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Abstract

Influential meta-analyses have concluded that only a small to medium proportion of variance in performance can be
explained by deliberate practice. We argue that the authors have neglected the most important characteristic of deliber-
ate practice: individualization of practice. Many of the analyzed effect sizes derived from measures that did not assess
individualized practice and, therefore, should not have been included in meta-analyses of deliberate practice. We present
empirical evidence which suggests that the level of individualization and quality of practice (indicated by didactic
educational capital) substantially influences the predictive strength of practice measures. In our study of 178 chess
players, we found that at a high level of individualization and quality of practice, the effect size of structured practice
was more than three times higher than that found at the average level. Our theoretical analysis, along with empirical
results, support the claim that the explanatory power of deliberate practice has been considerably underestimated in
the meta-analyses. The question of how important deliberate practice is for individual differences in performance
remains an open question.
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Introduction

Despite a body height of only 1.81 m, Stefan Holm
became the world champion (indoor) and the Olympic
champion in high jump. The documentary film “Im
Korper der Topathleten [In the body of top athletes]”
(Yano & Miyano, 2008) shows how these great achieve-
ments were made possible. Holm compensated for his
natural body height limitation (for a professional high
jumper) with an extensive individualized training sched-
ule from the time he was a young child. His story is a
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prime example of what is possible when best learning
practices are applied over extended periods of time.
Ericsson et al. (1993) coined the term ‘deliberate
practice’ to describe this type of optimal learning
practice. They made two important claims about its
significance for expertise development, one related
to intra-individual skill development and the other
to inter-individual differences. With regard to intra-
individual skill development, Ericsson et al. (1993)
claimed that “high levels of deliberate practice are
necessary to attain expert level performance” (p. 392).
It is not a sufficient condition, however, because delib-
erate practice activities can also be associated with
failure, through overtraining, for example. Successful
attempts to continuously push individual limits would
require problem solving, finding effective learning
strategies and practice tasks, designing structured
practice in an optimal learning setting, and setting
appropriate learning goals. Thus, there is no guarantee
that even well-designed attempts to push one’s limits
upwards will be successful, let alone other forms of
practice in a domain, such as play, mere experience,

@ Springer


http://orcid.org/0000-0002-0782-3320
http://orcid.org/0000-0001-7027-2341
http://orcid.org/0000-0002-5173-6339 
http://orcid.org/0000-0002-9884-4185 
http://crossmark.crossref.org/dialog/?doi=10.1007/s12144-021-02326-x&domain=pdf

Current Psychology

or mindless drill. Such activities would likely lead
to plateaus in skill acquisition. With regard to inter-
individual differences, Ericsson et al. (1993) made
the bold claim that “individual differences in ultimate
performance can largely be accounted for by differ-
ential amounts of past and current levels of practice”
(p. 392).

Meta-Analyses of Deliberate Practice

Macnamara et al. (2014) and Hambrick et al. (2014) posited
that although deliberate practice is necessary in the acqui-
sition of expertise, it might be a far less powerful factor
than originally proposed. In the most comprehensive meta-
analysis of deliberate practice research to date, Macnamara
et al. (2014) reported that only 19% of variance in perfor-
mance, averaged over different domains and even after cor-
recting for estimates of measurement error, was accounted
for by deliberate practice. Clearly, 19% seems incompat-
ible with the assumption of performance differences being
largely accounted for by deliberate practice. While the
comprehensive meta-analysis of Macnamara et al. (2014)
was concerned with many domains, the earlier published
meta-analysis of Hambrick et al. (2014) only analyzed the
domains of chess and music. They performed a reanalysis of
the existing studies of chess and music expertise, corrected
for measurement error, and found—when assuming a relia-
bility of deliberate practice estimates of 0.80—34% and 30%
of variance in chess and music performance, respectively,
that could be explained by accumulated hours of deliberate
practice. Additionally, they reported a high variability in
accumulated hours of practice among the chess players at
certain levels of chess expertise. Based on these findings,
the authors argued that the deliberate practice framework
is not sufficient to explain performance differences between
individuals and proposed greater focus on other explanatory
constructs, such as general cognitive ability.

However, as will be outlined below, it is highly question-
able whether the authors of the meta-analyses did justice
to the concept of deliberate practice. As there is currently
no broadly accepted definition of deliberate practice and
consequently a lot of confusion about the term, in the next
section we will start by highlighting the core elements of
the concept according to Ericsson and colleagues. In our
opinion—despite the lack of a single accepted definition—it
is not problematic to define the characteristics that are nec-
essary for practice to be considered as deliberate practice.
Most importantly, to our knowledge, there has not been any
doubt that individualization of practice is necessary (e.g.,
informative feedback and diagnosis of errors). It is true that
there are controversies and even contradictions regarding the
need of a coach or a teacher, but we will save this (second-
ary) discussion for later.
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The Core Characteristics of Deliberate Practice
and Distinguishing it from Other Types of Practice

Ericsson et al. (1993) pointed out that deliberate practice is
not simply any deliberate learning activity, but rather those
“activities that have been found most effective in improving
performance” (Ericsson et al. (1993), p. 367). In the sec-
tion on “Characteristics of deliberate practice” (p. 367) they
describe in detail what is crucial in order to determine that
practice is deliberate practice.

The first important characteristic, described by Erics-
son et al. (1993), was that “deliberate practice is a highly
structured activity, the explicit goal of which is to improve
performance” (p. 368). In line with Ericsson and Harwell
(2019), we will use the term ‘structured practice’ to describe
any structured practice that is aimed at improvement. This
term is intended to denote an incomplete operationalization,
which does not measure deliberate practice. Additionally, we
will adopt the term ‘naive practice’ to describe any unstruc-
tured practice or activity that is not aimed at improvement
and, therefore, is even lacking the first characteristic of
deliberate practice (Ericsson & Harwell, 2019). Ericsson
and colleagues emphasized that naive practice will not lead
to substantial improvements of skills, if any improvement at
all (e.g., Ericsson, 2013, 2014; Ericsson et al., 1993).

A second core characteristic is individualized task con-
struction and informative feedback. The authors make it
clear that the use of adequate learning strategies and meth-
ods is essential for improvement and to avoid being stuck
at a particular level. But the critical question is how you
get optimal feedback and how you find the most suitable
learning strategies for you. Ericsson et al. (1993) reiterate
that ideally you need teachers and coaches to achieve that
difficult goal. Nevertheless, even with a teacher there is still
the question of whether the teacher is capable of recognizing
strengths and weaknesses and can provide precise feedback
as well as personalized strategies to overcome those weak-
nesses. Consequently, it seems clear that in order to regard
activities as deliberate-practice activities, the quality of the
learning activities has to be high, irrespective of whether it
is with a (good) teacher or through careful monitoring and
individualization of your own learning process (Nandagopal
& Ericsson, 2012).

Later in the text, Ericsson et al. (1993) define deliber-
ate practice as “a highly structured activity, the explicit
goal of which is to improve performance. Specific tasks
are invented to overcome weaknesses, and performance is
carefully monitored to provide cues for ways to improve
it further. We claim that deliberate practice requires effort
and is not inherently enjoyable” (p. 368). Our observations
suggest that the authors’ directives—in relation to tasks
aimed at overcoming weaknesses and monitoring for further
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improvement—are often overlooked and, consequently,
deliberate practice is predominantly associated with being
highly structured, aimed at improving skills, and not being
inherently enjoyable.

While a high degree of structure and the explicit goal of
improvement are certainly core characteristics of deliberate
practice, they are not sufficient because individualization of
practice is also assumed to be necessary in deliberate prac-
tice. Thus, theoretical considerations and empirical research
seem to indicate a need to distinguish among at least three
types of activities: naive practice, structured practice (with
the aim of improvement), and individualized practice. The
last of these also needs to be aimed at improvement, as well
as being carefully and — most importantly — competently
designed and regulated to determine the most suitable
learning pathway for a specific individual. Ericsson does
not explicitly suggest the term ‘individualized practice’, but
in more recent publications Ericsson uses ‘purposeful prac-
tice’ to refer to individualized practice without a coach and
‘deliberate practice’ to refer to individualized practice with
a coach (Ericsson & Harwell, 2019).

Reexamining the Meta-Analyses

Having these necessary core characteristics in mind is
important as the subjective main inclusion criterion in the
meta-analyses of Macnamara et al. (2014) and Hambrick
et al. (2014) is that a study has to contain an “activity inter-
pretable as deliberate practice”. As we will outline in this
section, the operationalization of deliberate practice in the
selected studies is often far from what is intended by this
term (this is not a critique of these studies as they often
did not claim to measure deliberate practice; for a compre-
hensive reanalysis of the meta-analysis see Ericsson and
Harwell (2019)). For example, Loyens et al., (2007, p. 585)
simply asked students in each of eight courses to report the
“mean number of hours spent on self-study per week”. The
eight correlations of this variable with grades in the final
exam of each course ranged from r=0.02 to r=0.24 and
were included as eight effect sizes in the meta-analysis of
Macnamara et al. (2014). As another example, the study of
Howard (2012) with the largest sample size in the domain
of chess, and which contributed the smallest effect size of
all chess studies (r=0.33), simply asked in a survey, “How
many hours per week on average have you studied chess
since taking up the game seriously?”. This estimate was mul-
tiplied with the number of years of serious practice to get an
estimate of total study hours and correlated with the recent
chess rating. Accordingly, the authors made it clear that this
is no measure of deliberate practice: “no claims about delib-
erate practice are made here” (Howard, 2012, p. 360).

As could be expected from these examples, the reanaly-
sis of Ericsson Ericsson and Harwell (2019) found a much
higher uncorrected percentage of explained variance than
did Macnamara et al. (2014) (29% vs. 14%). In this reanaly-
sis, Ericsson and Harwell only included effects of practice
measures which could be defined as deliberate practice or
at least as purposeful practice. Correcting for realistic esti-
mates of reliability, the explained amount of variance can
easily result in an estimated amount of more than 50% of
explained variance. The corrections of Ericsson led to an
explained amount of variance of 61%. At this point we note
that we do not endorse another reanalysis of Miller et al.
(2020) which found a meta-analytic estimate that was only
slightly higher than that of Macnamara et al. (2014). We
agree with their theoretical critique but they still included
effect sizes from simple study hours.

Overall, it seems that the theoretical foundations of the
deliberate practice framework leave substantial room for
improvement in the prediction of performance differences
other than the correction of measurement error alone. We
would argue that the meta-analyses largely confirm the start-
ing assumption of Ericsson et al. (1993) that a large amount
of practice does not necessarily lead to improvement. As
suggested in the meta-analyses, other factors likely play
a role in the development of expertise. Nevertheless, it is
important to consider factors within the deliberate practice
framework before attributing all of the unexplained variance
to other factors.

Current Study

The main aim of our study was to quantify how important
the core characteristics of deliberate practice, especially
the characteristic of individualization, are for predicting
chess skill development over the course of one year.

For this purpose, we assessed the construct of didac-
tic educational capital (didactic EC), which is defined
as “[...] the assembled know-how involved in the design
and improvement of educational and learning processes”
(Ziegler & Baker, 2013, p. 29) to which an individual
has access. It is closely related to the characteristics of
deliberate practice and even more so to the more specific
characteristic of individualization, since the availability of
good feedback opportunities is an important component
of didactic EC. Therefore, the higher the didactic EC of
an individual is, the closer their practice activities with
a clear aim of improvement (structured practice) should
be to deliberate practice. Assessing the didactic EC of a
person thus makes it possible to evaluate if the predic-
tive strength of structured practice increases the closer it
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comes to deliberate practice, as indicated by higher levels
of didactic EC.

Based on the theoretical assumptions of the introduc-
tion, we arrived at the following hypotheses:

Hla: Structured practice is positively related to chess skill
development.

Due to well-known findings about non-linear learning
curves in skill acquisition, which also apply to the domain
of chess (Howard, 2014), we additionally assumed as a
secondary hypothesis:

H1b: At lower skill levels the same amount of structured
practice leads to more improvement in chess skill than in
higher skill levels.

H2: The predictive strength of structured practice
increases substantially the higher the didactic EC of an
individual is.

Method

Procedure and Sample

The data set consisted of German-speaking tournament
chess players who were recruited via the chess platform,
ChessBase (https://de.chessbase.com). There they completed
an online questionnaire which assessed demographics, their
chess ratings, when they played their most recent rated game,
as well as information about their chess practice and every-
day activities. For more details about the measurements, see
the Measures section. No ethics approval was required for
this kind of study by our institutional review board. The
sample is the same as in Debatin et al. (2015) but there is
no conceptual overlap as this study focused on parts of the
online questionnaire not used in the present study, namely
the everyday activities of the players. Due to our hypotheses
and quality demands on the data set, we narrowed down the
initial 219 tournament chess players to a sample of 178 play-
ers through the following four steps:

(1) to obtain a measure of the change in chess skill during
the past year, we excluded all tournament chess players
who did not report a chess rating at one year previously
or reported not having played a rated chess game during
the last year (excluded 23 players).

(2) we excluded players who gave unrealistic high esti-
mates of their practice time, i.e., more than 168 h per
week which corresponds to 24 h per day (excluded
three players).
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(3) to ensure high data quality we excluded players who
had obvious language problems (e.g., that entered
phrases or words which made no sense written in the
space for estimated hours and other fields; excluded
four players).

(4) The remaining 189 tournament chess players showed
some missing values, i.e., 1.15% of all observations
were missing with a maximum of 4.76% in the age
variable, which translated into 178 complete cases
(excluded eleven players, i.e., 5.82% which most likely
leads to unbiased results (Graham, 2009)).

The data of the remaining 178 tournament chess players
(171 men, 7 women) were used in the following analyses.

Measures

Chess Skill Chess skill was assessed via Elo rating (Elo,
1987). The Elo rating is an international, objective chess
skill measure, which predicts tournament success very well
(Hambrick et al., 2014).

Participants reported their most recent Elo rating and
their rating at one year previously. The latter was termed
“Elo T1”. The Elo score’s high correlation of .91 with tour-
nament success (Hambrick et al., 2014) suggests that reli-
ability should be acceptable even as a self-report measure.

Structured Practice Participants were asked to estimate the
hours they spent weekly on playing chess currently and one
year previously. Participants were then asked to report how
many of these hours (currently and one year previously)
were ‘“serious practice with the aim of improvement”. The
mean of the latter two assessments (i.e., mean of current and
previous year serious practice with the aim of improvement)
was termed “Structured Practice”.

The reliability of self-reported cumulative life-time prac-
tice is typically found to be around 0.75 (Coté et al., 2005;
Hambrick et al., 2014). Bilali¢ et al. (2007) found correla-
tions of 0.98 and 0.99 between training diary entries and ret-
rospective estimates (6 months) of the amount of practice in
young chess players. Thus, the reliability of the self-reported
estimates of the previous year in our study should exceed the
lifetime estimates significantly.

Didactic Educational Capital The degree of individualiza-
tion and quality of chess practice was assessed with the
additional question: “I receive high quality, individualized
training for developing my chess skills (either) in chess club,
from chess partners or otherwise.” The question is part of
an unpublished short scale for assessing Educational Capital
(Ziegler & Baker, 2013) in the domain of chess. A five-
point Likert-type scale ranging from 1 ="not at all true”
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to 5="*totally true” was used. This variable was termed
“Didactic EC”.

Research in the field of education has consistently shown
the validity of evaluation procedures (Stehle et al., 2012;
Wachtel & Wachtel, 1998). Stehle et al. (2012), for example,
found that even a one-item question (as used in our study)
concerning the overall quality of the course was a good—
although not ideal—predictor (r=0.50) of the outcome of a
practical examination following the course.

Plan of Analysis

For our regression analysis, the difference between the
most recent Elo rating and the Elo rating one year previ-
ously was used as the dependent variable and was termed
“Elo Change”. As recommended by Cohen et al. (2003), we
used these change scores while including the Elo rating at
one year previously as a predictor variable. Concerning the
effects of other predictors, this procedure leads to identical
results (regarding unstandardized coefficients, test statistics
and p values) as predicting the recent Elo rating and includ-
ing the Elo rating at one year previously as a predictor vari-
able (Werts & Linn, 1970). Using the Elo Change variable
just simplifies the interpretation of the results.

Due to the high prevalence the occurrence of outliers (see
Table 2) and to avoid subjective judgments about how to
deal with them, we rejected the use of ordinary least squares
(OLS) linear regression estimation since it is highly sensitive
to outliers (Anderson & Schumacker, 2003; Wilcox, 2017).
Robust regression tackles this problem—simply put—by
decreasing the weight of highly influential outliers. There
are different methods of robust regression, we chose
MM-type robust regression, developed by Yohai (1987) as
implemented in robustbase (Maechler et al., 2020), which
uses a bi-square redescending score function and returns
highly robust and highly efficient estimates. MM-estimation
outperforms ordinary least squares (OLS) estimation in
the presence of outliers (Anderson & Schumacker, 2003;
Wilcox, 2017). For assessing the explained variance (adj.)
R? of Elo Change, we used the consistency corrected robust
coefficient of determination by Renaud and Victoria-Feser

(2010) and for assessing change in R> we used the robust
Wald test (Ghosh et al., 2016).

We used four increasingly complex robust multiple lin-
ear regression models. Our first step contained Age, Elo T1
and Structured Practice as independent variables to address
Hypothesis 1a. Our second step addressed Hypothesis 1b
that at lower skill levels the same amount of structured prac-
tice leads to more improvement in chess skill than in higher
skill levels by including the interaction effect Elo T1 X Struc-
tured Practice. Our third and fourth step included Didactic
EC and its interaction with Structured Practice which led to
our final model: a multiple regression of Elo Change on Age,
Elo T1, Structured Practice, Elo T1 X Structured Practice,
Didactic EC, and Didactic EC X Structured Practice. With
our fourth step we tested Hypothesis 2.

All variables were first standardized and then the mul-
tiplicative terms were calculated from the z-scores to get
a proper standardized solution as recommended in Cohen
et al. (2003). Standardizing (as centering) of the original
variables prevents nonessential multicollinearity between
the multiplicative terms and the original variables (Cohen
et al., 2003).

All our analyses were conducted with R v4.0.2 for general
analysis (R Core Team, 2020) and utilized the following
packages: psych v2.0.9 for descriptives and correlations
(Revelle, 2020), rstatix v0.6.0 for outlier detection
(Kassambara, 2020), robustbase v0.93-6 for the robust
regression (Maechler et al., 2020), and ggplot2 v3.3.2 for
visualizations (Wickham, 2016).

Results

Outlier and Correlation Analysis

The descriptive statistics can be found in Table 1. The out-
lier analysis of Elo Change, Structured Practice, Didac-
tic EC, Elo T1 and Age found outliers (i.e., above quar-
tile three + 1.5 X inter-quartile range or below quartile one
— 1.5 xinter-quartile range) in Elo Change, Structured
Practice and Elo T1 (see Table 2). Elo Change revealed 28

Table 1 Descriptives M

SD Median MAD Min Max Skew Kurtosis
Elo Change 6.32 49.10 0.00 17.79 -100 380 3.55 21.06
Structured Practice ~ 3.33 6.00 1.50 222 0 40 4.02 18.54
Didactic EC 2.54 1.27 2.00 1.48 1 5 0.41 -0.86
Elo T1 2015.92  241.53  2042.50  211.27 1100 2670  -0.72 1.83
Age 41.15 13.22 42.50 14.08 13 78 0.09 -0.52

N=178, MAD stands for Median Absolute Deviation. EC stands for Educational Capital
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Table 2 Outliers

Variable Number of outliers* Number of
extreme outli-
ers**

Elo Change 28 11

Structured Practice 13 10

Didactic EC 0 0

Elo T1 8 0

Age 0 0

* Values above quartile three+1.5XIQR or below quartile one—
1.5xIQR, ** Values above quartile three +3 XIQR or below quartile
one—3 X IQR. EC stands for Educational Capital

outliers, of which 11 were classified as extreme (i.e., above
quartile three + 3 X inter-quartile range or below quartile
one—3 X inter-quartile range). Structured Practice uncovered
13 outliers, of which 10 were classified as extreme, and Elo
T1 showed eight non-extreme outliers. Age and Didactic
EC did not show any outliers. A visualization of the outliers
can be found in Fig. 1, where boxplots of the standardized
variables Elo Change, Structured Practice and Didactic EC
are presented.

To identify correlations between the variables, we chose
Spearman’s rank-order correlations since this method is
relatively robust to outliers (Croux & Dehon, 2010; de
Winter et al., 2016). All estimates can be found in Table 3.
Change in Elo shows small correlations with Didactic Edu-
cational Capital (r4(176)=0.16, p=0.047) and with Struc-
tured Practice (r4(176)=0.19, p=0.014), thus providing
initial evidence for Hypothesis 1a. We found a negative
correlation between Elo Change and Age (rg(176)=-0.32,
p <0.001) which indicates that younger chess players—on

Fig. 1 Boxplots of standardized
variables. Note. EC stands for
Educational Capital

the average—have a higher change in their Elo scores over
a one-year period than older chess players.

Hierarchical Linear Regression Results

We tested four increasingly complex multiple linear regres-
sion models with the robust MM-estimation (see Table 4).
In Model 1, we included the control variables Elo T1 and
age as well as structured practice. We then added the inter-
action Elo T1 X Structured Practice (model 2) and Didactic
EC (model 3) consecutively. Our final model 4 included the
interaction of Didactic EC and Structured Practice.

In model 1, Elo Change was positively related to Struc-
tured Practice (f=0.09, r=2.53, p=0.012). Structured Prac-
tice added AR*=0.024 (p=0.011) to the model including
only Age and Elo T1. Thus, we accept Hypothesis 1a.

Model 2 included the interaction effect of Elo T1 and
Structured Practice which improved model fit (AR2= 0.12,
p<0.001) and showed a negative beta weight (p=-0.13,
p<0.001). This model indicates that chess players with low
Elo T1 score—on average— increased their Elo score more
than chess players with high Elo T1 score. Thus, we accept
Hypothesis 1b.

Model 3 included Didactic EC, our measurement of indi-
vidualization and quality of practice, which neither increased
model fit (AR?><0.01, p=0.26) nor showed a significant beta
weight ($=0.05, p=0.26).

The final model 4 increased the explained variance to
R*=0.43 (adj. R*=0.41, AR*=0.15, p=0.005) and the
added interaction term of Didactic EC and Structured Prac-
tice showed a positive beta weight (f=0.37, p=0.005).
Figure 2 shows this interaction. In simple terms, average
chess players in our sample (concerning Elo T1) with a high
level of individualization and quality of practice (i.e.,+ 1 SD

Elo.Change
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Table 3 Spearman’s rank-order
correlations (N=178)

Table 4 Results of robust
hierarchical multiple regression
of Elo Change

1 2 3 4 5
Elo Change -
Structured Practice 0.19% -
[0.04, 0.33]
Didactic EC 0.16* 0.277%%* -
[0.00, 0.30] [0.12, 0.42]
Elo T1 -0.11 0.03 -0.02 -
[-0.26, 0.04] [-0.13,0.19] [-0.18,0.13]
Age (.32 -0.06 -0.17* -0.05 -
[-0.46, -0.16] [-0.21, 0.09] [-0.31, -0.02] [-0.20, 0.11]

* Indicates p <0.05, ** indicates p <0.01, *** indicates p <0.001. Bootstrapped 95% CI are displayed in
brackets. EC stands for Educational Capital

Predictor beta beta tvalue Fit Difference
95% CI
[LL, UL]
(Intercept) -0.12%* [-0.20, -0.05] -3.31
Age -0.16%* [-0.27,-0.06] -3.21
Elo T1 -0.05 [-0.13,0.04] -1.10
Structured Practice 0.09* [0.02, 0.17] 2.53
R*=0.15
Adj. R*=0.14
(Intercept) -0.10** [-0.18,-0.03] -2.88
Age -0.15%* [-0.26,-0.06] -3.14
Elo T1 0.05 [-0.13,0.03] -1.27
Structured Practice (.24 %% [0.17,0.31] 7.06
Elo T1 X Structured Practice -0.13**%*  1-0.19, -0.08] -4.80
R?*=0.27 AR*=0.12%%%
Adj. R*=0.26
(Intercept) -0.11%* [-0.18,-0.03] -2.83
Age -0.16%* [-0.25,-0.06] -3.14
Elo T1 -0.05 [-0.13,0.03] -1.21
Structured Practice 0.23%*:% [0.15, 0.31] 5.58
Elo T1 x Structured Practice -0.14%*%*  [-0.20, -0.08] -4.45
Didactic EC 0.05 [-0.03,0.13] 1.13
R*=027 AR*<0.01
Adj. R?=0.25
(Intercept) -0.11%* [-0.18,-0.04] -3.00
Age -0.16** [-0.26,-0.06] -3.06
Elo T1 -0.05 [-0.12,0.02] -1.37
Structured Practice 0.16%** [0.12, 0.20] 7.63
Elo T1 x Structured Practice -0.41%*%*  [-0.63,-0.19] -3.64
Didactic EC 0.07 [-0.01, 0.15] 1.63
Didactic EC x Structured Practice ~ 0.37** [0.11, 0.62] 2.83
R*=0.43 AR*=0.15%*
Adj. R?=0.41

Beta indicates the standardized regression weights. LL and UL indicate the lower and upper limits of the

95% confidence interval, respectively. EC stands for Educational Capital.
*Indicates p <0.05. ** indicates p <0.01. *** indicates p <0.001
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Fig. 2 Interaction plot of cen-
tered variables. Note. EC stands
for Educational Capital

100

Elo Change

Didactic EC

- +18D
- Mean
-18D

Didactic EC) improve more than three times faster through
structured practice than chess players with average levels of
individualization and quality of practice (i.e., average Didac-
tic EC). Thus Hypothesis 2 was confirmed as the predictive
strength of structured practice substantially increases, the
higher the didactic EC of an individual is.

Discussion

On a theoretical level and integrating the recent suggestions
of Ericsson and Harwell (2019), we argued the need to dis-
tinguish between different types of practice: naive practice,
structured practice and individualized practice (an umbrella
term we use for Ericsson’s terms purposeful and deliberate
practice, both of which he characterizes as involving indi-
vidualization, the difference between the two terms being
whether there is the direct support of a teacher). In line with
Ericsson and Harwell (2019) we define naive practice as
an unstructured practice activity without the clear aim of
improvement and structured practice as a structured practice
activity that explicitly focuses on skill improvement. We fur-
ther argued that only individualized practice, which means
structured practice that is additionally characterized by high
quality, such as individual feedback and specific, compe-
tently designed learning tasks (with or without a teacher),
can be a strong predictor of individual differences in skill
acquisition and consequently in skill levels.
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The empirical results of our study clearly confirm this
proposal. At high levels of individualization and quality of
practice (indicated by didactic EC), the effect size of struc-
tured practice was more than three times higher than that of
an average level of individualization and quality of practice.

We also showed that it is no problem to define the neces-
sary core characteristics of deliberate practice, independent
of the (secondary) debate of whether a teacher is necessary.
Most importantly, to our knowledge, there has not been any
doubt that individualization of practice is necessary (e.g.,
informative feedback and diagnosis of errors). However,
‘necessary’ is not sufficient and it is true Ericsson made
contradictory claims concerning the need of a teacher for
deliberate practice. Nonetheless, in meta-analyses of deliber-
ate practice (Hambrick et al., 2014; Macnamara et al., 2014),
the practice activities in the analyzed studies often did not
fulfill the necessary characteristics of deliberate practice,
especially regarding individualization, and therefore it is
safe to say that the meta-analyses clearly underestimate its
effect size. Again, in line with Ericsson, we think it is more
appropriate to say that the meta-analyses are analyzing struc-
tured practice.

These findings have important implications for the ques-
tion of whether deliberate practice can explain a large por-
tion of expertise differences, as discussed in Macnamara
et al. (2014) and Hambrick et al. (2014). Our results indi-
cate that the strength of prediction of practice activities is
considerably weakened if the individualization and quality
of practice is not assessed as in many studies included in
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the meta-analyses. We do not think a teacher or coach is
essential for the design of good practice activities; it seems
possible for individuals to monitor and individualize the
learning process quite well on their own (Nandagopal &
Ericsson, 2012). However, we assume it is very likely that a
good personal teacher facilitates the acquisition of expertise
more readily. Therefore, we think Ericsson’s most recent
statements that deliberate practice must involve a teacher or
coach should be adopted, despite previous contradictions.

Overall, we think it is certainly possible that individual
differences in performance can largely be accounted for
(interpreted as explaining more than half of the variance) by
different amounts of accumulated deliberate practice hours.
Nevertheless, we think there is considerable variance left
which can be explained by other factors.

One of the most discussed candidates is (general) intel-
ligence. There is indeed evidence that intelligence is posi-
tively related to skill acquisition, predominantly in novel
and relatively complex tasks (e.g., Ackerman, 1988; Voelkle
et al., 2006). However, there are findings which are impor-
tant to highlight in this context. Several studies showed an
overlap between intelligence and certain (teachable) meta-
cognitive skills and that the unique effect of intelligence on
learning was smaller than the unique effect of metacognitive
skills (Veenman & Spaans, 2005; Veenman et al., 2004).
Considering that metacognitive skills are basically part of
the deliberate practice framework, effects of intelligence
might not be situated completely outside of the framework of
deliberate practice. This is also illustrated by a small study
which showed an effect of intelligence on learning poker in
a discovery learning condition, but not in a guided discovery
learning condition (DeDonno, 2016). It seems reasonable to
assume that intelligence helps “to build your own individu-
alized practice” when not receiving instruction, probably
via increased metacognitive skills. However, this does not
exclude the influence of biological variables: for example,
recent intelligence research suggests that higher levels of
energy metabolism in the brain facilitate learning (Debatin,
2019, 2020). Another finding to consider from intelligence
research is that effects on learning seem to be weaker or not
even present when considering long-term learning outside
the laboratory (for an overview of growth curves studies
see Debatin et al., 2019). We think the reason is that the
development of expertise should be seen from a dynamic
systems perspective, in which intelligence is only one of
many variables that interact over time. Overall, the role of
intelligence in skill acquisition is certainly not simple as
already described in the theory of Ackermann (1988).

Another important factor in skill acquisition seems to
be the availability of external resources to which an indi-
vidual has access (e.g., Ziegler & Baker, 2013). Ericsson
et al. (1993) explicitly addressed the role of resources such

as the financial investment of parents and the encourage-
ment provided by them. It seems fair to summarize the view
of Ericsson et al. by saying that the effect of resources on
skill development is (predominantly) mediated by deliberate
practice hours. Indeed, there is empirical evidence for a rela-
tionship between external resources in the domain of chess
(most strongly for the social resources) and the amount of
time playing chess (Debatin et al., 2015). However, we think
there might also be rather strong direct effects of different
kinds of resources, meaning they are not necessarily medi-
ated by deliberate practice. For example, when your close
personal contacts like to talk about chess, it might provide
positive memory effects outside of conscious training. A
particular effective method for improving several resources
simultaneously might be mentoring, especially when a deep
personal connection develops between the mentee and the
mentor (Stoeger et al., 2019).

In concluding this paper, we want to emphasize that in
the future more focus should be on the assessment of indi-
vidualization and quality of (deliberate) practice activities to
get a clearer picture of the importance of deliberate practice
for skill development. The limitations of our study point
to more specific directions for future research. An obvious
limitation is the broad and subjective estimation of the vari-
able of individualization and quality of practice. However,
though weak as a measurement, it concomitantly strength-
ens our point. If it was possible to find clear indications
that individualization and quality matters with an obviously
sub-optimal measure, it seems plausible to assume that the
explained variance would be even higher if the quality of
practice could have been assessed in a more comprehensive
way. Additionally, the reliability of the change in Elo rat-
ing is unclear since we do not know the number of games
that influenced the Elo development during the previous
year. Further, we cannot exclude the possibility that players
who had improved over the previous year were biased in
retrospectively reporting a more positive view of the qual-
ity of their training; nevertheless, this seems unlikely to be
a major concern because we only found a weak association
between didactic EC and Elo change. Instead, the interac-
tion of didactic EC and structured practice showed a rather
strong effect. The next obvious research step should be to
replicate our results in a predictive longitudinal design with
a more elaborated measurement instrument for the degree of
individualization and quality of practice activities.
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