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Abstract

The work analyzes the influence of human morphofunctional indicators on the predisposition to a
certain kind of sport. The existing decision support systems in the sports sphere are considered. The
role of artificial intelligence for parameter analytics is determined. Statistical analysis of the data was
performed. The statistical significance of each parameter was established using the t-test. The
correlation value between sports, as well as between morphofunctional indicators using the Pearson
and Spearman methodologies, is calculated for a more comprehensive understanding of the
relationships. The importance of morphofunctional indicators for choosing a kind of sport is
investigated using machine learning technologies, namely the random forest method is chosen.
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1. Introduction

In today’s virtualized world, more and more people are striving to find the optimal sport for
themselves, which will not only contribute to physical development, but also correspond to
their individual characteristics and capabilities. However, the human factor often causes false
decisions: people choose activities that do not meet their physiological characteristics or do not
take into account potential risks, which can lead to injuries or loss of motivation. As a result,
they quickly stop training without achieving the desired results.

There are many approaches to choosing a sport [1, 2] according to a person’s preferences,
but most studies are focused on the general choice of group or individual sports, as well as the
availability of training in a particular region. However, in addition to these undoubtedly
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important parameters, it is also advisable to take into account the morphofunctional
characteristics of a person.

The aim of the work is to identify the correlation between morphofunctional indicators and
sports, as well as to establish the importance of each indicator.

At this stage, artificial intelligence (AI) can play a significant role, which is a powerful tool
for selecting a sport based on human morphofunctional indicators. Using large amounts of data,
the system can analyze the physical characteristics of professional athletes in various sports
and forms the necessary parameters and standards on the basis of this. This allows to make an
objective and scientifically based choice of optimal activity for a particular person.

In addition, AI is able to analyze individual user data such as height, weight, body
composition, endurance level, etc., and offer the most suitable sport. The system based on Al
can also assess potential risks, anticipate possible health problems, and make recommendations
about exertion, training intensity, and safety techniques. This approach not only increases the
effectiveness of sports, but also contributes to the long-term involvement of people in an active
lifestyle, helping them to avoid overloads and injuries.

Thus, the introduction of Al in the field of sports opens up new opportunities for a
personalized approach to the choice of physical activities. This allows everyone to find the best
option for maintaining health, developing physical abilities and achieving sports goals.

2. Literature Review

In our previous works [3, 4] the indicators-based decision support system and method for
choosing kind of sport were proposed. Also, the indicators and values of their impact on
different kinds of sport were determined. Moreover, the analysis of the relevant studies
describing using Al for decision support in choosing kind of sport was conducted.

The article [5] demonstrates the potential of Al to improve sports performance analysis and
decision-making during training and competition. The study [6] provides a practical perspective
on the application of Al in real-world health tracking systems that can be integrated into sports
applications. The research [7] describes the integration of Al to facilitate more accurate analysis
and prediction of sports training results using mobile sensors and deep neural networks. The
article [8] discusses current trends and practical solutions in sports technologies based on the
use of artificial intelligence. The research [9] analyzes which technological innovations
influence the development of sports applications and how Al contributes to their improvement.
The article [10] demonstrates the ability to detect and classify different types of sports activities
from live video streams using convolutional neural networks. The study [11] describes the
development of a mobile application for personalized coaching of runners that uses Al to
analyze data from sensors and biometric indicators to optimize the training process. The article
[12] identifies Al's impact on China's sports industry. The study [13] is devoted to the legal
aspects of implementing Al systems in the sports sector under the European Union legislation.

The research [14] analyzes morphofunctional indicators of an elite Chilean mountain
runner. It was provided laboratory experiments to improve training strategy. The article [15]
reveals medical point of view. This study focuses on analyzing the effects of isometric and
isotonic exercise training on the morpho-functional parameters of the right ventricle in
Olympic athletes. Also it was analyzed machine learning approaches [16, 17, 18] and its usage



for health monitoring [19]. However, the considered studies do not solve the problem of
morphofunctional indicators’ analysis and choosing a kind of sport on basis of them.

On the basis of provided study it was formulated hypothesis accordingly to the topic of the
research: There is a significant difference between the indicators’ means of two kind of sports.

3. Methodology

The study used expert data from specialists in the field of physical education and sports. A
detailed description of the data used is given in previous works [3, 4].

The t-test is used to test a statistical hypothesis, which is used to compare the means of two
groups and determine whether the difference is statistically significant. The formula 1 describes
if the difference between the means of two groups is significant [20].

K%
sz s? (1)
n; 0N

Where:

X4, X, — sample means of groups 1 and 2;

s2, s2 — sample variances of groups 1 and 2;

n;, n; — sample sizes of groups 1 and 2.

The larger the values, the greater the difference between the two groups.

Pearson and Spearman methodologies were used to determine the correlation between
parameters. Comparing the two approaches allows for a more comprehensive assessment due
to the possibility of analyzing both linear and monotonic dependencies.

Pearson's correlation coefficient determines the linear relationship between two variables:

P XX -X)(Y;-Y)
VX = X)2 /(Y - V)2

(2)

Where:

X;, Yi - individual data points;

X, Y - the mean values of X and Y;

In formula (2) the numerator represents the covariance between X and Y, and the
denominator normalizes the values by their standard deviations. The r value 1 is represent
perfect positive correlation, 0 - no correlation and -1 - perfect negative correlation.

The Spearman correlation measures the monotonic relationship between two variables by
ranking the data before calculation:

6. d?

T -1 Y

p=1
Where:
d; - the difference between the ranks of corresponding values X and Y;;
n - the number of data points.
Similar to Pearson correlation, the p value 1 is represent perfect increasing monotonic
relationship, 0 — no monotonic relationship and -1 - perfect decreasing monotonic relationship.



4. Results and Discussions

All morphofunctional indicators used in the research are presented in Table 1 with description.
For better visualization on plots it is used numbering. Also Table 1 shows T-test results. All
indicators have extremely small p-values (< 0.05), meaning they are statistically significant.

Table 1
T-test results
Indicator Indicator t statistics p value
number
1 Height, cm 11.21 5.03-107"
2 Weight-height index (body mass 6.59 8.19-1077
index), weight (g), height (cm)
3 Muscle development index 14.06 439107
4 Ratio of arm span to body length 4.89 5.52:107°
while standing, cm

5 Running 30 m, s 10.79 1.1-107"
Standing long jump, cm 11.31 4.23-10™"

7 Throwing a stuffed ball over a 21.65 2.93-107"

distance (1 kg), m

8 Sitting raises in 60 seconds, number 12.59 4.62:107*

9 Flexion and extension of arms in a 13.48 1.09-107"
prone position, number

10 Standing torso tilt (torso forward 19.19 4.58:1071¢

tilt from a sitting position), cm

11 Shuttle race (4x9 m), s 15.95 2.84-107

12 Reaction speed (fishing stick with 26.05 4.12:107"
centimeter markings), cm

13 Jump rope in 60 seconds, number 16.88 8.06-107"

14 Ruler twist (difference from 80.00 1.19-107%

shoulder width), cm

The smallest p-value is observed for indicator 14. This indicates an extremely strong
difference between the groups. Indicators 7 and 12 also have very small p-values, indicating
clear group differences. Indicator 14 has the highest t-statistic (80.00). Indicators 7, 10, and 12
also have high t-statistics. Indicators 4 and 2 have the lowest t-statistics, but still show
significant differences. Thus, all indicators show statistically significant differences between the
two groups.

Relationships between kind of sports on the basis of important for them morphofunctional
human indicators are shown in Figure 1 as a adjency matrix heatmap. To check for the presence
of relationships, a binary classification was used, where 0 means the absence of such indicators,
and 1 indicates their presence.
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Adjacency matrix heatmap for kinds of sport.

Figure 1

Figure 2 shows boxplot of morphofunctional indicators. Each square represents the
interquartile range (IQR). The median indicates the central value. The whiskers represent the

range of most of the data points.



Boxplot of Indicators
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Figure 2: Boxplot of morphofunctional indicators.

Figure 3 shows a histogram of indicators. X-axis represents the range of values for a
particular indicator and Y-axis represents the number of observations.

Histogram of Indicators
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Figure 3: Histogram of indicators.



The boxplot also shows outliers. It means values that are significantly different from the
majority of the data. It can be seen from the chart, that Indicators 6 and 9 have larger outliers
compared to the other indicators. Indicators with taller squares and longer whiskers (e.g.
indicators 5, 6, and 9) have higher variability. Indicators with shorter rectangles (e.g. indicator
10) have lower variability. It means the data is more consistent. If the median is closer to the
bottom of the rectangle, the data is positively skewed. If the median is closer to the top, the data
is negatively skewed. Thus, for some indicators, there is a skew. It means that the data is
asymmetrically distributed.

The correlation matrix is presented in Figure 4. It displays the results of the Pearson
correlation. According to this approach, linear relationships between indicators are measured
in the range from -1 to 1, where 1 reflects a perfect positive correlation, 0 indicates no
correlation, and -1 indicates a perfect negative correlation.

Indicator_1 el
Indicator 2 - 0.06
Indicator_3 - -0.28
Indicator_4 - 0.41
Indicator 5 - -0.17
Indicator_6 - 0.03
Indicator_7 - 0.02
Indicator_8 m
Indicator_9 - -0.27
Indicator_10 - -0.01
Indicator_11 - -0.35
Indicator_12 - 0.00
Indicator_13 - 0.02

Indicator_14 - 0.05

Indicator_1 -

0.06

1.00

-0.06

0.04

-0.10

-0.02

-0.00

-0.02

-0.21

-0.00

-0.19

0.07

Indicator 2 -

-0.28

-0.06

0.03

0.21

0.35

0.25

0.05

0.01

0.08

0.10

-0.20

Indicator_3 -

0.41

0.04

-0.17

ErEs

0.06

-0.27

0.04

-0.04

0.07

0.09

-0.08

Indicator_4 -

-0.17 003 0.02 H -0.27

0.03

-0.17

1.00

0.57

-0.03

025

-0.04

-0.07

0.29

-0.04

0.07

©
o
o

Indicator 5 -

0.21

0.23

0.57

1.00

0.09

0.05

0.09

0.17

-0.11

-0.05

.23

-0.08

Indicator_6 -

-0.10

0.35

0.06

-0.03

0.09

1.00

-0.03

-0.02

0.05

-0.07

0.00

0.00

-0.84

Indicator_7

-0.02

0.25

-0.27

0.25

0.05

-0.03

1.00

0.55

0.24

0.04

0.24

Indicator_8 -

Figure 4: Pearson correlation matrix heatmap.
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The Spearman correlation matrix is presented in Figure 5. It measures monotonic relationships,
which, however, do not necessarily have to be linear.

The results of the study showed that some indicators have strong positive and negative
relationships. Thus, indicators 7 and 14 demonstrate a strong negative correlation (-0.84),
Indicator 3 and 4 demonstrate a strong positive correlation (0.76). Most correlations are weak

or moderate.



Spearman Correlation Matrix
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Figure 5: Spearman correlation matrix heatmap.

Spearman correlation provides a slightly different view of the relationships. Stronger
correlations are observed between some indicators. The «Sport» column suggests which
indicators contribute more to the classification. Indicator 14 has a high Spearman correlation
with sport (0.87), which means that it can strongly influence the classification.

Pearson correlation gives more accurate results under linear relationships. If the data has
strong outliers or nonlinear trends, Spearman correlation is more reliable. Spearman correlation
also helps to rank indicators that influence the choice of sports.

It was provided Random Forest Classification to identify the most important indicators for
determining the most suitable kind of sport on the basis of morphofunctional indicators. Results
are presented in Figure 6. Thus indicators 6, 5, 9 and 11 have more significant impact then other.

5. Conclusions

As aresult of the conducted research, it was possible to establish dependencies between sports,
based on morphofunctional indicators, which play a key role for them. Correlations between
morphofunctional indicators were also established, which contributes to a comprehensive
understanding of the criteria on the basis of which the choice of sport is made.

The conducted data analysis allowed us to confirm the hypothesis that there is a difference
between the parameters for different sports.



Feature Importance for Sports Classification
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Figure 6: Feature importance for determining kind of sport on the basis of morphofunctional
indicators due to Random Forest Classifier.

The analysis of the importance of indicators for making a decision about the predisposition
to a sport, performed using Al technologies, allows us to capture hidden patterns and more
accurately select sports.

The further efforts of the authors will be focused on approaches that provides intellectual
analysis of human morphofunctional indicators and choosing a kind of sport based on them
using Al technologies.
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