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Estimating the peak age of chess
players through statistical and
machine learning techniques
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Because chess is played in formal tournaments and competitive environments, it requires physical

and mental endurance. This endurance declines as the years progress and can decrease the player’s
performance. As the player’s age increases, elements such as strategic thinking, game analysis, and
psychological endurance come to the fore. In chess, age is the most important variable, although it

is not the sole determinant of a player’s abilities and achievements. In this study, the age at which
Grandmaster level chess players reach the highest ELO levels and the 2,700 ELO threshold was
predicted. For this purpose, 12 forecasting models were created using 11 machine learning methods
with various variables. The model results were interpreted and the age at which some promising young
players reached the 2,700 ELO level was determined. This study finds that the average peak ELO age
for Grandmasters is approximately 30.65, with variations based on factors such as early attainment

of the GM title and gender differences. To enhance the reliability of prediction results, the percentile
bootstrap method was employed across all machine learning models. This approach allowed for the
calculation of confidence intervals, providing a more reliable interpretation of the predicted values.
These results provide insights into the career trajectories of chess players at the highest levels. This
study provides a good alternative for the calculation of classification scores in sports that are uncertain
and difficult to predetermine.
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Chess, also known as the “Game of Kings”, embodies elements of strategy, calculation, reasoning, endurance,
skill—or perhaps all of these. Tigran Petrosian, the 9th World Chess Champion, notably described chess by
stating, “Chess is a game by form, an art by content, a science by the difficulty of mastering”. One of the most
remarkable aspects of chess is that it can bring together players as diverse as an 8-year-old child and an 80-year-
old adult in competitive play. Perhaps this inclusivity is one of the reasons why chess has retained its popularity
over centuries.

As with all sports, age is a determining factor in chess performance. Starting chess at an early age is known
to enhance success' ™. Research has shown that aging negatively correlates with performance in tasks involving
optimal move selection and position recall in chess®®. In their study, Bertoni et al.” found that the median
productivity of professional chess players at age 40 was significantly lower than at age 20. Draper'in an analysis
of all strong chess masters of his time, observed that as players aged, their playing style became more predictable,
making it more challenging for them to defeat less skilled opponents. The same study concluded that increased
age brings greater susceptibility to fatigue, leading to more frequent calculation errors, a reluctance to take risks,
a higher likelihood of accepting draws, and a general decline in tournament performance. Nonetheless, it would
be unfair to attribute these performance declines solely to age. The growing availability of instructional chess
books, improved access to knowledge in chess software, advanced coaching methods (including opportunities to
train with the world’s best coaches online), the rise in international chess tournaments each year, the possibility
of playing numerous matches on free online chess platforms, powerful chess applications accessible on mobile
devices, and new regulations on thinking time in tournament games all contribute to young players’ tendency to
outperform older players and achieve higher levels of chess proficiency at early ages!''2.

The ELO rating system is a mathematics-based method used to rank players within the entire pool of
participants in chess tournaments!®. An ELO rating essentially reflects a higher likelihood of winning against a
weaker opponent and a lower likelihood of victory against a stronger opponent'. The system is updated monthly
by the World Chess Federation (FIDE) based on the results from officially rated tournaments. The highest

1Department of Econometrics, Faculty of Economics and Administrative Sciences, Sivas Cumhuriyet University,
58140 Sivas, Turkiye. 2Department of Data Science and Analytics, Faculty of Arts and Sciences, Giresun University,
28200 Giresun, Turkiye. “‘email: aerilli@cumhuriyet.edu.tr

Scientific Reports 2 : ~ o https://doi. 0.1038/541598-025-10386-3 . ature portfolio
ports| - ( (@ 3)11115&%?75%1“[05)/ of Slpl‘l%é/cr' ﬁ%/ ure, /Crms ol usé '1pply. nghts 1‘0501‘\/0(11 P



www.nature.com/scientificreports/

recorded ELO score belongs to Norwegian player Magnus Carlsen, who achieved a rating of 2,882 in May 2014.
Monitoring ELO scores is also crucial for professional chess players.

The ELO rating provides an objective metric for comparing players’ skill levels. This system allows players
to track their progress, observe changes in their ratings over time, and identify fields for improvement. In chess
tournaments, the ELO rating facilitates more balanced pairings, enhances competition, and enables players to
perform at their best. It also serves as a motivational factor, encouraging players to train and practice to increase
their ratings. Furthermore, the ELO rating assists players in setting specific goals to achieve. Players with high
ELO ratings may receive exclusive invitations to high-stakes tournaments with substantial prizes. Since the ELO
system is recognized by national chess federations worldwide, it also supports the global recognition of players.

FIDE awards titles to chess players to determine their status and ranking within the classification, provided
they meet specific criteria. If a player holds a title, they are an exceptionally strong player and likely a master.
The highest attainable title in chess is Grandmaster (GM). Once a player achieves the GM title, they retain it
for life, and the title cannot be revoked or downgraded except in cases of misconduct (up to date, only two
players have had their titles revoked due to cheating). Achieving the GM title signifies that a player is one of
the strongest chess players in the world and has proven themselves in challenging tournaments. FIDE began
awarding GM titles in 1950. According to the January 2024 ELO list, there are 440,386 players with a standard
ELO rating, of whom only 1,814 hold the GM title. Players with ELO ratings above 2,700 are classified as “super-
GMs”. In the initial years of awarding titles, challenges such as limited tournaments, unfulfilled criteria for title
requirements, international transfer difficulties, and financial constraints led to an average of only 4.68 players
per year achieving the GM title in the first 25 years following FIDE’ initiation of the title. In contrast, over the
past 25 years, this average has increased to 53.6 players annually. Before 2010, only four players under the age of
14 had achieved the GM title, while in the past 14 years, that number has risen to 12. The record for the youngest
GM is held by American player Abhimanyu Mishra, who achieved the title at the age of 12 years, 4 months, and
25 days. We are now in an era where the age at which a player becomes a GM is even used as an indicator of their
potential future strength - a remarkable development in the world of chess.

One of the questions many chess players ponder is the age at which a Grandmaster or any chess player
is likely to reach their highest ELO rating. Factors such as individual skill, tournament consistency, and
training frequency -each of which varies from player to player- will naturally influence the age at which this
peak rating is achieved. While age is a significant predictor of performance in chess, other factors, such as
psychological resilience, training frequency, and competitive experience, can also contribute to the variability
in peak performance age. These factors are considered complementary variables that might explain deviations
from age-related patterns in chess expertise. Nevertheless, an average age estimate can be determined, and the
performance of players after obtaining the GM title can be assessed. This study focuses on two main hypotheses:
the first is to determine the average age at which players holding the GM title reach their peak ELO rating,
and the second is to estimate the average age at which they attain the super-GM level (2,700 ELO or higher).
Additionally, the study examines other factors potentially impacting the achievement of maximum ELO ratings,
such as the player’s gender, whether they hold a World Junior Championship title, their birth year range, and
whether they achieved the GM title before ages 15 or 20.

Method

In the application part, data on 1,814 GMs from the January 2024 ELO list published by FIDE were utilized!.
The focus of the study was to investigate the age at which Chess GMs reach their best level and some factors that
may influence this age level. The reason for using age as the only independent variable in our study was to narrow
the focus of the research and to examine in isolation the effect of age on achieving the highest ELO score in chess
performance. Age is a universal factor that directly influences how a chess player’s cognitive abilities, experience
accumulation, and physical endurance change over time. Therefore, we first tried to design a simpler and more
interpretable model by controlling for the effect of other variables to understand the role of age in this process.

In the study, two different analyses were applied to chess data: statistical comparisons and machine learning.
Firstly, descriptive statistics were determined for the ages at which players achieved the GM title and reached
their peak ELO rating, based on specified variables. Statistical differences were then examined by applying a t-test
for two-group comparisons and an ANOVA test for multiple comparisons. The variables considered included
the age at which players became GMs, the year range during which they achieved the GM title, the age at which
they reached their highest ELO rating, gender, whether they held a World Junior Champion title, whether they
achieved the GM title by age 20 or younger, and whether they achieved it by age 15 or younger. Secondly, various
model structures were developed to estimate both the age at which GMs reach their peak ELO rating and the
time (in days) it takes for GMs to reach an ELO of 2,700. Eleven various machine learning methods were used for
these predictions, including k-NN Regression, Elastic Net, Lasso Regression, Ridge Regression, Support Vector
Regression, Linear Regression, AdaBoost, Random Forest, Multi-Layer Perceptron, Gradient Boosting, and
Decision Tree methods. Some of these methods (Decision Tree, Random Forest, Gradient Boosting, AdaBoost,
MLP) do not provide confidence intervals when calculating the prediction results. Therefore, we opted for the
percentile bootstrap approach, which can be applied across all models. The percentile bootstrap method creates
a prediction distribution by repeatedly resampling the dataset and then derives the confidence interval from
this distribution. This approach is particularly useful for reflecting prediction uncertainty, especially in non-
parametric methods.

Linear Regression analysis can be defined as the simplest type of regression model, used to capture a linear
relationship between dependent and independent variables. Its primary advantages are the ease and speed of
obtaining results, along with straightforward interpretation of the coefficients. The method relies on certain
assumptions, and when these are met, it provides strong predictive results!®!”. Support Vector Regression
(SVR), unlike classical regression methods, does not explicitly offer defined coefficients; instead, the model’s
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performance is assessed through support vectors. To understand the model’s behavior, one must examine the
effects of the support vectors, and the kernel function used'®. Ridge Regression provides coeflicient estimates
for each independent variable, contributing to the interpretability of the model. Ridge regression is particularly
useful in cases of multiple linear regression and with highly correlated variables!®. Lasso Regression also provides
coefficient estimates for each independent variable and is effective in high-dimensional datasets and multiple
regression contexts?’.

The Elastic Net model combines Ridge and Lasso regression methods, producing coeflicient estimates for
each independent variable, which aids in understanding how the model functions. Thus, Elastic Net regression
is a powerful method for both variable selection and prediction. AdaBoost does not directly provide coeflicient
estimates; instead, it works by assigning weights to weak learners to form a robust predictive model. As a result,
the model’s interpretability depends on individual weak learners and their respective weights®!. The k-nearest
Neighbors (k-NN) model also does not provide direct coeflicient estimates. Instead, predictions are based on
information from neighboring instances in the training set, making k-NN a non-parametric model where
interpretability hinges on the neighbors used and the number of neighbors (k) selected?.

The Multi-Layer Perceptron (MLP) model provides coefficient estimates for the connections between each
neuron. These coefficients are optimized during the learning process to improve the model’s performance,
making MLP a parametric model in which the coefficients are significant for interpretability?’. The Random
Forest model does not directly yield coefficient estimates; instead, it generates results by combining predictions
from multiple decision trees. The interpretability of this model relies on the structure of the trees and the
importance levels of each variable?*. The Gradient Boosting model estimates coefficients for each weak learner,
which are used to enhance the overall model performance. Therefore, Gradient Boosting is a parametric model,
and its coefficients are essential for understanding how the model operates?>?. Finally, Decision Trees do not
provide direct coefficient estimates; rather, the tree structure determines the decision-making process of the
model. The interpretability of the model depends on the tree’s structure and the features used?”.

The final prediction models were obtained by applying the k-fold cross-validation method, with =5, to the
techniques briefly described above. In k-fold cross-validation, the dataset is divided into equally sized folds (in
this case, 5). Each fold is used as a validation set once, while the remaining folds form the training set. This
process is repeated times, ensuring that each observation in the dataset is used for both training and validation.
The primary rationale for using k-fold cross-validation is to improve the model’s generalizability by reducing the
likelihood of overfitting to a single subset of the data. By averaging the results across the 5 folds, we obtain a more
reliable estimate of the model’s performance on unseen data. Based on the predictions generated, the optimal
models were identified as those with the minimum mean squared error (MSE) values, and predictions for certain
specified independent variables were calculated.

The machine learning methods in this study were implemented in Python (ver. 3.12.2) using the scikit-
learn library with default parameter settings, selected to standardize model implementation and facilitate
reproducibility across analyses?®. Additionally, all statistical analyses were conducted using both Python and R
(ver. 4.4.1), with a confidence level of 0.05 applied.

Code availability

The custom code used in this study was developed by the authors using standard Python libraries such as pandas,
numpy, scikit-learn, matplotlib, and seaborn. While the code is not publicly archived, it is available from the
corresponding author upon reasonable request.

Application

According to the January 2024 ELO list published by FIDE, there are 1,814 players worldwide holding the GM
title. Of these, 38 players fall within the super GM category, although historically, 131 players have surpassed
the 2,700 ELO threshold. Among the 1,814 players, 177 reached their highest ELO rating before attaining the
GM title. Additionally, 272 players achieved their peak ELO rating in the same year they became GMs, after
which they experienced no further ELO increases. Some of these players retired from active chess in the year
they became GMs, while a significant portion shifted their focus primarily to coaching rather than competitive
play. Table 1 presents the descriptive statistics for the ages at which these 1,814 GMs achieved their title and their

GM title age Peak ELO age
n Mean (sd.) | Median | Min | Max | Mean (sd.) | Median | Min | Max
All 1814 | 25.49 (7.21) | 24 12 |62 [3065(7.61) |29 15 |65
Male 1773 | 2549 (7.23) | 24 12 62 30.49 (7.76) | 29 15 65
Female 41 25.22(6.06) |23 15 41 29.29 (6.26) | 29 17 46
Junior Ch. 52 | 19.08 (3.04) | 19 14 |29 [2992(8.01) |29 19 |51
Others 1762 | 25.67 (7.21) | 25 12 62 30.47 (7.72) | 29 14 65
GM Age Max 20 | 366 | 17.34(1.55) | 18 12 19 24.61 (5.81) | 24 14 49
Others 1448 | 2754 (6.6) |26 20 |62 |31.94(7.45) |31 16 |65
GM Age Max 15 | 52 14.5 (0.72) 15 12 15 22.11 (4.73) | 21.5 14 34
Others 1762 | 25.81 (7.06) |25 16 62 30.71 (7.67) | 30 16 65

Table 1. Descriptive statistics of players’ for GM title age and peak ELO age by selected variables.
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GM title age Peak ELO age
n Mean (sd.) | Median | Min | Max | Mean (sd.) | Median | Min | Max
Being GM between 1970-1979 | 74 | 27.93(6.22) | 27 18 47 37.65(8.72) | 36 22 65
Being GM between 1980-1989 | 120 | 26.19(5.29) | 26 16 16 37.16(7.75) | 37 22 60
Being GM between 1990-1999 | 369 | 26.97(6.39) | 26 14 50 34.72(6.95) | 35 19 59
Being GM between 2000-2009 | 585 | 25.86(8.14) | 24 13 62 30.75(6.7) |30 16 61
Being GM between 2010-2019 | 501 | 24.26(7.07) | 23 13 61 26.72(5.65) | 26 14 52
Being GM between 2019-2024 | 165 | 23.06(6.07) | 22 12 45 23.1(5.05) |22 14 40

Table 2. Descriptive statistics for GM title age and peak ELO age by GM achievement year ranges.

Model Information | n Best Method RMSE

Model 1 132 | Linear, Ridge, Lasso, Elastic Net | 1385.8521
Model 2 82 | SVR 987.4119
Model 3 1899 | Linear, Ridge 6.0201
Model 4 1858 | MLP 6.0173
Model 5 41 | Elastic Net 5.0837
Model 6 40 | SVR 3.8403
Model 7 328 | Linear, Ridge 5.4484
Model 8 129 | MLP 5.0980
Model 9 1770 | Linear, Ridge 5.9428
Model 10 90 | Ridge 1.6325
Model 11 26 | SVR 702.7437
Model 12 71 | k-NN 1028.0155

Table 3. Best RMSE values for models used in the analysis.

peak rating, both overall and segmented by specific variables, including gender, whether the player is a World
Junior Champion, whether they achieved the GM title at age 20 or younger, and whether they attained the title
at age 15 or younger.

Based on the data from the 1,814 GMs in Table 1, the average age for achieving the GM title is 25.49, while
players reach their peak ELO rating at an average age of 30.65. There is a statistically significant (p=0.000) and
high positive correlation (r=0.65) between the age at which players become GMs and the age at which they reach
their peak ELO. When examining gender differences, it is observed that both the GM title age and peak ELO
age for women are lower than those for men. A possible reason for this is that 35 out of 41 female GMs earned
their title after 2000 (for comparison, the average age at which men became GMs after 2000 is 24.83, with a peak
age average of 28.13). No statistically significant differences were found between genders in terms of GM title
age (p=0.777) or peak ELO age (p=0.238). Additionally, no significant difference was examined in peak ELO
age based on whether or not players held a World Junior Championship title (p=0.510), as players with this title
typically achieve GM status directly and were therefore not statistically tested for GM age. Statistically significant
differences were found between players who achieved the GM title at age 20 or younger, as well as those at age
15 or younger, compared to other players in terms of both GM age (p =0.000) and peak ELO age (p=0.000). The
average peak ELO age for GMs who achieved the title at age 20 or younger is 24.61, while for those who became
GMs at age 15 or younger, the average peak ELO age is 22.11. Table 2 presents descriptive statistical values for
players’ ages at achieving the GM title and reaching their peak ELO rating, divided into 10-year periods.

According to the results in Table 2, there is a statistically significant difference in both GM title age and peak
ELO age across the different GM achievement year ranges (p=0.000). As expected, both the age at which players
attain the GM title and the age at which they reach their peak ELO rating have decreased over the years.

Examining similar statistics for the 131 players who surpassed the 2,700 ELO threshold during their careers,
the average age at which these players crossed the 2,700 mark was calculated to be 25.07. On average, these
players reached the 2,700 threshold 7.03 years after obtaining the GM title (r=0.913; p=0.000).

For the 52 living players who have held the World Junior Champion title, the average age at which they
achieved the GM title is 19.02, while they reached their peak ELO rating at an average age of 29.92. The odds
ratios for World Junior Champion titleholders surpassing specific ELO thresholds were calculated as follows: 2.7
for reaching 2,600, 0.44 for reaching 2,700, and 0.106 for reaching 2800. Therefore, if one holds the World Junior
Champion title, it can be said that surpassing the 2,600 ELO threshold in a relatively short time is likely.

In the second part of the application, 11 various machine learning prediction methods, as described above,
were used to estimate GMs’ peak age and the time taken for GMs to reach the 2,700 ELO threshold (in days)
based on certain variables. Model descriptions, variables, and prediction methods yielding the best root mean
squared error (RMSE) values are listed in Table 3. Different data sample sizes were used for each model in
Table 3, depending on the characteristics of each variable. In some model descriptions, the data sample size
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exceeds 1,814. This is because, while the January 2024 ELO list contains 1,814 players, data from 191 deceased
GMs were also incorporated where possible to improve modeling accuracy with additional variables (where
these variables were available). The RMSE results for all methods used in model estimation are provided as a
Supplementary Table SI.

In our study, we utilized the percentile bootstrap method across all machine learning models to enhance
the reliability of predicted values. By performing 1,000 iterations for each model, we generated a prediction
distribution. The lower and upper bounds of the 95% confidence interval were calculated from the resulting
predictions. This approach allowed us to express predictions not as single-point estimates but within a range,
thus more accurately reflecting model uncertainty. This method was chosen because some of the machine
learning models used (such as SVR, AdaBoost, k-NN, Random Forest, and Decision Tree) do not inherently
provide confidence intervals, making the percentile bootstrap a versatile and consistent approach for all models.

The definitions of the models created with the dependent and independent variables used in the models
specified in Table 3 are as follows:

Model 1: This model includes players (both living and deceased, where suitable data is available) who have
reached an ELO of 2,700 or higher. The dependent variable is “Y: Number of days for the player to progress from
2,600 ELO to 2,700 ELO”, and the independent variable is “X: Number of days for the player to progress from
2,500 ELO to 2,600 ELO”.

Model 2: This model includes players who have reached an ELO of 2,700 or higher, incorporating both living
and deceased players with suitable data, as well as players who became GMs after 1990. The dependent variable
is “Y: Number of days for the player to progress from 2,600 ELO to 2,700 ELO” The independent variables are
“X1: Number of days for the player to progress from 2,500 ELO to 2,600 ELO” and “X2: Number of days for the
player to progress from 2,400 ELO to 2,500 ELO” (Players whose data show 0 days from 2,400 to 2,500 ELO were
excluded from the analysis).

Model 3: This model includes all players, both living and deceased, with suitable data. The dependent variable
is “Y: Player’s age in the year they reached their maximum ELO score”, and the independent variable is “X:
Player’s age in the year they achieved the GM title”.

Model 4: This model includes only male players including dead players with suitable data information where
the dependent variable is “Y: Player’s age in the year of reaching the maximum ELO score” and the independent
variable is “X: Player’s age in the year of GM title”.

Model 5: This model includes only female players where the dependent variable is “Y: Player’s age in the year
of reaching the maximum ELO score” and the independent variable is “X: Player’s age in the year of GM title”.

Model 6: This model includes the players who became GM at the age of 15 and below where the dependent
variable is “Y: Player’s age in the year of reaching the maximum ELO score” and the independent variable is “X:
Player’s age in the year of GM title”

Model 7: This model includes the players who became GM at the age of 20 and below where the dependent
variable is “Y: Player’s age in the year of reaching the maximum ELO score” and the independent variable is “X:
Player’s age in the year of GM title”

Model 8: This model includes the players who have 2,700 ELO and over where the dependent variable is “Y:
Player’s age in the year of reaching the maximum ELO score” and the independent variable is “X: Player’s age in
the year of GM title”

Model 9: This model includes the players who have below 2,700 ELO where the dependent variable is “Y:
Player’s age in the year of reaching the maximum ELO score” and the independent variable is “X: Player’s age in
the year of GM title”

Model 10: This model includes those whose birth year range is over 2000 where the dependent variable is “Y:
Player’s age in the year of reaching the maximum ELO score” and the independent variable is “X: Player’s age in
the year of GM title”

Model 11: This model includes the players who have 2,700 ELO and over and became GM at the age of 15
and below where the dependent variable is “Y: The number of days until the player goes from 2,600 ELO to 2,700
ELO” and the independent variables are “X: The number of days until the player goes from 2,500 ELO to 2,600
ELO” and “X,: The number of days until the player goes from 2,400 ELO to 2,500 ELO".

Model 12: This model includes the players who have 2,700 ELO and over and became GM at the age of 20
and below where the dependent variable is “Y: The number of days until the player goes from 2,600 ELO to 2,700
ELO” and the independent variables are “X,: The number of days until the player goes from 2,500 ELO to 2,600
ELO” and “X,: The number of days until the player goes from 2,400 ELO to 2,500 ELO’.

Some of the prediction models generated using the methods described above (SVR, AdaBoost, k-NN,
Random Forest, and Decision Tree) do not provide coefficient estimates. Therefore, rather than specifying the
prediction models themselves, the prediction results for the dependent variable -calculated using certain values
of selected independent variables- are presented in Figs. 1 and 2.

The prediction results shown in Figs. 1 and 2 are based on the model(s) with the best RMSE value. The
bootstrap method significantly enhances the evaluation of prediction uncertainty in machine learning models.
By addressing the challenge of obtaining confidence intervals in non-parametric methods, it provides more
comprehensive insights into prediction accuracy and reliability. Thus, predictions are interpreted within a
confidence interval rather than as isolated point estimates. The dependent variable prediction and confidence
interval values obtained with different independent values for the 12 models are also given in Supplementary
Table S2.

The results in Figs. 1 and 2 can be interpreted based on certain values of independent variables as follows:

o Model 1 estimates that if a player takes 100 days to progress from 2,500 ELO to 2,600 ELO, the time required
to advance from 2,600 ELO to 2,700 ELO is 1,505.87 days (4 years, 1 month, 16 days - Lower Bound (LB): 2
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X1-X2 Combinations
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Fig. 1. Predicted values for selected independent variables in Models 2, 11, and 12.
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Fig. 2. Predicted values for selected independent variables in models 1 and 3-10.

years, 10 months, 14 days and Upper Bound (UB): 5 years, 5 months, 17 days). Similarly, for a player taking
500 days to go from 2,500 ELO to 2,600 ELO, the estimated time to reach 2,700 ELO is 1,773.62 days (4 years,
10 months, 14 days — LB: 4 years, 0 months, 15 days and UB: 5 years, 8 months, 29 days).

o Model 2 estimates that if a player takes 100 days to progress from 2,400 ELO to 2,500 ELO and 200 days from
2,500 ELO to 2,600 ELO, the time to reach 2,700 ELO is 1,416.07 days (3 years, 10 months, 21 days - LB: 3
years, 3 months, 4 days and UB: 4 years, 8 months, 29 days).

o Model 3 estimates that if a player achieves the GM title at age 12, their peak ELO age will be 21.77 (LB: 21.21
and UB: 22.38); if the GM title is obtained at age 15, the peak ELO age will be 23.79 (LB: 23.31 and UB: 24.28
); and if obtained at age 20, the peak ELO age will be 27.16 (LB: 26.82 and UB: 27.48).
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o Model 4 estimates that male players achieving the GM title at age 15 will reach their peak ELO at age 23.67
(LB: 23.17 and UB: 24.23), whereas Model 5 predicts that female players obtaining the GM title at age 15 will
reach their peak ELO at age 23.53 (LB: 20.46 and UB: 26.52).

o Model 6 estimates that for players who become GMs before age 15, if the GM title is achieved at age 12, the
peak ELO age will be 23.26 (LB: 21.51 and UB: 25.1); if achieved at age 15, the peak ELO age will be 23.62
(LB: 21.9 and UB: 25.1).

o Model 7 estimates that for players achieving GM status before age 20 if the GM title is obtained at age 12, the
peak ELO age will be 21.73 (LB: 19.76 and UB: 23.72), and if obtained at age 20, the peak ELO age will be
27.27 (LB: 26.03 and UB: 28.65).

o Model 8 estimates that for players reaching an ELO of 2,700 or higher, those who become GM:s at age 15 will
reach their peak ELO at age 25.24 (LB: 24.53 and UB: 26.03), while those achieving the title at age 20 will reach
their peak ELO at age 33.25 (LB: 32.29 and UB: 34.23).

o Model 9 estimates that for players who have not surpassed 2,700 ELO, those who attain GM status at age 15
will reach their peak ELO at age 23 (LB: 22.44 and UB: 23.51), while those reaching GM status at age 20 will
peak at 26.57 (LB: 26.18 and UB: 26.93).

o Model 10 estimates that for players born in 2000 or later, those achieving the GM title at age 15 will reach
their peak ELO at age 19.76 (LB: 19.01 and UB: 20.42), while those reaching GM status at age 20 will peak at
21.3 (LB: 20.96 and UB: 21.6).

o Model 11 estimates that for a player who becomes a GM before age 15 and is expected to surpass 2,700 ELO,
if they take 100 days to move from 2,400 to 2,500 ELO and 200 days to progress from 2,500 to 2,600 ELO, they
will take approximately 1,065.82 days (2 years, 11 months, 6 days - LB: 1 years, 12 months, 1 days and UB: 3
years, 10 months, 4 days) to reach 2,700 ELO.

o Model 12 estimates that for a player under age 15 who is expected to exceed 2,700 ELO, taking 100 days to
progress from 2,400 to 2,500 ELO and 200 days from 2,500 to 2,600 ELO, the time required to reach 2,700
ELO is estimated at 1,031.43 days (2 years, 10 months, 1 days - LB: 1 years, 7 months, 15 days and UB: 4 years,
1 months, 26 days).

Results

The chess ELO rating is a scoring system used to assess players’ skill levels. Today, the ELO lists updated monthly
by FIDE allow players to track their performance, set new goals, and boost their motivation. The calculation of
ELO ratings is still based on the principles established by Elo (1978). This system is mathematically driven, with
increases or decreases in a player’s rating determined by the outcomes of their matches. Although the upper
limit of a player’s potential ELO rating remains unknown, a 2,900 ELO rating is considered something of a myth
within the chess world. The highest recorded rating to date is 2,882, achieved by Norwegian ex-World Champion
Magnus Carlsen in 2014. The maximum achievable rating certainly varies for each player. But can these levels be
predicted? Forecasting the maximum level a chess player’s ELO rating might reach is challenging, as it depends
on numerous factors. Key influences include a player’s past performance, age, personal development, quality of
training and competition, psychological state, and environmental factors (such as sponsorship, marital status,
and support from the player’s federation). While it may be difficult to predict a player’s maximum ELO rating,
some insights can be made by considering these factors. In this study, 11 various machine learning methods-
based models were used to estimate the ages at which players might reach their maximum potential ELO rating
and the super GM threshold of 2,700 ELO. Variables such as the age at which players achieved the GM title, the
time taken to progress from 2,400 to 2,500 ELO, and the time taken to progress from 2,500 to 2,600 ELO were
utilized. The predictions derived from these models are presented in detail in Supplementary Table S2.

Today, the term “prodigy” is used to describe players who achieve the GM title at a young age, especially
those under 15. Historically, in the 1950s, the term “prodigy” referred to players who became GMs under the age
of 20, later narrowing to those under 18. Since 1963, all players who have held the World Chess Champion title
have achieved the GM title by age 20 or younger. According to the January 2024 list, 27% of players who became
GMs before age 20 and 58% of those who became GMs by age 15 or younger have surpassed the 2,700 ELO
threshold. Considering that a significant portion of these players continue to actively compete, this percentage
is likely to increase. Table 4 presents a list of “potential prodigy” players who achieved the GM title at a young
age and surpassed the 2,600 threshold in the January 2024 list. Using the models presented in Table 3, these
players’ peak ages and potential times to surpass the 2,700 ELO threshold have been estimated. To facilitate

Name Birthday | Nationality | Name Birthday | Nationality
Erdogmus, Yagiz Kaan | 2011 Tiirkiye Yoo, Christopher Woojin | 2006 USA
Mishra, Abhimanyu 2009 USA Dardha, Daniel 2005 Belgium
Gurel, Ediz 2008 Tirkiye Sadhwani, Raunak 2005 India
Maurizzi, Marc' Andria | 2007 France Sindarov, Javokhir 2005 Uzbekistan
Daneshvar, Bardiya 2006 Iran Suleymanli, Aydin 2005 Azerbaijan
Mendonca, Leon Luke | 2006 India Bjerre, Jonas Buhl 2004 Denmark
Murzin, Volodar 2006 Russia Nihal Sarin 2004 India
Pranav, V 2006 India Svane, Frederik 2004 Germany

Table 4. Prodigy players and their details used in the analysis.
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interpretation of the model outputs, visual summaries, including heatmaps and model comparison plots, are
provided. These visuals illustrate the performance of each model in predicting peak ELO ages, enabling a more
intuitive comparison across different prediction results.

The prediction results obtained from analyses using 8 of the previously defined 11 models for these players
are presented in Figs. 3, 4, 5 and 6 and also in Supplementary Table S3.

The Turkish prodigy Yagiz Kaan Erdogmus is estimated to surpass the 2,700 ELO threshold in the best-case
scenario by the September 2027 ELO list (1,050.58 days from reaching 2,600 ELO) and in the worst case by the
April 2029 ELO list (1,641.6 days from reaching 2,600 ELO). Erdogmus is projected to reach his peak ELO rating
at age 21.04 in the best-case scenario and age 22.8 in the worst-case. Another Turkish prodigy, Ediz Giirel, is
expected to surpass the 2,700 ELO threshold in the best-case scenario by the July 2027 ELO list (1,050.36 days
from reaching 2,600 ELO) and in the worst case by the May 2029 ELO list (1,725.71 days from reaching 2,600
ELO). Gurel is estimated to reach his peak ELO at age 20.01 in the best-case scenario and age 24.05 in the worst-

case.
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Discussion

As chess is a game that requires mental acuity, strategic thinking, memory, and experience, age plays a critical role
in a player’s performance. The importance of age in chess is manifested in several key dimensions: development
and change of cognitive capacity, accumulation of experience, physical endurance, and motivation.

Firstly, cognitive abilities evolve with age. Brain plasticity (the ability of the brain to undergo structural or
physiological changes) is high at young ages (especially until the early 20s), which facilitates rapid learning and
adaptation to new strategies**. During this period, chess players have an advantage in memorizing complex

openings, recognizing tactical patterns, and making quick calculations. Bilalic et a

13! showed that young chess

players reach specialization faster due to cognitive flexibility. Charness®? analyzed the changing cognitive profiles
of chess players with age and found that young players have an advantage in quick calculation and learning new

openings.

However, the skills required to master chess, such as long-term memory and pattern recognition, develop
with experience. Young chess players learn opening theory quickly, while older masters are deeper in positional
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understanding. Hartshorne & Germine®* reported that the 24-30 age range is the peak period for cognitive
processing speed. Tactical skills in chess, which require fast calculation, are maximized at this age. This is
supported by the fact that grandmasters usually reach their ELO peaks between the ages of 25-35 (The average
age at which 1319 GMs over the age of 35 reached their highest ELO is 33.11. If we add the GMs who lost their
lives in the last 15 years, the average value becomes 32.95). The only two players in the world to have reached the
2850 ELO threshold, which can be considered a record, were Carlsen at the age of 28 (2882 ELO) and Kasparov
at the age of 36 (2851 ELO). Players in their 30s and 40s often have a lower move speed than their younger
opponents, but can still perform at a high level thanks to the game knowledge and strategic depth they have
accumulated over the years. Masters such as Garry Kasparov or Viswanathan Anand, for example, have managed
to remain world-class competitive well into their maturity. This shows that age is not only a factor of decline but
can also be a factor that increases wisdom and understanding of the game.

Physical endurance is another important factor determining the effect of age on chess. Long tournaments
require many hours of concentration, which can be a physical advantage for younger players. Players over 40
may struggle more with factors such as fatigue and distraction. However, modern chess has also shown that this
disadvantage can be overcome by physical preparation and mental endurance (training). Many masters reduce
their training intensity after reaching their peak (e.g. after a world championship). This is also an age-related
factor.

Finally, motivation and living conditions change with age. Young players are often ambitious and risk-
taking early in their careers, whereas older players may not be able to maintain the same intensity due to family
responsibilities or career fatigue. Conversely, for some players, age can bring calmness and composure, enabling
them to make better decisions in stressful situations.

In summary, age in chess is a multifaceted factor that shapes both the upward and downward phases of
performance. Youth is characterized by speed and learning capacity, while maturity is balanced by experience
and strategic depth. Therefore, the age at which a player will reach their highest ELO score is not only a biological
peak but also a result of how these elements combine individually. Although historical data suggests that this
peak usually occurs between the late 20s and early 30s, each player’s age-related development curve is unique.

Conclusion

The application of machine learning in sports serves various purposes such as data-driven decision making,
performance optimization and strategy development. The general logic of these studies is to develop systems
that can make intelligent decisions without the need for human intervention on issues such as determining new
methods in data collection, extracting meaningful features from raw data, detailed analysis of individual and team
performances, match result analysis and strategy predictions, injury prevention and health management*-%°. It
would not be wrong to say that concepts such as machine learning, artificial intelligence, and deep learning
have started to be tried on chess in the sports world. The fact that the rules of the game are precise and limited
creates an ideal test environment for those working with these algorithms. The simplicity of the beginning of the
game but the complex moves possibilities that occur afterwards are ideal for testing both simple and advanced
capabilities of artificial intelligence. There are clear goals such as winning/losing in the game, which makes
comparison possible. It is the most important tool for direct comparison with human intelligence. Each move
creates a state space and the most ideal algorithms for training machine learning can be modelled. Thanks to
all these benefits, concepts such as machine learning and deep learning are frequently used in chess studies.
Although there is a test area especially in the field of computer programming, chess and machine learning are
also studied in different fields.

The study of Iavich and Kevanishvili*! and Archakov?? on chess and cheating, one of the most remarkable
topics of recent times, are remarkable. Studies on finding/improving winning move predictions in the game*3*
or researching/analyzing different stages of the game**~# are also of interest in this field.

This study aims to determine the age at which chess Grandmasters and super Grandmasters (players with
2,700 ELO and above) reach their peak ELO rating. To investigate this, 11 of the most widely used machine
learning methods in the literature were used for forecasting by adding confidence intervals obtained with the
bootstrap method. The application of the bootstrap method has significantly contributed to evaluating the
uncertainty of prediction results obtained through machine learning models. By addressing the challenge of
obtaining confidence intervals in non-parametric methods, the approach offers more comprehensive information
regarding the accuracy and reliability of predictions. The results indicate that predictions should be considered
not only as point estimates but within a confidence interval.

It is well known that individual factors, such as players’ abilities, tournament consistency, and training habits,
influence their ELO ratings and potential peak levels. In this study, variables such as gender, achievements like
the World Junior Championship, and the age at which the GM title is attained were used to predict players’ ELO
ratings and maximum levels. This study aims to provide a starting point where age is considered as a dominant
factor. The results obtained will form the basis for the development of more complex models with other variables
to be added in the future. For example, once the accuracy of my age-related ELO predictions has been tested,
a more holistic analysis can be made by adding factors such as region or education to this model. However,
at this stage, isolating the effect of age and making a prediction based on past data should be considered as
a practical and theoretically meaningful first step. Age is a common denominator that reflects all biological,
cognitive and psychological factors. Other variables (training, nutrition) are individualized, but age has similar
effects on everyone. Modelling how ELO changes with age provides strategic implications for training programs
and career planning.

Discovering and supporting young talents in chess at an early stage is perhaps the primary goal of programs
focusing on chess. Recently, we have been witnessing the rapid rise and success of countries such as India,
China and Uzbekistan, which have emphasized their efforts in line with this goal. The results obtained from this
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study (the maximum age that can be reached in line with the variables determined) can be determinants of the
performance of chess players after they become GM or Super GM.

Federations should provide counselling services to help players make long-term career plans, considering
the average age at which the maximum ELO is reached. Considering the impact of age on performance, they
should pioneer mental toughness and concentration training, especially for players between the ages of 25-35.
Age-appropriate training models should be prepared, and tournament programs should be more balanced to
avoid excessive wear and age for players approaching the age of maximum performance. Federations can update
future policies by analyzing players’ ELO development according to age. Artificial intelligence and machine
learning models can be re-modelled with factors other than age and more detailed policy recommendations can
be developed. Mentoring and management programs should be established across the country or in local regions
to enable masters who have passed the maximum performance age to pass on their experience.

The findings in this article provide key insights into career development for chess players by presenting
general trends and average age estimates. In conclusion, this study serves as a valuable resource for understanding
players’ potential and achievements within the chess world.

In the analyses conducted, ElasticNet demonstrated consistent superiority compared to other methods,
with an average ranking of 3.363 across 12 datasets and achieving a top-3 placement in 7 out of 12 trials. Its
low RMSE values, particularly on bivariate datasets, support the model’s generalization capability. However,
the Ridge Regression model’s (average ranking with 3.409) best performances in datasets with relatively fewer
observations suggest it could be a viable alternative in data-specific scenarios.

Data availability

Data supporting the findings of this study are available from the FIDE database, are publicly accessible at www.
ratings.fide.com. and were compiled by the authors. Study data are available on request from the corresponding
author from aerilli@cumhuriyet.edu.tr.
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