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METHOD OF RANKING ATHLETES IN A DECISION SUPPORT SYSTEM
IN THE PROCESS OF PRELIMINARY SELECTION OF PLAYERS

The topic of the article is the method of ranking athletes in a decision support system in the process of
preliminary selection of players. The purpose of the is to develop an athlete ranking method that enables the
integration of all available information types, facilitating informed decision-making, as selection accuracy
directly impacts the quality of the resulting team. Research objectives: investigate the information types utilized
in athlete ranking and identify appropriate methods for data representation and processing; to develop a method
based on specific metrics, production rules, weighting coefficients, and an artificial neural network (ANN) model
to generate player ratings within a DSS; to conduct an experiment to validate the effectiveness of the proposed
method. Research results: The article proposes a hybrid ranking method that integrates a deterministic
component (IF-THEN production rules) with an adaptive ANN model. This architecture combines expert
heuristic knowledge with automated data-driven learning, ensuring both decision explainability and the model's
robustness in complex conditions. At the first level, the system ranks candidates using predefined logical rules
derived from expert assessments by coaches and analysts. These rules process formalized metrics such as
physical development, fitness, and competition history, enabling initial screening based on basic functional
suitability criteria for a specific position. At the second level, an ANN module is integrated to perform a
multidimensional analysis of the players’ numerical characteristics. By identifying latent non-linear
dependencies between tactical and technical action indicators and anthropometric variables, the model provides
a predictive assessment of overall potential. This approach is particularly effective in scenarios where manually
formulated rules cannot capture the complex interdependencies between variables. The final output integrates
a binary classification (fit/unfit) with a quantitative rating generated by the neural network. These results can
be mapped to a formalized scale for further ranking or utilized as primary input for final coaching decisions.
This structure ensures an optimal balance between interpretability, accuracy, and adaptability within the
volleyball player selection process. Conclusions: The scientific novelty lies in combining a structured system of
TTA indicators with role-specific weighting obtained through expert consensus, allowing for contextual
adaptation. Additionally, the integration of a neural network component to identify latent dependencies between
performance indicators dynamically represents a novel approach for short-term selection in volleyball. Further
research will focus on developing adaptive player models and optimizing selection processes to enhance the
effectiveness of decision-making within the DSS.

Keywords: decision support system; decision-making; decision-making criteria; ranking method; rules;
artificial neural networks; preliminary selection of players.

1. Introduction basketball, and football is a complex and labor-intensive

1.1. Motivation

The rapid advancement of intelligent information
systems and technologies has rendered them ubiquitous
across virtually all domains. As the sports industry
evolves, these technologies are increasingly employed to
enhance the efficiency of data processing for sports
managers and scouts. In particular, they enable match
outcome prediction, support coaching staff in decision-
making under conditions of uncertainty, and facilitate the
organization of competitions, training processes, and the
provision of sports services.

Currently, athlete selection for national teams or
club competitions in team sports such as volleyball,

process requiring effective decision-making. This
process is further complicated by the necessity to
aggregate and analyze vast amounts of influential data.
The implementation of decision support systems (DSS)
can significantly improve information processing
efficiency during the preliminary selection phase. By
automating aspects of data analysis and knowledge
acquisition, these systems reduce the need for manual
human involvement, thereby optimizing the overall
decision-making process [1]

1.2 State of the art

In professional volleyball, the number of candidates
for a single playing position typically does not exceed
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three to five, enabling experienced coaching staff to
make selections without formalized tools. However, the
implementation of a decision support system (DSS)
remains highly relevant for ensuring objective and
standardized evaluation.

This is not solely due to the need to automate the
selection process itself, but rather to the desire to
standardize evaluation criteria, make the decision-
making process more transparent, reduce subjectivity,
and ensure consistency of approach across different
tournament and training contexts. A DSS not only
enables the structuring of analytics during a broad
preliminary selection (for example, when reviewing
potential newcomers), but also serves as a tool for
archiving and formalizing expert experience, which is
especially valuable for training young coaches, scouts, or
sports analysts. Thus, the objective of the system is not
to replace the coaching staff, but to provide flexible,
transparent, and reproducible support for decision-
making in a dynamic competitive environment.

In modern sports, DSS is extensively used,
particularly for player selection. Specifically, the authors
of paper [2] conducted a systematic literature review
examining various decision-making models and methods
for selecting football players using multi-criteria decision
making (MCDM) and machine learning (ML).

The selection of a football player involves various
performance criteria consisting of technical, physical,
mental, and behavioral qualities identified through big
data technologies. Based on the results of the review, the
creation of a hybrid MCDM model was proposed, taking
into account all technical and economic variables to assist
decision-makers in selecting the best players. The model
uses machine learning algorithms to predict player
performance, covering both sporting and financial
aspects by analyzing historical data obtained from
official club websites. Subsequently, the set of criteria
and sub-criteria is evaluated and weighted using an
MCDM method such as the analytic hierarchy process
(AHP). This weighted evaluation is then applied to rank
players for inclusion in squads using the appropriate
MCDM methodology. This hybrid model allows for a
comprehensive analysis by integrating the strengths of
machine learning algorithms for predicting criteria and
sub-criteria within decision-making models.

Inwork [3], the authors propose a decision-making
system based on a multi-criteria decision analysis
(MCDA) approach, supplemented by sensitivity analysis,
to assess the effectiveness of football players. Based on
the results of the decisions made, it is possible to adjust
the training plan, thereby increasing the player's
potential.

Work [4] is devoted to the development and
implementation of an expert system based on fuzzy logic,
which allows for the parameterization of results of

football players and teams, facilitating the assessment of
the optimal team composition and predicting match
outcomes. To this end, each player was pre-
parameterized, taking into account data on their physical
condition, skills, psychological state, and specific
performance characteristics. Based on these data and the
application of various fuzzy logic functions, a series of
scores was established for both individual players and
teams in order to compare and evaluate match results. In
other words, performance parameterization was achieved
by combining technical-tactical data (TTD) indicators,
psychological readiness, and game situations.

The results of the study [5] showed that various
MCDM methods were used to address football-related
issues, with many studies focusing on integrating
multiple methods to improve decision-making processes.
This highlights the growing importance and versatility of
MCDM in addressing diverse and evolving challenges in
football. Player selection and performance analysis
already incorporate these methods to support decision-
making, effectively combining MCDM techniques with
different fields of knowledge.

The authors of study [6] consider decision-making
insport to involve forecastingand selecting options from
a range of possible actions, measures, or management
methods. These processes depend on the available
information (which is sometimes limited, unreliable, or
excessive), the cognitive limitations of the decision-
maker (heuristics and biases), the limited time available
for decision-making, and the level of risk and reward.
Decision support systems are becoming increasingly
common in sports contexts, such as schedule
optimization, skill assessment and classification,
decision evaluation, talent identification, and team
selection, or injury risk assessment.

However, there is no specific, formalized structure
to help guide the development or evaluation of these
systems. Based on a variety of literature, this article
proposes a structure for developing a decision support
system for specific use in high-performance sport. Three
separate criteria are proposed for this purpose: context
satisfaction, outcome quality, and process efficiency. The
DSS development framework for high-performance sport
should help improve both short-term and long-term
decision-making in various sporting contexts.

The results of the analysis indicate that DSSs are
less common in volleyball, as the majority of research
focuses on their application in football. The fundamental
differences in the requirements for players in football and
volleyball necessitate the adaptation of existing models
to the specifics of volleyball, which is one of the key
components of the scientific novelty of this study.

The main problem that arises in the process of
selecting players is the formation of a player rating based
on many criteria. Ranking athletes in a decision support
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system during the pre-selection process is an important
step in building an effective team. It allows coaches and
managers to evaluate players' abilities based on various
criteria and make informed decisions.

For effective selection of athletes, various rating
categories can be created, such as an overall rating, a
strategic or tactical efficiency rating, etc. Players can also
be ranked by specific roles, depending on the sport and
the goal.

In team sports, ranking athletes is a complex and
time-consuming process because evaluation criteria
consist of both qualitative and quantitative
characteristics, as well as indirect characteristics related
to teams and players.

When selecting players, the coaching staff must
take into account many characteristics that directly affect
the quality and effectiveness of the team formed. In
sports, the ranking is also influenced by the fact that
athletes perform in different roles, and the requirements
and method of rating formation differ accordingly.
However, since the system must process data on athletes
of different roles to forma team, the ranking method must
take this into account.

Thus, the process of ranking athletes is a complex
task, as it affects the effectiveness of decisions made in
decision support systems in the sports industry. In the
previous work of the authors [7], a decision support
system for the preliminary selection of players was
proposed. In this system, the key point is the method of
supporting decision-making by the coaching staff in the
process of preliminary selection of athletes. The method
consists of three main steps: information retrieval
according to specified criteria; data analysis; and
formation of the recommended list of players. In this
paper, the study proposes an in-depth consideration of the
stage involving the analysis of retrieved information,
which is based on the method of ranking athletes in the
process of preliminary selection (Fig. 1).

The problem of evaluating and ranking players is a
complex multi-criteria decision-making problem. A
comprehensive anal ytical study conducted by the authors
[8] showed that the analytic hierarchy process (AHP) and
analytic network process (ANP) methods have been
successfully used to evaluate team performance, player
selectionand ranking, teamor club performance ranking,
and coach evaluation in many sports industries.

The study found that football is the most popular
sport in studies using AHP or ANP methods. Basketball
is the second most popular sport, followed by baseball
and the Olympic Games in general. Athletics, ice hockey,
and tennis were also recognized as important sports to
which the AHP or ANP methods were applied. In the
literature, AHP is used in many other sports. In addition,
the authors found several studies that did not directly

relate to a particular sport but were related to the sporting
sphere in general.

Search for informaticn according
to specified criteria

1. Parsing

Considered in this paper

Analyzing the
information found

2. Analysis

3.

Recommended
list of players

Formation of the recommended
list of players

Fig. 1. Steps of the decision support method
for the coaching staff in the process of preliminary
selection of players [7]

As aresult of the literature review, it was concluded
that AHP and ANP methods have been successfully used
in many sports, such as football, basketball, baseball,
athletics, hockey, tennis, American football, badminton,
cricket, physical training, archery, golf, judo, recreational
sports, relay races, running, swimming, volleyball, and
water polo. The methods have been used mainly to
measure performance, evaluate and rank a team or player,
predict failure, evaluate a coach, evaluate rules ina game,
measure technical efficiency, and for sports marketing.

Authors of the work [9] proposed two methods
based on data envelopment analysis (DEA) and
PageRank to rank college sports coaches. The DEA-
based method uses four processes: first, the input factors
must pass Kendall's consistency test to ensure that the
result is realistic and consistent; second, the data
reduction factor represents the consistency of the result;
third, the range transfer method standardises the
parameters; and fourth, the performance score values for
each coach are calculated using the DEA model. The
PageRank-based method involves building a network to
match coaches whose algorithms are used for ranking.
Sensitivity analysis and general analysis methods are
used to study and analyse the ranking results for baseball,
basketball and football coaches. The PageRank method
also takes into account the dynamic and diffusion
relationships between coaches. The results are analysed
to identify opportunities for improving the method.

Paper [10] discusses the formation of a player rating
in e-sports. Competitions in games such as FIFA, Dota2,
League of Legends, and Counter-Strike are prestigious
tournaments with a global reach and a multi-million
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dollar budget. On the other hand, a reliable player
ranking is a critical issue in both classical and e-sports.
The position of each player in the ranking depends on the
assessment of their skills and aptitudes. The authors
examined the formation of player evaluation and rating
using the multi-criteria decision-making method (the
method of characteristic objects) COMET, using the
example of the popular game Counter-Strike.

In [11], the author examines the assessment of
volleyball players' competitive performance using fuzzy
integrated assessment. The author proposes to combine
fuzzy complex evaluation and the process of analytical
hierarchy to build a system for assessing the
competitiveness of volleyball players based on the
analysis of competitive activity.

The authors of [12] considered the use of the
Haddon matrix to determine a strategy for preventing
acute sports injuries.

The authors of [13] in their study focus on the
widely used technique of ordering preferences by
similarity to the ideal solution (TOPSIS), which is used
to evaluate the base set of players in the National Hockey
League (NHL) in the 2018/2019 season. It is used in
conjunction with a number of objective indicator
weighting methods to identify differences in indicator
use. The indicator weighting method has a major impact
on the results obtained and the differences between them,
and also supports internal relationships within the ranked
set of players. Of the methods reviewed, the authors
prefer the average weighting method and recommend
that input indicators be considered equivalent when
evaluating athletes.

Many multi-criteria decision-making techniques
have been developed. The analytic hierarchical process
(AHP) technique is a typical multi-criteria decision-
making technigue that can have advanced knowledge and
experience [14, 15].

As an extension of AHP, the fuzzy AHP technique
was developed using fuzzy set theory [16, 17].

The technique of ordering by similarity to the ideal
solution (TOPSIS) assumes that the best alternative is the
alternative closest to the positive ideal solution and
furthest from the negative ideal solution [18].

1.3. Objective and structure

Therefore, after conducting the analysis, it can be
concluded that in modern sports, decision-making
regarding player selection is a complex multi-criteria
process that takes into account both objective indicators
of an athlete's performance and subjective assessments
by the coaching staff. Despite the development of
guantitative analysis methods, in practice, the selection
of athletes remains largely the prerogative of the coach's
expert opinion, due to the limited size of the sample of

candidates (usually 3-5 players per position), as well as
the need to take into account playing specialisation
(position), physical condition, compatibility in
relationships and other contextual factors.

The problemis complicated by the fact that the term
‘selection’ is ambiguous. It can refer to both the
formation of the team for the next match and the selection
of players for the season or the national team. Each of
these scenarios has different goals, criteria, and time
horizons, which, in turn, affects the content of
performance metrics and the significance of weighting
coefficients. In volleyball, where the roles of players
differ significantly in terms of function, comparisons
should not be made between all athletes, but only
between representatives of the same position. Universal
ranking of the entire team without taking into account
roles or connections (for example, the connection
between a setter and an attacker) makes no practical
sense and contradicts the structure of team play.

Therefore, the development of a method for ranking
volleyball players within a single position is a relevant
task. This study addresses this need by incorporating
selection context specifics, such as goals, time frames,
and candidate composition, into a decision support
system designed to complement expert coaching
assessments.

To achieve this goal, it is necessary to solve the
following tasks:

1) features of the preliminary selection process for
volleyball players, taking into account their functional
role (position), limited selection of candidates, and the
context of decision-making;

2) systematise player performance criteria based
ontactical and technical actions (TTA) and other relevant
metrics, taking into account the opinions of experts
(coaches);

3) justify the approach to constructing weighting
coefficients and a generalised rating indicator for players
of the same position;

4) develop a method for ranking athletes that
ensures adaptability to different selection goals (for a
match, for a season, for a national team, etc.).

The main objectives and stages of this study are as
follows:

— stage 1. Research and analysis of existing
evaluation and ranking methods, identification of their
advantages and disadvantages, and setting the task.
(Section 1);

—stage 2: Materials and research methods. Features
of the preliminary selection process for volleyball
players, taking into account their positions (section 2.1).
Determination of metrics, parameters and types of
information for ranking athletes (section 2.2).
Development of a method for ranking athletes
(section 2.3);
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— stage 3: Case study, results and discussion: An
example of applying the athlete ranking method.
(Section 3);

— stage 4: Summarising the results of the study and
outlining further directions of developmentin the field of
applied information systems. (Section 4).

2. Materials and methods of research

2.1. Features of the preliminary selection
process for volleyball players, taking
into account their positions

In volleyball, players are categorized into clearly
defined roles, including middle blockers, outside hitters,
opposite hitters, setters, and liberos. Each role is
characterized by a specific set of technical and tactical
actions (TTASs).

In practical contexts, such as match preparation, a
coach typically manages only 3 or 4 viable alternatives
for each position. When forming a roster for a season, the
number of candidates per position rarely exceeds five,
and this number may decrease further due to injuries or
regulatory restrictions.

Such a small sample size precludes the direct
application of classical statistical or machine learning
methods in their pure form. Consequently, hybrid
approaches are required to integrate expert coaching
knowledge with tools for formalizing and visualizing the
selection process.

Decision-making must account for the specific
context of player selection, as each scenario imposes
distinct requirements on the evaluation criteria:

— selection for a high-profile match, where the
criterion is maximum reliability;

— selection for an exhibition match, where this
criterion can be used to test promising young players;

— selection for training camps, where the criterion
of testing interaction is checked;

— selection for a tournament with an intensive
schedule, where the criterion of assessing functional
reserve is applied;

— selection for the starting line-up, where the
criterion of checking readiness to perform a specific
tactical role is used.

Therefore, the ranking method must be context-
sensitive, allowing for the flexible definition of criteria
and weighting coefficients for each situation.

Based on the above, it can be concluded that the
development of an athlete rating system should be based
on a role-oriented approach characterized by adaptability
to the selection context, suitability for small sample sizes,
and the integration of expert coaching opinions as a vital
component of the final decision.

2.2. Player performance criteria based
on tactical and technical actions (TTA)

To ensure objective athlete selection, it is necessary
to establish a structured list of metrics that reflect the
effectiveness of a volleyball player within their
functional role. These metrics form a generalized rating
indicator for use within the decision support system.

Sources for establishing these metrics are
categorized into two groups: expert and objective. Expert
sources include interviews with coaches, analytical
documentation from coaching staff, and methodological
recommendations from sports federations. Objective
sources encompass game statistics (TTA) from official
protocols, video analysis with subsequent action coding,
and scouting systems.

Given that the definition of metrics is a fundamental
stage of the ranking process, the following section
examines the procedure for identifying key metrics.

Once identified, these metrics are incorporated into
a ranking system that accounts for their relative
importance and relevance to each player’s role.

Generally, the structure of such a system depends
on the specific sport or objective. For the purpose of
ranking volleyball players, two groups of parameters are
presented, each analyzed using distinct methodologies
(Table 1).

Table 1
Parameters

Parameters (1) Parameters (2)

Parameters of physical

development Technical actions

Level of physical fitness Tactical actions

Results of competitive

activities Level of special training

General characteristics Psychological indicators

In general, the rating of a certain player is
represented by the formulal:

R=(M*W) +(Ma*Wo) +...+ (M *Wy) - (1)

where My ... M, is pre-defined metrics;
W, ... W, is appropriate weightings.

2.3. Method of ranking athletes

Elements of artificial intelligence are extensively
utilized in the development of sports-related information
systems.

For instance, study [19] addresses the inefficiencies
within the sports service supply chain resulting from the
non-systematic management of stakeholders. The study
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employs a fuzzy integrated assessment algorithm and
artificial intelligence to evaluate and manage risks
associated with sports service provision. This algorithm
establishes a comprehensive set of factors for risk
assessment in the sports service sector. Artificial
intelligence serves as a data analytics platform for the
integrated risk management of illegal activities in sports.
This  platform implements logical hierarchical
relationships between indicators and rules, standardizes
services and regulations, and enables unified monitoring
and trend analysis.

Research [20] proposes the use of fuzzy decision
support systems to maximize the effectiveness of training
programs and enhance individual performance. A
strategy titled the Fitness Mamdani Decision System is
presented to assist athletes in decision-making to prevent
fitness-related injuries. Initially, the system utilizes
intuitive fuzzy numbers and fuzzy logic to provide an
adaptive framework for improving training program
effectiveness. The system accounts for critical factors
such as the athlete's mood, fitness level, sleep quality, and
stress levels. Mamdani’s fuzzy inference system
generates rules through the analysis of these core
elements. Decision-making for metrics such as
adaptability, training load capacity, and program
effectiveness is guided by established fuzzy rules.

Study [21] proposes the application of artificial
neural networks to predict sports training loads and
enhance athletic performance. The study utilizes the
artificial fish swarm algorithm (AFSA) for the modeling
and prediction of training loads. Initial weights and
thresholds for the artificial neural network are optimized
via AFSA. The final prediction results are obtained by
combining the optimized ANN and load characteristics
with a prediction equation. This model is integrated into
a sports training analysis system to facilitate load
prediction. Experimental results demonstrate that the
proposed methods effectively enhance the accuracy of
load prediction and improve overall athletic
competitiveness.

Work [22] proposes a ranking system that considers
both win-loss records and specific performance
indicators, alongside external attributes such as the toss
and home-field advantage. Consequently, features are
developed to assess team superiority in specific areas
compared to competitors. These features are integrated to
establish a consistency index for ranking cricket teams.
The methodology was validated against International
Cricket Council rankings using the Spearman rank
correlation coefficient across all three cricket formats
(Test, ODI, and T20). The results demonstrate that the
proposed methods provide superior outcomes for ranking
cricket teams.

Study [23] evaluates the integration of decision
support systems with time-series analysis in professional

basketball. The authors propose a changepoint-based
methodology to quantify Most Demanding Scenarios
(MDS) by analyzing high-resolution optical tracking
data. Unlike traditional fixed-window methods, this
approach identifies peak physical demands based on the
actual duration of intensive gameplay. The results
demonstrate that such automated systems significantly
enhance the ecological validity of performance metrics,
providing a robust foundation for tactical substitutions
and individualized training load optimization.

Research [24] focuses on the implementation of a
DSS to enhance the assessment of movement proficiency
by correlating subjective expert grading with objective
biomechanical indicators. The study utilizes predictive
modeling to demonstrate that automated systems can
accurately replicate expert evaluations during complex
movement tasks, such as the single-leg squat. By
identifying a minimal set of key indicators that drive
expert decisions, the proposed framework facilitates
standardized and accessible athlete assessment. This
methodology underscores the potential for integrating
expert heuristic knowledge into formalized algorithmic
systems, ensuring greater consistency in ftalent
identification and performance monitoring.

Study [25] proposes a proof-of-concept predictive
modeling framework designed to identify elite athletes in
team sports. The authors evaluate the performance of
several machine learning algorithms, specifically
XGBoost, Random Forest, and LightGBM, to classify
players based on their performance metrics. The research
emphasizes the importance of balancing precision and
recall inthe scouting process to ensure that high-potential
candidates are not overlooked. By automating the
screening and shortlisting stages, the proposed system
provides a data-driven approach to athlete selection,
significantly reducing the subjectivity inherent in
traditional scouting methods. This work validates the
utility of ensemble learning methods in sports talent
identification and strategic roster management.

Study [26] proposes a Decision Tree-based
classification model to evaluate athlete potential in
athletics. Utilizing the CRISP-DM framework and
RapidMiner software, the authors analyzed a dataset of
450 athletes to automate the identification of high-
potential individuals. The resulting model achieved a
classification accuracy of 92.22%, identifying ranking as
the primary determinant for separating athletes into
distinct potential categories. By replacing subjective
observational assessments with objective, rule-based
data analysis, this system enhances the transparency and
consistency of the talent identification process in track
and field.

Thus, the existing body of research confirms that
the use of artificial intelligence to enhance decision-
making in sports is scientifically sound. However, while
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recent advancements show significant success in sports
such as basketball and athletics, these methodologies are
often difficult to adapt to volleyball due to its high role-
specificity and the limited number of candidates per
position. Consequently, there is a clear need to develop a
hybrid approach that integrates expert heuristic
knowledge with comprehensive performance data to
address this specific gap in the field.

The proposed ranking method within the DSS
consists of two integrated components designed to
process the parameter groups defined in Table 1. Due to
the structural complexity of these indicators, which
include both quantitative metrics and qualitative expert
assessments, a hybrid computational approach is
employed. Specifically, fuzzy logic (IF-THEN rules) is
applied to the first group to handle qualitative
uncertainty, while artificial neural networks (ANN) are
utilized to process the second group of parameters.

To identify hidden non-linear dependencies
between the technical and tactical performance indicators
of players, an artificial neural network (ANN) module
has been implemented within the system. The proposed
architecture, illustrated in Fig. 2, is based on the
multilayer perceptron principle and is optimized for
processing the multidimensional characteristics of
athletes' technical and tactical preparedness.

Hidden Layer 1
(ReLU)

Hidden Layer 2

Predictive
rating score

Fig. 2. Structure of the proposed artificial neural
network for multidimensional analysis
of player performance

The input layer comprises four neurons
representing normalized parameters for technical actions,
tactical actions, special training, and psychological
indicators. A two-layer hidden structure has been
implemented, consisting of five nodes in the first layer
and three in the second, utilizing the Rectified Linear
Unit (ReLU) activation function. The selection of the
ReLU function is justified by its high computational
efficiency and its capability to mitigate the vanishing
gradient problem, which ensures rapid convergence of

the learning algorithm when processing
multidimensional datasets. This approach enables the
model to accurately capture complex non-linear
relationships within technical and tactical performance
metrics, providing coaches with an objective analytical
basis for ranking prospective players. Furthermore, such
a configuration facilitates gradual data distillation and
prevents model overfitting when operating with limited
sample sizes.

The output layer is represented by a single neuron
that generates a predictive potential score based on the
analysis of input metrics. The scalability of the
architecture allows for the expansion of the input vector
with  morphofunctional indicators, facilitating the
system's adaptation to various team sports. Further model
enhancement is directed towards analyzing training
dynamics and developing analytical decision-support
tools for coaches to assist in the selection and
developmental planning of promising players.

In the proposed method, an ANN is utilized as a
core component for identifying latent relationships
between TTA indicators.

The decision support system (DSS) for volleyball
player selection implements a hybrid ranking method that
combines a deterministic component, in the form of IF-
THEN production rules, with an adaptive model based on
an artificial neural network.

This architecture enables the integration of expert
heuristic knowledge with automated data-driven
learning, ensuring decision explainability and the model's
robustness in complex environments.

At the first level, the system performs an initial
screening of candidates using a predefined set of logical
rules derived from expert assessments by coaches and
analysts.

These rules process formalized metrics, such as
physical development, fitness levels, and competition
history, to identify players who meet the basic functional
criteria for a specific position.

At the second level, an ANN module is integrated
to perform a multidimensional analysis of the players'
numerical characteristics. Due to the ability of neural
networks to detect latent non-linear dependencies
between variables, the model provides a predictive
assessment of a player's overall potential.

This approach proves particularly effective in
scenarios where manually formulated rules cannot fully
capture the complex interdependencies between
variables.

The final output integrates a binary classification
(fit/unfit) from the production system with a quantitative
rating generated by the neural network.

These results can be mapped to a formalized scale
for further ranking or utilized as primary input for final
decision-making by the coaching staff.
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This structure ensures an optimal balance between
interpretability, accuracy, and adaptability within the
athlete selection process.

Formula 1 is the basis for determining the rating of
an athlete at the beginning of, for example, the training
or competition periods. Then, with the value of this
rating, the athlete enters the process and his or her rating
can either increase or decrease. In the ranking subsystem,
you can create different categories of ratings, such as
overall rating, strategic efficiency, tactical efficiency, etc.
You canalso rank players by specific roles, depending on
the sport and the goal.

So, based on all of the above, we will formulate a
method for ranking athletes. The method is shown
schematically in Fig. 3.

* Determining the role (position for player selection)

* Determining the context of selection (per match / team / season / application)

+ Forming a pool of candidates (2-5 players of the same position)

* Collecting data on TTA, physical and psychological readiness, team
interaction, dynamics

« Data entry into the DSS(criteria weights can be adjusted depending on the
context: tournament, opponent, tactics)

* Ranking players based on TTA and weight coefficients in DSS

* Review of results by the coaching staff (with the possibility of
correction/verification)

E€EE€ECECECEL

« Final decision on inclusionin the composition

Fig. 3. Schematic representation of the method
of ranking athletes in the decision support system
in the process of preliminary selection of players

3. Case study, results and discussion

This section presents the operational framework of
the athlete ranking method within the decision support
system (DSS) for preliminary player selection. The
metrics, weighting coefficients, and parameters integral
to the proposed method were established based on expert
evaluations provided by the coaching staff of the
«Podillya» Volleyball Club (Khmelnytskyi). The method
utilizes a periodic rating index, denoted as p, with an
initial value of p = 0.

This rating is dynamic, meaning the value of p can
either increase or decrease based on performance. The

governing rules of the proposed method are defined as
follows:

1. IF the average speed of the athlete for the last
three training sessions increased during the week, THEN
p=p+l

2. IF the athlete has reached a certain indicator in
an important competition (for example, made a certain
number of effective passes), THEN p = p+1.

3. IF the athlete did not follow the training plan for
a certain period of time (for example, missed training two
timesinarow), THENp=p- 1.

4. IF the athlete's average physical performance has
been falling over the last two weeks, THEN send a
notification to the coach to revise the training
programme, p=p - 1.

5. IF the athlete's sleep duration has been falling for
a long period of time, THEN p=p - 1.

6. IF the athlete has achieved a certain level of
performance in training tasks that are specifically
selected to improve a particular aspect of the game,
THEN p = p+1.

7. IF the athlete has improved in two or more
aspects of the game in the last month, THEN p = p+1.

8. IF the striker has played several matches without
agoal, THENp=p- 1

9. IF the athlete has improved his/her health level
(measured by physical and heart rate) in the last month,
THEN p = p+1.

10. IF the chosen strategy of the athlete's game has
led to a decrease in the number of errors and improved
results in competitions, THEN p = p+1.

11. IF the level of motivation of the athlete,
determined by his/her activity in training and compliance
with coaching recommendations, increases over a long
period of time, THEN p = p+1.

12. IF an athlete's level of self-discipline, as
measured by their ability to follow training plans and
adhere to lifestyle recommendations, declines over a long
period of time, THENp=p - 1.

13. IF the athlete's recovery time from an injury or
illness exceeds the average recovery time for his/her
sport, THENp =p - 1.

14. IF the athlete shows steady progress in
improving training performance over a period of time,
THEN p = p+1.

15. IF the athlete does not follow dietary
recommendations or uses harmful substances that may
adversely affect his/her physical fitness, THEN p=p - 1.

16. IF the athlete has tried a new game strategy or
training programme that has led to an improvement in
his/her performance, THEN p = p+1.

17. IF the athlete has won an important competition
or achieved a key goal set by the coach, THEN p = p+1.

18. IF the athlete has showna poor resultin training
over a certain period, THEN contact the coach or medical
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staff for further investigation of the causes and action,
p=p-1

19. IF the athlete performs well in training or
competition for several consecutive weeks, THEN
p=p+l

20. IF the athlete shows a high level of consistency
in the performance of key tasks or skills, THEN p = p+1.

21. IF the athlete increases the frequency and
intensity of training according to the coach's
recommendations, THEN p = p+1.

22. IF the athlete is exposed to risky activities or
dangerous situations during training or competition,
THENp=p-1

23. IF the athlete demonstrates excellent teamwork
and leadership skills in group training or competition,
THEN p = p+1.

24. IF the athlete improves his/her level of fitness or
technical skills over a long period of time, THEN
p=p+l.

Determining the key performance metrics for
volleyball players requires a comprehensive analysis of
various multifaceted game-play aspects.

Within the proposed method, the sum of the
assigned weighting coefficients must equal 1 to ensure a
normalized evaluation of the candidates.

1. Attack:

— success of attacks (accuracy), weighting factor —
0.25;

— number of attacks per game, weighting factor —
0.15.

2. Serve:

— number of aces, weighting factor — 0.10; number
of service errors, weighting factor — 0.10.

3. Blocking:

— number of blocks per game, weighting factor —

4. Accuracy of receiving serves, weighting factor
-0.10.

Evaluating players. To demonstrate the practical
application of the proposed method, a sample group of
five players was selected for evaluation.

For each athlete, performance scores across all
defined metrics were collected and adjusted using the
established weighting coefficients.

The results are presented in Table 2.

Calculation of the total score. The rating of each
player is calculated as follows.

rp = (RA*0.25) + (A*0.15) + (KE*0.1) + @
+(WP*0.1) + (B*0.2) + (RB*0.1) + (TP*0.1),

Example of rating calculation for Player 1:

rp=(8*0.25)+(7*0.15) + (6*0.1) + (3*0.1) + 3)
+(7*0.2) +(8*0.1) + (6*0.1) =6.75,

The rating calculation for all players is presented in
Table 3.

Ranking of players. Based on the total score, we can
rank the players according to the rating obtained using part
2 of the ranking method.

1. Player3-7.00.

2. Player5-7.00.

3. Player2-6.85.

4. Player1-6.75.

5. Player 4 —5.80.

Thus, players 3 and 5 have the highest total score in
part 2 of the player ranking method and can be considered
the most successful according to the selected criteria.

According to part 1 of the ranking method, the
players' results were distributed as follows (Table 4).

0.20;
— success of blocks (accuracy), weighting factor —
0.10.
Table 2
Rating table
Playerl Player2 Player3 Player4 Player5
Attack success rate
(RA) 8 9 7 6 7
Number of attacks
7 6 8 5 7
(A)
Number of aces (KE) 6 5 7 4 8
Number of errors in
serving (WP) 3 4 2 6 3
Number of blocks (B) 7 6 8 5 7
Block success (RB) 8 7 9 6 8
Accuracy of receiving
(TP) 6 7 5 8 6
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Table 3
Calculating the score

Players Calculated score
Playerl 6.75
Player2 6.85
Player3 7.00
Player4 5.80
Player5 7.00

Table 4
Calculation of the rating

This is a fundamental aspect when developing decision
support systems. In the sports industry, where vast
amounts of diverse data and parameters must be collected
and analyzed by coaching staff and sports managers, such
systems help automate this routine tasks. Such systems
also significantly increase the efficiency of information
processing during the preliminary selection of athletes.
The process of preliminary selection is an important stage
in forming national teams for championships at various
levels, as well as the primary roster for club competitions.
In the preliminary selection process, it is necessary to
process vast amounts of diverse data and make informed
decisions, since selection accuracy directly affects the
quality of the resulting team.

Players Counter value
Playerl 24
Player2 19
Player3 15
Player4 22
Playerb 20

Consequently, the final athlete ranking, derived
using the proposed method within the decision support
system for preliminary player selection, is presented
Table 5.

Table 5
Overall player rating
Players Total score
Playerl 30.75
Player2 25.85
Player3 23.00
Player4 27.80
Player5 27.00

The results of the player ranking:
Player 1 —30.75.
Player 4 —27.80.
Player 5—27.00.
Player 2 —25.85.
. Player 3—-23.00.

Based on the results, the coaching staff can make
decisions about player selection. It should be noted that it is
better to forma rating based on the players' roles, as different
parameters are important for different players.

Taking into account the large amount and
heterogeneity of data that must be processed for decision-
making by the coaching staff in the preliminary selection of
players, the authors in paper [2] proposed a decision support
system for the preliminary selection of players.

The place of the developed method of ranking players
in the structure of the proposed system is shown in Fig. 4.

arwDdE

4. Conclusions

Currently, the quality of decision-making in various
industries is crucial for improving operational efficiency.
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Fig. 4. Structure of the decision support system
for the coaching staff in the process of preliminary
selection of players [2]

The article proposes an athlete ranking method
which, based on specific metrics, a set of rules, and
weighting coefficients, enables the formation of a player
rating within a decision support system during the
preliminary  selection process. Unlike existing
approaches, this method consists of two parts to account
for two distinct groups of parameters. Since these
parameters are complex in structure, encompassing
quantitative and qualitative, crisp and fuzzy, as well as
formalized and informal values, it is proposed to utilize
fuzzy logic in the form of IF-THEN rules for the first
group and artificial neural networks (ANN) for the
second. The first group of parameters is described by
these rules and includes information regarding the level
of physical development, fitness, competitive results, and
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general characteristics. To account for the second group
of parameters, an artificial neural network is employed,
as this group includes metrics such as technical and
tactical actions, specialized training levels, and
psychological indicators.

The proposed athlete ranking method within the
DSS is innovative because it combines a structured
system of tactical and technical action (TTA) indicators
with role-specific criteria weighting obtained through
expert consensus. This integration allows the model to be
adapted to the specific selection context. The scientific
novelty also includes the integration of a neural network
component as a means of identifying latent dependencies
between performance indicators dynamically. This
approach has not previously been applied to short-term
selection tasks in volleyball.

Experimental results demonstrate the effectiveness
of the proposed method.

Further research will focus on developing
adaptive player models and optimizing the selection
process to enhance the efficiency of decision-making
within the DSS.
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METO/]I PAHXKYBAHHSI CHOPTCMEHIB Y CUCTEMI NIATPUMKM NPUVHSATTS PIIIEHD
Y ITPOLIECI NOTIEPEHLOT O BIIEOPY I'PABIIIB

€. I. I'namuyxk, T. O. I'oeéopywienxo, A. A. 'namuyx

TeMor0 cTAaTTi € METOA paH)KyBaHHS CIIOPTCMEHIB Y CHCTEMI HIATPUMKHM NPHUHHATTS pillleHb y TNporeci
MOTIEPEAHBOr0 BiOOpY rpaBuiB. MeTa cTaTTi — pPO3pOOMTH METOJl paH)KyBaHHS TPAaBIiB y CHCTEMI ITiATPHMKHU
MPUAHSATTS PIILCHb, SIKKI J03BOJISIE BpaXOBYBaTH BCi BUAM iH(opMallii, J0CTyITHOI TpeHepchbKoMy mraly, i mpuimMaTi
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00IpyHTOBAHE PilICHH, OCKIIBKH IPABHIIbHICTB BiA0OPY O€310CEPEIHBO BIUTMBAE Ha SIKICTh C(HOPMOBAHOT KOMAHIH.
3aBaaHHs IOCJi/IZKe HHSL: IOCIIAUTH TUIK iHQOpPMAIii, 10 BAKOPUCTOBYIOTHCS B IPOLIECI PAHKYBaHHSI CIIOPTCMEHIB,
BUOpATH BIAIOBITHI METO/IU NPEICTABICHH Ta 00pOOKH 1€l iHPOpMaIlii; pO3pOOUTH METO, SIKMI Ha OCHOBI IIEBHUX
METpHUK, HaOOpy MpaBuj, BaroBUX KOe(ilieHTIB Ta amapary IITY4HOI HEHpPOHHOI Mepexi 103Boiisie chopMyBaTH
PEUTHHT I'paBLiB y CUCTEMI HiITPUMKH HPUHHSATTS PIllieHb Y MPOLEC] MONepeJHbOro BinOOpy IpaBlliB; MPOBECTH
EKCHepUMEHT JUIsl MiITBEPIDKEHHS e(pEeKTHBHOCTI MeToay. Pe3yJbTaTh MOCHIGKEHHS: Y CTaTTi 3alpoIIOHOBAaHO
METOJI paH)KyBaHHS CIIOPTCMEHIB, SIKUH € TIOPHIHIM M1AXO0JIOM, IO IHTETPpYeE 1eTepPMiHOBaHUH KOMITOHEHT Y BUTIISII
cucremu BUpoOHWunX mnpaBmil IF-THEN Ta amantuBHy Monens Ha OCHOBI INTYYHOI HEHPOHHOI Mepexi. Taka
CTPYKTYpa JI03BOJISIE TTOEHYBATH EKCIIEPTHI 3HAHHS Ta aBTOMAaTH30BaHE HABYaHHS HAa OCHOBI JIaHUX, 3a0€31euyroun
SIK TTOSICHIOBAHICTD DillleHb, TaK 1 34aTHICTh MOJIEJI TEHEPYBaTH PIIICHHS B CKJIaJHUX yMoBax. Ha mepmomy piBHI
cUCTEMa paHXKye KaHAMIATIB 3a JOOMOTOI0 3a3/1aJIeTi/[b BU3HAUEHOTO HAOOpY JIOTIYHUX MpaBHiI, chopMyITbOBAaHUX
Ha OCHOBI CKCIIEPTHMX OIIIHOK TpeHepiB Ta aHamiTuKiB. L[i mpaBmia omepyroTs (opMani3oBaHUMH METPHKAMHU
(30KpeMa, mapaMeTpamMu (Qi3MIHOTO PO3BUTKY, piBHEM ()i3MUYHOI HiATOTOBKH, pe3yAbTaTaMU 3MaraHb Ta 3arallbHIMU
XapaKTepUCTUKaMHI), IO IO3BOJISIE MPOBECTH MOYATKOBE PAHXKYBAaHHS Ta BigOip TpaBIliB, SKi HE BiAMOBIIaIOTH
OCHOBHHUM KpHTepisaM (QYHKIIOHATBHOI MPUAATHOCTI A JaHoi mo3uiii. Ha npyromy piBHI 00pOOKH ITiIKITFOYA€ETHCS
Moxmynb ANN, skl BHKOHYe OaraTOBHMIipHHH aHalli3 YUCIOBHX XapaKTEPUCTHK TPaBIliB. 3aBISKU 3JaTHOCTI
HEHPOHHUX MEPE’X BUSABIIATH IIPHXOBaHI, TOTSHIII IHO HEJiHifHI 3a1€KHOCTI MDK TAKTHYHUMH Ta TEXHIYHUMU JTiIMH,
AQHTPOIIOMETPUYHUMH IIOKa3HUKaMH Ta IHIIMMH IapaMeTpaMu, MOJENb POOHUTH IPOTHO3HY OIIHKY 3arajbHOro
nmoTeHmiany rpasust. Llew miaxia € 0oco0auBo ePeKTHBHUM Y BUIAAKaX, KO CHOPMYIIbOBaHI BPyJYHY MpPABHIa HE
OXOILIIOIOTh CKJIaJIHI B3a€MO3B'SI3KM MiXk 3MiHHMMHU. KOMOIHOBaHUI pe3ysbTaT CKIAaNaeThes 3 OIHAPHOTO pilleHHS
(BiInoBiza€e/He BiIOBIIa€) HA OCHOBI BUPOOHMYOT YaCTHHHU CHCTEMH Ta PEHTHHTY, OTPHMaHOT0 Ha BUXO/1i HEHPOHHOI
Mmepesxi. L{i 3HaueHHs MOXKyTh OyTH 00'eiHaH] B (hopMaiizoBaHy IIKaJTy AJsl TOAANBIIOTO paH)KyBaHHS KaHUIATIB
a00 BUKOPHCTaHI sIK BXiJIHI J]aHi JUIsl OCTaTOYHUX PillleHb TPeHepChKoro mrady. Taka CTpyKTypa J03BOJISIE TOCATTH
OayaHCy MiX IHTEpHPETOBAHICTIO, TOYHICTIO Ta aJalTHUBHICTIO B Mpoleci BiaOopy BoseiOomicTiB. BHcHOBKH:
HaykoBa HOBHM3Ha NpEACTAaBIEHOTO METOJY pPaH)XYBaHHS CIIOPTCMEHIB IOJSIra€ B TOMY, IO METOX IOEIHYE
CTPYKTYpPOBaHY CHCTEMY TaKTHYHUX 1 TEXHIYHMX ITOKa3HHMKIB i3 creuu@iuyHO sl poJii Barol KpPUTEPIiB,
OTPHMAHOIO 3a JOIOMOTOI0 EKCHEepPTHOI 3rojy, IO JO3BOJISIE aJanTyBaTH MOJENb 10 KOHTEKCTY KOHKPETHOTO
BinOopy. HaykoBa HOBH3HA TakOX IOJISATAE y BKIIIOYEHHI KOMIIOHEHTAa HEHPOHHOI MEpexi SIK J0JIaTKOBOTO 3aco0y
BUSIBJICHHSI TNPUXOBAaHMX 3aJEKHOCTEH MIX ITOKa3sHMKaMH €(EeKTHBHOCTI TIpaBLiB y IUHAMILI, IO paHille He
BHKOPUCTOBYBAJIOCS B 3aBIAHHAX KOPOTKOCTPOKOBOTO BiIOOPY y BOJIEHOOIII.

KoarouoBi cioBa: cucremMa miATPUMKA NPUIHATTS PillieHb; MPUHHATTS PillicHb; KPUTEPil NPUIHATTS PillicHb;
METO]l paH)KyBaHH:, IIPABIJIA; IITYYHI HEHPOHHI MEPeXi; monepeHii Big0ip rpaBIliB.
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