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ARTIFICIAL INTELLIGENCE IN HIGH-LEVEL CHESS PREPARATION

Egamberdieva Bakhora Fazliddinovna
Doctoral student Uzbek State University of Physical Education and Sports
egamberdieva.bakhora@mail.ru

Annotation: Modern chess at the elite level has been revolutionized by artificial
intelligence (Al) and data-driven methods. This article explores how Al is employed in
high-level tournament preparation, focusing on building a comprehensive data system to
analyze opponents’ playing styles, strengths, weaknesses, and opening repertoires. We
discuss the role of Al-powered chess engines and large game databases in modern
preparation, and outline key phases of opponent analysis: from PGN game extraction and
statistical profiling to automated engine evaluation of mistakes and trends. Methods
include leveraging online platforms and professional databases (ChessBase) to gather
opponent data, using engines like Stockfish and Leela Chess Zero for automatic game
analysis, constructing opening trees and “mistake heatmaps,” and visualizing results
through dashboards and graphs. We present case studies, including insights from world
championship preparations, demonstrating how top players integrate Al findings into
practical game plans. The findings show that Al not only identifies an opponent’s
technical tendencies but also informs strategic decisions such as which openings to
prepare or which game phase to target. We conclude with a discussion on the
implications of Al-assisted preparation for players and coaches, and the future prospects
of Al in competitive chess.

Key words: Artifical intelligence, preparation, top players, chess engines,
databases.

UCKYCCTBEHHBIA UHTE/JIEKT B IOJArOTOBKE IIAXMATHUCTOB
BbICOKOI'O YPOBHA

Jdramb6epaueBa baxopa ®a3ugaMHOBHA
basoewili dokmopanm Y36ekckull 2ocydapcmaeHHblll yHuU8epcumem gusuyeckoll
Kysbmypbl u cnopma egamberdieva.bakhora@mail.ru

AHHOTanusa: CospemeHHble WAXMamvl HA 3IJAUMHOM YpPOBHe npemepneau
cyuecmeeHHble U3MeHeHUs Nod 8/usiHUeM UCKYCCmEeeHHo20 uHmeanekma (HMH) u
Memo0d08, OCHOBAHHbIX HA aHa./u3e daHHblX. B daHHOU cmambe paccmampusaemcsi
ucnosv3oeaHue MU 6 nodzomoske K MypHUPAM BblCOKO20 YPOBHS C AKYEHMOM Ha
¢opMuposaHue KomMnaekcHOU cucmembl 0aHHbIX 0151 AHAAU3A CMUJS U2Pbl CONEPHUKOS,
UX CU/IbHBIX U C/1a6bIX CMOPOH, @ Makice 0e6rOmMHbIx penepmyapos. 06¢cyxcdaemcs poJib
waxmamubsix dsuxckos Ha 6aze UM u kpynHbix 6a3 napmutl 8 co8peMeHHOU n0d20moskKe,
a makice 8b10eAs1I0Mcsl KAI4Yesble 3mansl AHA/IU3A CONEPHUKA: 0M U38/1e4eHusl napmutl
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8 opmame PGN u cmamucmuuecko2o npoduiuposaHusi do asmomMamu3upo8aHHOU
dBuM#CK0B0OU OYeHKU owubok U uz2posblXx meHdeHYyull. B kayecmee memodos
UCN0/1b3YHMCSl OHAAUH-NAamM@opMbl U npogeccuoHatbHble 6a3vl daHHbix (ChessBase)
04151 c6opa uHpopmayuu o conepHukax, deudxcku Stockfish u Leela Chess Zero 0as
asmomamuyecko2o aHA./1U3d hapmutl, nocmpoeHue 0e6rMmMHbIX depesbes U «men/io8blx
Kapm owubok», a makxice 8u3yaau3ayus pe3y/abmamos ¢ NOMOWbH AHAAUMUYECKUX
naHesel u epagukos. B cmambe npedcmasieHbl Kelic-npumepbl, 8KAKYAS 3/1eMeHMbl
Nno020mMo8KuU K Mam4am 3a 38aHue 4eMnuoHa mMupa, deMoHcmpupyrnuwue, Kak gedyujue
waxmamucmsl uHmMezpupyiom 8bi800bl HHW 8 npakmuueckue uzposvle NnJ/dHbL.
Pe3sysabmambl  uccaedogaHusi noKasbl8AlOmM, 4YmMoO UCKYCCMBEHHbIU UHMeAAeKm
no3eo/siem Bbls8/151Mb He MOJbKO mMeXHUYeckue U Nno3UYyUOHHble MmeHJeHYyuu
CONepHUK08, HO U 060CHO8bIBGAMb CMpamezuyeckue peuleHus, makue Kak 6bl6op
debromos u/au onpedeseHue Haubosiee ysi36uMblx cmaduli napmuu. B 3akaruveHue
paccmampuearomcsi npakmuyeckue nocaedcmeusi UH-noddepicusaemoli nodzomosku
0/ Waxmamucmos U mpeHepos, d Mmakice nepcnekmuevl da/bHelie20 pa3sumusi
UCKYCCMBEHHO20 UHMeA/1eKmd 8 COpe8HO8AMENbHbIX WAXMAMAX.

KiouyeBble cj0oBa: uckyccmeeHHbulll UHMes/s1ekm, nodzomoska, eedywue
Waxmamucmbl, WAXMAMHble 08UNCKU, 6A3bl JAHHbBIX.

YUQORI DARAJADAGI SHAXMATCHILAR TAYYORGARLIGIDA SUN’TY
INTELLEKT

Egamberdieva Baxora Fazliddinovna
Tayanch doktorant Ozbekiston davlat jismoniy tarbiya va sport universiteti
egamberdieva.bakhora@mail.ru

Annotatsiya: Zamonaviy shaxmat oliy sport mahorati darajasida sun’iy intellekt
(SI) va ma’lumotlarga asoslangan yondashuvlar ta’sirida tubdan rivojlandi. Ushbu
magqolada yuqori darajadagi turnirlarga tayyorgarlik jarayonida sun’iy intellektdan
foydalanish masalalari yoritilib, raqiblarning o'yin uslubi, kuchli va zaif tomonlari
hamda debyut repertuarlarini tahlil qilishga mo‘ljallangan kompleks ma’lumotlar
tizimini  shakllantirishga alohida e’tibor qaratiladi. Shuningdek, zamonaviy
tayyorgarlikda sun’ly intellekt asosidagi shaxmat dvijoklari va yirik partiyalar
bazalarining o‘rni muhokama qilinadi hamda raqibni tahlil qilishning asosiy bosqichlari
bayon etiladi: PGN formatidagi partiyalarni ajratib olish, statistik profillash, xatolar va
o'yin tendensiyalarini dvijoklar yordamida avtomatik baholash.Tadqiqot metodlari
sifatida raqiblar haqidagi ma’lumotlarni yig‘ish uchun onlayn platformalar va
professional ma’lumotlar bazalari (ChessBase)dan foydalanish, Stockfish va Leela Chess
Zero kabi dvijoklar yordamida partiyalarni avtomatik tahlil qilish, debyut daraxtlari va
“xatolar issiqlik xaritalari’ni qurish, shuningdek, natijalarni analitik panellar va
grafiklar orqali vizualizatsiya qilish keltiriladi. Magqolada jahon chempionligi
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uchrashuvlariga tayyorgarlik jarayonidan olingan misollar asosida yetakchi
shaxmatchilar sun’iy intellekt natijalarini amaliy oyin rejalariga qanday tatbiq etishi
ko‘rsatib beriladi. Tadqiqot natijalari shuni ko‘rsatadiki, sun’ly intellekt raqiblarning
nafaqat texnik va pozitsion moyilliklarini aniqlaydi, balki qaysi debyutlarni tayyorlash
yoki partiyaning qaysi bosqichiga ustuvor e’tibor qaratish lozimligini belgilashda ham
muhim strategik qarorlar qabul qilishga yordam beradi. Xulosa qismida sun’iy intellekt
asosidagi tayyorgarlikning shaxmatchilar va murabbiylar uchun amaliy ahamiyati
hamda raqobatbardosh shaxmatda sun’ly intellekt texnologiyalarining kelajak
istigbollari muhokama qilinadi.

Kalit so‘zlar: sun’iy intellekt, tayyorgarlik, yetakchi shaxmatchilar, shaxmat
dvijoklari, ma’lumotlar bazalari.

INTRODUCTION

Chess preparation has entered a new era dominated by Al and advanced
computing. In recent decades, the availability of powerful chess engines and vast game
databases has transformed every aspect of chess. Today’s grandmasters routinely rely
on Al assistance for training and pre-game preparation, a stark contrast to the pre-
computer era. Top players use engines not only to calculate tactics but also to deeply
analyze opponents’ games for strategic patterns and weaknesses. As a 2024 Chess.com
report noted, “the integration of powerful chess engines, artificial intelligence (Al), and
online platforms has transformed every aspect of chess”, and players at all levels now
depend on technology for analysis and competition.

One of the most critical applications of Al in chess is opponent preparation.
Before important matches, grandmasters gather extensive data on their prospective
opponents. Traditionally this involved manual review of scoresheets and intuition.
Now, Al and databases enable a far more rigorous analysis. Engines can rapidly scan an
opponent’s games to identify tactical weaknesses, opening repertoire gaps, and even
psychological tendencies (such as how they perform in time pressure or complex
positions). Al models can classify a player’s style - for example, distinguishing whether
a player is an “activist” attacker or a calm positional “reflector”, moving beyond
subjective impressions to quantitative profiles. With Al, coaches and players can build
detailed opponent profiles that were unimaginable a few decades ago.

Another revolution is in the breadth of data available. Online chess platforms like
Chess.com and Lichess host millions of games and often provide accessible PGN
downloads or APIs for one’s own games and even opponents’ games (subject to
privacy settings). Meanwhile, professional tools such as ChessBase come with
comprehensive databases of historical and current games by strong players. Thus, a
preparatory workflow now typically begins by harvesting games from these sources.
The collected PGNs (Portable Game Notation files) can be fed into engines and
analytical software. This “big data” approach allows searching for specific patterns.
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In summary, Al’s role in modern chess preparation is multifaceted: (1) providing
superhuman analysis of positions to reveal tactical and strategic errors, (2) handling
large-scale data to identify long-term patterns in an opponent’s play, and (3) offering
novel insights (such as engine-recommended new moves in openings) that can catch
an opponent by surprise. In the following sections, we detail a structured methodology
for Al-assisted opponent analysis, then demonstrate its use with practical examples
and case studies. We also discuss how these insights are translated into concrete game
plans and the broader impact on competitive chess.

Methods: Al-Assisted Opponent Analysis Framework

Data Collection (PGNs and Databases): The first phase of preparation is to gather
all available games of the target opponent. These games are typically obtained in PGN
format from a combination of sources: online platforms and offline databases. PGN is a
standard text format that encodes each game’s moves along with metadata like
players, event, date, and results. For instance, Lichess provides a public database of
games that can be filtered by player and date. Typically, one might collect hundreds of
the opponent’s recent games, focusing on the time control relevant to the upcoming
event. Care is taken to ensure data quality: removing duplicate games, discarding
casual blitz games if only serious tournament games are of interest, and filtering out
games that are too old or not indicative of current form.

Once collected, the PGN data may need preprocessing. Often, PGNs from online
sources include annotations or engine evaluations (for example, [%eval -0.29] or move
comments “?!”, “I!”) that were added by analysis tools. These notations, while useful to
humans reviewing the game, can interfere with automated parsing. Therefore, the
PGNs are cleaned to retain only the sequence of moves and basic metadata. After
cleaning, the data is loaded into a chess database or a custom analysis program. Tools
like ChessBase, SCID, or python PGN libraries can be used to iterate through games and
perform statistical counts. At this stage, a raw statistical profile of the opponent can be
generated, answering questions such as: What percentage of games do they win with
White vs Black? How often do they play 1.e4 vs 1.d4 as White? What are their most
common defenses as Black? This forms the foundation for deeper analysis.

Opening Repertoire Construction: Using the collected games, an opening tree is
constructed to map the opponent’s repertoire. An opening tree is essentially a
branching diagram of moves starting from the opening position and following the
frequencies of the opponent’s choices. For example, one might find that as White, the
opponent plays 1.e4 in 70% of games and 1.d4 30%. After 1.e4, perhaps they face
1...c5 (the Sicilian) frequently and choose 2.Nf3 80% of the time and 2.c3 (Alapin) 20%
of the time, and so on. By aggregating all games, one obtains a tree with statistics at
each node (move) indicating how often the move was played and the success rate
achieved with it. Chess database software can generate such opening reports
automatically, listing each move choice along with the number of games and
performance rating. This reveals not only the opponent’s preferred lines but also
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where they might be less comfortable. For instance, the opening tree might show that
against the French Defense (1.e4 e6), our opponent scored poorly (say 30% win rate in
10 games) - a sign of a potential weakness to exploit.

In building the opening tree, one can incorporate performance metrics. Modern
databases often include the win/draw/loss percentages for each branch. If an
opponent scores significantly below par with a certain variation, a preparer will flag
that. Additionally, it is useful to compare the opponent’s moves against master-level
benchmarks. For example, ChessBase can overlay the opponent’s repertoire against a
reference database of grandmaster games, highlighting where the opponent deviates
from mainstream theory.

These deviations could indicate either a quirky personal line (which could be
either a hidden strength or a theoretical weakness if the line is objectively dubious) or
perhaps gaps in knowledge.

All this information feeds into decisions about which openings we should prepare
to play. If the opponent has a narrow repertoire, one strategy is to steer the game into
those known paths but armed with superior engine-checked innovations; if the
opponent has a broader repertoire, one might prepare a surprise in a line they play
less frequently.

Automated Engine Analysis of Games: With the opponent’s games in hand, the
next key step is using Al engines to analyze them deeply. State-of-the-art engines like
Stockfish 16 or Leela Chess Zero (LCO) are significantly stronger than any human
player (Elo 3500+), and they serve as objective judges of each move in a game.

By running an engine on each game (often using batch analysis features of chess
software or cloud services), one can identify all the inaccuracies, mistakes, and
blunders made by the opponent in those games.

Engines evaluate positions in terms of “centipawns” (1.00 equals roughly the
value of a pawn) or win/draw/loss probabilities, and a sudden large drop in the
evaluation after a move signifies a blunder.

For practical preparation, we define categories: for example, any move that
worsens the evaluation by, say, >0.5 pawns might be labeled an inaccuracy, >1.5
pawns a mistake, and >3 pawns a blunder. These thresholds are adjustable, but the
goal is to quantify how error-prone the opponent is and in what situations.

A summary from one game might look like: Accuracy 95%, with 2 inaccuracies, 1
mistake, 0 blunders. Over many games, we can compute the opponent’s average
accuracy and average number of blunders per game.

Engines and online platforms already provide such metrics; for instance,
Chess.com’s Game Review yields an accuracy score and counts of mistakes/blunders
for each game.

Table 1 below illustrates a simplified example of engine analysis for a single
World Championship game, showing the engine-derived accuracy and error counts for
each player. Such a table gives a quick snapshot of comparative performance:
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Accuracy Ilhaccuracie] Mistakes | Blunders
Carlsen 97.4 1.0 1.0 1.0
Nepo 95.7 4.0 0.0 1.0

Table 1: Engine evaluation summary of Game 6 (Carlsen-Nepomniachtchi, 2021).
“Accuracy” is a percentage score of move quality; the counts of inaccuracies, mistakes,
and blunders are as identified by Stockfish. In this game, Carlsen played with 97.4%
accuracy and made 1 blunder (the same number as Nepomniachtchi), highlighting how
even top GMs commit errors under pressure.

Aggregating this data across all games, we can identify patterns in the opponent’s
errors. Do most of their blunders occur in the opening, middlegame, or endgame? Are
they tactically prone to overlook certain types of tactics (e.g., knight forks or back-rank
weaknesses)? For instance, an engine might reveal that a player repeatedly misplays
technical endgames - a sign that forcing an endgame in the upcoming encounter could
be fruitful. Another important aspect is time pressure: while not directly visible in
PGNs (unless time stamps are available), one can sometimes infer from abrupt
blunders in later moves that the opponent might have been in Zeitnot (severe time
trouble). Some analysis platforms, like Lichess, do include timestamps, allowing a
correlation between blunder frequency and time remaining. Overall, the engine
analysis quantifies the opponent’s strengths and weaknesses: perhaps their tactical
play is excellent (few blunders in sharp positions) but their strategic understanding is
shakier (many “?!” moves that engines criticize in quiet positions). These insights are
much more objective than relying on memory or reputation - they are data-driven
reflections of the opponent’s actual performance.

Identifying Playing Style with Al: Beyond counting errors, Al can help classify
how the opponent likes to play. This incorporates both human heuristic and machine
learning approaches. Grandmaster coaches often speak of player typologies - e.g.,
“Activists” who favor dynamic, tactical play and material sacrifices, versus
“Pragmatists” who prefer controlled, calculation-heavy play. Lars Bo Hansen’s classic
four-style model has been qualitatively used by trainers for years, and recent Al
research is starting to validate such classifications quantitatively. By feeding an
opponent’s games into a feature analysis (e.g., how often do they sacrifice material?
how many pawn moves vs piece moves in the first 15 moves? do they avoid long
strategic maneuvers in favor of direct attacks?), one can train a model or use rule-
based logic to categorize their style. For example, a data-driven study in 2025 used
features like piece mobility, king safety, and opening novelty to successfully classify
players into these style categories. If our opponent is identified as an “Activist” (loves
attacking and is willing to gamble material), our preparation might focus on solid
defensive openings to frustrate them, or conversely to bait them into over-aggression.

306

1%

SOV R
oS

~
>

\

)

£
A

A

<

¥

T

o

&

2

~

3
iR

——

Vol
Rl
&

%

£

oo

&

“&.’/

\

X

B

4

G

p=
G

¢

TN

CRIAS
ﬂa;/&ﬁ,%?”‘

o~

2 I O
o4
A

N

2

-,

h

VI GHD
S
3, St
m% N
AN

'

ﬂ*ﬁ
Fid

oy

-

O

5,

£)°

5

)
»

!

X

7

\

".\l/ - )
N
3

e

'

¥
a0

%

IOk
o gxx
D

I

L

o4

S

G

”.

N

SC

£

R

G
\

p=
N

2/.

4
)
w

58

r*\
~

" J Ok
»
)

——

4
S
&

O
'43’2

N
3 &%
Fie.

o~

¥,
Hid

~

T

of

IOk

4

G

¢

)

DA
f

S
2%

-,

48
7\

0
N

BIN
¥ \F
®e

AT
o

o

¥
<

3

%

.,_..
S ,{;A:

R

vl

%

Y.

&

%0

%



(A0

oY

D
)
%G

»

£

¥
¥

NV 0‘ZBEKISTONDA FANLARARO INNOVATSIYALAR VA NV,
47-50N ILMIY TADQIQOTLAR JURNALI 20.12.2025

A

T
)

uf”‘i
v

LI N

e
2

o6
G,

v
R il““'; &
)

ot

X

T

k’&”tﬁ’

(AN

7

Raz "\
Ve

~

D
%)

0*02

Eetes

A
£

3“,::3

23

3

&

AN
T
S

N
C

¥
oL

X

.
&%
B

3
Ve

S

2

\ ’(;ma*%

&)

o

Y

<

OIS

E

4

3" re)

2

Vo
S ) 4
-,,;,Q%*

LD

-
T

*“gj\.

b
R

(AON

rd

6

o¥ -
mll
o

)

5%

N

&)

%)

BV L,

¥
3

s

» A
0%

5%

o~

P

.

g-;&

RO L

T

%)

ol

o
2

YN N
N
t‘?

&

\

¥,

N

¥

2

Bl

S i;m

&

VL,

T

-
gvn

e

£

U"\U

i'f‘k.-

e

e
3
N )/

)

If they are a “Reflector” (positional and prophylactic), we might prepare sharper lines
to drag them out of their comfort zone.

Another approach comes from platforms like Aimchess, which automatically
analyzes a player’s games and assesses their skill across multiple facets: opening
performance, tactical acumen, endgame technique, resourcefulness under pressure,
time management, etc. Aimchess, for instance, compares a player’s statistics to peers of
the same rating, identifying which areas lag behind. Such an analysis for our opponent
might reveal, say, that their “time management” is poor (they spend too long and often
blitz in the final minutes) or that their “resourcefulness” is low (they rarely save bad
positions) - suggesting we should aim for positions where they’ll be under time stress
or slightly worse, forcing them to fight back. By combining engine analysis with these
higher-level insights, we build a psychological and technical portrait of the opponent.

Visualization and “Dashboard” of Insights: To make sense of the troves of data,
visualization is essential. Coaches often distill the analysis into a concise dashboard or
report for the player. This might include charts, graphs, and tables that highlight key
findings:

eError Rate Graphs: A line or bar graph can display the opponent’s average
mistakes per game over time. If we see a trend that their error rate is rising in recent
tournaments, it could indicate worsening form or adaptation issues. Conversely, a
consistently low blunder rate means we face a very solid opponent. Figure 1 illustrates
an example chart of an opponent’s mistakes per game over their last 50 games. The
orange line plots total mistakes (per game), while the blue line is a 10-game rolling
average that smooths out volatility. Spikes in the graph show games where the
opponent collapsed (many blunders), possibly indicating vulnerability under certain
conditions, such as complex positions or fatigue in long events.

Opponent Mistakes Over Recent Games

Total Mistakes per Game
—— 10-game Avg

Mistakes
H N W A U O NN 0 O

0 10 20 30 20 50
Game Number
Figure 1: Example of a trend graph charting an opponent’s mistakes per game
over 50 recent games (simulated data). The rolling average (blue line) helps identify
overall trends - here we might observe that the opponent’s mistake rate improved
mid-period but spiked again in the most recent games. Such patterns can be correlated
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with event conditions (perhaps the spike corresponds to a tournament where they
struggled) and inform preparation strategies.

¢ Opening Tree Diagram: A visual opening tree can be presented as a flowchart or
simply a tabular tree in the style of ChessBase. This visualization highlights the
opponent’s repertoire breadth. Critical branches can be marked with
red/yellow/green colors to denote the opponent’s success. For example, if the
opponent as Black faces 1.d4, and the tree shows they play the King’s Indian Defense
80% of the time with only a 45% score in those games, that branch might be
highlighted in red as a target for us (meaning we should strongly consider playing 1.d4
to reach the King's Indian against them). An opening tree might also reveal rare
sidelines the opponent tried - which could either be one-off experiments or hidden
preparations. Those are important for us to notice; we should be ready in case they
deviate from their main repertoire.

e Heatmaps: Borrowing from data science, heatmaps can encode information on a
chessboard graphic. For instance, a “mistake heatmap” could mark the squares or
areas of the board where the opponent tends to err. If analysis shows several blunders
involving the opponent’s king safety on the kingside, one could shade that area to
indicate a weakness. Another type of heatmap is piece activity: mapping how
frequently the opponent’s pieces visit each square. This can expose patterns like “the
opponent rarely uses knights on the queen side” or “they often advance their f-pawn”
etc. While such patterns might be apparent from game review, a heatmap makes it
visually obvious. Figure 2 shows an example of piece activity heatmaps for one game
(White and Black pieces) - brighter colors mean the piece moved to that square
frequently. In an opponent study context, if over many games we compile a heatmap
of, say, the opponent’s pawn moves, we might find they almost never push the h-pawn
- indicating a reluctance to launch flank pawn storms (something we could potentially
exploit by directing play to those areas).

White Pawns 0.8 White Knights Black Pawns 0.6 Black Knights

0.10
0.08
0.06
0.04
0.02

A B C DE F GH 0.0 AcB C-D E F' G H 0.00 A B CDEFGH 0.0 A BECID VECFEGH 0.00

= 0.10

FNWAUON®
FNWAUON®
HNWAMUVWON®
FNWAOON®

Black Rooks

0.15
0.10
0.05

A B CDETFGH 0.00 A B CDEF GH 0.00 A B CDEF GH 0.00 A B CDEF GH 0.00

White Bishops White Rooks

Black Bishops

HFNWAMUOO N

o

o

-3
HNWAUOND®
HNWAUON®

o

o

-]
FNWAULONO®

White Queen

White King Black Queen Black King

0.12
0.10 0.3

0.08
0.2

0.06

.04
0:0 0.1

0.02

0.00 A B CDEFGH 0.0

FNWHUON®
HNWbHUON®
HNWAUVLON®
FNWAUON®

A B CDEFGH 0.00 A B CDEF GH 0.0 A B CDEF GH

Figure 2: Example heatmaps of piece activity for White and Black in a single
game. Each grid is a chessboard (ranks 1-8 vertically, files A-H horizontally) with
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color intensity showing how often a given piece type occupied each square. Such
visualizations can be extended across many games to reveal an opponent’s piece
placement tendencies. For instance, one might discover an opponent consistently
places knights on f5 (if the heatmap for knights has a hot spot there), or rarely
ventures rooks to open files.

e Performance by Phase and Other Charts: A preparation dashboard might include
a pie chart of the opponent’s win/draw/loss distribution in each phase: opening,
middlegame, endgame. Or a bar chart comparing their performance with White vs
Black. If, for example, the opponent scores 70% as White but only 45% as Black, that
informs us that pressing with White against them is crucial, while as Black we might be
content with solid play aiming for a draw. Other possible visuals include a time
management chart (average time spent per move or percentage of games where they
flagged on time) and rating performance graph over time to gauge their form
trajectory.

Using these tools, the coach or player can quickly glean the key points without
wading through raw data. Visualization turns raw numbers into actionable
intelligence, aligning with the idea that charts and graphs help “reveal whether...
blunders are declining, or certain openings are consistently underperforming”. Indeed,
effective use of charts and tables can spotlight an opponent’s blind spots at a glance -
maybe a spike in blunders in queenside castling positions or a drop in endgame
conversion rate in recent years.

Analysis: From Data to Game Plan

After assembling the opponent’s profile through the above methods, the crucial
step is synthesizing this knowledge into a concrete game plan. The analysis doesn’t
end with identifying facts; we must decide how to exploit them in an upcoming game
or match. Here we present how a hypothetical preparation for a match against a top
Grandmaster (GM X) could be formulated, illustrating the process with real-case
references.

Opening Preparation: Suppose our analysis of GM X’s games showed that he
struggles against the French Defense: in 15 games facing 1.e4 e6, he scored only 30%
and often chose suboptimal lines. We also found that he heavily favors 1.e4 as White.
This strongly suggests a strategy: if we are playing Black against GM X, consider
steering the game into a French Defense. Equipped with engine analysis, we would
prepare the latest theoretical developments or even a new surprise move in the
French, targeted at a line GM X has played. Because engines have accelerated opening
theory discovery (finding improvements 20-30 moves deep in well-known lines), our
team would use Al to scrutinize the specific variation of the French that GM X plays,
ensuring we have an antidote or a sharp novelty ready. This way, we are not just
playing into their weakness, but doing so armed with “novelties” that engines helped
uncover. On the flip side, if we have White against GM X and we see he defends the Slav
reliably but perhaps has issues against the King’s Indian when he’s White (just as an
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example), we might choose to avoid mainline Slavs and instead open with 1.c4 or 1.Nf3
to reach positions he’s less familiar with.

Exploiting Tactical vs Positional Bias: Our style profiling might reveal that GM X is
an excellent tactician but less comfortable in slow maneuvering battles. If engines
show that most of his blunders occur in long strategic endgames, our game plan could
be to simplify the game early and trade down into an endgame. For instance, choose an
opening that leads to a queenless middlegame and test his endgame technique.
Conversely, if the data shows he falters in sharp positions, then we aim to sharpen the
game. We could prepare an opening variation known for complexity. In one case, a
player who realized “my opponent’s weakness is open tactical games” deliberately
chose an aggressive line (like an early gambit) to provoke complications. The Al
insights on tactical performance (like how many tactics the opponent misses) directly
inform this choice. In our scenario, if GM X’s tactical alertness is high but endgame play
is poor, we do the opposite: avoid chaotic tactics and instead guide the game to an
endgame even if it means a small risk in the opening.

Time Management and Psychological Factors: Let’s say our analysis indicates GM
X often gets into time trouble, especially in complex positions around move 30.
Knowing this, our plan could involve complicating the game around that stage. We
might accept a slightly inferior position if it’s complex enough to consume his clock. Al
cannot directly play the game for us, but it provides these cues - for example, if we
have a roughly equal position but we know the opponent is a notorious time-
scrambler, we might choose a continuation that has many possible pitfalls (forcing him
to calculate extensively) rather than a simplified drawish path. This approach paid off
in practice for some players: they prepare lines that are objectively equal but so
difficult that the opponent will burn time and perhaps blunder. As another angle, if
Aimchess-style analysis rates GM X’s “resourcefulness” as low (meaning he rarely
saves bad positions), then we know that obtaining an advantage, even a slight one, and
pressing it will likely yield a full point - he won'’t wriggle out easily. Thus, our plan as
White could be to press small advantages relentlessly, confident that he won’t find
miracle defenses.

Case Study - World Championship Preparation: An illustrative real-world
scenario is the 2018 World Chess Championship, Carlsen vs Caruana. Both teams
employed intensive Al-fueled prep. It was revealed that Fabiano Caruana’s team had
built an extensive opening database, including analyses with neural-network engines
alongside traditional engines. In fact, a sensational incident occurred when a video clip
leaked a glimpse of Caruana’s preparation file: a laptop screen with a ChessBase
window listing his intended opening lines and the names of his grandmaster seconds.
The leaked content suggested Caruana’s team had prepared specific variations and had
several GMs working on those lines with him. This underscores the level of detail: they
effectively used Al and human expertise to map out every critical opening branch
Carlsen might choose, and to devise responses or new ideas in each. Reputedly,
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Caruana even incorporated ideas from AlphaZero-inspired play, acknowledging the
“creative potential of AlphaZero” in finding fresh plans in tried-and-tested lines.

During the match, both Carlsen and Caruana felt the intensity of this Al-aided
prep. Carlsen noted after one game that “He [Caruana] seems to have out-prepared me
with the black pieces so far, so I'll have to try harder.”. This was a rare admission by
the World Champion that the challenger’s engine-assisted preparation in certain
openings (Caruana’s Black repertoire) had neutralized Carlsen’s usual advantage.
Meanwhile, Caruana himself reflected that in the very first game he was “out-prepared
certainly” by Carlsen and landed in a losing position out of the opening. These
comments highlight a key point: at the top level, matches are often won or lost in the
preparation phase. Al contributes significantly by elevating the accuracy and depth of
that preparation. The side that comes with a better-mapped “data system” of the
opponent gains a critical edge from move 1.

Case Study - Adapting to Opponent in Candidates Tournament: To consider
another example, in the Candidates (the elite tournament to decide the challenger for
the world title), players prepare for multiple opponents. A notable case was GM lan
Nepomniachtchi's preparation in 2022. Nepomniachtchi’s team, using Al analysis,
noticed that one opponent, GM Alireza Firouzja, had a tendency to over-press in
tactical positions. When Nepomniachtchi faced Firouzja, he chose a solid line inviting
Firouzja to overextend, which indeed happened and led to Firouzja’s collapse. While
details of Nepo’s prep are private, such outcomes are consistent with targeted
preparation: identifying through engine analysis that Firouzja’s dynamic style could
backfire, and then allowing him enough rope to hang himself. Similarly, one could
point to Ding Liren’s preparation for the 2023 World Championship match, where he
surprised Nepomniachtchi by playing the typically quiet London System in one game -
likely a choice informed by data that Nepo hadn’t faced that opening often and might
be less prepared for its subtleties.

In all these cases, the pattern is clear: Al gives players confidence to enter lines
they might otherwise avoid, because they have done their homework with silicon help.
This extends to endgames as well. Tablebase-solving engines (for small-piece
endgames) mean if our preparation identifies a specific endgame that the opponent
misplayed in past (say, rook and bishop vs rook, which they failed to defend correctly),
a player can literally memorize the winning method with tablebase perfection. Then if
that scenario arises, they can capitalize on the opponent’s known weakness. Al
analysis can even suggest provoking certain endgames - for instance, if an opponent is
weak at defending pawnless knight vs pawn endgames, a player could steer into that
endgame knowing they have studied it in depth with an engine, whereas the opponent
may falter.

Limitations and Human Integration: It should be noted that while Al provides the
information, the human player and coach must integrate it wisely. Overloading a
player with too many statistics or variations can be counterproductive (a phenomenon

311

AL

R

-
2

ooy

G
2%

%
]
U‘U

%

o

£

OR

)

m')\

) >
3

AT’
¥
Hid
o~

}
%.

)
~

3
)

-

T

<4

5

-
¢

KK
5

>

5
R
A4

9
\
Nl

G
’J;v

A

<
55

Y4

~

¥
4

S0

I OA
NE
S

——

T

(<

<4

S

50

<
Qe
Py
A

X

5

&

e

R

\

G
i
N

ma,

e
¥
w~

¥
A0

O

55"
Wk

&

)

¢

2

-,

ok

X

B
Y
A

%

GQ
Nl

Ty

Q

D)
o~
o~

'

e

n*-\
~

o

T
o

£y

A

%3

!

X

A

o
e

6.

Qe
%)
w~

".\l/
N
A ns

)
~

Ok

o4

¢

"
- g

P

G

Q

AT’

%)

@
3¢

A
O,
2%

i

W

L€

e

s

0
£

N

%

) VG
p2

)
e

oy

I OO0
V.
Tl )
{t\"\l

4

)
s
G

)

A

&
Y
-3
S

‘\'J

N

L

9

£

0.2‘ ~

2
o~

{

§A

¥
F‘.
>, i‘ s

-

3

Y.

%



g‘:\? O‘ZBEKISTONDA FANLARARO INNOVATSIYALAR VA E@
< 47-50N ILMIY TADQIQOTLAR JURNALI 20.12.2025 -

RVL

e,

D)

3 /gm';

&3

5706)

RV L

\

o &

2,,

&

¥
o

.

x?f

¥
»

6,5,\1‘1

{

%

VL

b

£

SR

)

&

RV L

D
e
NES

.

£

<

£

'\*ﬂ

o

W0

iR
&

ROl

)

NER,

”))

¥

.

19}

P
iR
&L

o

&

VL,

4>
D
U*U

X0
i

IS
HES,

-

y?é%

¥
2

ofh

£

e
T

%

N\
.
2
oL

e
3, e
N

A
¥CR,

¥,
i

%

2

iR
&

RV

T

P~

%)

g

LN

AV

~

e
3: ‘G
%5&

)

known as “preparation paralysis”). Therefore, in practice, the team will prioritize a few
key points. For example: “Opponent X: likely to play Najdorf Sicilian; has weakness on
dark squares; blundered in two games when faced with sacrifices on g5 - prepare that
motif; aim for endgames if possible.” These distilled pointers come from the deep
analysis but are communicated in simple terms the player can recall during the game.
The human element also lies in psychology: maybe the data says opponent X blunders
in long games - but if this is a final round where they’ll be extra focused, one must
account for that. Al offers powerful guidelines, but human judgment adjusts the game
plan to the context.

Discussion

Our exploration demonstrates that incorporating Al into chess preparation yields
a significant competitive advantage, essentially becoming a standard at the top level.
The role of Al can be viewed through multiple lenses:

e Augmentation of Human Analysis: Al does not replace a grandmaster’s
understanding but augments it. A coach might suspect an opponent has a weakness in
complex endgames; Al confirms this with concrete data (e.g., “in 10 Rook endgames,
opponent’s conversion rate was 50% versus an engine’s expected 80%”). This synergy
of intuition plus verification leads to more robust strategies. Moreover, engines often
discover non-intuitive ideas that humans overlook. These can be directly adopted as
novelties or used to enrich the player’s understanding of a position. The discussion
with seconds (assistant coaches) now often revolves around “what does the engine
suggest here, and why?” - turning engine output into instructive points that the player
can remember. This reflects a shift in coaching methodology: training not just with
human concepts but blending them with Al insights, which has “reshaped the
landscape for modern players”.

eData-Driven Decision Making: The preparation process is increasingly
resembling data science. Just as businesses use analytics to drive decisions, chess
players use opponent analytics to drive their opening choices and strategy. This can
make preparation more objective. Instead of relying on hearsay (e.g., “GM X is poor
under pressure”), a player can know (“GM X blundered in 5 of the last 8 rapid games
after move 30”). By quantifying aspects of play, Al brings a level of rigor to chess
coaching. It also allows monitoring improvement: if you face the same opponent a year
later, you can compare current data to a year ago to see if they patched their
weaknesses or changed style. This is analogous to a doctor comparing medical reports
- it's evidence-based preparation.

ePsychological Confidence: Knowing that one’s preparation is backed by the
strongest engines and thorough analysis gives a psychological boost. Players enter the
game feeling, “I am ready for anything this opponent will do; my team and I have
checked everything with Al” This confidence can translate into better play.
Conversely, if a player neglects Al preparation, they may fear that the opponent could
spring an engine-cooked surprise. Indeed, not using Al when everyone else does is
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seen as a serious handicap at high levels. This dynamic raises an interesting point: as
everyone gains access to strong Al, the playing field evens out in terms of pure
analytical power. Thus, the differentiator becomes how effectively one uses the tools
and how creatively one can still go beyond the common engine suggestions (since both
players may have run Stockfish on each other’s games, likely finding similar “best”
lines). The discussion in top chess circles now often centers on human creativity +
engine rather than engine alone.

e Limits of Al Analysis: It's important to acknowledge limitations. Al evaluation is
incredibly strong tactically, but sometimes an engine’s top choice might not suit a
particular human’s style or could be practically hard to play. Also, engines evaluate
assuming perfect play from both sides; in practice, a line that is “0.00” (equal) might be
very hard for a human opponent to handle, thus a great choice - or vice versa.
Therefore, part of the discussion in preparation is to weigh engine analysis with
practical considerations. Additionally, while Al highlights what the opponent does
wrong, it does not automatically tell why. Understanding the root causes (e.g.,
opponent doesn’t grasp certain pawn structures, or panics under time pressure) is a
human-led process. Machine learning models (like the mentioned style classifiers) are
getting better at bridging this gap by identifying patterns correlated with style or skill,
but they are still supplementary.

oAl in Training and Improvement: Beyond preparing for specific opponents, the
same tools help players improve their own game. By analyzing one’s own weaknesses
with Al (essentially doing for yourself what we described doing for an opponent),
players can address those issues in training. This symmetrical use of Al - to scout
opponents and to self-reflect - is becoming a hallmark of modern chess training. It is
not unusual for grandmasters to have personal “statistics dashboards” much like the
opponent profile we built, to track their progress. The feedback loop is clear: Al
identifies a weakness, targeted practice or lessons address it, and improvement is
measured in subsequent games. Coaches now incorporate such reports in their regular
work with students.

In summary, the discussion suggests that Al has become an indispensable second
for every top player. It provides encyclopedic knowledge, unerring tactical analysis,
and insights that were formerly in the realm of guesswork. However, the human
element remains vital in guiding the analysis, interpreting the opponent’s psychology,
and executing the plan over the board. The optimal approach marries human expertise
with Al capabilities - neither alone is as potent as both combined.

Conclusion

Artificial Intelligence has firmly cemented its role in high-level chess tournament
preparation. We have outlined how a scientific, data-driven approach - leveraging
game databases, chess engines, and analytics platforms - allows players to dissect an
opponent’s style with unprecedented depth. The preparation pipeline moves from raw
data (PGNs of past games) to rich analysis (error statistics, opening trees, style
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metrics) to actionable strategy (tailoring opening choices and game plans to exploit
identified weaknesses). Case studies from world championship play and elite
tournaments reinforce that those who best harness Al insights often gain the upper
hand even before the first move is played.

For the target audience of high-level players, coaches, and researchers, several
key takeaways emerge: (1) Comprehensiveness - one must leave no stone unturned in
gathering and analyzing opponent data; even a slight oversight could be the hole an
opponent’s novelty exploits. (2) Integration - the facts and figures from Al analysis
must be integrated into a coherent plan that the player is comfortable executing;
preparation is only as good as the player’s ability to remember and use it under
pressure. (3) Continual Learning - Al tools and models are evolving (for instance,
newer neural network engines or improved style-classification algorithms), so staying
updated with technology is crucial for maintaining a competitive edge. (4) Human
Creativity - despite Al's dominance in analysis, the human capacity for creativity and
psychological maneuvering can create new opportunities; the most successful players
use Al to enhance their creativity, not replace it.

Moreover, the techniques pioneered in chess analysis could transfer to other
sports or domains where strategic preparation is key, underscoring chess’s place as a
testbed for Al-human collaboration. In conclusion, Al has transformed chess
preparation into a true scientific discipline - one where the age-old adage “knowledge
is power” rings truer than ever, with data and algorithms providing that knowledge in
ways the previous generations could only dream of
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