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Abstract. The explosive growth of sports data, including event logs, tracking streams, video records, wearable
signals, and biomechanics-related measurements, has fundamentally changed the way athletic performance is studied,
interpreted, and optimized. What previously relied on manual observation and conventional statistics is now increasingly
supported by artificial intelligence capable of extracting patterns from large, heterogeneous, and high-frequency datasets.
This review aims to systematize the principal machine learning and deep learning approaches used in contemporary sports
analytics, with a particular focus on three major application domains: match outcome prediction, tactical and
spatiotemporal analysis, and injury risk assessment and prevention. The article synthesizes the use of widely adopted
methods, ranging from regression, decision trees, random forests, support vector machines, and gradient boosting to
artificial neural networks, convolutional neural networks, recurrent architectures, and graph-based models. Special
attention is given to the relationship between data modality and model selection, especially in studies using tracking data,
event data, physiological inputs, and biomechanical indicators. In addition to summarizing methodological trends, the
review examines how Al-driven systems contribute to coaching support, player evaluation, workload monitoring and
tactical decision-making. The evidence suggests that Al and neural networks have moved beyond experimental use and
are becoming a central analytical infrastructure in modern sport. At the same time, persistent limitations remain, including
data heterogeneity, limited interpretability, inconsistent validation protocols, and difficulties in transferring results from
controlled settings to real competitive environments. Overall, this review positions Al-based sports analytics as a rapidly
evolving field with strong practical value and clear relevance for the development of next-generation intelligent systems
in sport.

Key words: sports analytics, artificial intelligence, tracking data, event data, match outcome prediction, tactical
analysis, injury prevention.

Introduction

Sports analytics has moved far beyond its early association with box scores, hand-kept notes,
and post-match summaries. Match events, player trajectories, wearable outputs, biomechanical
signals, medical records, and video feeds now form a data environment that is both richer and more
demanding than the one addressed by conventional descriptive statistics. This shift emerged at the
intersection of sports science, information technology, computer vision, and mathematical modeling,
where advances in sensing, storage, and computation made it possible to treat sport not merely as a
sequence of isolated outcomes, but as a high-frequency, multivariate, and deeply contextual process
[1; 2; 3].

In practical terms, the rise of data-intensive sport is tied to the real needs of clubs and
performance departments. Elite organizations increasingly rely on tracking systems, embedded
sensors, semi-automated event coding, and large commercial data platforms to monitor in real time.
As a result, the analytical problem involves detecting patterns, forecasting what is likely to happen
next, and translating complex evidence into decisions that matter on the training ground and on match
day [1; 2; 3].

That development also exposes the limits of traditional methods. Classical statistical tools
remain valuable for transparent summary reporting and hypothesis-driven analysis, yet they often
struggle when the underlying process is nonlinear, sequential, interactive, and context-dependent.
Manual observation and basic statistics rarely capture the full complexity of real-time movement,
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tactical interaction, or evolving game states [2; 3; 4].

The present article offers a structured review of Al and neural-network-based methods in sports
analytics, with particular attention to how the field moved from traditional descriptive statistics to
data-intensive, model-driven analysis. More specifically, this review pursues four aims. First, it
clarifies why contemporary sport requires analytical tools that can handle multimodal, spatio-
temporal, and context-dependent data. Second, it synthesizes the major methods currently used in the
field. Third, it organizes the literature around three application domains that recur across sports and
datasets: outcome prediction, performance analysis, and injury prevention. Finally, it identifies the
tensions that continue to shape the field, especially those related to interpretability, generalizability,
data heterogeneity, and decision support in real sporting environments [1; 2; 3; 4].

Taxonomy of Al Applications in Sports.

The methodology of modern sports analytics has split into two primary paradigms: the
transparent, feature-engineered world of classical machine learning (ML) and the high-dimensional,
representation-heavy landscape of deep learning (DL). While the industry often chases the newest
neural innovations, empirical evidence suggests that the «best» technique is frequently a function of
data density and the specific need for interpretability.

Classical AI/ML Methods: The Interpretable Baseline

Classical Al and machine learning methods still form the backbone of a large share of sports
analytics studies. In many sports settings, the available data are match logs, player statistics, role-
based indicators, workload summaries, or manually derived contextual features rather than raw video
or dense tracking streams. Under those conditions, regression-based models, tree methods, margin-
based classifiers, probabilistic learners, and clustering techniques remain not only viable but often
preferable because they are easier to train, easier to interpret, and easier to deploy in decision-support
environments [1; 2].

Table 1. Classical AI/ML techniques in sports analytics

'\]flaer::%d Typical inputs Representative tasks Main strengths Main limitations
Match statistics, Outcome prediction, Interpretable, Weak on complex
player/team : - g . v
. . win probability, player | probabilistic, strong nonlinear relations;
Regression attributes, form, . X
valuation, performance baseline for depends on feature
workload, context ; Co
. modelling structured data engineering
variables
Tabular match, Easy to interpret,
Decision session, GPS, Winner classification, visual, useful for Prone to overfitting; less
trees screening, and player categorization rule-based stable than ensembles
tactical data decisions
Engineered match Robust, handles
Random features, player stats, Match prediction, nonlinearities, Less transparent than
forests wellness and injury- injury modelling strong on structured single-tree models
history data datasets
High-dimensional Outcome .
o Effective in .
structured features, classification, injury X Harder to tune and explain;
SVM - _— . nonlinear L
player/session prediction, tactical- o weaker scalability
e classification
records state classification
Historical match . - .
: Baseline prediction, Simple, non- .. .
descriptors, player . : Sensitive to scaling and
k-NN L) player grouping, parametric, useful .
data, similarity-based Do . . irrelevant features
similarity retrieval baseline
vectors
Engineered match Match prediction, High predictive . —_—
. features, load . . Lower interpretability;
Boosting - fatigue forecasting, accuracy, captures ) .
indicators, . . . requires careful tuning
performance ranking interactions well
wellness/RPE
Tracking, positional, Play(_er prqflllng, Useful for . .
. formation discovery, exploratory Not a direct supervised
Clustering movement, ! .
. workload analysis and latent prediction tool
anthropometric data . X
segmentation pattern discovery

158




K.)Ky6anoB ateiHmarsl AKTe0€ OHIpIIiK YHUBEpCUTETIHIH Xabapmibickl, Ne3 (85), keipkyiiek 2026
Kommnproteprik FeutbiMaap-KomnerorepHbie Hayku-Computer science

Handles uncertainty
. Match outcomes, Probabilistic explicitly, Relies on model
Bayesian . - . L
ratings, dependency | prediction, dependency interpretable assumptions; often weaker
approaches ! S !
structures modelling probabilistic on highly complex data
reasoning

Neural Network and Deep Learning methods

If classical machine learning remains the stable core of structured sports prediction, neural-
network methods define the current frontier of methodological expansion. Their rise is closely tied to
the changing form of sports data. Once analysts moved beyond hand-crafted summaries toward video,
tracking coordinates, event streams, and multimodal athlete monitoring, models capable of learning
hierarchical and nonlinear representations became much more attractive. This is precisely the context
in which multilayer perceptrons, convolutional models, recurrent networks, graph neural networks,
and more recently transformer-based systems became central to the field [1; 2; 3].

Multi-Layer Perceptrons (MLP/ANN): The simplest member of this family is the multilayer
perceptron, often referred as an artificial neural network. MLP-style models are still widely used
when the input remains tabular but the analyst expects nonlinear interactions that are difficult to
specify manually. In that sense, they represent the neural counterpart to boosted trees or nonlinear
SVMs. MLPs have been used since the 1990s to predict NFL outcomes with 61-75% accuracy [5].
NFL and football studies have used feedforward ANNs for winner classification and score-related
prediction but their usefulness depends on data volume, feature representation, and the stability of the
task definition [1].
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Figure 1. Basic architecture of a multilayer perceptron (MLP)

Convolutional Neural Networks (CNN): Convolutional neural networks became influential
when sports analytics began to engage more seriously with image-like and video-derived inputs.
CNN s are especially effective at extracting local spatial patterns, which makes them suitable for pose
estimation, action recognition, technique analysis, and event detection from visual data. CNNs have
revolutionized visual analysis, enabling automated action recognition from broadcast footage with
accuracies exceeding 95% [6]. By transforming sensor time-series into 2D «images», CNNs can
detect abnormal movement patterns that precede knee injuries [7].
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Figure 2. CNN classifier used in sports for injury prediction

Recurrent Neural Networks (RNN/LSTM/GRU): Since match results are inherently
sequential, LSTMs are the gold standard for modeling a team's «form» over a season. LSTM and
GRU variants, were adopted because many sports processes are inherently sequential. Match events
unfold over time, workload signals evolve across sessions, and tactical behavior depends on prior
states rather than isolated observations. Zhang et al. [8] proposed an attention-based LSTM for sports
match prediction, combining temporal sequence learning with an attention mechanism and a sliding
window to improve timeliness in football forecasting. Zhou and Zhu [9] similarly describe RNNSs,
LSTMs, and GRUs as suitable for sequential inputs such as positional data, event logs, and
physiological streams, emphasizing their value in fatigue prediction, tactical pattern discovery, and
performance forecasting.
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Figure 3a. LSTM unit for sports time-series modeling
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Figure 3b. RNN architecture for sequential sports data
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CNN-LSTM and GNNs: Hybrid CNN-LSTM models capture both the spatial arrangement of
players and the temporal evolution of a play, reaching up to 97% accuracy in movement recognition
[7]. Their logic is straightforward: convolutional blocks learn spatial or local visual features, while
recurrent units model how those features evolve through time. Pietraszewski et al. [6] explicitly note
the growing use of CNN-LSTM hybrids for motion recognition and performance prediction across
sports. Graph neural networks are especially suitable for team sports, where players are not
independent units but connected agents whose influence is shaped by proximity, coordination, and
opposition. Xenopoulos and Silva [4] report statistically significant gains from graph-based models
over state-of-the-art baselines in both American football and esports, while also emphasizing their
usefulness for «what-if» analysis and the visualization of interaction patterns. Systems like TacticAl
use geometric deep learning to model symmetries on the pitch, allowing Liverpool FC to simulate
«what-if» tactical adjustments for corner kicks [6; 9; 10].
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Figure 4a. Hybrid deep learning architecture for movement recognition
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Figure 4b. Graph-based representation and message passing in team sports
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Comparative synthesis: What works best, where, and why?

The rapid proliferation of algorithmic solutions in sports analytics has created a fragmented
landscape where the «state-of-the-art» (SOTA) is often context-dependent. The central pattern is not
that one model family dominates all tasks, but that performance depends on the match between data
structure, sport context, and decision objective. In that sense, they ask which technique is best suited
to a particular analytical problem, under particular data conditions, and with what trade-off in
transparency, generalizability, and practical usability. Recent review work by Pietraszewski et al. [6]
supports exactly this interpretation: across sports, deep learning tends to achieve higher pooled
performance than classical machine learning, yet its advantages are uneven and strongly dependent
on input modality, methodological rigor, and the realism of the evaluation setting.

Classical ML vs. Deep Learning: A recurring theme is that Artificial Neural Networks
(ANNSs) do not consistently outperform classical methods in every domain [4, 11]. In match outcome
prediction using tabular historical data, classical classifiers like Random Forest (RF) and XGBoost
frequently match or exceed the accuracy of Multi-Layer Perceptrons (MLP), particularly when
datasets are structured and relatively small [12]. Roumani [11] demonstrated that RF was superior in
identifying Super Bowl winners, while Markopoulou [12] found XGBoost to be the most effective
for minimizing error in player scoring statistics. However, the balance of power shifts decisively
toward Deep Learning when the task involves unstructured high-dimensional inputs, such as raw
video or high-frequency tracking data [13; 14]. Meta-analyses indicate a pooled classification
accuracy of 92.3% for DL architectures compared to 78.6% for classical ML across movement-
intensive tasks [6]. This performative gap is most pronounced in action recognition, where CNNs
achieve near-perfect classification [15; 16].

Table 2. Methodological Suitability Matrix Based on Data and Task Type

Data Modality

Leading Technique

Primary Strength

Accuracy Potential

Tabular/Historical | XGBoost / Random Interpretability & Handling | ~65% - 75% (Match
Forest Imbalance Outcome)
Spatio-Temporal GNN/TITAN Preserves Relational Context | ~85% - 90%

(Tactical Analysis)

Video/Visual

CNN-LSTM / Swin
Transformer

Automatic Feature
Extraction

>95%(Action
Recognition)

Wearable/Sensor AS-LSTM / RNN Models Sequential Fatigue ~90% (Injury Risk)

Tabular vs. Spatio-Temporal: While traditional models treat player variables as independent
vectors, team sports are inherently relational. This insight marks the primary limitation of classical
ML. Standard vector representations — which rely on keypoints or role assignments — often discard
the local neighborhood information critical for tactical understanding. The emergence of GNN has
bridged this gap. Xenopoulos and Silva [4] demonstrated that representing a game state as a fully-
connected graph reduces test set loss by 9% in the NFL and 20% in esports. By treating athletes as
nodes and interactions as edges, GNNs capture the micro-coordination that «box score» models miss.
This trend culminates in architectures like TITAN, which utilizes dual-stream encoders to jointly
model temporal event sequences and player interaction graphs, capturing both short-term shifts and
long-range game dynamics [9].

Team vs. Individual sports: Team sports exhibit higher model performance (89.7%) compared
to individual sports (81.2%), likely due to the richer data environments and the multi-agent nature of
the feedback loops [6]. In contrast, individual sports focus heavily on pose estimation and
biomechanics. For instance, computer vision models achieve up to 98.6% accuracy in tennis shot
classification [17], whereas match outcome prediction in baseball remains methodologically
challenging when based on statistics alone, particularly because performance is shaped by complex
game structure and context [18].
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Figure 5. Historical Accuracy Trends for Match Outcome Prediction

What works best?

In summary, XGBoost and Random Forest remain the gold standard for match forecasting
where data is tabular and experts require transparency [11; 12]. CNN-LSTM hybrids and GNNs are
unrivaled for tactical modeling and action recognition, provided high-fidelity tracking data is
available [4, 6]. The future of the field belongs to hybrid architectures like TITAN and TacticAl,
which merge the representational power of deep learning with domain-specific knowledge to provide
insights that are not only accurate but also actionable and trustworthy [19; 20].

Conclusion

The comprehensive synthesis of literature confirms that sports has undergone a permanent
metamorphosis: it is no longer just a game of intuition, but a high-stakes «game of data». This review
has demonstrated that Artificial Intelligence and Neural Networks have moved from the periphery of
sports science to its very center, providing the computational «eyes» needed to decode the
complexities of elite performance.

Two primary conclusions emerge from analysis:

eWhile classical ML methods remain superior for small, tabular datasets, deep learning
architectures are unrivaled in processing high-dimensional spatio-temporal data, consistently
achieving recognition accuracies [13; 14].

e The emergence of GNNSs represents a paradigm shift. By treating teams as dynamic,
interconnected graphs rather than independent vectors, Al can finally capture the coordinative
nuances that define winning tactics [6; 10].

In the final analysis, Al is not intended to replace the human element of coaching but to augment
it, stripping away cognitive biases and replacing them with objective, probabilistic insights. By
addressing the current research gap we can ensure that the next generation of sports analytics is not
only more accurate but also more transparent, ethical, and actionable. This review provides the
fundamental evidence-based foundation for that development, charting a course toward a truly
intelligent future for professional sports.
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Annarna. Oxkuranap >KypHaJIJapbl, TPEKUHI arblHIapbl, OeliHeka30anap, KUUJIETIH KYPbUIFbLIApD CUTHAJAPHI
KOHEe OMOMeXaHHKaFa KaThICThI OJIIEMIEpPAl KAMTHTBIH CHOPTTHIK AEPEKTep KOJeMiHIH KapKbIHAbI ©Cyi CIIOPTTHIK
HOTIDKEIIIKTI 3epTTey, TYCIHAIPY 'KOHE OHTAMIaHABIpY TocinaepiH TyOereini e3reptti. BypbiH KonMeH 6akpuiay MeH
JIOCTYpJIl CTaTHUCTHKara HETI3AeNreH Tanjgay OYTiHAE YIJIKEH, TeTepOTreH/i JKOHE J>KOFaphl JKMUTIKTI JIEpeKTep
KHUBIHTBIKTAPBIHAH 3aH/ABIIBIKTap/Ibl aHBIKTAl aJaThIH )KacaH bl MHTEJUIEKT dICTEPiHIH KojayblHa Kebipek cyiieHeni.
Ocpl 10Ty MaKaJIaChIHBIH MaKCaThl — Ka3ipri CIOPTTHIK aHAIMTHKAa KOJIAaHbUIATHIH MAIlIMHAJIBIK OKBITY MEH TepeH
OKBITY/IBIH HETI3T1 TociizepiH jKyleney, acipece yII HEri3ri KoJIaHy cajlachlHa Haszap ayJapy: MaTd HOTIKeJepiH
0oJnKay, TAaKTHKAJIBIK J)KOHE KEHICTIKTIK-yaKbITTHIK TAJIAAy, COHJal-aK jkapakaT KayIiH Oaranay MEH OHBIH aJIIbIH ajy.
Makanana perpeccus, LIEMIIM aralrapsl, Ke3JeHCOK OpMaHap, TIpeK BEKTOPJIAp 9iCi XaHE IPaJUEHTTIK OyCTHHITCH
Oacram >kacaHIpl HEMPOHABIK XKEJIepre, CBepTKAIBIK HEHPOHIIBIK JKeijgepre, peKyppeHTTIK apXUTEeKTypanapra >koHe
rpadTHIK MOAETbIEpre ACHIHTI KEH TapaiFaH OMICTepAl KOJAaHy >KHHAKTAIBIT KapacThIPhUIaNbl. Ocipece TPEKHHT
JIepeKTepi, OKUFa JAepeKTepi, (PU3HONOTHSIIBIK KOPCETKIIITEP XKoHe OMOMEXaHUKAIIBIK WHIUKATOPIAp MaijalaHbUIAThIH
3epTTeyiiepae IepeKTep MOAAIBIINT MEH MOJEeNb TaHAAyBIHBIH e3apa OailaHBICBIHA EpeKIle Hazap aydapbLIajbl.
OJliCHAMAJIBIK ~ YPAICTepAi JKanmblIayMeH Karap, IIOJly JKacaHAbl WHTEIUIEKTKE HETI3JeNireH  JKyHelepaiH
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HEHPOHJBIK JKEITUICPAIH DKCICPUMEHTTIK KOJJaHy IIEeTiHEH IIBIFBIN, Ka3ipri CIOPTTHIH OpPTAajblK aHATUTHKAIBIK
nH(paKypeUIbIMBIHA ~aifHaNBIN KeJe JKaTKaHblH kepcereni. CoHbIMEH Oipre JepekTepliH TIeTeporeHIIIri,
MHTEPIPETANUAHBIH [ICKTEYJILIIr, BATHIAIMS XaTTaMaJIapbIHBIH Oipi3 i O0JIMayhl )KoHE OaKbUTAHATHIH OPTaIaH HAKTHI
JKapbIC XKarAaillapplHa HOTHKEIEP Il KOUIpy/eri KUbIHABIKTap CUSKTHI eJIeyIli IIeKTeyJIep cakTatyaa. JKaums! anraHna,
OyJ1 IOy JKacaHJbl WHTEIUIEKTKE HETI3AENIeH CHOPTTHIK aHAIWTHKAHBI XKOFaphl NMPAKTUKAIBIK MaHbBI3BI 0ap JKoHE
CHOPTTaFbl KaHa OYbIH MHTEIUICKTYAJABIK XXYHeJIepiH AaMBITy YIIIH alKbIH ©3€KTUIri 0ap KapKbIHABI JaMBII Kejle
JKaTKaH cajla peTiH/le CUIIaTTalbl.

Tyiiin ce3aep: CHOPTTHIK aHAIWTHKA, JKACaHABl HMHTEIJIEKT, TPEKHUHI NEpeKTepi, OKUFa AEpeKTepi, Mard
HOTIDKEJIepiH 00JDKay, TAKTUKAJIBIK Tajllay, )KapaKaTThIH ajIbH ajy.
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AnHotanusi. CTpeMUTENbHBIH POCT 00BEMOB CIIOPTHBHBIX JaHHBIX, BKIIOYAs >KypHajbl COOBITHI, MOTOKH
TPEKWHIOBBIX JAHHBIX, BUJCO3AINCH, CHTHAJIBI HOCUMBIX YCTPOWCTB U OMOMEXaHMYEeCKHE H3MEPEHUs, (pyHIaMEHTaIbHO
N3MEHWI CIOCOOBI HM3YYEHHs, MHTEPIPETAlMd M ONTHMU3AIMK CIOPTUBHON pe3yNbTaTUBHOCTH. To, 4TO paHee
ONMPANIOCh TPEUMYIIECTBEHHO HAa PyYHOE HAOJIONCHWE M TPAAMIHOHHBIE CTATHCTHYECKHE METOABI, CETOOHSA BCE B
OoJbIIICH CTETIEHU MOAIEPKUBACTCS] CHCTEMAMH HCKYCCTBEHHOTO HHTEIUICKTA, CIOCOOHBIMH BBISBIIATH 3aKOHOMEPHOCTH
B KPYIHBIX, T€TEPOTCHHBIX M BBICOKOYACTOTHBIX MaccuBaX AaHHBIX. Llens maHHOTO 0030pa — CHCTEMaTH3HPOBATh
OCHOBHBIC METOABI MAIIMHHOTO M TTyOOKOTo 0Oy4YeHus, NPUMEHSEMbIC B COBPEMEHHOW CIIOPTHBHOM aHAIHWTHKE, C
0COOBIM aKI[EHTOM Ha TPEX KIIFOUEBBIX NMPHKJIATHBIX HAIIPABICHUAXK: TPOTHOSUPOBAHNE HCXOA0B MaT4el, TAKTHYECKUHI U
IIPOCTPAHCTBEHHO-BPEMEHHOIN aHanmM3, a TaKKe OIeHKa M IPeJOTBpallleHHe pucka TpaBM. B crathe oboOrmraercs
IIPUMEHEHNE ITMPOKO PACIPOCTPAaHEHHBIX MOIX0JI0B — OT PETPECCHH, AEPEBbEB PEIIeHUil, CIyJalHbIX JIECOB, MAIIMH
OTIOPHBIX BEKTOPOB U I'PAAUEHTHOTO OYCTHHIA 0 MCKYyCCTBEHHBIX HEMPOHHBIX CEeTel, CBEPTOYHBIX HEMPOHHBIX CETeH,
PEKYPPEHTHBIX apXUTEKTYp U rpadoBbix Mozeseld. Ocoboe BHUMaHUE yIeNseTCsl B3AUMOCBS3U MEX/y TUIIOM JIaHHBIX U
BBIOOPOM MOJIeNIM, OCOOGHHO B HCCJIEJOBaHUAX, HCIOJB3YIONIMX TPEKUHIOBbIE JlaHHBIE, JlaHHbIE COOBITHH,
¢u3noNOorMYecKre NoKa3aTeNny 1 OMoOMeXaHNIeCKHe HHIUKATOphl. [lToMiIMO 00001I€HIS METOA0IOTHYECKNX TeHICHIINH,
0030p paccMaTpHuBaeT, KaKUM 00pa3oM CHCTEMBI Ha OCHOBE MCKYCCTBEHHOTO MHTEJUIEKTa CHOCOOCTBYIOT ITOJIEPIKKE
TPEHEPCKUX PELICHHH, OLIEHKEe UTPOKOB, MOHUTOPUHTY Harpy3oK M TakTH4eckoMy aHanusy. [IpencTaBieHHbIe NaHHbIE
CBUJETENBCTBYIOT O TOM, YTO UCKYCCTBEHHBII HHTEIIIEKT U HEHPOHHBIE CETH BBIIILIH 3a MIPEIEIIbl SKCIEPUMEHTAIBHOTO
UCTIONIb30BAHMA M CTAHOBSATCS ILEHTPAILHOM aHAIMTHYECKOi MH(pacTpyKTypoi coBpeMeHHOTro cropTa. Bmecte ¢ Tem
COXPAHSIOTCS CYLIECTBEHHBIE OTPaHUYEHHS], BKIIIOUasi TETEPOr€HHOCTh JAHHBIX, OTPAaHUYEHHYI0 HHTEPIPETHPYEMOCTD,
HECOTJIaCOBAaHHOCTh IPOTOKOJIOB BaJHMJIAIMM U TPYAHOCTH INEPEHOCA Pe3yJbTaTOB M3 KOHTPOIHMPYEMBIX YCIOBHH B
peanpHBIE COpPEBHOBATEIbHBIE Ccpelbl. B IienoM MaHHBIM 0030p paccMaTpHBaeT CIIOPTHBHYIO aHAJIUTHKY HAa OCHOBE
HCKYCCTBEHHOTO HWHTEJJIGKTAa KakK OBICTPO pPa3BUBAMOLIYIOCS 00JacTh, OOJIANAIONIYI0 BBICOKOH IPaKTHYECKOM
3HaYMMOCTBIO U OYEBUHOHN aKTyaJIbHOCTBIO IS Pa3pabOTKN MHTEIIIEKTYaIbHBIX CHCTEM HOBOTO IOKOJICHHS B CIIOpTE.

KiroueBble cJI0Ba: CHOPTHBHAS AaHAJIWTHKA, HCKYCCTBEHHBIM WHTEIUIEKT, TPEKWHTOBBIC NaHHBIC, IaHHBIC
COOBITHH, MPOTHO3UPOBAHKE UCXOJ0B MaTUeH, TAKTUUECKHUI aHAIIN3, IIPEAOTBPALIEHUE TPABM.
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