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Abstract
Football clubs have competitive and financial reasons to try and predict if a player will be
talented in the future. The literature increasingly researches identifiers of performance in
football, but no strong and consistent predictors have been found yet. So, football clubs often
rely on scouts and coaches to identify talent. This leaves room for bias and inconsistency. The
aim of this study was to make prediction models for future performance based on the cognitive,
psychological, and physical tests conducted by the Royal Dutch Football Association (KNVB)
on 359 football players (Mean age = 19.9, SD = .29) that were part of a professional football
club. Future performance was measured with Professional Level, meaning a player has made
their first-team debut and played in a first-team the following seasons, and ELO-rating,
calculating the individual rating of a player based on the result of the game and the skill level of
the opponent. The models were made for intervals between tests and outcome of one, two, and
three years. The results showed no individual tests were consistent over time or between
outcome variables for predicting future performance. This was likely due to the range restriction
of the sample and the lack of validity of some tests. The models made predictions moderately

better, but most models contained different tests, making the models difficult to use in practice.



Predicting Factors of Future Performance in Football Players

Development in football is not a clear and structured path (Den Hartigh et al., 2016).
However, football clubs aim to predict young players’ performance as early and accurately as
possible, as this offers financial and competitive advantages (Till & Baker, 2020). Plenty of
research has been done on what factors predict future performance, but no consistent prediction
has been found yet (Breitbach et al., 2014). A possible reason is that football is a continuous and
dynamic sport, making it hard to identify what the important aspects are that need to be
measured (Den Hartigh et al., 2018).

This study examines the predictive value of cognitive, psychological, and physical tests
for future football performance. Such tests can support more accurate selection and training
decisions (Den Hartigh et al., 2018). When multiple tests are relevant, combining them in a
prediction model may give clubs a practical tool for player assessment.

The Royal Dutch Football Association (KNVB) conducted such cognitive, psychological,
and physical tests on football players of Dutch football clubs to test their predictive value.
However, this dataset has not yet been analyzed. This study examines how well the tests predict
future performance one, two, and three years after testing. The goal is to design a prediction
model that combines tests with the greatest predictive power. This study has a longitudinal
approach to find predictors for future performance, most literature use a cross-sectional method
(Johnston et al., 2017). This can give useful insights on the influence of time on the relation
between predictors and performance. The relation between predictors across domains (cognitive,
psychological, and physical) are also researched, which is not done often. This is important,
because it seems predictors in different domains complement each other to predict future

performance (Coelho et al., 2022). Therefore, the research questions in this study are:



- ‘What tests are significantly correlated with future performance in football players?’
- ‘What combination of tests can best predict future performance in football players?’
Predicting Football Performance

One problem faced in football, is how players are evaluated for their potential future
success (Bergkamp et al., 2019). Currently, players are assessed through scouts and coaches who
judge, based on their expertise and intuition, if a player has the potential to become a top athlete,
even though the inter-coach agreement in the same pool of athletes is only small-to-moderate
(Roberts et al., 2020). According to Roberts and colleagues, a plausible reason is that coaches
find different factors important than other coaches. Another possible explanation is that coaches
weigh important factors inconsistently when they judge a player, which results in less accurate
predictions (Meijer et al., 2020). A better way of predicting performance in sports is by
measuring important predictors and implementing them in a model, this is called mechanical
assessment (Den Hartigh et al., 2018). The criteria stay the same, and are weighed consistently in
the model, making it more effective.

There are a lot of tests and instruments that can be used to predict future performance,
and they can be put on a scale from signs to samples (Den Hartigh et al., 2018). A signs approach
is taking one important aspect of the task you want to predict, and test that aspect on their own.
An example for footballers would be a sprint test, as speed is important in football (Lovell et al.,
2017). On the other hand, the samples approach is an accurate simulation of the actual task. In
football, an example is an eight versus eight game. Generally, a samples approach provides
better predictions of future performance, because it allows important aspects to interact with each
other (Meijer et al., 2020). However, this method is time intensive, requiring organized games

and players of comparable ability. In addition, judging performance in such a dynamic



environment is difficult, as many factors influence success and make consistent prediction
challenging (Den Hartigh et al., 2018). An alternative is to judge the players in a signs approach.
This is a more realistic way of assessing a large sample of players, as it takes less time to
perform, and is often used in literature to research talent identification (Bergkamp et al., 2019).
Different important aspects of football can be tested and combined to predict future performance.
In this study, predictors are categorized into cognitive, psychological and physical domains, and
we first examine those identified in the literature within each category.
Cognitive Predictors

Cognitive factors have to do with the ability to understand, think about and know
[important aspects of football] (Bayne et al., 2019). Game intelligence is defined as ‘the ability to
perceive, interpret, and predict relevant patterns [...] in highly dynamic environments, and to
make rapid, adaptive decisions that optimize team performance’ (Haugan et al., 2025). Players
need to anticipate situations, if they do that effectively, they will perform better (Haugan et al.,
2025). Haugan and colleagues state that game intelligence consists of executive functions,
namely, working memory, inhibitory control, cognitive flexibility, and planning, but also
perceptual-cognitive skills, namely, pattern recognition, visual search behaviors and anticipatory
decision-making. They conclude that players with better game intelligence have an overall better
understanding of football and have better match outcomes. It is even advised to scouts to test
players on game intelligence to test whether they are likely to be successful in the future (Roberts
etal., 2019).

While game intelligence may be a relevant predictor as a construct, it also needs to be
tested using a reliable and valid test, in order to yield high predictive validity. Unlike general

intelligence (for example the WAIS; Weiss et al., 2013), to our knowledge, there are no



thoroughly validated tests for game intelligence. Tests used in the sport context, such as
BrainsFirst, claim that the test they designed is evidence-based, but no documentation is
available to check this. In addition, they calculate an overall score, based on the sub-scores of
working memory, anticipation, control, and attention, but it is not clear how the overall score is
calculated (Reinhard et al., 2025). Therefore, we do not necessarily expect that the scores on
such tests predict football performance. We investigate the relation between the overall score and
sub-scores of game intelligence and future performance exploratorily.

Psychological Predictors

Psychological factors refer to factors that relate to the mental and emotional state of a
player (Reilly et al., 2000). Psychological factors are important in football, because players will
face adversities, and they need to deal with them effectively (Van Yperen, 2009).

Goal-Setting. Goal-setting plays a key role in performance (Van Yperen, 2022). Most
athletes pursue an overarching other-based goal (e.g., winning a match), but to achieve this they
must also set self- and task-based mastery goals (e.g., achieving 90% pass accuracy). Mastery
goals provide a clear pathway to success, and athletes who adopt them generally perform better.
Therefore, we expect the more successful footballers to set more mastery goals. Hypothesis 1a is:
‘setting mastery goals is positively related to future performance.” Hypothesis 1b: ‘setting
mastery goals is included in the prediction model.’

Mental Toughness. Mental toughness is related to success in sport (Crust, 2007). Being
mentally tough means you are able to handle adverse events well, and you are able to ‘bounce
back’. Crust reports it as one of the most important psychological factors in sport. However, in

this study no test relating to mental toughness is performed.



Perceived Team Cohesion. Perceiving team cohesion is a vital part of the sport. Teams
that feel more connected tend to perform better (Grossman et al., 2021). However, little research
has been done comparing only professional football clubs, so these results will be researched
exploratively.

Coach Autonomy Support. Autonomy is a key factor in maintaining autonomous
motivation (Ryan & Deci, 2017). Controlling coaching reduces players’ feelings of autonomy,
competence, and relatedness, thereby lowering motivation (Bartholomew et al., 2009).
Conversely, autonomy-supportive coaching enhances motivation, which promotes commitment
to goals and performance (Van Yperen, 2009). So, it is expected that perceived coach autonomy
is positively related to future performance. Hypothesis Ic is: ‘perceived coach autonomy is
positively related to future performance.” However, because motivation is closely tied to types of
goals athletes set, it may not explain a unique share of the variance (Van Yperen, 2022).

Mindset. The mindset of a player is also important (Rees et al., 2016; Sternberg, 2017). A
player with an incremental mindset believes they can improve if they train effectively, and
challenge themselves in contrast to a player with an entity mindset. They believe that their level
is predetermined and they have little control over this and they are scared to make mistakes as
this shows weakness. However, it is unlikely that the players in the sample show a big difference
in this type of mindset, as they have outperformed the majority of their age category.

Enjoyment. Enjoyment seems to be an important factor when it comes to elite versus
non-elite football players (Rodrigues et al., 2023; Sigmundsson et al., 2022). However, there is
not much research done comparing players at professional clubs. Therefore, enjoyment is

researched exploratively.



Self-Efficacy. Selt-efficacy is generally higher among elite players (Rees et al., 2016),
and is closely related to the concept of perceived competence in self-determination theory (Ryan
& Deci, 2017). Because athletes evaluate their competence relative to those around them,
talented players surrounded by stronger teammates may experience lower perceived competence
and thus reduced chances of success. (Marsh et al., 2017). Therefore, it is predicted that the level
of self-efficacy is positively related to future performance. Hypothesis 1d is: ‘self-efficacy is
positively related to future performance.” Hypothesis Ie is: ‘self-efficacy is included in the
prediction model.” The relation between process- and performance-focused climate, and future
performance included in the data will be researched exploratively.

Physical Predictors

Then there are physical factors that are important for predicting performance. These
factors have to do with actual performance in football, like sprint speed and jumping. However,
there is little consensus over what physical factors effectively predict performance, because
football is a dynamic sport in which a lot of factors can influence the outcome (Fortin-Guichard
et al., 2022).

Hand-Eye Coordination. Hand-eye coordination and football performance do not seem
to be correlated (Aktop et al., 2017). Aktop and colleagues compared footballers to non-
footballers in their hand-eye coordination, but no significant differences were found. So, the
relation between hand-eye coordination and future performance will be researched exploratively.

Countermovement Jump and Standing Long Jump. Jump performance has been widely
studied, with elite athletes generally outperforming others in both standing vertical and
countermovement jumps (Deprez et al., 2015; Fortin-Guichard et al., 2022; Sawyer et al., 2002).

However, Platvoet and colleagues (2020) found no significant difference between selected and
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deselected academy players. Jump scores seem to correlate with sprint performance (Barrera et
al., 2022). Therefore, jump tests are expected to correlate positively with future performance, but
are not in the model due to their overlap sprint tests. Hypothesis 2a is: ‘standing jump forward is
positively related to future performance.” Hypothesis 2b is: ‘countermovement jump is positively
related to future performance.’

Sprinting and Agility. For sprinting, both in a straight line and while changing direction,
there is a general consensus over its effectiveness (Altmann et al. 2024; Bennett et al., 2019;
Deprez et al., 2015; Fortin-Guichard et al., 2022; Platvoet et al., 2020). To keep up with the pace
of the game, players must be quick to reach the ball before opponents and to contribute
effectively in possession. The 30-meter sprint seems to be the most consistent when it comes to
predicting future performance, in comparison to 10, 20 and change of direction sprints (Fortin-
Guichard et al., 2022). Hypothesis 2c is: ‘the 10-meter sprint is negatively associated with future
performance.’” Hypothesis 2d is: ‘the 20-meter sprint is negatively associated with future
performance.’” Hypothesis 2e is: ‘the 30-meter sprint is negatively associated with future
performance.’” Hypothesis 2f is: ‘the change of direction sprint left is negatively associated with
future performance.” Hypothesis 2g is: ‘the change of direction sprint right is negatively
associated with future performance.” Hypothesis 2h is: ‘30-meter sprint is included in the
prediction model.” Other tests, namely, balance and moving sideways, will be researched
exploratively in their relation to future performance.

Passing and Dribbling. Platvoet and colleagues (2020) reported that passing accuracy
and dribbling are also important factors when in relation to performance. An accurate passer and
a quick dribbler usually perform better than players who do not pass and dribble well. However

in this study no test relating to passing or dribbling was included.
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All in all, it is expected that there will be no cognitive predictors in the model for
predicting performance. For psychological predictors, goal setting, self-confidence and are
predicted to significantly improve the model. For physical predictors only the 30-meter sprint is
expected to be included in the model, because of the correlation between the physical predictors.
When determining the predictors in the model the intercorrelation for predictors within the sort
predictor (cognitive, psychological and physical) is considered, but not between the sorts. These
intercorrelations will be explored in this paper.

Measurement of Performance

How do we measure performance? The most used approach is to split the sample into two
groups and compare these. This can be based on the level the athlete plays at or status of the
athlete, this is classified as elite versus sub- or non-elite (Nufiez et al., 2009; Reinhard et al.,
2025; Savelsbergh et al., 2002; Vestberg et al., 2012). A method mostly used to assess youth
athletes is by looking at players who stayed in the academy versus players who got deselected
(Altmann et al., 2024; Deprez et al., 2015; Fortin-Guichard et al., 2022). In some cases, the
sample is split into more categories to enhance the analysis (Fruchart & Rulence-Paques, 2022;
Rees et al., 2016). This approach is useful for identifying general differences between several
groups and concluding what attributes to becoming a better athlete. However, this approach has
an important limitation (Bergkamp et al. 2019). Now, the players are put into one category if
they play in the same league, or even across multiple leagues. This assumes that every player is
similar in quality within those leagues, but this is not the case. A better approach is to give each
player a personal rating. This can make an analysis on differences between players more

detailed, as it considers differences in quality of players of the same league.
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Football is a team sport, which makes it more difficult to calculate an individual rating
(Den Hartigh et al., 2018). A way to do this is by keeping track of the frequency of events in a
match (e.g. passes completed and shots on goal; Bergkamp et al., 2019). This method is feasible
for first teams, because most statistics are already monitored. However, for youth players this is
challenging, as it requires devices to keep track of the statistics, which are often not available.
Another suggestion by Bergkamp and colleagues is position data. The player wears a tracking
device, and their positioning during the game can be analyzed. A combination of these two
measurements can give insightful information for the quality of a player. The downside is the
intensity and availability of devices. A more realistic way to track the individual ability of
players is by calculating their ELO-rating.

With ELO, the individual quality of a player can be calculated (Bosma & Vuegen, 2020).
Players gain points if they win, and lose points if they lose. However, how many points they gain
or lose depends on the initial rating of the player and the opposing team. A player with a higher
rating that wins from a team with a lower rating will gain less points than when a lower rated
player wins. This allows to differentiate quality between players in the same league. However,
this method is not validated, and is rarely used in the literature, which makes it difficult to
compare the results.

In this article, both elite vs. sub-elite and ELO are used as an outcome variable in
separate analyses. The distinction between elite and sub-elite is made based on whether the
player made their first team debut, and played in the first team in the following seasons. We will
refer to this outcome as ‘Professional Level’ from now on. Professional Level has its limitations,

as discussed before, but we are able to compare the results with previous studies. Whereas the
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predictions based on the ELO-ratings will be more difficult to compare to previous literature, as
there is little to no research done with ELO as the outcome variable.

Another relevant aspect, is the time span of the prediction. Den Hartigh and colleagues
(2016) describe in their Dynamic Network Model that constant interactions between variables
take place to develop the talent of a player. This indicates, as time progresses, more interactions
take place, making it harder to predict further into the future. To see how elapsed time influences
the prediction model, the outcome variables are measured approximately a year, two years and
three years after the tests. These results will be researched exploratorily.

Method

Data Collection

This study used an existing dataset collected by the KNVB. In the seasons 2021/2022 and
2022/2023, the KNVB organized days at Dutch football clubs to measure first-team and academy
players on different cognitive, psychological, and physical tests. This was measured at the
grounds of the clubs. All players gave consent explicitly before participating in the tests.
Participants

In total 1.186 players were in the dataset, but only 359 (100% male) (youth) football
players, born in 2002 and 2003, were selected for analysis. These birth years were chosen
because the participants were of sufficiently similar age to allow meaningful comparisons of the
test results. Additionally, players born in 2002 and 2003 had enough time to potentially reach the
first team, unlike players born in 2004 or later, of whom only a few had made this transition.

The cognitive, psychological, and physical measurements were conducted on different
days and not every player was measured on every test and each outcome variable. The sample

size per test ranges from 66 to 305. See Table 1 for the sample size of every test, and each
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outcome variable. The mean ages at the time of testing were 19.81 (SD=.29) for the cognitive
test, 20.14 (SD= .28) for the psychological tests, and 19.74 (SD=.30) for the physical tests. All
players were part of the first team or academy of a professional Dutch football club at the point
of measurement. Most players were measured once per season. For players with multiple
measurements, the test containing the most data was used. If measurements contained equal
amounts of data, the measurements closest to the mean interval (in days) between testing and

outcome for the other players was selected.



Table 1

Number of Participants per Test

15

ELO Professional Level
Years between test and outcome 1 2 3 1 2 3
Cognitive test ~ Working Memory 150 160 110 249 250 159
Anticipation 146 155 105 240 241 149
Control 147 156 107 242 243 154
Attention 143 152 103 240 241 150
Game intelligence 150 160 110 249 250 159
Psych. tests Mastery Goal Setting 111 112 NA 170 170 NA
Ego Goal Setting 111 112 NA 170 170 NA
Perceived Team Cohesion 111 112 NA 170 170 NA
Coach Autonomy Support 111 112 NA 170 170 NA
Process-Focused Climate 111 112 NA 170 170 NA
Perfor.-Focused Climate 111 112 NA 170 170 NA
Enjoyment 111 112 NA 170 170 NA
Entity Mindset 67 66 NA 99 100 NA
Incremental Mindset 67 66 NA 99 100 NA
Self-Efficacy 67 66 NA 99 100 NA
Physical tests Balance 149 155 111 266 268 171
Countermov. Jumping 167 177 137 294 294 208




Table 1 (continued)

Number of Participants per Test

16

ELO Professional Level
Years between test and outcome 1 2 3 1 2 3
Physical Tests Moving Sideways 162 175 136 290 291 206
Hand-Eye Coordination 176 184 141 304 305 215
10-Meter Sprint 152 162 127 269 269 191
20-Meter Sprint 152 162 127 269 269 191
30-Meter Sprint 152 162 127 269 269 191
Agility Sprint Left 144 158 127 266 264 190
Agility Sprint Right 144 158 127 266 264 190
Standing Jump Forward 157 168 129 282 283 195
Overall Motor Skills 131 141 102 245 247 158

Procedures

The outcome variables, ELO-rating and Professional Level, were monitored from 2021

onwards until December 2024. Even the smallest sample size is large enough to distinguish a

small correlation (>.18) from zero, with a power of .80, assuming two-tailed testing and o = .05.

Cognitive Test

The cognitive test was conducted by BrainFirst (BF), and aims to measure cognitive

ability in a football context (Reinhard et al., 2025). They test on the subcategories working

memory, ability to anticipate, mental control, and attention. Based on these scores, an overall
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score of game intelligence is calculated. They claim that their tests are based on evidence-based
research, but there are no public articles available about the validity and reliability of their tests,
and on what literature the tests are based (Reinhard et al., 2025). How the overall score is
calculated, is also unknown.

Psychological Tests

Multiple validated questionnaires were conducted by the KNVB to measure
psychological aspects of the participants. Because the data is archival, the scores of the
participants per item were not available. Therefore, Cronbach's alpha reported in the literature
was used.

Goal-Setting. The first test is the 12-item Achievement Goal Scale for Youth Sports
(AGSYS) measures to what extent participants set mastery (a=.78; Cumming et al., 2008) or
ego goals (o= .88; Cumming et al., 2008). The final score is the average score of six items for
each type of goal. An example item for mastery goals is: ‘I feel successful when I learn new
skills’. An example item for ego goals is: ‘I want to show that I am better than others’. Items
were answered on a 5-point Likert scale ranging from 1 (not at all true) to 5 (very true).

Perceived Team Cohesion. The 4-item Peer Motivational Climate in Youth Sports
Questionnaire (peerMCY SQ) measures how much the participant feels a positive team cohesion
(0= .81; Ntoumanis & Vazou, 2005). An example item is: ‘Most players in this team help each
other to improve’. Items were answered on a 7-point Likert scale ranging from 1 (strongly
disagree) to 7 (strongly agree).

Coach Autonomy Support. The 7-item Health Care Climate Questionnaire (HCCQ)
measures whether players feel support for their autonomy by their coach (o= .88; Williams et al.,

1996). The final score was the average score of the 15 items. An example item is: ‘I feel that the
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staff has provided me with choices and options’. Items were answered on a 7-point Likert scale
ranging from 1 (strongly disagree) to 7 (strongly agree).

Process- or Performance-Focused Climate. The 12-item Motivational Climate
Questionnaire in Youth Sports (MCQY'S) measures to what extent players experience a process-
(a=.78-.84; Smith et al., 2008) or performance-focused climate (o= .74-.75; Smith et al., 2008).
A score for both variables, based on the average of each six items, was calculated. An example
item for a process-focused climate is: ‘The coach made players feel good when they improved a
skill’. An example item for a performance-focused climate is: ‘Winning games was the most
important thing for the coach’. Items were answered on a 5-point Likert scale ranging from 1
(not at all true) to 5 (very true).

Enjoyment. The 5-item Satisfaction/Interest in Sport Scale (SSS; Duda & Nicholls, 1992)
measures the amount of enjoyment the participant experiences in football (o= .83; Myung &
Yang, 2016). The final score is the average of the four items. An example item is: ‘I usually
enjoy playing sports’. Items were answered on a 5-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree).

Mindset. The growth and entity mindset were measured with a 12-item Growth Mindset
Scale, but no validation paper was found. Midkiff and colleagues (2018) validated a 8-item
version of this questionnaire called Growth Mindset Scale (GMS; o= .94-.98). Six of the items
tested for an entity mindset, and six items for an incremental mindset, the final scores were an
average of the items for each mindset. An example item for entity mindset is: ‘To be honest, you
can’t really change how intelligent you are’. An example item for incremental mindset is: “You
can always substantially change how intelligent you are’. Items were answered on a 5-point

Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree).
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Self-Efficacy. The 5-item Intrinsic Motivation Inventory (IMI) measures how strongly
players believed in their own abilities (0= .78; McAuley et al., 1989). An example item is: ‘I
think I am good at football’. Items were answered on a 7-point Likert scale ranging from 1
(strongly disagree) to 7 (strongly agree).

Physical Tests

The tests of the physical factors were conducted by the College of Arnhem and
Nijmegen (HAN). First, the Korperkoordinationstest fiir Kinder (KTK; Kiphard & Schilling,
1974 in Platvoet, 2020) was performed. The test was validated for children between five and 14
years-old, the test is standardized and reliable (» > .85; Cools et al., 2009). The KTK consisted of
a balance test, countermovement jumping, moving sideways, and a hand-eye coordination test.

Balance. Players had to walk backwards on a balance beam with a width of six, 4.5 and
three centimeters. For each beam the participants had three tries, every successful step
backwards counted as a point, each try they could score a maximum score of eight. The final
score was the score of every try added up.

Countermovement Jumping. Players had to jump over a wooden lath back and forth as
many times in 15 seconds. The participants got two tries, and their final score was the addition of
both tries.

Moving Sideways. The participant had two small boxes. He stands on one and has to
place the other to his right, and step on that box, then he picks up the other box and places it
again to his right, etcetera. The participant’s score is the number of successful repetitions

completed in 20 seconds. Their total score is the addition of both tries.
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Hand-Eye Coordination. The participant had 30 seconds to throw the ball against the
wall with one hand and catch it with the other, and vice versa. Every catch is a point. The
participants get two tries and their final score is the total of both tries.

Sprinting. Furthermore, HAN conducted multiple sprint tests. The first tests were straight
line sprints for 10, 20, and 30 meters. For each distance, players got two tries. Their final score
was their best time per distance.

Agility. In the Arrowhead agility test the player sprints 15 meters straight, then turns left
or right, sprints five meters to the side, five meters back to the middle and ten meters back
(Chalil et al., 2017). This test was conducted twice for each side and the best score for each side
was their final score. Chalil and colleagues reported that this test has a high reliability (» = .995).

Standing Long Jump. The participants have to jump their furthest without a runup. The
participants have two tries and their furthest jump counts as their final score.

Overall Motor Skills. Finally, an overall score of motor skills was calculated. This score
is a sum of the scores of the balance beam, countermovement jumping, moving sideways and
hand-eye coordination.

So the physical tests are balance beam, countermovement jumping, moving sideways,
hand-eye coordination, 10-meter sprint, 20-meter sprint, 30-meter sprint, Arrowhead sprint test
right, Arrowhead sprint test left, standing jump forward and an overall score of motor skills.
Outcome Variables

The outcome variable ELO-rating is a way to individually rate the ability of football
players (Bosma & Vuegen, 2020). After every match the rating is adjusted. This is done based on
the current rating of the player, the average rating of the team, the average rating of the

opponent, the result of the match, home advantage and a growth factor. The growth factor is
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based on the age of the player. A younger player has a higher growth factor, because there is less
data about them and this way they can reach their actual rating quicker. Also, players that play in
a different age category during the session have a higher growth factor, because in most cases,
their rating will likely be different from the rating they deserve. If they play more matches in the
age category, their growth factor will decrease. The average ELO-rating is 1,500 for every age
category, with a minimum score of 0 and a maximum of 5,000. If a player goes up in age
category, their ELO-rating will decrease accordingly. This outcome variable has yet to be tested
on its reliability and validity.

For the outcome variable Professional Level, the distinction between elite and sub-elite is
based on whether they made their first-team debut, and played at first-team level in the
subsequent seasons. If both conditions apply, a player is categorized as elite.

Data Analysis

Correlations between each predictor test and each outcome variable were calculated in
SPSS (version 29.0.1) for one-, two-, and three-year intervals between measurement and
outcome. When two or more predictors showed significant correlations with the same outcome, a
multiple linear regression was conducted using the stepwise method. Predictors were entered
based on the strength of their correlation with the outcome, beginning with the variable with the
highest correlation. If a predictor did not add significantly to the model, it was excluded.
Similarly, a binary logistic regression was conducted in SPSS with the tests that significantly
predicted Professional Level. Again, the predictors were added stepwise, based on the strength of
the correlation. Predictors were excluded if they did not add significantly to the model. If only
one predictor was included in the model, a logistic regression was still performed to calculate

Nagelkerke R? for the explained variance. Initially, the intent was to cross-validate the results by
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testing the results of one part of the sample on another part. However, the sample sizes for each
test were smaller than expected, which made cross-validation impossible while keeping enough
power.
Results

Assumptions

Before a test was conducted, the assumptions were checked. For Pearson's correlations,
the following assumptions were checked. (1) linearity between the variables, (2) no significant
outliers, and (3) normality of the variables. Linearity was assessed with scatterplots between
each predictor, outcome variable, and the interval between test and outcome. Outliers were
identified using boxplots, with extreme values defined as greater than three times the
interquartile range (IQR) below Q1 or above Q3. For mastery goal-setting, process-focused
climate, 20-meter sprint, agility sprint left, and standing jump forward one outlier per variable
was removed. When these outliers were removed, the assumptions were met and the correlations
remained similar. Therefore, correlations including outliers are reported. Normality was
evaluated using Q-Q plots. Normality was sometimes violated due to outliers but was met after
their removal.

When a multiple linear regression was conducted, the following assumptions were tested.
(1) linear relation between predictors and outcome, (2) homoscedasticity, (3) no
multicollinearity, (4) no significant outliers, and (5) normally distributed residuals. Linearity and
outliers were inspected via scatterplots. Homoscedasticity and normality of residuals were
assessed with residual plots. Multicollinearity was evaluated using the Variance Inflation Factor

(VIF), with values above five considered problematic. All assumptions were met.
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For the point-biseral correlations, the following assumptions were tested. (1) no outliers
within each outcome category, (2) normality of continuous variables, and (3) homogeneity of
variance across outcome categories for predicting variables. Outliers were checked via boxplots,
normality with Q-Q plots, and equality of variances using Levene’s test. Some violations
occurred due to outliers, but after removing values exceeding three times IQR, assumptions were
met. For mastery goal-setting, coach autonomy support, performance-focused climate, process-
focused climate, enjoyment, moving sideways, 20-meter sprint, agility sprint left and right, and
standing jump forward one or two outliers per variable were removed. For PL-1 and PL-2, the
significant correlations and models changed, so results without outliers are reported, because the
outliers heavily influenced the correlations. Without the outliers, results project a better overview
of the important predictor variables for these outcomes. For PL-3 results remained similar, and
the results including the outliers were reported.

For a binary logistic regression, the following assumptions were checked. (1) linearity
between continuous predictors and the logit of the outcome, (2) no multicollinearity, and (3) no
outliers. Multicollinearity was assessed using VIF (<5 is acceptable), and outliers were checked
via Cook’s distance. All assumptions were satisfied.

Correlations ELO-rating

All correlations between the scores of the players on the tests and their ELO-rating one,
two and three years later (ELO-1, 2 and 3) can be found in Table 2. For the ELO-1, the cognitive
sub-score of Anticipation showed a small-to-moderate positive correlation with performance (r =
.23). None of the psychological tests were significant. Among the physical tests, Hand-Eye

Coordination (r = .28, moderate), and Overall Motor Skills (r = .18, small) were significant. For



24

ELO-2 and ELO-3 no tests were significantly correlated with ELO-rating. Hypotheses la, Ic, 1d,

2a, 2b, 2¢, 2d, 2e, 2f and 2g were all not supported by the analysis of ELO-1, 2 and 3.



Table 2

Correlations tests and outcomes
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ELO Professional Level
Years between test and outcome 1 2 3 1 2 3
Cognitive test ~ Working Memory .07 .03 -.07 .08 .08 .02
Anticipation 23%% .04 -.04 .02 .02 .03
Control 13 .07 .01 .02 .03 -.02
Attention -.14 -.15 -.15 .05 .04 .03
Game intelligence .08 .07 -.01 A1 12 .04
Psych. tests Mastery Goal Setting .06 .06 NA .07 .01 NA
Ego Goal Setting -.06 .04 NA .00 .00 NA
Perceived Team Cohesion  -.02 .09 NA -.03 .00 NA
Coach Autonomy Support .05 .06 NA 18* .08 NA
Process Focused Climate .03 12 NA .08 .08 NA
Perfor. Focused Climate .06 .14 NA  -18*  -.07 NA
Enjoyment -.09 .01 NA .07 .10 NA
Entity Mindset .03 -.03 NA -.18 -.19 NA
Incremental Mindset A5 A5 NA .05 .09 NA
Self-efficacy 15 .16 NA -.15 -.01 NA
Physical tests Balance .09 -.06 -.03 -.06 -.05 .02
Countermov. Jumping -.01 .14 .16 .01 .02 .00

Note. *p < .05; **p < .01
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Table 2 (continued)

Correlations tests and outcomes

ELO Professional Level
Years between test and outcome 1 2 3 1 2 3
Physical tests  Moving Sideways 14 .05 .14 .07 .07 5%

Hand-Eye Coordination 28%% 13 A1 d4% 0 15*¥* 13

10-Meter Sprint .00 -.02 .02 -.09 -.10 -.12
20-Meter Sprint -.03 .04 -.04 -.09 -.10 -.11
30-Meter Sprint -.06 -.04 -.02 -11 -11 -.11
Agility Sprint Left .00 -.09 -.11 -.08 -.06 -.14
Agility Sprint Right -.05 -.11 -.11 -.11 -09  -20%*
Standing Jump Forward -.08 .01 .05 12 3% 15%
Overall Motor Skills 18%* A5 17 .10 A1 14

Note. *p < .05; **p < .01
Prediction Models ELO-rating

For ELO-1, a multiple regression was performed. Hand-Eye Coordination was first added
to the model, and contributed significantly to the model (AR*=.127, p <.001), Anticipation was
added second, and was also significant (AR* = .043, p =.02). Overall Motor Skills was not
included, because it did not add significantly to the model (AR*=.000, p = .91). The overall
model was significant, F(2, 119) = 12.18, p <.001, with an R-squared of .170, so 17.0% of the

variance can be explained by this model, representing a moderate effect size. The results are also
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shown in Table 3. Hypotheses 1b, 1e and 2h were all not supported. For ELO-2 and 3, no model
was made, so Hypotheses 1b, 1e and 2h were not supported for these outcomes.
Table 3

Multiple Linear Regression ELO-1

Unstandardized Coefficients

Model B Std. Error t Sig. VIF AR?
Constant 1692.37 113.08 14.97 <.001

Hand-eye 4.97 1.25 3.99 <.001 1.01 127
coordination

Anticipation 2.22 .90 2.47 .02 1.01 .043

Dependent variable: ELO-rating
Correlations Professional Level

The correlations between the tests and Professional Level one, two and three years after
(PL-1, 2 and 3) the tests were conducted, can be seen in Table 2. For PL-1, Coach Autonomy
Support ( = .18, small), Performance-Focused Climate (r = -.18, small), and Hand-Eye
Coordination (r = .13, small) were significant. For PL-2, Hand-Eye Coordination (» = .15, small)
and Standing Jump Forward (r = .13, small) were significant. For PL-3, Standing Jump Forward
was again significant (» = .15, small), and also Moving Sideways (r = .15, small) and Agility
Sprint Right (r = -.20, small) were significant. Hypothesis 2a was supported for PL-2 and PL-3,
but not for PL-1, Hypothesis 2g was only supported for PL-3, and Hypothesis 1c was only
supported for PL-1. Hypotheses la, Ic, 1d, 2b, 2¢c, 2d, 2e, and 2f were not supported by the

results of PL.
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Prediction Models Professional Level

For PL-1, a binary logistic regression was performed, without the outliers. First, Coach
Autonomy Support was added, and contributed significantly to the model (AR? =.086, p = .045).
Next, Hand-Eye Coordination was added, and also contributed significantly (AR? = .082, p =
.03). Performance-Focused Climate not included, because it did not add significantly to the
model (AR*=.061, p =.30). The full model was statistically significant, y%2, 136) =9.84, p =
.01. The Nagelkerke R* was .166, indicating approximately 16.6% of the variance was explained
by the model, representing a moderate effect size. The results can be found in Table 4.
Hypotheses 1b, le, and 2h were all not supported.
Table 4

Logistic Regression for PL-1

Model B S.E. df Sig. Exp(B) AR?
Coach Autonomy  1.13 .56 1 .045 3.10 .084
Support
Hand-Eye .04 .02 1 .03 1.04 .082
Coordination
Constant -10.60 292 1 <.001 .00

Dependent variable: Professional Level

For the logistic regression, without outliers, of PL-2, Hand-Eye Coordination was added
first, and added significantly to the model (AR? = .045, p = .01). Standing Jump Forward was not
included, because it did not add significantly to the model (AR* = .030, p = .09) The full model

was statistically significant, y%(1, 305) = 6.40, p = .01. The Nagelkerke R* was .045, indicating



29

that approximately 4.5% of the variance was explained by the model, representing a small effect
size. The results can be found in Table 5. Hypotheses 1b, le, and 2h were all not supported.
Table 5

Logistic Regression for PL-2

Model B S.E. df Sig. Exp(B) AR?
Hand-Eye .03 .01 1 .01 1.03 .045
Coordination
Constant -4.77 1.03 1 <.001 .01

Dependent variable: Professional Level

For PL-3, a binary logistic regression was performed. Agility Sprint Right was first added
to the model, and added significantly to the model (AR? =.087, p = .01). Moving Sideways was
added next, and also added significantly to the model (AR> = .053, p = .04). Standing Jump
Forward was also significantly correlated with PL-3, but did not add significantly to the model
(AR>=.028, p = .10). The full model was statistically significant, y%2, 184) = 11.44, p = .003.
The Nagelkerke R* was .140, indicating that approximately 14.0% of the variance was explained
by the model, representing a moderate effect size. The results can be found in Table 6.

Hypotheses 1b, e, and 2h were all not supported.
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Table 6

Logistic Regression for PL-3

Model B S.E. df Sig. Exp(B) AR?
Agility Sprint -3.35 1.36 1 .01 .04 .087
Right
Moving Sideways .06 .03 1 .04 1.07 .053
Constant 19.36 10.36 1 .06 255,634,
227.48

Dependent variable: Professional Level
Intercorrelations Predictive Tests

The cognitive scores were correlated with some of the physical tests. Working Memory
was significantly correlated with Hand-Eye Coordination (r = .15, small), Agility Sprint Right (»
= -.16, small), and Overall Motor Skills (» = .15, small). Anticipation was significantly correlated
with Balance (» = .16, small), Jumping Sideways (r = .23, small-to-moderate), and Overall
Motor Skills (» = .17, small). Control was significantly correlated with Balance (» = .15, small).
Attention was significantly related to Jumping Sideways (r = -.16, small). Lastly, Game
Intelligence was significantly related to Balance (r = .21, small-to-moderate), Jumping Sideways
(r = .25, small-to-moderate), Hand-Eye Coordination (r = .20, small), Agility Sprint Right (» = -
.15, small), and Overall Motor Skills (» = .30, moderate). A few psychological tests were
significantly correlated to a physical test. Perceived Team Climate was related to Overall Motor
Skills (» = -.18, small), Perceived Coach Autonomy was correlated to Moving Sideways (r = -

.17, small), Entity Mindset was related to Standing Jump Forward (r = -.23, small-to-moderate),
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and Incremental Mindset was related to 20-Meter Sprint (» = .23, small-to-moderate). No
cognitive scores were significantly related to psychological tests. All intercorrelations can be
found in Appendix A.
Discussion

It was expected that setting mastery goals, perceived coach autonomy, self-efficacy,
standing jump forward, countermovement jump, sprint performance (10-30 meter), and agility
sprints would be significantly correlated with future performance. However, only standing jump
forward and hand-eye coordination seemed to be somewhat consistent predictors, because these
tests had a significant correlation with the outcome multiple times, though their effects were
mostly small. All other predictors were never statistically significant, or only significant once,
indicating limited and inconsistent predictive value over time. This was especially true for the
psychological tests, which showed no significant associations, except performance-focused
climate and coach autonomy support for PL-1. One possible explanation lies in the
operationalization used in this thesis. Professional Level distinguished between elite and sub-
elite players based on whether a player made their debut, and played in a first team in following
seasons, providing an objective measure rather than a subjective classification (e.g., categorizing
academies as elite or sub-elite). Distinctions like selected versus deselected players (Deprez et
al., 2015; Fortin-Guichard et al., 2022) were not possible, because that data was unavailable.
Other approaches in the literature (e.g., experience versus novice players, or clustering certain
divisions; Nuiiez et al., 2009; Vestberg et al, 2012) also rely on subjective criteria. Furthermore,
since ELO-ratings have not been used previously in literature, this may partly explain why the
results differ from earlier studies. An additional explanation is range restriction (Bergkamp et al.,

2019), which occurs when participants’ test scores are relatively similar, reducing variability and
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making it harder to detect differences within the sample. This study included only players
already selected into professional football clubs, making the range restricted. In contrast, many
previous studies included broader samples (e.g. selected versus deselected academy players, or
experienced versus novice players; Johnston et al., 2017) and therefore captured greater
variability. A third explanation is that most prior research examined cross-sectional correlations
between predictors and playing level at one point in time (e.g., Johnston et al., 2017; Bergkamp
et al., 2019). In contrast, this study applied a longitudinal design, comparing test results with
performance one, two, and three years later.

The analysis of intercorrelations between tests showed small to moderate correlations
between cognitive and physical predictors. However, due to the lack of validation of the
cognitive test, no meaningful conclusions can be drawn. The psychological tests showed no
significant correlations with the cognitive scores and only a few small significant results with the
physical tests. The most plausible reason is that the tests lacked sensitivity to distinguish between
players in this sample, as most scored similarly.

The prediction models varied in predictive power. No models could be made for ELO-2
and ELO-3, the model for PL-2 had a small effect, and the models for ELO-1, PL-1, and PL-3
showed moderate predictive power. The expectation was that the models would consist of setting
mastery goals, self-efficacy and 30-meter sprint. However, these tests were never included in any
model, but other tests were included, like hand-eye coordination and standing jump forward.
Possible reasons for these differences are similar to those explaining the unexpected correlations.
The models predominantly included physical predictors. Only ELO-1 contained a cognitive
predictor, suggesting that cognitive and psychological variables did not contribute additional

explained variance beyond the physical measures. Given the dynamic and non-linear nature of
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football development (Den Hartigh et al., 2016; Till & Baker, 2020), it is plausible predictors
lose strength across longer timespans, making long-term predictions more difficult than cross-
sectional correlations. However, for the models of PL, the predictive power increased when the
interval between tests and outcome was bigger. This is likely due to coincidence, rather than a
meaningful result.

Limitations

This study had some shortcomings. Firstly, not all tests are validated appropriately. The
cognitive test of BrainFirst claims to be evidence-based, but no independent validation studies
are available, nor is it clear how the overall score is calculated (Reinhard et al., 2025). This
prevents drawing useful conclusions from the results of the test. Furthermore, the KTK was only
validated for children between the ages of five and 14. However, our participants were older, so
it is uncertain the validity holds for our sample.

A second limitation is that not all participants were tested on every test. The power was
still large enough to be able to draw conclusions, but larger sample sizes per test could have
given more insightful results. In addition to that, the interval between the tests and outcome is
not the same for every participant per outcome variable. For instance, ELO-1 had a range of 142
and 429 days. This likely added noise to the results.

An additional limitation is the lack of generalizability for this sample. It consisted of
male players aged 18 to 20 years-old when conducting the tests, who were a part of a
professional football club. This makes generalizing to, for instance, amateur players, female
players, or younger and older players not possible.

A further limitation is seen in the outcome variables. Professional Level generalizes

players that can have different performance levels, as the same. ELO-rating is not a validated
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measurement for performance, because of this the literature has not used ELO as an outcome
variable, making it difficult to compare our results with the literature.

The data analysis also had some limitations. All outcomes had outliers for some
predictive tests, which violated the assumptions. When deleting those outliers, the assumptions
were met. For most outcomes, the results stayed the same, but for PL-1 and PL-2 the results
differed with and without outliers. This influenced the comparability of outcomes and should be
considered when comparing the results.

A last limitation is that the item-level scores of the psychological tests were not available.
This meant the reliability could not be checked. Based on the literature, most of the tests seemed
to be reliable, but we cannot be sure.

Practical Implications and Future Research

Most tests do not appear suitable to identify differences within this sample. Although
some showed significant correlations with performance outcomes, these associations were
generally small and inconsistent across time and outcome measures. While some models
improved performance prediction, their instability over time limits their usefulness for player
selection decisions. Future research should apply the same tests to a broader sample to determine
whether greater variability allows the predictors to better differentiate between players.

Although the results are not convincing, ELO-rating seems to be a promising
measurement of performance, as it is able to differentiate between the skill level of players in the
same league. This makes it a useful addition to the elite versus sub- or non-elite distinction. The
ELO-rating needs to be researched for validity, and it should also be noted that ELO-rating is
still partly dependent on the team result. This does not make it a perfect operationalization of

performance, but a step in the right direction, when it comes to individual ratings.
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For future research, some tests could be useful to add for assessment. Firstly, a test for
mental toughness. The Connor-Davidson Resilience Scale (Gonzalez et al., 2016) is a
questionnaire on mental toughness that is validated in a sports context. As mental toughness
seems to be an important factor in football (Crust, 2007), this test could give useful insights.
Furthermore, a passing and dribbling drill should be added, because these factors also seem to be
related to performance (Platvoet et al., 2020). The F-MARC test battery has a dribbling, long-
passing, and short-passing drill that are reliable (Rdsch et al., 2000).

A better, but more work intensive method of predicting future performance is by
analyzing match data of a player (Bergkamp et al., 2019). Statistics like passing accuracy,
successful dribbles, and successful tackles can be tracked and based on those statistics a
prediction model per position can be made. This method is likely more effective than the current
method, as it uses match data, instead of isolated tests.

Conclusion

With a few tests, the prediction for future performance can improve considerably.
However, due to the inconsistency of predictors that seem to be relevant, we should be careful
about using these models in practice. This study, like most literature, showed that identifying
consistent predictors in football can be challenging. Den Hartigh and colleagues (2016) suggest
looking at dynamic models for predicting future performance. However, we need to first identify

those consistent predictors to build such a model.
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Appendix A: Intercorrelations between Test Domains

Table A

Correlations Cognitive Scores and Psychological Tests
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Working Anticipation Control Attention Game
Memory Intelligence
|

Mastery Goal-Setting -.07 -.13 -.15 .01 -.12
Ego Goal-Setting -.08 -.08 -.12 -.05 -.06
Perc. Team Cohesion -.15 -.10 .07 .06 -.11
Coach Auto. Support .02 -.08 .00 .05 -.02
Proc.-Focused Climate -.06 -.16 .00 .01 -.02
Perf.-Focused Climate -11 -.13 .02 -.14 .00
Enjoyment -.07 -.17 -.10 .02 -.13
Entity Mindset .03 -17 -.06 -.11 -.08
Incremental Mindset A3 .01 .04 .04 A2
Self-Efficacy .03 -.11 -.02 -.09 .00

Note. *p < .05; **p < .01
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Table B

Correlations Cognitive Scores and Physical Tests

Working Anticipation Control Attention Game
Memory Intelligence
| | | | | |

Balance .08 16%* 5% .09 21%*
Countermov. Jumping A2 23%* A1 -.16%* 25%*
Moving Sideways .07 .08 -.10 -.08 .09
Hand-Eye Coordination 5% .07 A1 -.03 20%*
10-Meter Sprint -.02 -.07 -.04 -.04 -.04
20-Meter Sprint .02 .02 .05 .02 .04
30-Meter Sprint .03 -.01 -.04 .01 -.02
Agility Sprint Left -.10 .04 -.01 -.02 -.07
Agility Sprint Right -.16* -.02 -.03 -.02 -.15*
Standing Jump Forward .08 -.01 -.03 -.06 .10
Overall Motor Skills 5% A7* 15 -.11 30%*

Note. *p < .05; **p < .01
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Table C

Correlations Psychological Tests and Physical Tests

Mastery Ego Goal- Perc. Team  Coach Auto. Proc.-Foc.

Goal-Setting Setting Cohesion Support Climate
| | | | | |
Balance -.04 .03 .03 -.03 .03
Countermov. Jumping -.04 -.02 -.02 .03 A2
Moving Sideways -.09 -.11 -.11 - 17*% -.01
Hand-Eye Coordination -.01 -.06 -.10 .01 -.02
10-Meter Sprint 14 A3 .09 .01 .00
20-Meter Sprint A3 A1 -.02 .00 .00
30-Meter Sprint .10 .08 .00 -.06 -.02
Agility Sprint Left .07 .06 -.11 -.11 -.01
Agility Sprint Right .01 -.02 -.08 -.13 -.08
Standing Jump Forward -.07 -.08 -.04 -.02 -.05
Overall Motor Skills -11 -.08 -18* -.11 -.04

Note. *p < .05; **p < .01
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Table C (continued)

Correlations Psychological Tests and Physical Tests

Perf.-Foc. Enjoyment Entity Incremental  Self-efficacy
Climate Mindset Mindset
| | | | | |
Balance -.14 -.02 -.07 -.06 -.08
Countermov. Jumping .08 -.01 .02 -.05 .05
Moving Sideways -.06 .02 .06 -.10 -.06
Hand-Eye Coordination -.11 -.07 -.07 12 -.05
10-Meter Sprint .10 .09 .06 .16 .01
20-Meter Sprint .06 -.02 .04 23%* .00
30-Meter Sprint .07 .04 .06 .07 -.05
Agility Sprint Left A2 16 -.09 .01 .00
Agility Sprint Right 13 .00 -.14 -.09 -.09
Standing Jump Forward -11 -.03 -.23% -.01 -.05
Overall Motor Skills -.05 -.10 .02 -.04 -.09

Note. *p < .05; **p < .01



