / min)
Shallow westibule of the oral cavity
Degestve diseases =
Presence of cracks in tooth ensmel _
Combination of systemic diseases
Complaints of heartbwm E

Presence of demal cares

Buffer capacity of aral flusd (arb.u) _

Consumption of bea with lefmoan

L

004 008 008

2.C

Figure 2. Model characteristics for WSD of teeth: A. Confusion matrix; B. ROC curve; C. Gradation of predictors.

The ROC curve does not approach the ideal upper
limit of the graph either. This emphasizes the complexity of
the prediction task, possible influence of class imbalance in
the sample, the presence of linear and nonlinear relationships
between the predictors. But high recall of the model at low
threshold values is consistent with its screening purpose.

Fig. 2C shows the distribution of the significance
of RFs in the model for predicting WSD of teeth. Among
them, the most significant variables were the patient’s
diagnosed gum recession, age over 25 years, and the
presence of complaints of dry mouth. The calculated
results are generally consistent with existing ideas about
the cumulative nature of the effect of etiopathogenetic
factors on hard dental tissues and the role of a decrease
in the salivatory rate in the development of cervical
dental pathology. According to the modeling results,
the patient’s dietary preference, such as eating more
than two tangerines per day was attributed to the
most significant predictor as well. Thus, the proposed
machine learning model confirmed the multifactorial
etiopathogenesis of WSD of teeth and clearly presented
a quantitative assessment of the contribution of specific
RFs to its development. The obtained calculated limited
classification accuracy and overall predictive ability of the

model do not reduce the clinical significance, and they are
sufficient for practical application.

Modeling the prediction of the development of E of
tooth enamel

To predict the development of E of tooth enamel,
a screening tree-based classification model was also created
using the XGBoost algorithm. However, it methodologically
differs from the prediction models of WSD and CC of teeth.
This is due to the existence of a pronounced imbalance of
classes and the specifics of the prevalence of this pathology
in the presented sample (15 cases of E of tooth enamel
among 272 examined patients). Therefore, the SMOTE
method was additionally applied, which allowed for reducing
the impact of data imbalance and ensured training of the
classifier in conditions of a limited sample. The priority of
maximizing recall and minimizing omissions of patients
with initial manifestations of cervical dental pathology was
chosen as the main criterion for evaluating the quality of the
model. The working classification threshold was determined
by the Youden criterion based on ROC analysis, and it was
set at 0.01. The use of such a threshold, together with sample
balancing, contributed to an increase in recall of the model,
but at the same time, as expected, it reduced its accuracy and
balance of the classification (Table 3).

Table 3
Quality Metrics of the XGBoost Model for Predicting E of Tooth Enamel
Metric name Metric value

Accuracy 0.673

Precision 0.080

Recall (Sensitivity) 0.467

Fl-score 0.136

ROC-AUC 0.716
KniniyHa Ta npodinakrtnyna meaunnna, Ne 2 (48) /2026 93
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The calculated quality indicators of the model
confirm its high recall in identifying patients with
a minimal risk of developing E of tooth enamel. Thus,
the value of recall = 0.467 indicates the ability to
correctly identify almost half of the patients with existing
manifestations of pathology in the training sample.
As with previous models, this is a key requirement for
screening tools for early detection of dental pathology.

At the same time, the values of precision
(precision = 0.08) and overall classification accuracy
(accuracy = 0.673) emphasize the existence of a certain
number of false positive predictions. This is an expected
consequence of the simultaneous use of the SMOTE
method and the chosen priority of recall over specificity.
However, this approach does not reduce the clinical
significance of the model, as false positive results can be
clarified during the patient’s further examinations.

The obtained Fl-score value = 0.136 confirms the
low balance between recall and accuracy of the model.
When it was developed, that was an expected result in the
conditions of a low prevalence of E of tooth enamel in the
training sample and an absolute priority of recall of the
model over other characteristics. At the same time, ROC-
AUC = 0.716 shows a moderate discriminatory ability of
the developed algorithm, which allows for distinguishing
patients with a risk of E of tooth enamel from those
without any signs of damage.

The discrepancy matrix (Fig. 3A) shows that the model
correctly identified 6 patients but missed 9 cases among 15
patients with E of tooth enamel. Among 257 patients without
any signs of E of tooth enamel, 176 patients were correctly
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attributed to the group without any risk while 81 patients
were falsely attributed to the risk group.

The ROC curve (Fig. 3B) demonstrates that the
model for E of tooth enamel significantly exceeds the
efficiency of random prediction. ROC-AUC = 0.716
indicates a moderate discriminatory ability of the
algorithm. This phenomenon can be explained by the
small number of positive cases in the sample. The curve
also confirms high recall of the model at low decision-
making thresholds that corresponds to the screening
purpose and the focus on minimizing the omission of
patients with initial manifestations of dental pathology.

The distribution of the predictors by informativeness
showed that the most significant risk signs of E of tooth
enamel include the presence of a combination of systemic
diseases in the patient, a shallow vestibule of the oral
cavity, occlusal wear of the teeth, complaints of frequent
headaches (Fig. 3C). This additionally confirms the
multifactorial etiopathogenesis of E of tooth enamel in
young patients and justifies a differential approach to the
prescription of therapeutic and preventive measures.

Thus, as a result of class balancing with the help
of the SMOTE method and reducing the classification
threshold, the developed model provided high recall.
This allowed patients to be distributed into risk groups
in conditions of low prevalence of dental pathology. The
determined moderate discriminatory ability (ROC-AUC =
0.716) and the nature of the distribution of false positive
predictions generally correspond to the screening purpose
of the model and allow it to be recommended for use in
practical dentistry.
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Figure 3. Model characteristics for E of tooth enamel: A. Confusion matrix; B. ROC curve; C. Gradation of predictors.
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Practical application in new patients

To check the capability of the model to work with
new patients, the study provided for the introduction of
new data into the Excel template, which is processed by the
previously obtained code. That is, a single Python program
code is used which combines the training of machine models
for predicting cervical dental lesions in a sample of 272
patients and their application to assess the risk of pathology

development in new patients. After preparing databases and
constructing the models, the code automatically saves the
algorithm and threshold values. This allows the prediction
process to be performed in the future without retraining. As
can be seen in Fig. 4, the program calculates the probability
of development of each type of cervical dental lesion
separately, generates a percentage risk indicator and its
categorical interpretation («lowy, «mediumy, «highy).

Probability Modoled W5SD | Interpretation of | Probability of | Modeled CC risk | Interpretation | Probability of E Maodeled E risk Interpretation
afl WsD risk WSD riak cc af CC rigk development of E risk
dovelopment development
013726235 100 High | 0, 044855651 14,7 Low 0242870644 100 High

Figure 4. An example of predicting the risk of pathologies based on machine-learned models with output to an Excel spreadsheet.

Gradation by risk levels is based on the calculated
percentage risk, i.e. the patient is automatically attributed
to one of three categories, namely low (0-33%), medium
(34-66%) or high (67-100%) risk. Such columns as
«Modeled risk» and «Interpretation of risk» are created
in Excel for the convenience of the doctor’s work.
The modeling results are additionally highlighted in
intuitively understandable colors. Thus, green corresponds
to a low level, yellow to a medium level, and red to
a high level. In our opinion, this approach contributes to
clear visualization of patients with an increased risk of
development of cervical lesions and helps to correct the
clinical situation at the screening stage.

Before performing risk prediction for a new patient,
the entered data is pre-processed. All predictors whose
values are missing in the file, are automatically marked
as missing (NaN). Then, the missing values are replaced
by mean values in the corresponding columns using the
SimpleImputer with the «mean» strategy. This approach
ensures the correctness of the prediction even with
incomplete data and prevents model errors due to missing
values.

A prediction of the probability of developing dental
pathology is calculated for each patient with the help of
the XGBoost model saved after training. The obtained
probability values represent a continuous indicator from
0 to 1. This corresponds to the quantitative characteristic
of the individual risk of the development of a specific
cervical dental lesion.

It is proposed to use a combined approach for WSD
and CC of teeth. In this regard, the predicted probability
is combined with the number of risk factors in a specific
patient. The weights for integrating both the predicted
probability and the number of factors are automatically
selected based on correlation matching with the
training sample. This approach allows for balancing the
contribution of two different risk components, namely the
prediction of the XGBoost model and the patient’s RFs.
One component may dominate over the other without
weight correction and this leads to distortions in risk
modeling. For example, a patient with a great number of
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RFs but a low value of the predicted probability from the
model may receive a high or low integral risk that does
not correspond to reality.

Thus, correlation matching allows for «adjusting»
the weights to the structure of the training sample, finding
the optimal ratio between the predicted probability and
the factor scale. With this approach, the integral risk is
maximally consistent with the real presence of dental
pathology in patients in the training sample. Therefore,
two main advantages are provided, namely increasing
the accuracy of the prediction for specific patients and
improving the interpretability of the results for a doctor.
The integral risk is more relevant to clinical data reflecting
both the statistically predicted probability and the actual
available RFs. A doctor can assess the contribution of each
individual predictor to a general prediction that makes
clinical decision-making mathematically justified and
eliminates subjective assessment.

For E of tooth enamel, the predicted risk is
calculated by normalizing the posterior estimate between
the minimum probability of a positive class and the
optimal threshold determined while training. This allows
obtaining a comparable risk for pathology with a low
prevalence, where standard approaches may show an
unstable result due to class imbalance.

Thus, machine selection of optimal weights through
correlation matching is not only a technical solution. It is
a key mechanism for increasing the clinical relevance of
the model in terms of the reliability of the prediction for
a new patient.

DISCUSSION

The presented study is the first of a proposed
comprehensive system for predicting cervical dental
lesions in young patients. Its results demonstrated a new
potential of innovative technologies in clinical dentistry.
The leading predictors of cervical dental lesions identified
by the authors confirm their multifactorial nature and they
are consistent with recent research data [5-6, 13].
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The proposed model allowed for systematizing
various RFs that would contribute to reducing the
subjectivity of medical assessment and, thus, would
increase the reproducibility of prediction results, simplify
the diagnostic stage by reducing the number and duration
of procedures [3, 14]. The developed model includes
the factors that were partially used in other tools [8].
This approach corresponds to modern ideas about the
introduction of digital technologies into preventive
dentistry, the task of which is the early identification
of patients with an increased probability of developing
pathology.

In order to assess the risk of cervical dental lesions
within the framework of the screening approach, it was
appropriate to apply tree-based machine learning models
using the XGBoost algorithm. For all created models,
recall was a priority over accuracy and specificity.
This approach allowed for minimizing the number of
missed cases of CC, WSD and E of tooth enamel and
it seems methodologically justified. This is due to the
fact that the main task of primary prevention is the
timely identification of patients from the risk group with
subsequent correction of existing individual RFs, the
prescription of therapeutic and preventive measures and
dynamic monitoring of the condition of the cervical region
of the teeth.

The model for predicting E of tooth enamel is of
particular importance in which the SMOTE method was
used to create it. The results obtained showed positive
experience in using tree-based machine learning models
for dental pathology of low prevalence among the
examined patients. This became possible with the correct
adaptation of the training methodology and the selection
of classification threshold values.

The presented screening model had limitations
in specificity, which are manifested in an increase in
the number of false positive predictions. This drawback
does not reduce its clinical value but it provides for
further improvement of the predictive system and
justifies the feasibility of searching for methods to
increase the classification accuracy. The conducted
analysis of available scientific publications showed the
absence of studies that would comprehensively compare
machine learning models for predicting cervical dental
lesions with the indication of recall, specificity and
overall accuracy indicators separately for CC, WSD
and E of tooth enamel. Therefore, direct comparison
of the obtained results with the data of other scientists
is limited. This indirectly indicates the novelty of the
presented approach and determines the need for further
research at the same time.
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CONCLUSIONS

1. The developed machine learning screening
model allows for identifying young patients with an
increased risk of cervical dental lesions. Therefore,
it can be used as a primary screening tool to justify the
feasibility of prescribing preventive measures and
conducting dynamic monitoring of patients.

2. The predictors that were used to create a computer
prediction model can be determined directly during the
patient’s dental examination. This increases its practical
significance and prospects for use in everyday medical
practice.

3. The application of the model for a new patient is
seen as relevant. The availability of convenient visual tools
for a dentist, the integration of quantitative risk assessment
and predictive probability almost completely eliminate
subjectivity in the process of predicting dental pathology.

Prospects for further research. Further improvement
of the developed mathematical models is planned in order
to increase their predictive accuracy and clinical relevance.
In this regard, the work will be carried out to optimize the
specificity of the model while maintaining its high recall.
Combining models for more accurate identification of
patients with intact cervical areas of teeth and reducing the
number of false positive predictions is seen as promising.
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Pe3rome

CKPWHIHTOBA MOJENb MALIMHHOIO HABYAHHSA ANSA NPOrHO3YBAHHSA BUHUKHEHHS MPULLIMAKOBUX
YPAXEHb 3YBIB
IpuHa I. 3abonotHa', TetsaHa J1. BoraaHoBa? Bonogumup I. AzapeHkoB®, OneHa C. MeH3uubka', AHgpin A. Komnes'

1[loHeLbKIA HaLlioHaNbHMIA MeanyHUiA yHiBepeuTeT, M. KponuBHULIbKMIA, YkpaiHa
HavioHanbHWi TexHIYHWIA yHiBepcuTeT YkpaiHu «KuiBCbKMiA MOMITEXHIUHWIA IHCTUTYT iMeHi Iropst Cikopcbkoroy, M. Kui, YkpaiHa
*HauioHanbHW TEXHIYHWIA YHIBEPCUTET « XapKIiBCbKMIA MOMITEXHIYHWIA IHCTUTYTY», M. XapkiB, YkpaiHa

Bceryn. [IporHo3yBaHHSI pU3UKy BHUHUKHEHHS NPUIIMHKOBOI maToJiorii 3y6iB € CKJaJAHUM 3aBJaHHSM 4epe3
6araTodaKTOpHICTH Ii eTionaToreHe3y Ta 06MeXeHi 3HaHHS NP0 GaKTOPU PU3UKY.

MeTta. Po3po6uTH Ta anpobyBaTH KOMII'IOTEPHY MOJe/Ib IPOTHO3YBaHHS PO3BUTKY NPHULIMHKOBUX YpakeHb 3y0iB
y MaLi€eHTiB MOJIOZOTO BiKY.

Marepianu Ta MeToau. Bubipky ckianu 272 manieHTy (cepenHiil Bik 24,3 + 6,9 poku), y AKUX 6yJ0 BU3HAYEHO
$aKToOpH pH3MKYy BUHUKHEHHS KJIWHOBUAHOrO AedeKTy, NPUIINHKOBOro Kapiecy, eposii emMasi, 110 cTagu BXiJHUMHU
JaHUMM [0 KOMII'IOTepHOi Mogfesi. Bysio BUKOpHCTaHO MeTOJ, AepeBONOAIGHOrO MalIMHHOTO HaBYaHHA Extreme
Gradient Boosting (XGBoost), peanizoBanuil Ha MoBi nporpamyBaHHsl Python i3 BukopuctanHsaM 6i6sioTek scikit-
learn i XGBoost. /lis nigBULeHHs epeKTHBHOCTI MPOTHO3yBaHHS MEHII OUIUPEHO] cepes; 06CTeXXeHUX epoail eMasti
JloflaTKoBo 6ys10 3actocoBaHo Synthetic Minority Over-sampling Technique (SMOTE).

Pe3synbraTH. [Ipy po3pobui mMozesneil Gysno HajaHo mpiopuTeT yyT/MBOCTi (recall) Has mMOKa3HWKAaMU TOYHOCTI
Ta cnenuiyHocTi. Lle cnpusio 3MeHIIEHHIO KiJIbKOCTI NponyleHUX BUNAJKIB AJs KOXKHOI 3 maTtoJioriid. HalBuia
AuckpuMiHaniiHa 3aaTHicTb (ROC-AUC) = 0,84 (Receiver Operating Characteristic curve - Area under the curve)
y MO€JHAaHHI 3 BUCOKUM piBHeM uyTiuBocTi (recall = 0,82) BigmoBigana Mofesi NpOrHO3yBaHHS MPUIIUHAKOBOIO
Kapiecy 3y6iB. lle migTBepAwiI0 [OUiNbHICTE BUKOpPHUCTaHHA anroputMy XGBoost [/ BUSBJIEHHS CKJIaJHUX
B33a€EMO3B’A3KIB y HeJIiHIHHUX CIIOJy4YeHHSX NMOKa3HUKIB. Moje/b MPOrHO3yBaHHA KJIWHOBUAHOrO AedekTy 3y0iB
TaKOXX MaJjla BUCOKY Yy TiuBicTh (recall = 0,83), ane momipHe 3HaueHHss ROC-AUC (0,64), 110 miJKpec/I0€ HasgBHICTD
HeJIiHIHHO 3aJIe)KHUX MK 06010 mpeJuKTOpiB. OCO6JUBHUN HAayKOBUM iHTEpeC NMpeiCTaBJIs€ MO/Ieb NPOTHO3yBaHHS
eposil eMmasi 3y6iB, fika Oysia CTBOpEHAa B YMOBaxX He3HA4YHOI NMOLIMPEHOCTi maToJorii cepef o6cTexxeHUx. [Ipote
OTpUMaHi pe3y/lbTaTHU NMOKa3aJu NPUUHATHUH piBeHb uyTiuBocti (recall = 0,47) Ta nmoMipHy AUCKpUMiHALilHY
3paTtHicTb (ROC-AUC = 0,72). Lle 103B0JIMJI0 BUSHAYUTH, 110 Npo6JieMa Majioi BUGIpKH GyJia yCIIiIIHO BUpilIeHa.
BucHoOBKHU. [Ipe/icTaB/ieHa CKpUHIHIOBA MO/ie/ib MAallMHHOTO HaBYaHHSA CHPHsE iAeHTHIKalii 0ci6 3 MmiABUIIEHUM
PU3MKOM BUHUKHEHHS MPUINMHAKOBHMX ypaeHb 3y6iB. [I BUKOpPHUCTaHHSA JI03BOJIMTL OGIPYHTYBaTH NMpU3HAYEHHH
npo¢iJaKTUYHUX 3aX0/(iB MaLliEHTAM MOJIOJIOTO BiKYy.

Kawouoegi cnoea: kapiec 3y6a, eposisa 3y6a, aHcaM6/1eBe HaBYaHHSA, NpodinaKkTuKa, paKTopu pU3UKy
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