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ABSTRACT 

The role of memorized chess openings in achieving mastery has long been debated. This study attempts to prove 
a relation between exposure to different phases of a chess game and the change in skill over the course of a 
year. Using the Lichess open database, the researcher analyzed game lengths and changes in Elo over a one 
year period for accounts ranging from beginner to advanced. The method isolates length of chess games from 
the Elo measurement to allow for tracking of persistent variables over the period of the year. This allows for 
the examination of a player’s tendency towards longer or shorter games, which was compared to their change 
in skill over the year. Contrary to my hypothesis, the results suggest a near zero correlation between length 
tendency and change in Elo relative to peers.  

Introduction 

“Why do you hate Chess? Being the be- probably, possibly, the best Chess player ever?” an interviewer asked 
Bobby Fischer who was nearing the end of his life. “Because I know what Chess is all about! It’s all about 
memorization. It’s all about pre-arrangement” (Bobby Fischer on Paul Morphy and How Opening Theory De-
stroyed Chess, ca. 2005). Though Fischer was largely considered a recluse and unstable at the time, his assess-
ment on openings certainly has some merit in modern day; the current highest ranked chess player, Magnus 
Carlsen, confided that studying openings takes up 80% of a player’s time (Magnus Carlsen, 2011). The opening 
stage of chess generally consists of theory, or book moves that have already been studied. The best moves 
during this stage of the game are often memorized as far as possible to gain an advantage, sometimes pushing 
30 moves (Lars Bo Hansen, 2008). I hypothesize that this problem has only gotten worse, as modern resources 
have key differences. Since World Chess Champion Kasparov lost to the computer Deep Blue in 1997 chess 
knowledge has been democratized (Kasparov, 2010). The average person can access a computer capable of 
running a chess engine that is superhuman in performance. This rids the necessity of opening analysis through 
masters, and instead places it in the hands of chess engines. This has many implications from learning outcomes 
to equity, but most notably for this research, it means that a modern chess player can memorize the best moves 
as far as they see fit. I hypothesize that this new ability to spend time memorizing openings with a computer 
predicts poorer learning outcomes. Not only does the chess engine do much of the analysis formerly left to the 
player, but players direct their focus away from deeper, more involved learning techniques more heavily sup-
ported by the body of literature, such as meaningful and active learning. This study seeks to prove this correla-
tion between the opening and poor learning through the use of novel datasets and analytic techniques. 
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Literature Review 
 
The acquisition of chess knowledge has been of great interest in the study of problem-solving methods in the 
brain (Van Der Maas & Wagenmakers, 2005). Many psychologists have studied chess masters to gain insight 
into thinking itself (Morales, 1996; Grabner et al., 2007). Chess fits this role well due to its inherent easily 
measured properties (Van Der Maas & Wagenmakers, 2005). Part of what makes modeling chess useful is how 
long the learning process is. It takes years of effortful practice to become a grandmaster in the game and longer 
to become world-class, much in the same way as expert musicians or mathematicians (Ross, 2006). This allows 
for longitudinal studies to become very effective for testing learning methods, their key weakness being the 
cost of data collection and the time investment. Likely because of this, there are few reputable longitudinal 
studies data.  

A longitudinal analysis by Howard (2011) even found that self-reported logged hours of studying had 
a very low correlation with chess skill, concluding that the number of games played made a far better prediction. 
Likewise, a ten year study by Gaschler et al. (2014) on German players found similar though less extreme 
results, with some improvement that wasn’t modeled by practice. This opposed prior literature which found 
significant correlation with length of study (Gaschler et al., 2014). Chowdhary et al. (2023), however, took a 
novel approach. They employed the Lichess open database to analyze a year’s worth of games to determine the 
predictive value of winning streaks. This database contains statistics about every game played on the website 
since its creation in 2013 (Duplessis, 2024). Chowdhary et al. (2023) further explored this structure by analyzing 
the diversity and specialization of opening sequences among players of different skill levels. They observed 
that expert players tend to specialize in a narrower range of openings compared to beginners, suggesting that 
expertise involves developing a deeper understanding of specific opening variations and their strategic impli-
cations. They also found that beginners tend to go on longer winning streaks than advanced players. This method 
addresses both difficulties with the longitudinal approach: cost and time investment. Though, while innovative, 
it fails to bridge the gap of longitudinally studying improvement over time. Further chess literature appears rife 
with studies employing the Lichess open database that study chess more so than the players.  

For example, Holdaway, C., & Vul, E. (2021) were able to create a clever operational definition to 
model risk taking behavior. It was as simple as measuring the number of possible responses from the opponent, 
with the more responses, the riskier the move. The logic is that as the breadth of necessary knowledge increases 
it limits the possible depth. With lower depth means less overall knowledge about the state of the game, hence 
the risk. Although the Lichess database reports limited statistics, through clever operational definitions, more 
complex properties can be modeled.  

Curiously, none of them have attempted to track player progress over time with the massive collection 
of data despite the poor understanding and disagreement prevalent with prior longitudinal studies. My study 
will aim to address this gap with the application of the prominent psychological models used in current chess 
improvement studies to Lichess datamining. The goal is to merge the two fields so that the Lichess database 
can be used as a source of data on long term learning. There are two notable theories that chess could provide 
insight to. Active learning is when a person is conscious of and in control of their learning experience (Arm-
strong, 2010). Similarly, deep or meaningful learning occurs when one relates knowledge to what one already 
knows. The goal of education, according to Jonassen & Strobel, 2006 is to achieve meaningful learning. These 
learning structures are the goals of education due to the high correlation with success and enjoyment. Contrary 
to this notion, rote learning is when one learns with no effort to integrate concepts with already existing 
knowledge, often by simply repeating phrases in an attempt to keep them in memory. This form of learning is 
far more easily forgotten. King and Russell (1966) demonstrated this with an experiment in which participants 
attempted to memorize a text. One group was instructed to attempt to memorize it word for word, and the other 
was instructed to just remember main ideas. The latter group was able to recall more information overall. 
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These definitions can be expanded with the learning model of effortful practice. Ross, 2006 reinforces 
that it takes years of effortful practice to become a grandmaster in chess and longer to become world-class, 
much in the same way as musicians or mathematicians. He touts the ten year rule of effortful practice as the 
mark of a master. He also brings up the fact that people don’t improve in driving despite practicing it every day. 
That’s an example of non-effortful practice. Similar findings have been independently reached by Ericsson, K. 
A. (2008). They found that any improvement in performance comes from the integration of complex intersen-
sory performance only achieved through deliberate practice. Ericsson applies this to chess with a simple learn-
ing strategy: replay a chess master’s game and predict their moves. If your move matches theirs, then there’s 
nothing to change. If it doesn’t, then you must reevaluate your thought process. This method of learning can be 
thought of as similar to a progressive overload in weight lifting, where you train heavier and heavier weights. 
In this model, the reason people don’t get any better at driving over time is because there is no new challenge.  
 

Methodology 
 
The design of the study will feature a correlational analysis between the length of chess games for an account, 
and their improvement over a year. This study will require two operational definitions. The first is the measure 
of chess skill that will be tracked over time. The Glicko-2 rating system is included in the Lichess database and 
is generally considered the most reliable measure of chess skill, albeit with a more computationally complex 
algorithm. This is ideal for my study as the rating was precomputed. It is so frequently used because of its 
validity as a measurement. Veček et al. (2014) showed that the Glicko-2 system was the most accurate way to 
rank players. The only downside noted was the complicated formula, but the Lichess database contains the 
measurement precalculated for all data points. This measurement is also frequently referred to as Elo. 
 

 
 
Figure 1. The correlation between the Elo of a game and the length 
 

One challenge involves defining a metric for "length of chess games" that is independent of a player's 
skill level (ELO). A single number that describes their percentile compared to other players independent of skill 
is desired. A naive approach would be to take every game the account has played over the year and average the 
length of each game. This fails because average move length is dependent on Elo (Fig 1). This would skew the 
results because an account with a higher average game length will simply reflect their higher skill, not their 
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exposure to different game phases. To account for this effect, players must be compared to their peers in a 
similar Elo.  

A better method is to calculate the average length of game for various Elo ranges. Then the length of 
each game can be compared to how long a player of their skill level would normally be playing. These z scores 
will then be independent of skill and can then be averaged for each account to understand how above or below 
average they were in game length across the year compared to their skill.  
 

Data Source 
 
Like many other studies using the psychometric approach on chess, the Lichess open database will be used. The 
database contains about five billion games at the time of writing, making it the largest open chess database. 
This great amount of data lends itself well to a longitudinal study. This is because each account will have games 
stored across several years. For the purpose of this study, that will allow for analysis of the variables correlating 
with growth. 
 

Statistical Analysis 
 
Skill improvement will be calculated with two variables, first observed Elo, and last observed Elo. Players were 
then ranked by how much their Elo exceeded (or fell short of) the average within their skill group. Skill groups 
encompass groups of 50. Groups of much lower size would have been ideal, however the sample sizes would 
become less statistically significant. Groups of 50 strike a balance between sample size per group and the con-
tinuity of data. The data for the first column is interpreted as the following: the average player, starting with an 
Elo between 700 and 750 exclusive, in January increased about 123 points over the year, with a standard devi-
ation of about 187. 
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Figure 2. The average increase and standard deviation computed for change in Elo over the year 
 

Similarly each skill group was calculated for average length of chess game, along with the standard 
deviation.  
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Figure 3. Sample of the average length of a game for each Elo category and its standard deviation. Shortened 
for brevity. 
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Data Pipeline 
 

 
 
Figure 4. Data Pipeline 
 
In order for these calculations to be performed, a data pipeline was constructed for the main purpose of data 
accessibility and modularity. The first step in the data pipeline was to download the twelve months of PGN 
files, which stored collections of about one hundred million games. Each month is about 30 GB.  
 

 
 

Volume 13 Issue 3 (2024) 

ISSN: 2167-1907 www.JSR.org/hs 7



   
 

   
 

Figure 5. The list of all chess games downloaded including size and number of games. 
 

The second step was to decompress each file, which increased each file sevenfold to about 220 GB per 
file leading to 2.5 TB total. One common option which was employed by Holdaway and Vul (2021) at this point 
is to decompress the files and analyze the chess games while they are still in memory. This would completely 
eliminate the need to store 2.5TB of data. I rejected this, because the difficulty of programming required would 
take more time than it would save. Further, the potential speed increase wasn’t necessary as in the next step, 
each file would only take a few hours to process. Parsing was done with pgn-extract, which is a program written 
in C that can parse large PGN files.  
 

Conversion from PGN Format 
 
The PGN format inside of the Lichess database was unsuitable for this project. The data size was far too large, 
including information that wasn’t necessary to the project. Moreover, sequential searching for all of the games 
played by a user took over an hour, which wouldn’t be feasible with a sample size of over one hundred thousand 
users.   
 

 
 
Figure 6. Sample of a full chess game in PGN format 
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Therefore, I used pgn-extract to extract the players, their Elos, the result, the time control and the 
length of the game. Each of these values is necessary to filter for the correct games, and to construct the length 
of the game and change in Elo variables. The WhiteElo and BlackElo refer to the Glicko-2 rating system. The 
first widely used rating system in chess was created by Arpad Elo. For historical and convenience reasons, 
many in the chess community refer to any rating system as “Elo” resulting in the naming convention on the 
PGN format (Veček et al., 2014). 

Rapid games in chess have a time control closer to ten minutes, compared to blitz or bullets five or 
two minutes respectively. I wanted longer time per player so that the game length wouldn’t be as heavily influ-
enced by time. I decided against longer classical games because there weren’t as many of them. After extracting 
these games from the month of January, I created an account list. The account list contained every person who 
had played a game longer than 10 minutes in the month of january. This yielded about 1 million accounts. The 
account list was then reduced to about 130,000 through random stratified Elo sampling. This would allow play-
ers of all skill levels to have equal representation within the correlational analysis. For this, I chose ten thousand 
accounts from each Elo range 800-2500. Finally the games from all of those accounts were uploaded to a Post-
gres database using the following columns (fig. 7). Relational databases are prevalent among research leverag-
ing the Lichess open database, however the exact type chosen didn’t appear to have a significant impact.  
 

Databasing 
 

 
 
Figure 7. Resulting database structure for chess games. 
 
Prior to the database, there were twelve .csv files containing games. These files were not organized by name 
and they were difficult to search entirely due to being separate. The database solved both of these issues. The 
Postgres database stored all of the games and players to be analyzed. The games tab contained about 18,000,000 
games, each with the winner’s name, Elo, and how many moves it took them to win. This allows for the search-
ing of all the games of an account across the year within a few milliseconds. The structure of the database lends 
itself to my project.  
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Figure 8. Resulting database structure for chess accounts. 
 

The accounts table contains the accounts list of about 100 thousand accounts from earlier, as well as 
two measurements: first Elo and last Elo. These values are how I compare skill increases or decreases over the 
year. The database also had a games table with the necessary information. An extra column of account_id was 
added to the games table. By adding this column and indexing it, the search for all of the games matching an 
account went down from two minutes to several milliseconds. 
 

Statistical Analysis 
 
After the database was set up to be queried by username, the application of statistical techniques could begin. 
A factor that measured how much a player grew compared to his peers was necessary. For this, I took several 
ranges of values for the first Elo measurement and computed the difference (Fig. 2). This was necessary to 
accommodate for the learning curve. Improvement gets much slower over time, so growth shouldn’t be meas-
ured in absolute form, but rather in reference to peers. For example, an exceptional increase in Elo from a highly 
rated 2000 Elo player would be 50. An exceptional increase in an average 1500 rated player would be 400.  

Next, to calculate game standard deviations for a player, each player had their corresponding games 
pulled from the database. First, the python script would check what their Elo was while they were playing that 
game. Next, it would search the table to figure out what range they were in. This is necessary to figure out how 
long their game should be on average. It would then compute a z score for that game, based on how above or 
below average the length of their game was. After creating and averaging all of the z-scores for an account, the 
result is a single number that represents how above or below average they were in game length over the year. 
After performing this operation for every account, they can be ranked in terms of their games’ lengths over the 
year. That value can then be compared to the rank of their growth compared to their peers. This is known as a 
Spearman correlation. It is used here as the density of the length of chess games is not a normal distribution. It 
has a right skew due to the lack of restrictions on total game length. 
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Figure 9. Ply is on the x axis and change in Elo is on the y axis. Change in Elo is measured in standard devia-
tions; ply is unitless 
 

Discussion 
 
The data yielded a correlation coefficient of 0.0632. This is a very low correlation coefficient suggesting near 
zero correlation between increase of skill and length of games. The percentile length of chess games cannot 
predict to any extent improvement over the course of a year. The null hypothesis, however, cannot be proven 
due to the limitations of the method. In this particular method, only statistically significant positive correlations 
can disprove the null hypothesis. This is because the imperfection of the operational definition of skill could be 
at play. Elo is an approximation for skill and, although highly accurate, contains slight error. It attempts to 
approximate the true skill of the player.  

Consider a player whose Elo is slightly inflated compared to their true skill. Due to this overestimation, 
the player is more likely to be matched against opponents who are stronger players than them. These stronger 
opponents would likely take longer to beat, leading to longer games for the player in question. However, since 
they're facing tougher opponents, they might lose more often. This could lead to their Elo decreasing over time, 
reflecting their true skill level. As their Elo adjusts downward to reflect their true skill, their game length might 
normalize. This creates a pattern where longer games are initially associated with a decrease in Elo, which is 
the opposite of what you'd expect for skill improvement. 

The same is true for a slightly underestimated player. Due to this underestimation, they might be 
matched against opponents who are actually weaker. These weaker opponents might be defeated more quickly, 
resulting in shorter games for the player. Again this is the opposite, where we’d expect to see lower increases 
in skill from short games.  

This effect is exacerbated in two ways. First, through the pairings in Lichess. Cheng and Camargo 
(2023) found that the vast majority of games occurred within a 100 rating point differential. This means a very 
narrow normal distribution with pairings that are highly sensitive to slight changes in rating. This contributes 
to the opponent's skill being more heavily affected by an under or over approximation. The greater the change 
in skill, the greater the aforementioned effect becomes. Secondly, the effect is amplified by winning and losing 
streaks. Chowdhary et al. (2023) found that most players tended to exhibit streaks while they were playing. 
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Because the real skill of a player lies somewhere in between the winning and the losing streaks, their Elo likely 
diverges from their underlying skill more often.  

Both overestimations and underestimations by the Elo system can introduce "noise" into the data. This 
noise makes it hard to distinguish between the true effect of game length on skill development and the fluctua-
tions caused by the imperfections of the Elo rating. 

Therefore the null hypothesis cannot explicitly be proven leading to an inconclusive result. Although 
this uninterpretable result is limited to studies that yield negative to zero correlation, it suggests the need for 
new statistical methods capable of handling these inconsistencies.  
 The spearman rank also might not have been able to overcome the skew of chess games. They were 
heavily right skewed, leading to a nonlinear relationship in probability. This is because a chess game cannot be 
less than zero moves, but it can be virtually infinitely long. Techniques that can normalize that skew may have 
revealed a stronger relationship. 

The method for sampling Lichess accounts was to take a file for all games played in a month, scrape 
the names of the players from each of the games, and choose randomly among them. This means I was only 
looking at accounts that played in the month of January. In order to remove bias, I removed duplicate names so 
that every account would have the same chance of being chosen. There is still a slight sample selection bias 
here however. An account that plays more games is more likely to have played sometime in the month of 
January than a less active player. This means I am slightly selecting accounts that play more chess more often. 
Another possible resulting sample selection bias is the month specific demographic changes, such as hemi-
sphere and age of the player. The effect size of these sample selection biases is likely negligible and they likely 
have nothing to do with the dependent variable of my study. Even so, the account selection could be more 
robust.  
 

Conclusions and Future Directions 
 
This study investigated the relationship between the length of games an account plays, and their improvement 
in Elo. The correlational choice was motivated by the existence of big datasets including the Lichess.org open 
database. Contrary to the hypothesis, the analysis revealed a near zero correlation, suggesting that the length of 
games played doesn’t predict Elo increase over time. However, this conclusion cannot be fully justified. The 
reliance on the Elo measurement, which is prone to swings could confound the analysis. 

Future operational definitions should be reviewed via survey to test whether they properly measure 
memorization. The design should have participants submit their Lichess accounts username and rank 1-10 how 
much they feel they study openings compared with other methods of study. If the correlation between their 
survey number and the number assigned to them through statistical analysis of their account are highly corre-
lated, it would lend this study more credibility. Further, this type of survey could be used to design operational 
definitions designed to be correlated with a specific factor. Therefore a followup study should inductively apply 
a more fitted technique, like a survey, instead of making assumptions.  

Future research could also rely on the novel methods of evaluating skill. While Elo is the most com-
mon, others include accuracy, which is generally a measure of how well your moves align with the engine. 
 For the definition of a memorized opening, Cheng and Camargo (2023) developed a technique for 
detecting chess accounts that were able to harness theoretically less successful openings to great success. This 
could be a potential next correlation analysis as that would appear to match the description of a player who 
studies the opening. Future research could see this field of data mining chess games become a rich source of 
human decisions appropriate for testing behavior models. 
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