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Abstract

Physical development (PH) is a complex indicator that covers a set of anthropometric
parameters. In the course of this work, the most important anthropometric parameters for
athletes and swimmers were determined - different for men and women. So, for men, the
most important indicators were shoulder width, arm length, height, age, body weight, hand
length and chest circumference. And the necessary indicators for women were body weight,
height, pelvic width, shoulder width, arm length, shoulder girth and chest volume. Moreover,
body weight was more important for female swimmers than for male swimmers. Shoulder
width played a more important role for men than for women. Thus, the novelty of the
solutions lies in an integrated approach to the assessment and management of physical
development using intelligent technologies.
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Inroduction

Physical development (PH) is a complex indicator that characterizes the state of health
of an individual or group of people at different ages of life. Physical development includes a
set of anthroposcopic, anthropometric and anthropophysiometric characteristics. This
indicator changes dynamically in accordance with biological patterns and under the influence
of environmental factors.
The anthropometric parameters and body composition of athletes may vary depending on
their specialization and level of training [1,2]. This suggests that different sports, such as
swimming and cross-country skiing, will have different effects on physical developm
parameters [3.,4].
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Swimming is a discipline that involves swimming various distances in the shortest amount of
time. The huge density of water (1.0 g/cm?) determines the features of a swimmer's motor
activity. The horizontal position of his body is forced. The resistance of water to movement
depends on the position of the body in the water, its changes in various phases of the motor
cycle [5].

Swimming requires a fundamental restructuring of movement control based on the
continuation of the entire experience of land movements. There are no antigravity reflexes in
water, because movements are performed in hypogravity. The effect of reactive forces
increases due to the lack of solid support.

Biomechanics of sports swimming technique reveals the patterns of interaction of the
swimmer's body and its working links with the aquatic environment, the ratio of driving and
braking forces, sources and ways of preserving mechanical energy in the movement system
[5]. From a biomechanical point of view, the main task of a swimmer is to move his body
along the water path as fast as possible. The direct cause of movement is the driving forces
created by locomotor (rowing) movements of the arms and legs in the aquatic environment.
Water serves as a support for movement. It also provides the main resistance to the
swimmer's body, slowing down his progress.

The main source of driving forces is the internal forces of muscle contraction, the forces of
muscle traction. Muscles are the engine of an athlete. In rowing movements, the main load
falls on the large muscles of the extremities, which originate from the skeleton of the trunk:
the latissimus dorsi, the pectoralis major, the large round, the quadriceps femoris, the gluteus
maximus, and others.

Swimmers rely solely on the driving force of their bodies when moving through the water,
thereby emphasizing the crucial role of strength. In addition, the importance of aerobic
endurance varies depending on factors such as swimming style, intensity, and distance
traveled [6]. In swimming, the relationship between strength and technique plays a key role,
as swimmers have to contend with hydrodynamic resistance — resistance that increases in
proportion to swimming speed, following the quadratic law [7]. Overcoming this resistance
requires a combination of well-developed strength and impeccable rowing technique, as
swimmers strive to minimize resistance and optimize their results in the water.

In this study, using the machine learning methods described in the previous article, we
analyzed which anthropometric parameters are most important for monitoring and predicting
success in swimming.

Materials and methods

To determine the indicators most necessary for studying the level of athletic training
of swimmers, we used anthropometry. We have summarized the results of these
measurements by constructing mathematical models.
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Anthropometry was performed using an anthropometer, thick compasses, measuring tape,
caliper and scales. Body weight (in kg) was determined on a medical scale. An anthropometer
was used to determine (in cm) height, heights of anthropometric points, and lengths of body
segments: hand, forearm, shoulder, foot, shin, hip, torso, as well as height and length of legs
and arms. Using thick compasses, the width of the shoulders, pelvis, sagittal and frontal
diameters of the chest, the diaphyses of the forearm, shoulder, hip, shin, foot and hand widths
were determined. The girths of the trunk and limbs were determined with a measuring tape,
and the skin-fat folds were measured with a caliper.

Measurement of girths. When measuring girths, the tape fit snugly to the skin of the
measured area of the body, but did not compress the underlying tissues. At the same time, the
arm was in a relaxed state and hung freely along the body. The study was conducted three
times, followed by the calculation of the average value. When measuring girths (except for
the head and neck), the tape was positioned perpendicular to the axis of the measured area
(Table 1).

Table 1. Method of measuring torso and limb girths.

Location Measurement technique

Hand according to the projection of the 2nd and 5th metatarsal-phalangeal
joints

Wrist 5 cm above the wrist joint

Forearm 5 cm below the projection of the elbow joint

Shoulder the middle of the distance between the acromial process of the scapula
and the ulnar process of the ulna

Head above the eyebrows

Neck below the laryngeal protrusion, the head was pointing straight ahead

Chest fourth sternocostal joint after exhalation

Waist the middle of the distance between the edge of the costal arch and the
upper anterior crest of the ilium (on exhalation)

Buttocks the largest protrusion of the buttocks

Femurs along the subclavian fold, horizontally

Hip the gluteal fold

Shin the greatest protrusion of the calf muscle

Ankle in the narrowest part of the shin, above the ankle joint

Foot according to the projection of the 1st and 5th metatarsophalangeal
joints
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Measurement of skin-fat folds. The thickness of the folds (in mm) was measured with
a caliper, which exerts constant pressure on the skin (10 g/cm?). The skin and subcutaneous
fat were captured with the thumb and forefinger, pulled back by 1 cm and a caliper was
applied distal to the finger grip in the middle of the distance between the top and base of the
resulting fold. The measurement was carried out 2-3 seconds after fixing the fold, with an
accuracy of 0.5 cm, while the fold was not released.

After three measurements, the average value was determined (Table 2).

Table 2. Methodology for measuring skin-fat folds.

Location Measurement technique

Hand 2 mm on the recommendation of the Moscow State University
Institute of Anthropology

Forearm inner surface

Shoulder at the | the middle of the distance between the acromial process of the scapula

back and the ulnar process of the ulna, a fold along the arm

Shoulder in front in a similar way, but on the front surface of the shoulder

Chest (male) above the pectoralis major muscle

Xiphoid process 5 cm to the left of the sternal line when the fold is vertically gripped

Abdomen to the right of the umbilicus

Anterior iliac spine

2-3 cm above the inguinal ligament along the mid-clavicular line, with
the crest of the fold positioned horizontally

Shoulder blade

1 cm below the lower corner of the scapula, the fold was located
parallel to the edge of the scapula, at an angle of 45 degrees to the
horizontal

Hip in front the middle of the anterior surface of the thigh between the inguinal
fold and the patella
Shin the posterior surface of the shin above the lateral head of the
gastrocnemius muscle
Male swimmers

The table contains data on 163 men. Of these, 18 men have 3 years of athletic
experience, 19 have 5 years of experience, 41 have 7 years of experience, 52 have 10 years of

experience, and 33 have 12 years of experience (Figure 1).
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Figure 1. The ratio of male swimmers by the number of years of athletic experience.

Female swimmers

There were 80 women in the resulting table. 9 people have 12 years of athletic
experience, 34 have 10 years of experience, 21 have 7 years of experience, 10 have 5 years of
experience, and 6 have 3 years of experience (Figure 2).

Women

=12 years =10 years =7 years 5 years =3 tears

Figure 2. The ratio of female swimmers by the number of years of athletic experience.
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After grouping the data, we started testing various machine learning methods.

To begin with, we wrote a script in the Python programming language that collects
anthropometric data of athletes and sportswomen from separate tables dedicated to one
person into one of two summary tables — one for men and the other for women.

The output was a table, each row of which corresponded to the anthropometric measurement
of one person. Let's consider the obtained data of swimmers, divided by gender.

Results
Women, swimming.

To begin with, we used the linear regression method. In addition to the basic
algorithm, we used the Gridsearch tool, which allows us to analyze network training
parameters in order to get the most accurate data.

Such hyperparameters of the network as the type of regularization (11 and 12) and the
regularization coefficient C varied. The best result in the test sample was given by a network
with 12 parameters and a coefficient of C = 0.12.

As a result, the resulting model gives an accuracy of about 42% on the deferred data (also
from the original dataset, but previously unknown models). However, in practice, it turned
out that this model in any control sample provides only variants of 7 and 10 years of athletic
experience in predicting results, which, in this sample, is undoubtedly strategically correct,
but is not ideologically correct (Figure 3).

12 years
10 years
7 years
~&= prognostication
5years i [ESUILS
3 years

Figure 3. Prognostication of the best regression model.
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Due to such features, we considered the model not very suitable for solving the problem of
classifying athletes due to the tendency to such behavior (giving the most likely, rather than
the closest result).

We used other learning models, such as the k nearest neighbors (kKNN) method.

We also used Gridsearch for this method. We varied the number of neighbors and the
presence/absence of weights depending on the distance. As a result, we got the best
parameters when determining by 2 neighbors and weighing by distance.

The accuracy of the resulting kNN-based model on deferred data is 50%, and the graph is
smooth. At none of the 12 points will the predicted value deviate from the real value by more
than 1 grade (Figure 4).

12 years
10 years
T years
~@= prognostication
5 years =t results
3 years

Figure 4. Prediction of the best KNN model.

We considered the training of this model to be successful, and the model itself suitable for the
task of classifying athletes. It is likely that with an increase in the training sample, the
accuracy of the prediction of this model will also increase.

For the model based on the "random trees" method, the criteria for constructing a tree
(criterion), the maximum depth of the tree (max depth) and the number of trees
(n_estimators) in the decisive forest were varied. As a result of GridSearch's action, the
optimal hyperparameter values were as follows: criterion = 4,
n_estimators = 6.

'gini’, max_depth =
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As a result, the prediction accuracy was comparable to kNN — also about 50%, with an error
of no more than 1 digit in the entire test sample (Figure 5).

12 years
10 years
7 years o
== prognostication
i rESUItS
5 years
3 years

Figure 5. Prognostication of a random tree model.

Men, swimming.

Similarly to the data on women, we consistently launched the Gridsearch tool to
search through the most optimal parameters of machine learning models.
The regression model on the male sample of swimmers suddenly showed a decent result
relative to other models. The final accuracy on the deferred sample was 38%, while on the
test sample it reached 76%. (Parameter C is 0.23, optimal L2 regularization, penalty
parameter was 0.47).
Despite the high percentage in the training sample with a fairly low percentage in the delayed
sample, the network produces a fairly reliable result if you allow a 1-grade bias and does not
look much overfitted.
Next, we consider the results of training the k-nearest neighbors model.
According to the results of the selection of parameters, the optimal parameters were 4
neighbors and a majority vote, regardless of distance. In the control (delayed) sample, the
accuracy of the method was 38%.
Getting into a class with an error of no more than 1 is more than 85%.
The graph shows that sometimes the models agree with each other, while sometimes
spread goes in different directions regarding the correct answer (Figure 6).
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Figure 6. Summary graph of model testing in the control sample, swimming, men.

Evaluation of the importance of parameters.

Theoretically, it is classifiers based on decision trees that can most clearly assess the
contribution of each parameter. This is due to their architecture and algorithms for building a
decision tree — the most defining parameters are often located closer to the root in order to
divide the data into classes as efficiently as possible. Also, when testing, the classifier based
on trees showed good accuracy.

It is for the above reasons that it is proposed to use the proprietary feature importances
method of the ExtraTreesClassifier class of the sklearn library to assess the importance of
each parameter of anthropometric measurements in predicting athletes' results.

Women, swimming.
The best tree-based classifier obtained in this work evaluates the importance of the
parameters in Figure 7.
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Figure 7. The importance of anthropometric parameters, women, swimming.
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Men, swimming.
We performed similar actions for the male part of the surveyed swimmers (Figure 8).
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*SFF — skin-fat fold

Figure 8. The importance of anthropometric parameters, men, swimming.
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The importance of parameters for men and women was also plotted on the same graph

(Figure 9).
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Figure 9. Comparison
swimming.
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In the figure, you can see that mostly the same parameters are of similar importance for men
and women when classifying them by the number of years of athletic experience.

There is a clear dependence on the parameters indirectly related to age. The explanation for
this is the high level of athletes who participated in the testing. The same reason explains the
low importance of fat folds for predicting results.

Nevertheless, there is some pattern observed in both men and women, namely, the parameter
of the lengths and girths of the arm sections is predominantly higher than the similar
parameter of the legs. The only obvious exception is the girth of the hips in women (much
more important than the girth of the shoulders), which, in other ways, may also be a
consequence of age-related changes in the body of girls.

Discussion

In this study, we examined the possibility of using expert systems to assess the level
of training of athletes, taking into account changes in specific anthropometric parameters
characteristic of a particular sport. There is a correlation between anthropometric parameters
and the level of athletes and it is discernible on the available data sets.
To date, many studies have proposed new anthropometric measurements developed for a
specific type of sport — football, wrestling, swimming, etc. [8,9,10]. Studies have established
that anthropometric measurements developed for the general population of non-athletes are
inapplicable to professionals and that those developed for athletes are very specific to a
particular sport [11,12,13]. Therefore, before choosing adequate anthropometric
measurements for their athletes, coaches and sports experts should take into account gender,
race, age, nation, health status and competition level, protocols for skin folds and other
anthropometric measurements, as well as other specific characteristics of the athlete
population used to develop the chosen method [14].

In a comprehensive review of the literature, Franchini et al. It has been shown that such a
sport as, for example, judo provides a high level of muscular strength, power and
cardiorespiratory endurance to achieve success in competitions regardless of gender [15]. In
this context, Dread et al. The physical fitness and anthropometric profiles of elite
(international prize-winners) and sub-elite (national prize-winners) male judoka were
compared [16]. The authors revealed that elite judoka were stronger and more powerful than
their peers from the sub-elite. In addition, the same authors reported higher upper limb
muscle mass in elite athletes compared to athletes from the sub-elite. Thus, monitoring the
profiles of physical fitness and anthropometry on a regular basis during the training season
for judoka seems to be critically important, since these characteristics affect the results during
the competition [17].

Volume 48 Issue 4 (December 2024)
https://powertechjournal.com



- Power System Technology.

Y~ 1SSN:1000-3673

Received: 06-10-2024 Revised: 15-11-2024 Accepted: 10-12-2024

There is also a relationship between anthropometric variables and results in Olympic rowing
[18, 19]. The data showed that a taller rower with more muscle mass may have an advantage
due to a longer lever arm, resulting in more power per stroke.

The results obtained in the Castafieda-Babarro et al study are partially consistent with the
studies conducted in rowing, as a significant relationship was found between the
anthropometric variables of athletes and their results [20,21]. It has been shown that
indicators such as height, weight, body mass, and wingspan correlate with results in rowing,
both Olympic and other sports, and traditional rowing, thus demonstrating the importance of
these variables in their relationship to athletic performance in this particular sport [22].

Our results partially confirmed previous studies that reported differences in anthropometric
indicators between elite swimmers and water polo players [23]. These studies consistently
show that water polo players tend to be heavier and have higher body fat levels compared to
elite swimmers. A comparative study of water polo athletes from 1980 to 1995 revealed
interesting trends in body composition, revealing changes in height, limb length, waist
circumference, shoulder width, and the ratio of muscle and fat mass over time [24]. The
importance of body structure characteristics, which significantly affect the contractile
potential of swimmers, regardless of gender, is determined by SMM, FFM and the ratio of
muscle and fat. All these variables correlate with strength and energy production in sprint
swimmers [25].

In addition to task-related parameters (i.e. variables evaluated during and related to actual
swimming), body-related parameters (i.e. variables related to the swimmer himself) that are
not specific to the swimming task indirectly correlate with swimming results, such as upper
body strength on land. It has been reported to positively correlate with swimming speed [26].
It has been reported that anthropometric characteristics such as height, arm span, and hand
surface area directly or indirectly affect swimming speed and other performance-related
parameters [27,28].

Conclusion
Thus, the advantages of using modern artificial intelligence (AI) and big data

technologies to automate the assessment of physical development:

1. Integration of multicomponent analysis of physical parameters.

Unlike standard methods based on static measurements (height, weight), the system analyzes

complex data, including muscle mass, endurance level, coordination of movements,

biomechanical characteristics and dynamics of changes in real time. This allows for a more

accurate and objective assessment of physical development.

2. Predictive analysis and assessment of injury risks.
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The use of predictive models to determine the likelihood of injury or overexertion based on
data from past workouts and physiological indicators helps to prevent possible health
problems. The introduction of such technologies reduces the risk of injury, which is
especially important for professional athletes.
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