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Abstract. This article discusses the development of a sports analysis system based on match
data processing and the application of artificial intelligence methods. A software solution is
proposed that allows statistical data to be uploaded in Excel format and automatically identifies
key factors influencing the course of a match, such as winning streaks, draws, and changes in game
dynamics. Various artificial intelligence models are examined and a comparative analysis of their
applicability to sports analysis tasks is conducted, taking into account the specifics of trigger data.
Based on the identified triggers, a structured set of features is generated and sent to the artificial
intelligence model for further analysis. A language model is used to interpret the obtained data and
generate analytical conclusions and recommendations for players. The results of the study show
that the proposed approach automates match analysis, improves the objectivity of performance
evaluation, and reduces data processing time. The developed system can be used to optimize
training and identify weaknesses in players' performance. The article also presents the
mathematical models and formulas used to identify triggers, and justifies the choice of these
methods in terms of analytical effectiveness.

Keywords: sports analytics, artificial intelligence, match analysis, triggers, Excel, data
processing.

Introduction. In the context of the modern world, the need for tools that enable rapid and
accurate data processing and extraction of relevant information is becoming increasingly evident
[1, 2]. In practice, match analysis is often conducted manually or using simple data processing
methods. This approach is time-consuming and does not always reveal important trends in the
game, as confirmed in studies on the development of training methods [3]. Furthermore, the results
of the analysis can be influenced by the subjective opinion of the specialist, which reduces its
accuracy.

This requires the development of a system capable of automatically processing match data,
identifying key factors, and using artificial intelligence methods for further analysis [4]. The
proposed approach aims to simplify the analysis process, increase its objectivity, and reduce its
time.

The aim of the study is to develop a sports analytics system using trigger-based artificial
intelligence to automate statistical data processing. Table tennis is characterized by a fast pace,
rapidly changing game situations, and a large number of short rallies. Furthermore, winning
streaks, changes in tempo, and consistency in player performance play a significant role in table
tennis; therefore, the use of automated analysis allows for more accurate match evaluation and the
identification of patterns in play.

Materials and methods. Online resources on sports match data processing and game analysis
methods were utilized. A table tennis match analysis expert was also consulted to identify factors
that trigger critical game situations and recurring game patterns.

Particular attention was paid to the selection of the artificial intelligence model, as not all
language models are capable of accurately analyzing sports data and interpreting game progress.
LM Studio software [5] was used to develop these models, allowing for the processing of language
models locally on the computer and their adaptation based on specific data.
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When developing sports analysis systems, match processing is divided into two main types:
individual analysis and head-to-head analysis.

Individual analysis focuses on the statistics of a specific player, independent of other players
in the game. This analysis examines individual performance indicators, consistency of play, win
and loss streaks, and performance changes in various game situations.

1. Single-player analysis. The analysis used metrics based on match statistics, wins and
losses, match schedule, and post-holiday changes in results. These metrics were chosen because
they allow us to determine a player's consistency, mental toughness, and the impact of external
factors on their overall performance.[6]

A basic list of triggers for single-player analysis that are most commonly encountered by
players:

Top-performing players

High percentage of defeats

A losing streak

Post-holiday performance decline

Time-of-day analysis

Top-performing players. This trigger identifies players with the highest performance. The
primary metric used is win rate over the analyzed period. A player is considered highly effective
if their win rate is at least 70% across all matches. This enables the identification of strong and
consistent players.

W, d 100%
= — %
T M 0

W — number of victories.
M — number of matches.

High percentage of defeats. This trigger identifies players with a high loss rate exceeding
50%. It also helps detect inconsistencies in their results and potential issues with game preparation.

L
Ly = - 100%

L — number of defeats.
M — number of matches.

Series of defeats. This trigger is used to analyze long losing streaks. Its formula identifies
the current and longest losing streak. Such patterns are often observed in players who are mentally
unprepared or experiencing a loss of form.

[; — consecutive defeat.
S; — length of losing streaks.
n —number of matches in the series.

Post-holiday performance decline. This trigger was developed to analyze changes in
performance after a rest period and determine the impact of breaks on an athlete's performance.
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L;, — defeats after the holidays.
M, — number of matches after the holidays.

Time-of-day analysis. The "Time-of-day analysis™ trigger allows the system to evaluate the
impact of time of day on a player's performance during a match. This enables the identification of
periods during which player performance declines or improves.

L
T, = ﬁtt* 100%

L, — defeats in a certain period of time.
M, — number of matches in a given period.

Based on the received data, the system forms a structured set of features, which are then used
by the artificial intelligence model to generate analytical conclusions and recommendations.

2. Head-to-head analysis. The analysis was based on metrics such as losing streaks, player
behavior in tied-score situations, first-set evaluations, typical final results, and unusual game
situations. These metrics were chosen because they allow for a clear analysis of athletes' mental
resilience, their ability to maintain an advantage, and the specific characteristics of their
performance against specific opponents.

A losing streak against a specific opponent

Losses in close match endings

Recurring match scores

Anomalous sets

The impact of the first set

Behavior when the score is 1:1

Behavior with a 2:0 lead

Losing streaks against a specific opponent. The "Loss Streak vs. Opponent™ metric helps
identify repeated losses to a specific player. This metric allows for the accurate identification of
strong opponents and an analysis of an athlete's ability to counter a specific playing style.

Sy, —a losing streak against a specific opponent.
[; — individual loss.
n —number of matches in the series.

Losses in close match endings. This trigger is used to analyze matches lost by minimal sets.
It helps determine a player's ability to maintain consistency during key moments of the match.

L
€, =< %100%
L

L. — number of defeats in different endings.
L, — total number of defeats.
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Recurring match scores. Recurring game scenarios help identify the most common outcomes
in matches between two players. Analyzing these recurring scenarios allows us to discover patterns
in the matchup and dominant game tendencies.

F; = max (score;)

score; — specific match score.
F, — most frequently repeated set.

Anomalous sets. This trigger indicates anomalous situations in sets, such as major losses or
wins. Such results are very rare, so they indicate dominance of one of the opponents.

AS = a;

n
i=1

a; —anomalous set.
A, — number of anomalous sets.

Impact of the first set. The first set often has a profound impact on a player's mental state
and confidence. By identifying a pattern between a win or loss in the first round and the final result
of the game, we can predict the outcome in advance using this trigger. In this case, there are four
possible outcomes: win one set but lose the game; win one set and win the game; lose one set and
lose the game; or lose one set but win the game.

Wl:O

E, = * 100%

1:0

W;.o — victories after winning the first set.
M,., — matches where the player led 1:0.

Behavior when the score is 1:1. A 1-1 score is a key moment in a match. Therefore, using
this trigger, we can detect a player's tendency, or more precisely, their behavior after a 1-1 score.
If the percentage is greater than 80%, it indicates that the player is losing ground in crucial
moments. This could be caused by poor mental preparation or excessive anxiety.

D =%*100%
b M,

W, — number of successful scenarios after a 1:1 score.
M, — total number of matches with a score of 1:1.

Behavior with a 2:0 lead. This trigger allows the system to identify a player's behavior when
they have a high chance of winning a match. The player may either maintain the advantage and
win with a score of 3:0, 3:1, or 3:2, or lose the match despite the initial advantage. If they win, this
indicates that the player is tenacious and can turn the game around in a stressful situation.

lose

LZ:O = * 100%

2:0
M,,s. — Matches lost after a score of 2:0.
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M,., — total number of matches with a 2:0 advantage.

Head-to-head analysis allows us to identify recurring patterns between specific opponents
and analyze player behavior in key game situations. The resulting triggers help us understand
athletes' mental resilience, their ability to maintain an advantage, and their effectiveness against
specific opponents. The analysis results are used by a language model to generate analytical reports
and recommendations.

Research results and their discussion. The system used artificial intelligence language
models to generate analytical inferences. Selecting the appropriate model was a crucial step, as
different models analyze statistical data and game situations differently [7]. During development,
several models were tested, accessible through the LM Studio program:

openai/gpt-0ss-20b;

DeepSeek-R1-0528-Qwen3-8B;

google/gemma-2-2b-it;

gwen2.5-3b-instruct.

When comparing the models, the following were taken into account:

accuracy;

data processing speed,;

stability of responses;

quality of comparisons between players;

the ability of the model to find recurring game scenarios.

During testing, the DeepSeek-R1-0528-Qwen3-8B model showed the best results when
analyzing pairs of players (Figure 1).[8]

Comparative analysis of artificial intelligence models by key
characteristics

DeepSeek R1 GPT-0SS-20B Qwen2.5 Gemma 2B

-
o

O P N W b~ 01 O N 0 ©

m Accuracy = Speed Stability = Analysis quality

Figure 1 - Comparative analysis of artificial intelligence models by key characteristics

It proved more effective at analyzing matches between specific opponents, accurately
identifying patterns, and drawing logical conclusions. Furthermore, the model demonstrated the
ability to perform in-depth analysis using match history data and evidence-based reasoning. (Table
1)
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Table 1 — A comparative analysis of artificial intelligence models in sports match analysis

Model Advantages Disadvantages
DeepSeek Good comparative  analysis. Requires high computational resources.
R1 Provides evidence.
GPT-0OSS- Fast response generation, has the Slower response generation and
20B ability to make a comparative analysis. occasional analytical inaccuracies.
Qwen 2.5 Fast generation. Limited analytical capabilities and
lower accuracy.
Gemma 2B Low resource consumption, fast Low accuracy, less stable output, and
response generation. grammatical errors. Generated excessive
irrelevant information.

The model also demonstrated good performance and high stability when running repeated
queries. This is especially important, as sports analysis requires minimal random errors to draw
conclusions.

The openai/gpt-0ss-20b model also performed well, particularly when analyzing individual
players and generating detailed recommendations. However, it had grammatical errors when
generating responses in Russian and sometimes became confused in its conclusions, providing
incorrect information.

The Google/gemma-2-2b-it and gwen2.5-3b-instruct models [9, 10] demonstrated low
analysis accuracy and inconsistent results; therefore, they were not included in the final version of
the system.

As a result, the DeepSeek-R1-0528-Qwen3-8B model was chosen as the main model for
pairwise analysis, since it provided a good balance between speed, accuracy of analysis and quality
of analytical conclusions.

The final program and its architecture were developed using React JS, with the server side
using Fast API. Player data and analysis history are stored in PostgreSQL 17. (Figure 2)
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Figure 2 - Sports analytics system architecture

The user uploads an Excel file with match data, after which the information is stored in a
PostgreSQL database. The system then performs individual or head-to-head match analysis based
on developed triggers. The obtained results are fed to the DeepSeek-R1-0528-Qwen3-8B artificial
intelligence model to generate analytical conclusions and recommendations. Once the analysis is
complete, the final data is saved back to the database for further use and display in the system.

Conclusion. This study developed a table tennis analysis system based on trigger analysis
and artificial intelligence. The system processes match statistics, identifies recurring game
situations, and generates analytical insights to evaluate athlete performance. The dataset included
more than 1,500 table tennis matches collected during 2024—2025.

The study identified key triggers for individual and head-to-head player analysis. Using these
triggers, it was possible to accurately determine the consistency of athletes' performance,
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psychological factors, specific characteristics of play against certain opponents, and other trends
that influence game outcomes.

The study also tested various artificial intelligence models for sports data analysis. The
results showed that the DeepSeek-R1-0528-Qwen3-8B model was the most effective for head-to-
head player analysis and drawing conclusions.

The results demonstrate that the use of artificial intelligence and automated analysis reduces
data processing time, limits the impact of human error, and improves the objectivity of sports
analysis. The developed system can be used to analyze matches, athlete training, and develop
analytical tools for sports. The proposed approach demonstrates the potential of artificial
intelligence methods for automating sports analytics and supporting coaching decision-making
processes.

MATYTAPADBI TPUITEPJIIK TAJIJAY )KIOHE ) KACAH/IbI UHTEJ/VIEKT
OJAICTEPIH KOJIJIAHY HET'I3IHAE CIIOPTTBIK AHAJIMTUKAHDBIH
UHTEJUIEKTYAJIIbI KYWECIH 93IPJIEY

Kanuesa A. T., Mapteinnos H. B.2
Astana University College, Acmana ., Kazakcman
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AnpaTna. by Makanaga Matd JIEpeKTepiH OHJICY JKOHE YKACAaHIbl WHTEIUICKT OIICTepPiH
KOJIJIaHy HETI31HJe CIOPTTHIK Tallgay *KYHeciH a3ipiiey KapacTeipbuiaibl. Excel dopmaThiHIarbl
CTaTUCTHKAJIBIK JCPEKTEPl )KYKTEYTe )KOHE KEHIC CepHsIIaphl, TCH asgKTaJFaH MaT4Tap MEH ONbIH
JUHAMHUKACBIHBIH ©3repicTepl CHSAKTBI MaTd OapbIChIHA oCEpP eTETIH HETri3ri (aKkTopiapisl
AaBTOMATTHI TYP/IC aHBIKTayFa MYMKIHIIK OepeTiH OaFaapiamMalblK MIeHTiM YChIHbUIAb!. JKacanapt
UHTEJUIEKTIH OpTYPJIi MOJENbIEP] KapacThIPbUIBII, TPUITEPIIK ASPEKTEPAIH epeKILeNiriH eckepe
OTBIPBIT, OJIAPJBIH CHOPTTHIK TalAay MiHAETTepiHE KOJIAHBUTYBIHA CaJBICTHIPMANBI Talaay
JKYpri3ijeni. AHBIKTaIFaH TPUTTEPIIEP HETI31HE KacaHAbl MHTEIJIEKT MOJIENIHE O/IaH dpi Tanaay
YIIiH >ki0epuneTiH OenruiepIiH KYpbUIBIMIBIK >KUBIHBI KaJlbIOTACThIpbUIaAbl. TUIAIK MOJENb
aNbIHFaH JEpeKTep/i WHTEpIpeTalusiay KoHEe OWBIHIIBUIApFA apHAlFaH aHAIUTUKAIBIK
KOPBITBIHJIBIIAD MEH YCBIHBIMIAp TeHepalusuiay VIIH KOJNIAHBUIAABL. 3epTTey HOTHXKeNepi
YCBIHBUIFAH TOCUIIIH MaTUTapAbl TajAayabl aBTOMATTaHAbIPAThIHBIH, HOTHXKENEp 1l OaranayabiH
OOBEKTUBTLIITTH apTThIPAThIHBIH XKOHE JEPEKTEP/Il OHIEY YaKbIThIH KbICKAPTAThIHBIH KOPCETE/IL.
O3IpJeHreH KYWe >KaTTBIFyJapJbl OHTAIIAHIBIPY JKOHE OMBIHIIBIIAPIBIH OJCI3 JKaKTapblH
aHBIKTAy YIIIiH MaiilamaHbUTybl MYMKiH. Makaiaja COHBIMEH Karap TpPUITepJep/i aHBIKTayFa
apHaJIFaH MaTeMaTUKaIbIK MOJAETbACP MEH (GopMylanap YCHIHBUIBIN, OyJI 9liCTEpAiH TaHIAybl
Tajuay TUIMJILUIITT TYPFBICBIHAH HET13/eel.

Tyiinai ce3gep: CHOPTTHIK AaHANWTHKA, >KacaHAbl HWHTEIUIEKT, MaT4TapAbl Tajjay,
tpurrepnep, Excel, nepexrepai enzey.

PA3PABOTKA UHTEJJIEKTYAJBHON CUCTEMbBI CHIOPTUBHOM
AHAJIMTUKHA HA OCHOBE TPUTTEPHOT'O AHAJIN3A MATUYEW U
INPUMEHEHUA METOAOB HCKYCCTBEHHOI'O UHTEJUIEKTA
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AHHoTauusl. B nanHO#N craThe paccmaTrpuBaeTcs pa3paboTKa CHUCTEMbI CIHOPTUBHOTO
aHajM3a, OCHOBAaHHOM Ha 00paboTKe JaHHBIX MaTyeil U MPUMEHEHUU METOJOB UCKYCCTBEHHOI'O
uHTeieKkra. [Ipeaiaraerca nporpaMMHOE pELICHUE, TIO3BOJIAIONIEE 3arPyKaTh CTATUCTUYCCKUE
naHHble B (popmate Excel u aBToMaTHUeCKU ONPEeNaTh KIIOUEBbIe (PAKTOPbI, BIUSIOIINE HA X0
MaTya, TaKue Kak MmoOeHble Cepuu, HUYbH U U3MEHEHHs B JMHAMUKE Urpbl. PaccmarpuBaroTcs
pa3IM4YHbIE MOJEIN HMCKYCCTBEHHOIO MHTEJUIEKTa W IPOBOJUTCS CPaBHUTEIIBHBIM aHAIU3 HX
NPUMEHUMOCTH K 33J]auaM CIIOPTUBHOTO aHAJIM3a C yUETOM ClIeHU(UKN TPUTTEPHBIX JaHHBIX. Ha
OCHOBE BBIBJICHHBIX TPUITEPOB T'€HEPUPYETCS CTPYKTYPUPOBAHHBIA HAOOP XapaKTEPHUCTUK,
KOTOPBIM OTIPABJIIETCS B MOJEJIb HCKYCCTBEHHOI'O WHTEJUIEKTa I JaJbHEHIIEr0 aHalIu3a.
SI3pIKOBast MOJIENb MCIOJB3YETCA Ul HMHTEPHNpETalMM IOJYYEHHBIX JaHHBIX M TE€HEpaluu
AQHAJIUTUYECKUX BBIBOJOB M PEKOMEHAALMM Ui MUIPOKOB. Pe3ynbraTbl HCClIeIOBaHUSA
IIOKa3bIBAIOT, YTO MPEMIOKEHHBIM IOAXOJ AaBTOMATH3UPYET aHAJIW3 MaTyel, IOBBIILAET
O00BEKTHBHOCTh OIICHKH PEe3yJIbTaTOB M COKpalIaeT BpeMs oO0paboTKu maHHBIX. Pa3paboraHHas
cucTeMa MOXKET ObITh MCII0JIb30BaHa JUIsl ONTUMH3ALIUU TPEHUPOBOK U BBISBICHHSI ClIA0bIX CTOPOH
UTPOKOB. B cTaThe Takxke MmpencTaBiIeHbl MATEMAaTUYECKHE MOJIETN U (POPMYJIbL, UCIIOIb3yEMbIE
JUIs BBISIBIIEHUS TPUITEPOB, U OOOCHOBBIBAETCS BBIOOP 3TUX METOJOB C TOYKU 3pPEHUS
3P PEKTUBHOCTH aHAIIN3A.

KuroueBblie ¢j10Ba: CLIOPTUBHAS aHAJIMTHKA, UCKYCCTBEHHBIM MHTEIJIEKT, aHAIU3 MaTueH,
tpurrepsl, Excel, 00paboTka 1aHHBIX.
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