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Abstract

Objectives. The purpose of the study was to substantiate the influence of physical activity on stress-associated
conditions in higher education students.

Materials and methods. The dataset for building the models consisted of 1115 observations, 16 independent and

3 dependent variables. As the main method we used the random forest method, the idea of which is to obtain a
forecast by aggregating the predictions of a set of individual decision trees, each of which is trained on a data subset
isolated from the studied sample.

Results. Physical activity (PA) was found to be the most important factor in predicting stress-related conditions in
university students. In addition, PA levels involving moderate and high levels of energy expenditure, as well as the
number of stressful events experienced, played a significant role in predicting stress among students. In order to
predict stress-related conditions in higher education students, the models “Stress”, “Increased anxiety”, and “Risk

of PTSD” were built using the random forest method. The model “Stress” had the highest quality: its Accuracy was
0.77, Recall - 0.86, Precision — 0.79, and F1 Score - 0.82. The “PTSD Risk” model correctly predicted 78% of cases
that indicates its good overall performance, however it correctly identified only 23% of the students who actually had
the signs of this disorder. Regarding the state of anxiety, given that it is less stable than stress and PTSD, which can
make model training difficult, the model built had an average accuracy of 56%, as well as reduced completeness and
balance.

Conclusions. Models for predicting increased anxiety and identifying students with signs of PTSD require further
improvement. The implementation of developed models allows to quickly identify the manifestations of stress-related
conditions in higher education students and to take the necessary measures based on the engagement in PA to
prevent the development of stress-related disorders.

Keywords: physical activity, stress, students, model, condition, health, random forest.

Introduction Vypasniak et al., 2023; Kurapov et al., 2023), namely stress,
anxiety, and post-traumatic stress disorders (PTSD) among
the students (Rogowska & Pavlova, 2023; Zaitsev, 2023;
Meshko et al., 2023). Therefore, it has become an issue
particularly actively discussed by experts in the different
fields (Limone etal., 2022). Our previous research shows that
the field of physical education (PE) also has an inexhaustible
potential to help students counteract powerful stress factors

o (Andrieieva et al., 2023; Byshevets et al., 2022, 2023). So
g«f@fﬁm TMOB far, we have been able to make sure that the use of PA helps
: & TOB 0BC

Against the background of the action of stress factors
of increased potential in the country, there is a significant
prevalence of stress-related conditions (Pavlova et al., 2022;
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students develop stress resistance, causes the development
of resistance to anxiety, and prevents the emergence of post-
traumatic stress disorders (PTSD). Therefore, the research
aimed at identifying cases of stress-related conditions among
students, and determining the most significant factors
that influence their manifestation, will allow taking the
necessary measures based on the use of PA and prevent the
development of stress-related health disorders of students.

Modern scientists use methods of data mining based on
artificial intelligence in their research, which includes ma-
chine learning, deep learning, natural language and image
processing. The application of methods of data mining with
the use of artificial intelligence methods allows for finding
hidden patterns, trends, and interconnections, improving the
decision-making process based on empirical data, rather than
guided by intuition, and predicting the development of ob-
jects and events, etc. (Kim et al., 2022; Nachouki et al., 2023).

Data mining and machine learning have significant
potential in the field of training specialists (Li & Wang,
2022). Scientists are convinced that the use of machine
models makes it possible to determine the key factors
affecting the success of learning, and contributes to a
deeper understanding of the mechanisms and patterns of
educational activity (Nachouki et al., 2023).

The research of Ding et al. offered an improved system
for evaluating the educational achievements of university
students in PE which is more objective compared to the
traditional system (Ding et al., 2023).

The article written by Wang et al. (2022) presents
information on the method of evaluating the quality of PE
teaching and learning which is based on deep learning.

One of the methods of data mining, increasingly used
by experts in various fields of knowledge, is the random
forest (RF) method. This is one of the approaches to machine
learning, which is based on the RF algorithm (Schonlau &
Zou, 2020).

There is evidence of the successful application of the
RF method in pedagogics for predicting students’ academic
performance. Thus, Nachouki et al. (2023), using the RF
method, established that the last cumulative average score
of a student is the most important factor determining their
further educational achievements.

The results of the investigation indicate the successful
application of the RF method in the practice of PE (Xu & Yin,
2021). In order to improve the quality of PE, these authors
identified the factors affecting the success of students in PE,
and based on the use of an improved iterative RF algorithm,
constructed a model that allows predicting students’ grades
based on their scores for each factor. It should be noted that
the accuracy of the proposed model reached 88.55%.

J. Briand introduced a data mining system to predict
injuries to athletes during the next 7-day training microcycle.
The constructed models allow correctly predicting more
than 50% of future injury days and more than 70% of future
injury-free days (Briand et al., 2022).

Jiang (Jiang et al., 2023) also used the RF method to
improve the assessment of the quality of PE teaching. The use
of this model makes it possible to determine the weaknesses
and strengths of students, identify learning problems, and
provide appropriate recommendations (Jiang et al., 2023).

There is also some evidence of the use of the RF model
to classify stress based on the personal characteristics of

employees with an accuracy of up to 81% (Kim et al., 2022).
However, despite the significantly greater predictive power
of the RF compared to the single decision tree, researchers
faced the problem of the complexity of interpreting the
constructed models. This significantly limits their use in PE
research.

Materials and Methods

Study Participants

The presented study analyzed the results of a survey of
1115 students from different regions of Ukraine for 2022-
2023. Among the respondents, 42.8% were male students,
and 57.2% were female students; 40.2% indicated a negative
experience of being in the epicenter of hostilities. The
average age of the respondents was 20.0+3.9 years. During
the hostilities, higher education students experienced from 0
to 9 stressful events, the median indicator was 2 (1; 3) cases.
The research was carried out in accordance with bioethical
requirements.

Study Organization

The PA of students was measured according to the short
International Questionnaire on PA (IPAQ, 2016), in points;
the stress was measured according to the questionnaire of
Shcherbatykh (Shcherbatykh, 2002), in points; the reactive
anxiety was measured according to the Spielberger-Hanin
test (STAI), in points; the signs of PTSD were measured
according to the Mississippi scale for the assessment of post-
traumatic reactions (civilian version) (Sloan et al., 1995), in
points. The data set consisted of 1115 observations. Each data
observation had 16 attributes. Among them, the categorical
ones are gender, direction of education, negative experience,
and strengthening of unhealthy habits. The rest includes the
number of stressful events, PA, sleep, mood, etc., which are
quantitative attributes.

The description of the input data is given in the table
(Table 1).

Dichotomous variables were used as dependent signs that
characterized the existing manifestations of stress-related
conditions, in which stress (stress score exceeded 12 points),
increased anxiety (anxiety score exceeded 45 points), and
signs of PTSD (PTSD score exceeded 100 points) were as-
sumed as 1, and their absence - as 0, for particular mod-
els. In total, 63.9% of respondents had stress, 41.5% had in-
creased anxiety, and 23.0% had the symptoms of PTSD.

Statistical Analysis

The ensemble method of machine learning - the RF
method - was chosen as the key research method. This
method is a powerful tool for classification and regression
modeling and is a machine learning algorithm aimed at
reducing variance and overtraining, as well as evaluating the
importance of variables. The RF method was used to predict
the stress-related condition of students, namely increased
stress, anxiety, and the presence of PTSD symptoms.

The implementation of the RF method involves the
generation of a set of random subsets from the data set, for
each of which a decision tree is constructed. In the process
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Table 1. Description of input data

Predictors Description Range of values Encoding
V1 Sex male / female 1/0
V2 Field of education physical education and sport / other 1/0
V3 Negative experience was in the epicenter of hostilities/was not 1/0
V4 Number of stress events 0~10 Without encoding
V5 Increase of bad habits No/Somewhat not/Somewhat yes/Yes 1/2/3/4
V6 PA 7~42 Without encoding
V7 PA with high energy expenditure 0~14, points Without encoding
V8 PA with moderate energy expenditure 0~14, points Without encoding
V9 PA with low energy expenditure 0~14, points Without encoding
V10 PA with minimal energy expenditure 0~7, points Without encoding
Vi1 Activity 1~5, points Without encoding
Vi2 Sleep 1~5, points Without encoding
V13 Mood 1~5, points Without encoding
V14 Appetite 1~5, points Without encoding
V15 Physical working capacity 1~5, points Without encoding
V16 General health condition 1~5, points Without encoding

of constructing RF trees, a non-linear approach is used to
identify interconnections between attributes, which allows
identifying a wider range of attributes (Nachouki et al.,
2023). Each decision tree makes a prediction for new data,
and the final prediction in our case is determined by the

majority of votes (Fig. 1).

Classification 1
Testing
Classification 2 model
I Subset2 Classification quality

by majority
vote

Assignment of the student to
the classes “1 — stress-

100 associated condition;

0 — not”

Classification

Subset 100

Fig. 1. Application scheme of the RF algorithm

This makes the model more resistant to overtraining
and improves its generalization ability.

Model parameters. The construction of models was
carried out by sequentially adding decision trees. Each RF
consisted of 100 decision trees. The number of random
indicators (predictors) is 5. The depth of each tree in a
node did not exceed 10 levels, and each node could be split
into two child nodes only if at least 5 observations were
concentrated in it (according to the previous split, at least 5
higher education students were placed in it). The leaves of
the tree are nodes that do not have child nodes and make
decisions about the class that the object belongs to (Fig. 2).

root (depth = 0)

child node 1
(depth =1)

parent node 1
(depth =1)
child node 3
(depth =2)

leaf 1
(depth =2)

leaf 2
(depth =2)

child node 2
(depth = 2)

l—|—|

leaf 3 leaf 4
(depth =3)

leaf 5

(depth =3) (depth =3)

Fig. 2. Decision tree structure diagram in a random forest

This setting of parameters allows for simplifying the
models and prevents them from being overtrained.

Model training. To train the model, there was randomly
selected 50% of the data from the proposed data set. The
construction of each decision tree involved the random
selection of 5 attributes from 16 independent variables.

Assessment of accuracy. The accuracy of the model was
checked on the basis of 30% of the observed data that did not
participate in the training.

In the course of assessing the accuracy of the models,
there were constructed 2x2 classification matrices. On
the main diagonal of each matrix there are the results of
calculations of correctly classified students: true positive
(TP) and true negative (TN), where TP can be considered
as an “alarm signal’, that is, the classifier detects a student
with a stress-related condition. The remaining 2 elements
are the number of incorrectly classified cases - false positive
(FP) and false negative (FN). The accuracy of models can be
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calculated with the help of appropriate formulas (Xu & Yin,
2021). As a result, the following metrics were used to assess
the quality of the models:

A _ TP + TN

CCuracy = TP I TN + FP + FN 1)
Recall = — -

A= TP FFN (2)
orecicion — TP X
recision = TP T FP ( )

F1s _ 2-Precision - Recall 4
core = Precision + Recall (4)

To implement the tasks, the STATISTICA program
(StatSoft, USA) was used, which made it possible to automate
the process of constructing a RE.

Results

As shown by the results of previous research (Andrieieva
et al.,, 2023; Byshevets et al., 2023), the level of stress-related
conditions of students is determined by numerous factors,
including controlled and uncontrolled ones. Some of them
increase therisk of stress-related conditions of students, while
others allow them to counteract the negative consequences
of stress factors. Among the uncontrollable factors, it is
possible to point out the gender of students, since, according
to literature sources, for female students, it is more difficult
to experience the impact of stress factors compared to male
students. In addition, another uncontrolled harmful factor
can be a negative experience, which comes from being in the
epicenter of hostilities; and a positive one is the direction of
education, where we assumed that higher education students
in the specialty Physical culture and sport are more engaged
in PA. Among the controlled factors increasing stress-related
conditions of students, there can be addictive behavior,
sedentary lifestyle, etc., and the factors that contribute to
counteraction to stress include PA classes, adaptive ways of
behavior, etc.

We constructed three models aimed at predicting stress-
related conditions of students. Figure 3 shows the process of

Number of trees: 100; Maximum tree size: 100
0,36

0,34
0,32

|
0,30 ||
,

Misclassification Rate

0,18

10 20 30 40 50 60 70 80 90 100
Number of Trees
— Train data; - - - Test data

Fig. 3. The process of constructing a random forest (n=1115)

constructing a RF for predicting the stress of students, where
the horizontal axis represents the number of trees, and the
vertical axis represents the proportion of classification errors
for the training and test samples. The research showed that
despite the construction of 100 trees, the process relatively
stabilized after 30 trees. The proportion of classification
errors ranges from 0.19 to 0.33 (Fig. 3).

The program allows viewing individual decision trees
in a RF (Fig. 4).
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Fig. 4. An example of individual decision trees for predicting
stress of higher education students

The research made it possible to define the most
significant indicators for the prediction of stress in students.
The main indicator was their PA. Such indicators as PA
with high energy consumption; PA with moderate energy
consumption, and the number of stressful factors topped
the ranked list of significant features characterizing students.
Meanwhile, despite our assumptions, gender, negative
experience and the direction of education are at the end of
the rating of significant factors for the prediction of stress of
students (Fig. 5). Similarly, we constructed and analyzed a
prediction model for increased anxiety and PTSD symptoms.

Importance

Fig. 5. Importance plot (n=1115). Note: 1 - PA; 2 — PA with high
energy expenditure; 3 — PA with moderate energy expenditure;
4 - the number of stressors; 5 — general health condition; 6 - PA
with low energy expenditure; 7 — bad habits; 8 - mood; 9 - PA
with minimal energy expenditure; 10 - physical working capacity;
11 - appetite; 12 — activity; 13 - sleep; 14 - sex; 15 — negative
experience; 16 - field of education
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Table 2. Risk estimates for the constructed models

Models Stress Increased anxiety Risk of PTSD

Samples Risk Estimate Standard error Risk Estimate Standard error Risk Estimate Standard error
Training 0,204 0,014 0,331 0,017 0,187 0,014
Test 0,231 0,023 0,438 0,027 0,216 0,023

Table 3. Matrices of error classification and accuracy assessment of the built models (based on the test sample)

Model Class Class Predicted Model quality indicators
odels
Observed 0 1 Accuracy Recall Precision F1 Score

Observed 0 77 47

Stress 0.77 0.86 0.79 0.82
Observed 1 29 176
Observed 0 175 3

Increased anxiety 0.56 0.07 0.77 0.12
Observed 1 141 10

Risk of PTSD Observed 0 240 10 0.78 0.23 0.64 0.34

Table 4. Analysis of the significance of indicators of the stress-related condition of higher education students

Indicators of stress-
related condition

The most important variables (>0.7)

The least important variables
(<0.5)

Stress
with moderate energy expenditure

Increased anxiety

PA; PA with high energy expenditure; the number of stress events; PA

PA with moderate energy expenditure; PA; PA with high energy
expenditure; PA with low energy expenditure; bad habits; the number

appetite; sex; field of education;
negative experience;

field of education; negative
experience; sex;

of stress events; PA with minimal energy expenditure; physical working

capacity
Risk of PTSD

with low energy expenditure; bad habits;

PA with high energy expenditure; the number of stress events; PA;
general health condition; PA with moderate energy expenditure; PA

field of education; sex; negative
experience;

The Risk Estimate calculations showed how likely it is
that the proposed models will give an incorrect prediction.
Since the Risk Estimate in all cases turned out to be smaller
for the training sample than for the test one, it can be asserted
that the constructed models passed cross-checking (Table 2).

The data on classification matrices and model quality
assessments is presented in the table (Table 3).

The stress detection model turned out to be the best
among the constructed models. It shows good results
according to all metrics: with its help, in 77% of cases, it
is possible to predict the presence or absence of stress in
higher education students. The model correctly identifies
86% of cases of the stress of students, and in 79% of cases, it
identifies the stress of a student when it is actually present.
The F1 score indicates the balance of the model.

As for the “Anxiety Increase” model, despite its average
accuracy of 56%, its completeness of 7% is low, which
indicates a reduced ability of the model to determine a
student with increased anxiety, which means that in 93%
of cases, the students experiencing anxiety are classified as
those who feel no anxiety. In contrast, in 77% of the cases
when the model identifies increased anxiety in students,
they actually experience increased anxiety, and a low F1
Score indicates that the model is not sufficiently balanced.

The “PTSD Risk” model correctly predicts 78% of all
cases. However, the model is not good enough at identifying
students with PTSD symptoms. That is, the model correctly
identifies students with the signs of PTSD only in 23% of cas-

es, and in the remaining cases, it identifies them as having no
PTSD signs. In 64% of all the cases when the model identifies
the students as those having PTSD symptoms, the students
are actually characterized by the specified symptoms. The F1
score of 0.34 (or 34%) indicates that the model is sufficiently
balanced, but it still can be much improved.

The analysis of indicators significant for the prediction
allowed us to make sure that negative experience, gender,
and the direction of education in the models of classification
of higher education students, taking into account their
PA, are the least important variables. At the same time,
the general assessment of PA and PA with high energy
consumption turned out to be among the first and most
important variables for establishing the fact that a student
has a stress-related condition (Table 4).

It is worth emphasizing that the program allows saving
the PMML deployment codes for the created models for
further use of these codes through the Rapid Deployment
Engine module for the purpose of predicting the stress-
related condition of higher education students who did not
participate in previous research. In fact, we are talking about
developing a prediction for new observations based on the
proposed models.

Discussion

The research proved that the scientific community is
actively searching for innovative methods and approaches
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to improving the process of PE of students. The authors turn
to progressive ideas, i.e. the application of data mining to
identify patterns and predict objects and phenomena in the
field of PE (Andrieieva et al., 2022; Jinpeng & Le, 2022; Li
& Wang, 2022). Scientists convincingly prove that models
constructed on the basis of regression or classification algo-
rithms, which learn from regularities in accumulated data, are
more productive and accurate for constructing predictions in
the field of PE (Briand et al., 2022; Jiang et al., 2023). Among
such algorithms, the RF method is gaining more and more
recognition. This method has several advantages compared
to a single tree (Documentation for TIBCO Statistica, 2024;
Xu & Yin, 2021; Schonlau & Zou, 2020). The analysis indi-
cates that predictive models constructed by the RF method
are used to predict the academic achievements of students
in the field of PE. This approach to assessment is not only
more objective than the traditional one but also provides an
opportunity to better understand the significant factors influ-
encing educational achievements in the discipline and to gain
a deeper understanding of the patterns of educational activity,
allows timely corrections to be made in the process based on
the predicted educational effect (Jiang et al., 2023; Li &Wang,
2022; Nachouki et al., 2023; Palczewska et al., 2013). It is
worth pointing out that today there is some evidence of high-
er performance of models implemented by the RF method
compared to other approaches (Li &Wang, 2022). However,
the complexity of interpreting the results of applying the RF
method often prevents its wide use in applied research on PE.

The RF method generating a prediction by combining
the predictions of a group of decision trees, which allows
for significantly increasing its accuracy compared to other
methods based on the construction of a decision tree, can
be a modern powerful tool for predicting the stress-related
condition of students (Li &Wang, 2022; Ding et al., 2022).

It was found that the stress-related conditions of students
are most influenced by the PA of students, including PA with
high and moderate energy consumption and the number of
stressful events they have encountered. These variables were
the most significant for predicting stress, increased anxiety,
and PTSD symptoms in students.

The fact that gender did not turn out to be a significant
factor affecting the stress-related condition of the category
of youth under research was an interesting and unexpected
result for us. This contradicts not only the data given in scien-
tific sources (Pavlova et al., 2022; Rogowska &Pavlova, 2023;
Levin et al., 2022; Petrachkov et al., 2023) but also our previ-
ous research where we found that female students reported
symptoms of stress-related conditions more often than male
students (Andrieieva et al., 2023; Byshevets et al., 2023). It is
important to note that in previous research, either a separate
comparative analysis of indicators of stress-related conditions
depending on gender was carried out, or there was used the
data obtained by respondents’ reporting on the regularity of
their activity (No/Rather not/Rather yes/Yes), but the results
of measuring the level of their PA according to the IPAQ were
not taken into account. The construction of logistic mod-
els does not allow taking into account gender or other cat-
egorical variables. In addition, the data sets were significantly
smaller. Thus, we have every reason to believe that gender is
not the only or the main factor affecting stress-related condi-
tions in students. There are other variables that may moderate
or mediate the connection between gender and stress. One of

these variables is the level of PA which can mitigate the effects
of stress factors, as indicated by the results of numerous sci-
entific research, including ours (Andrieieva et al., 2022,2023;
Byshevets et al., 2023; Kashuba et al., 2021; Steinacker et al.,
2023). Therefore, due to the equally positive impact on stress
regardless of gender, physical activity can be a factor that al-
leviates differences in the reaction to stress factors between
students of different genders. Perhaps this is why, when we
added quantitative indicators of PA to our model, gender
ceased to be a significant factor for predicting stress-related
conditions of students. This can mean the following:

o PA is a more significant factor influencing the forma-
tion and development of a stress-related condition in
students than gender;

o gender indirectly affects the stress-related condition
of students through PA, i.e., PA is actually a mediator
for establishing the mechanism of gender influence
on the stress-related condition of students;

o the connection between gender and the stress-related
condition of students depends on the moderator —
another variable, for example, the direction of educa-
tion or the negative experience of being in the epicen-
ter of hostilities, which interact with each other and
have different effects on their stress-related condition.

Conclusions

Against the background of the continuation of the
armed conflict in Ukraine, cases of stress-related conditions
are becoming more and more frequent among students. An
important task in the field of PE and sports is the prompt
identification of students characterized by a stress-related
condition. This will make it possible to offer them appropriate
measures based on the use of means of PA to mitigate the
negative effects of stress factors of increased potential and to
prevent the development of stress-related disorders.

It was established that PA is the most important feature
that allows the prediction of stress-related conditions in
students. In addition, indicators of PA with moderate energy
consumption, PA with high energy consumption, as well as
the number of stressful events experienced by students are
important for predicting stress in students. We constructed
the “Stress”, “Increased anxiety” and “Risk of PTSD” models,
aimed at predicting stress-related conditions of students,
using the RF method. The models for predicting increased
anxiety and identifying students with PTSD symptoms
require further improvement.
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BnnuB pyxoBoi aKTUBHOCTI Ha cTpecacouinoBaHi
CTaHWN CTYAEHTIB 3aKnaAiB BULLOT OCBITU

Harania bumesenp'4*°°, Onena Auppeena'*®?, Mupocnas Jyruak'45cP,

Oxkcana IlIlnakapyk'4*“P, €prenis 3axapina®**“P, Poman [IMutpis'*>,
Koctsautun Ceprienko'4*P, Mapuna Ipecp®?

'HanjioHanbHuit yHiBepcuTeT (i3MIHOrO BUXOBAHHA i CIOpTy YKpainn

*HanionanpHmit yHiBepcuTeT «3aropisbka IoiTexHiKa»

*llep>xaBHUII yHiBepcuTeT « KMToMupcbKa momiTexHika»

ABTOpCBHKNMIT BKIAM: A — FU3aiiH JOCTMKeHHsT; B — 36ip ganux; C - crarananis; D - migroroska pykomucy; E - 36ip xomuTis

Pedepar. Crarrs: 9 c., 4 Tab., 5 puc., 31 mKepero.

Mera mocmimKeHHsI — OOIPYHTYBATU BIUIMB PYXOBOI aKTMBHOCTI Ha CTPECACOLINOBAHI CTAHM CTYHEHTIB 3aK/IajiB
BUIIOI OCBITH.

Marepianu ta meropu. Habip gannx s HO6YI[OBI/I MofieneNt cknafiapes 3 1115 crmoctepexenb, 16 He3aneXHUX i 3 3aneXXHNX
3MiHHUX. B SIKOCTi OCHOBHOTO MeTOAY BUKOPMCTA/IN METOJ, BUIIAJKOBOTO JICY, iies IKOTO IIOJIATa€ B TOMY, {06 OTpUMATH IPO-
THO3 LIJISIXOM arperyBaHHs IIPOTHO3iB HaOOpy OKpeMUX JiepeB pillleHb, KOKHE 3 SIKJMX HABYAETHCS Ha MiIMHOXKIHI JaHNX, BUIi-
JIEHVX 13 JOCTII/PKYBaHOI BUOIPKIL.

PesynbraTi. BcTaHOB/IEHO, IO HalBaXKIMBIiMMM (GaKTOPOM IIPOTHO3YBAaHHA CTPECOBMX CTaHIB Y CTYAEHTIB € iX pyxoBa
axTuBHicTb (PA). KpiM TOTO0, 3Ha4HY pO/Ib Y IPOrHO3yBaHHI CTPECy B CTYAEHTIB BifirpaioThb piBHi PA, 1110 BK/II0Ya0Th HOMipHI Ta
BJCOKI piBHi BUTpAT €Heprii, a TAKOXX Ki/IbKiCTh NepeXXUTUX CTPECOBYUX MO, /11 IpOrHO3yBaHHA CTPECOBUX CTaHIB Y CTY/IEHTiB
BUIIOI OCBITH 32 METOJOM BUIIAAKOBOIO /Ticy mobynosano mogerni «Crpecy, «[TigBuinena TpuBoxHicTby», «Pusuk ITTCP». Mogenn
«Crpec» Maja HaIBUITY AKiCTb: Ii TOuHiCTb ckiasna 0,77, npuragyBanus — 0,86, Tounicts - 0,79, oninka F1 - 0,82. Mopenb «Pusnk
MOCTTPAaBMATHYHIX CTPECOBNUX PO3/IA/IiB» IPABIIBHO Iepenbadnia 78% BUIaKiB, {0 BKa3ye Ha ii XOpolli 3ara/ibHi IIOKa3HUK,
OJIHaK BOHA IIPaBUIbHO iffeHTN(diKyBana muine 23% CTyHeHTIB, sAKi HacIpaByi Manu 1i o3Haku. IIlo cTOCyeTbes CTaHy TPUBOTH,
BPAXOBYIOUM Te, 110 BiH MEHII CTabi/IbHII, HDK CTPeC i MOCTTpaBMaTHYHMII CTPECOBUIL PO3/Iaf, L0 MOXKe YCK/IafHUTI HABYaHHS
Moferi, To6yoBaHa MOJIE/Ib MajIa CepeIHIO TOYHICTb 56% 1 3HIDKYBasIa IIOBHOTY Ta 30a/TaHCOBAHICTD.

BucnoBku. Mofiesli IpOrHO3yBaHHsA MiIBUIEHOI TPMBOXXHOCTI Ta BUABJIEHHS CTY/eHTiB 3 o3Hakamu [ITCP HOTpe6y10Tb o-
JaJIbILIIOro BIOCKOHA/IeHHs. Po3po6ieni Mozieri 03BO/IAIOTD OIlepaTMBHO ifieHTN(IKyBaTy IPOsBU CTPECOBUX CTAHIB y CTY/IEHTIB
BUIIIOI OCBIiTH Ta Ha OCHOBI BUKOpUCTaHHs PA BXXMBaTy HeOOXiIHNX 3aXO/iB [/Is1 3aI00iraHHs PO3BUTKY CTPECOBMX PO3IAfiB.

KirouoBi cmoBa: pyxoBa akTUBHICTb, CTPeC, CTYIEHTH, MOJie/b, CTaH, 340POB 51, BUIIATKOBNIII JIiC.
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