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Abstract

Purpose – The purpose of this paper is to use Twitter data to mine personality traits of basketball players to
predict their performance in the National Basketball Association (NBA).
Design/methodology/approach – Automated personality mining and robotic process automation were
used to gather data (player statistics and big five personality traits) of n5 185 professional basketball players.
Correlation analysis and multiple linear regressions were computed to predict the performance of their NBA
careers based on previous college performance and personality traits.
Findings – Automated personality mining of Tweets can be used to gather additional information about
basketball players. Extraversion, agreeableness and conscientiousness correlate with basketball performance
and can be used, in combination with previous game statistics, to predict future performance.
Originality/value – The study presents a novel approach to use automated personality mining of Twitter
data as a predictor for future basketball performance. The contribution advances the understanding of the
importance of personality for sports performance and the use of cognitive systems (automated personality
mining) and the social media data for predictions. Scouts can use our findings to enhance their recruiting
criteria in a multi-million dollar business, such as the NBA.
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1. Introduction
Each June, teams of the National Basketball Association (NBA) search for a new superstar
during the annual draft among young hopefuls who have played at least one year of college
basketball in the United States (Arel andTomas, 2012). During the draft, every NBA teamhas
the chance to improve its roster for the upcoming season. However, even in the multimillion-
dollar business of the NBA, there is an amount of uncertainty in evaluating the right talent for
a team based on gathered information (Berri et al., 2011; Groothuis et al., 2007; Sawant et al.,
2019). Despite many evaluation options, such as scouting reports, workouts and performance
tests, no team official can guarantee that the selected player will be a suitable fit for the NBA
or the team roster (Arel and Tomas, 2012).

Various analyses have been done on unsuccessful draft picks, or players drafted in late
rounds who turned out to be fortunate picks with successful careers (Berger and Daumann,
2021; Teramoto et al., 2018). While media often focuses on who will be picked, experts have
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their own opinions on available players and see different strengths and weaknesses in them
(Beene, 2019). Every one of them is convinced to have the perfect formula for knowing what
player should be drafted at which position by any team. Nevertheless, even their assessments
often contain errors due to missing information, which shows that even the greatest experts
are not omniscient (Beene, 2019; Sailofsky, 2018). This raises the question of whether the
selection process can be improved with further information not yet known to talent scouts.

Players are not scouted solely on their previous game statistics and their physical talent.
Other factors include their work ethic, maturity, mental toughness, trainability and personality
(Beene, 2019; Sailofsky, 2018). Especially the personality of players is considered highly
relevant, as studies have shown that personality has an impact on the behavioral performance
of athletes and predictive power (Berri et al., 2011; Craighead et al., 1986; Johnson, 1972; Maddi
andHess, 1992; Schurr et al., 1988). Due to theCovid-19 pandemic, classic information-gathering
of the teams prior to the draft through pre-draft camps, the NBA combine, medical testing,
interviews and scouting was largely prevented (Quinn, 2020). While many teams already use
digital support to evaluate talent, even this comes with restrictions (Atlas and Zhang, 2004;
Beene, 2019). For example, psychological components of the evaluation process are particularly
missing thatwould normally be covered bya large number of face-to-face conversations among
talents and teams’ decision makers (Quinn, 2020; Teramoto et al., 2018). Until now,
questionnaires are often used to predict prospects’ personalities prior to the draft, including
the NBA wonderlic test (Matthews and Lassiter, 2007) or the athletic intelligence quotient
(Bowman et al., 2021); these self-report questionnaires can admittedly provide rich information
about people’s conscious self-concepts. However, the reliability of self-reported tests to truly
portray participants’ personalities is often doubted (Boyd and Pennebaker, 2017; McCrae and
Costa, 1982). Indeed, various researchers have found that even common andwell-validated self-
assessment instruments are inadequate for accurately capturing even fundamental human
patterns such as expressions of happiness, physical activity, on-the-job behavior or other
emotional conditions (Boyd and Pennebaker, 2017).

Therefore, a growing number of studies have posited the way people use words as an
alternative to assess personality (Boyd and Pennebaker, 2017; Tausczik and Pennebaker,
2010). It is reliable over time, internally consistent, predictive of a wide range of behaviors,
even biological activity and varies considerably between individuals (Boyd and Pennebaker,
2017; Faliagka et al., 2012). An advantage is that individuals do not have to undergo a special
test, such as a self-report questionnaire to provide useful personality data (Boyd and
Pennebaker, 2017). Considering that everyone uses words uniquely and language used in
everyday life in part reflects a person’s psychological state, everyday communication such as
that used in social media can be analyzed (Pennebaker, 2013). One place where people express
themselves, interact and communicate with each other is social media, such as Facebook or
Twitter, which is therefore very well suited as a data basis for making various predictions
(Ballouli and Sanderson, 2012; Filo et al., 2015; Quercia et al., 2011).

The goal of our research is to improve the prediction of NBA performance based on past
basketball performance and personality traits automatically detected by Twitter data.
Consequently, we try to answer the following research question:

RQ. Can personality traits obtained from social media data be used to predict the
performance of basketball players beyond the extent to which player statistics do?

To evaluate the prospects’ personalities, automated personality mining using social media
data is deployed. The overarching goal is to provide additional information to be leveraged
by NBA teams to examine players’ talent prior to the NBA draft. In addition to this practical
contribution, we aim to make theoretical contributions that help in the understanding of
personality and high-performance sport. We show which personality traits are particularly
relevant for the sport of basketball and how these traits can determine certain players’
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careers. Further, we contribute to the understanding of how social media data can be used to
produce valuable individual information of potential athletes.

The remainder of our paper proceeds as follows: First, we introduce the topic and the
research purpose and justification. From this, the second section presents the theoretical
background of theNBA, college basketball and player statistics aswell as the theoretical basics
of personality measuring models and the procedure of automated personality mining. The
current state of research on the topics of personality and sports performance, as well as the
examination of interrelationships among basketball statistics is included in section 3. Based on
the theoretical backgrounds and literature review, research hypotheses are derived in section 4.
Section 5 provides the methods used for data collection, description and analysis, followed by
the results in section 6. Our findings are discussed in section 7, after which section 8
summarizes the main conclusions and suggests recommendations for further research.

2. Theoretical background
2.1 Basketball and player performance statistics
In 1946, the NBA was founded and became a multimillion-dollar business with an average
franchise value of $2.2 million in 2020, in which 30 teams and over 500 players play 82 games
each season (Badenhausen, 2020; Berri, 2017). In the United States, college basketball has a
similar status to professional basketball, even if the business does not bring nearly such
enormous economic success as the NBA (Kian et al., 2008). The status of being an amateur
college athlete enables players to receive higher education in an institution and allows
athletes to showcase their skills on a larger, televised platform (Zizzi et al., 2003).

Scouts tend to agree that video tapes of players do not always tell the whole truth about
their skills (Beene, 2019; Sailofsky, 2018; Teramoto et al., 2018). Observations such as how a
player’s teammates respond to his failure or success, the body language and response to
coaching during time-outs and in the game, his mood on the bench now provide a more
complete picture about a future star (Quinn, 2020; Reiter, 2020). Additionally, a player’s
personality is normally evaluated primarily with personal interviews, such as those used by a
company for evaluating potential candidates to join their organization (Craighead et al., 1986;
Matthews and Lassiter, 2007). For questions of personality and behavioral assessment, most
of the NBA teams rely on a standard personality questionnaire given to the players prior to
the personal interview (Craighead et al., 1986).

Game statistics are recorded at every organized basketball game and reveal to the public who
won,who lost andwhich player performedwhichway (Berri, 2017). They also play a decisive role
in the signing of new players for the next season (Beene, 2019; Schwamborn, 2014). Statisticians
use score sheets to follow passes, dribbles, shots, rebounds, steals, fouls and everything else that
happens during the game (Oliver, 2004). In aNBAstat sheet, there are 22 corresponding statistics;
on an official NCAA college basketball stat sheet, there are 15 (Oliver, 2004).

Basic statistics contain values captured on the stat sheets of basketball officials without a
mathematical formula, like points per game (PPG), rebounds per game (RPG), assists per
game (APG) and steals per game (SPG) of a player. Correspondingly, the field-goal percentage
(FG%), free-throw percentage (FT%) and three-point percentage (3P%) are recorded, which
resulting in the division of shot attempts and successful makes (Oliver, 2004). However,
basketball is much harder to predict with standardized statistics, especially since it is much
more of a team sport, which is why specific performance measurements have been
constructed (Berri, 2017; Oliver, 2004; Schwamborn, 2014).

The first performance measurement, known as player efficiency rating (PER), accumulates
all positive performance contributions and deducts all negative performance contributions of a
player to create a pace-adjusted, per-minute rating of the player’s performance (Kubatko et al.,
2007; Oliver, 2004). This rating allows for comparing players, even if their playing time is
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different. The second performance measurement, called win shares (WS), aims to spread the
team’s performance among individual teammembers. It is computed based on player, teamand
league-wide statistics and includes both offensive statistics and defensive statistics. With WS
being an accumulated statistic, win shares per 48 min (WS48) provides a clearer idea of how
effective a player is per game over the course of a player’s career (Kubatko et al., 2007; Oliver,
2004). The last performance measure relevant to our research is Beech expected performance
rating (BEPR), which uses the career statistics of points, rebounds, and assists per game and
generates a rating value by totaling those numbers, to categorize players into a total of five
categories. With a rating higher than 20 being the highest (called “star)” and a rating between 5
and 9.99 being the lowest (Beech, 2009).

Our research also covers two college-related performance statistics. Strength of schedule
(SOS) is defined “as the number of games a team on the borderline of the annual national
tournament would expect to win if they played that schedule. This gives a direct way of
quantifying how well different teams have done relative to the schedules they have played”
(Fearnhead and Taylor, 2010). The NCAA calculates the SOS of teams with the all-time won-
lost percentage against other teams they played in their schedule and averages those
percentages (Wright, 2008). The other value isWS per 40 min (WS40) that corresponds to the
described WS48. However, the playing time in college games lasts only 40 min instead of 48,
which leads to the difference (Berri et al., 2011).

2.2 The big five model of personality
Personality can be loosely defined as a construct that makes a person’s behavior, thoughts
and feelings reasonably consistent, but at the same time differentiates individuals (Allport,
1961; McCrae and Costa, 1997). The foundations for the big five model are psycho-lexical
studies of Allport and Odbert (1936), based on the view that all significant facets for the
characterization of important behaviors for the co-existence of individuals are represented by
natural language (Allport and Odbert, 1936). This tenet implies that personality-descriptive
terms available in everyday language, such as adjectives and nouns, are suitable for
depicting all important differences between human beings (Pennebaker, 2013; Tausczik and
Pennebaker, 2010). This has caused Allport and Odbert (1936) to analyze over 4,500 terms
attributable to personality traits (Allport and Odbert, 1936).

The fundamental idea of the big five originated in studies conducted by Tupes and
Christal in 1958. In their surveys, different samples were compared with each other. The
result of the analysis provided five matching factors (Tupes and Christal, 1992). The first use
of the term “big five” was by Goldberg in 1981, with the universality of the model evidenced
by a high degree of agreement among findings from different studies in multiple languages
and cultures (Saucier and Goldberg, 1998). Later, the five-dimensional personality model,
consisting of the dimensions neuroticism, extraversion, openness to experience,
agreeableness and conscientiousness, was introduced (McCrae and Costa, 1997; McCrae
and John, 1992). This theory is based on the starting point of stable and consistent personality
differences among individuals, which are traced back to a substantial degree to genetic
differences. This accordingly reflects a result of human adaptation to environmental
conditions (McCrae and John, 1992; Tupes and Christal, 1992).

The dimension of neuroticism encompasses emotional robustness and emotional sensitivity
(McCrae and John, 1992).Thedimension of extraversion is ameasure of the quantity and intensity
of relationshipswith the environment. Openness to experience captures the interest and extent of
engagement with new experiences, sensations and impressions. The named desire possesses a
differing degree of expression inmost individuals. This involves, among other things, the need for
variety, intellectual interest in others and the independent formation of opinions. The
agreeableness scale measures attitudes and habitual behaviors in social relationships, which
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are explained by social desirability and value beliefs of individuals. Conscientiousness as a
dimension explores the determination and purposefulness with which a person approaches
challenges and theway in which he or she executes imposed tasks. Aspects of competence, sense
of responsibility, prudence, striving for achievement, sense of arrangement and self-discipline
also belong to this description (McCrae and Costa, 1997; McCrae and John, 1992).

2.3 Automated personality mining of twitter data
Automated personality mining is a way to classify the personality profile of social media
users, such as of Facebook, Twitter or Instagram using a personality model namely the big
five (Adi et al., 2018; Buettner, 2017; Faliagka et al., 2012). Several studies have been
conducted on predicting the personality from written texts on social networks (dos Santos
et al., 2017; Ramezani et al., 2022; Sun et al., 2018). For example, in the field of Twitter data,
Golbeck et al. (2011) used automated personality mining to predict the personality traits by
analyzing the usage frequency of particular categories of words and the variation in word
usage. The studywas able to predict personalitywith a deviation of 10% from the personality
test used as the benchmark (Golbeck et al., 2011). Another study based on Twitter and
Facebook data, in which users use both social media services, found that user personality can
be easily and effectively predicted frompublic socialmedia data (Quercia et al., 2011). Further,
Arnoux et al. (2017) studied the accuracy of prior work on big five personality and the
dependence on the size of the input text, and introduced amethod usingword embedding and
Gaussian process. The study shows that the method used outperformed the compared state-
of-the-art methods for personality prediction and was able to predict the big five personality
traits of users based on their social media texts in a real-world context (Arnoux et al., 2017).

To analyze the personality characteristics of the college basketball players considered,
IBM Watson Personality Insights, developed by IBM, is used (Ferrucci, 2012; Pennington
et al., 2014). The service used to evaluate texts is based on an open-source word-embedding
algorithm of global vectors for word representation, or GloVe, which creates a vector
representation of the provided text (Pennington et al., 2014). As training data, the service uses
survey results from thousands of users and the texts of these users’ Twitter feeds (IBM
Watson, 2020). IBM Watson Personality Insights creates big five personality profiles based
on text input annotations, combining the psychology of language with various data analysis
algorithms. The different text must contain a minimum number of 100 words for a linguistic
analysis and must comply with a particular quality. As the number of words increases, the
accuracy of the analysis improves, with themaximum accuracy of the service being provided
by 3,000 words (Ferrucci, 2012; IBM Watson, 2020).

The real-time Internet serviceTwitter is primarily used to share textmessages limited to 140
characters called tweets (Li et al., 2019). It is used for its ability to disseminate information
quickly and unfiltered (Ballouli and Sanderson, 2012; Filo et al., 2015; Stavros et al., 2014). In his
study on suitability of Twitter as a data basis for scientific work, Pfaffenberger (2016) argue
thatTwitter is an interesting andnoteworthy source of data (Pfaffenberger, 2016),whichmakes
it an important tool for many kinds of data analysis (Stieglitz et al., 2018). Its unrestricted and
rapid communication allows detailed insights into the interests, opinions and moods of users,
important factors influencing personality (Pfaffenberger, 2016). According to Twitter, the NBA
was the most tweeted-about sports league in 2018. With Twitter as the common meeting spot
for the team’s fans, it has grown to a community including players, executives, fans and
journalists (Li et al., 2019; Nisar et al., 2018). NBA-Twitter has become a platform where the
participants can easily jump into, follow or start a conversation with and about the game’s
players and personalities. Unlike many athletes from other sports, NBA stars are open to share
parts of their private lives, which helps create a deeper connection with the fans (Maese, 2018),
which is one reason they possess a large number of followers.
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3. Related work
In sports psychology, the relationship between the athletic performance and personality is of
high interest (Craighead et al., 1986; Johnson, 1972; Maddi and Hess, 1992; Mirzaei et al., 2013;
Schurr et al., 1988). Especially through cognitive skills, emotion regulation, motivation
enhancement and interventions in the athlete’s social environment, the influence of
personality on athletic performance has been scientifically proven (Alfermann and Stoll,
2017). Alfermann and Stoll (20017) compared athletes and individuals who do not participate
in sports, regarding their personality. The high self-confidence and low anxiety of
professional athletes led to low scores of neuroticism and their performance orientation and
competitiveness led to higher conscientiousness scores (Alfermann and Stoll, 2017). In
addition, several studies have identified persistence as an essential trait for athletes
(Piedmont et al., 1999). Furthermore, in a study of the big five model of NBA players, Siemon
et al. (2018) focused on analyzing the difference in the values of the personality features
among NBA All-Stars and other players. The results showed that the traits of
conscientiousness and agreeableness have the biggest positive difference (Siemon
et al., 2018).

In a meta-analysis of 42 different sport groups regarding the relationship between
personality traits and athletic performance, contradictory results were initially found for the
dimension of extraversion (Hardman, 1973). After an in-depth analysis, it was concluded that
certain sports represent advantages or disadvantages for extraverts. It was found that they
need and seek a higher cortical excitation. This is more likely to be provided by high-
performance sports than by recreational sports. Extraverted athletes are also better at
tolerating pain and, therefore, are better at contact sports (Sohrabi et al., 2011). Another factor
that emerged in the study is that individuals with high scores on this dimension prefer team
sports as they respond to social stimuli. Introverts have advantages in sports that require fine
motor skills or concentration on a few key stimuli, such as sport shooting (Hardman, 1973).

The dimension of neuroticism has also been seen as an influencing factor for athletic
performance in various studies. Emotional robustness is to be expected at low levels among
high-level athletes in the field of neuroticism (Morgan, 1980). Another research source has
concluded that athletes must be able to perform optimally at specific times, such as during
competitions. In this context, psychological stress is often increased by adverse conditions.
Only if athletes can deal with those kinds of situations adequately are they able to reach the
top levels. This background is seen as the basis for the idea that top athletes must not be
neurotic in order to be successful (Gaudreau and Blondin, 2004; Sarkar and Fletcher, 2014).

In the field of conscientiousness, Ostendorf and Angleitner (2004) have described the
dimension as a cognitive control of impulses. This includes the ability to control, plan and
execute actions and is associated with success in one’s profession as well as extraordinary
achievements in the areas of music and sports. According to this, conscientiousness is a
requirement for high-performance sports, represented by the will to achieve results (Mirzaei
et al., 2013). However, this assertion is not corroborated by a study, which leads to questioning
this statement (Ostendorf and Angleitner, 2004). Nonetheless, in another study, athletes with
high scores in conscientiousness and low scores in neuroticism were found to perform better
over the course of a competitive season (Allen and Laborde, 2014).

Research has revealed that high scores among athletes in the dimension of agreeableness
lead them to have more beneficial relationships with their teammates and coaches (Piedmont
et al., 1999). The three dimensions of extraversion, conscientiousness and agreeableness can
also predict unhealthy exercise behavior among older adults in the context of strength and
mobility (Allen and Laborde, 2014).

Finally, openness to experience is often associated with sports involving higher risk, such
as mountain climbing or motorcycling (Tok, 2011). Similarly, in a study of free divers with
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high risk tolerance, it was found that high openness and extraversion scores, combined with
low emotional scores, resulted in a positive effect on their performance (Baretta et al., 2017).

4. Hypothesis development
The first objective of this paper is to identify a relationship between selected college
basketball statistics, big five trait personality traits and NBA players’ performance. The
values of PER, WS, WS48 and BEPR are used to measure the player productivity. For our
hypothesis development, we primarily rely on research from the field of sports and
specifically team sports, which requires similar physical activities as basketball. While there
is already a lot of research onwhich personality traits are responsible for certain behaviors in
the area of job performance, desk activities or art and creativity (Amabile, 1983; Buettner,
2017; Hogan and Holland, 2003; Judge et al., 2002), there is only little research on correlations
and relations between personality traits and sports performance. Since studies of high-
performance athletes have indicated that people with a high level of extraversion are better at
enduring pain and prefer team sports (Hardman, 1973), which are often associated with a
successful athlete, it is assumed that extraversion and the performance of players have a
positive relationship. Therefore, the following hypothesis is made:

H1. A positive correlation exists between extraversion and NBA performance.

Studies on neuroticism have shown the importance of the body andmindworking together in
an optimumway. Therefore, it is important that athletes are emotionally robust and have low
scores in this trait (Morgan, 1980). They must be able to manage competition stress and
disadvantageous conditions as well (Gaudreau and Blondin, 2004). Since basketball players
are often faced with stressful situations, such as last-second game decision-making as well as
perceived disadvantageous refereeing decisions (Craighead et al., 1986; Zizzi et al., 2003), the
neuroticism domain and the NBA performance are expected to be negatively related. The
following hypothesis is thus proposed:

H2. A negative correlation exists between neuroticism and NBA performance.

The characteristic of conscientiousness includes, according to studies, the ability to control,
plan and execute actions, whichmust be especially present among high-performance athletes
to achieve success (Ostendorf and Angleitner, 2004). Moreover, characteristics such as
performance orientation and competitiveness are expected to lead to a high value in this
dimension (Piedmont et al., 1999). The features in strong expressions, such as responsible,
achievement-oriented, reliable and hardworking, also match in this regard (Bipp, 2006). All
these characteristics mark a successful and high-performing athlete. Hence, it can be
concluded that the values in the range of conscientiousness have a positive relationship with
the performance of basketball players, creating the following hypothesis:

H3. A positive correlation exists between conscientiousness and NBA performance.

Based on study findings suggesting that high scores in agreeableness lead to better
relationships with teammates and coaches (Piedmont et al., 1999), it can be assumed that the
score in this category has a positive relationship with the athletes’ performance in team
sports, leading to the following statement:

H4. A positive correlation exists between agreeableness and NBA performance.

Given that, thus far, only studies related to extreme sports could present effects of openness
to experience (Baretta et al., 2017; Tok, 2011), it is assumed that the trait has no significant
relationship with performance in team sports, this study posits:
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H5. No correlation exists between openness to experience and NBA performance.

Relationships and dependencies between college statistics and NBA performance have been
demonstrated by several studies, as mentioned previously. In addition, the size of the
conference towhich the college belongs to has been identified as relevant in draft position and
college statistics. The size of the conference can also be related to the SOS value (Coates et al.,
2010). Therefore, the following hypothesis is put forward:

H6. Apositive correlation exists between the college statistics of FG%, FT%, 3P%, PPG,
RPG, SPG, APG, and SOS and NBA performance.

After an examination of the hypotheses, the possibility to predict prospects’ NBA
performance potential based on college statistics and the personality is analyzed. To
specify the research, the following exploratory question is addressed:

EQ. Can the combination of two or more values of the college players statistics and the
personality trait proficiencies predict performance statistics of NBA players?

5. Methodology
A database, including basketball performance statistics and personality traits mined via
Twitter, was created for the testing of the hypotheses and answering of the exploratory
question in accordance with the data analysis process outlined below. In the following, the
steps of data procurement are specified. The collected data is presented and, the data analysis
to provide the results is described.

5.1 Data collection and data analysis
Collecting data for the data analysis required three major steps. First step involves the
collection of all related draft classes including relevant undrafted players and their statistic
values from college and the NBA. Draft classes and the decisive NBA statistics for all players
are taken from the website Basketball References (www.basketball-references.com), and
statistics for college basketball were extracted from the website Sport Reference (www.sport-
reference.com). To retrieve the statistics from the websites, the robotic process
automatization tool UiPath was applied (Tripathi, 2018; van der Aalst et al., 2018).

In the second step we implemented a Java-based tool using the Twitter API to extract text
from Twitter timelines of players who were eligible for analysis. When querying timelines of
relevant players, it was ensured that retweets (i.e. tweets that were not written by the player)
were not included. The third step was the analysis of the received Twitter data to get the
personality traits of the players. This step was performed using the IBMWatson Personality
Insights Service (Ferrucci, 2012) using our Java-based tool.

In our data collection we consider draft classes between 2007 and 2011, because players
drafted in these years have either proven themselves in the league by now or were not re-
signed by their respective teams due to lack of performance. Due to the restriction that only
players who have participated in college basketball, and therefore have at least one season of
statistics at their alma maters, were evaluated, those who either played abroad prior to their
NBA career or did not attend college were excluded. The second restriction includes a
minimum number of 20 NBA games and a minimum of one year of service (YOS), because
with this number of games, a quarter of a complete NBA seasonwas played, and therefore the
statistic contains an acceptable minimum.

Additionally, the use of IBMWatson Personality Insights also limited the sample, since a
personality profile could only be created by retrieving enough text (minimum of 1,600 words).
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Each dimension’s calculation results in a value between 0 and 1 with 0.500:500presenting the
neutral boundary.While a result close to 0 represents a low expression of the personality trait,
a result close to 1 reflects the opposite.

After filtering by the restrictions, the initial sample size was brought down from 400
players to 185. Data collection of the Twitter data was performed in January 2021, including
all Tweets of our selected players until this time. An overview of the retrieved dataset can be
found in Table 1.

We used SPSS version 26 for the descriptive data analysis, as well as for the Pearson’s
product-moment correlation and the multiple linear regressions. To test our hypotheses, a
Pearson’s product-moment correlation test with a 95% confidence interval was performed.
For the analysis of the strength and direction of the correlations, the correlation coefficient r is
used (Cohen, 2013). The exploratory question was examined using multiple linear
regressions. The results of the correlation analysis and previous research, as stated in the
related work section, served as the basis for the calculation. The aim was to select college
statistics and the personality characteristics that had a highly significant correlation effect
with each of the NBA performance measures. Overall, four multiple linear regressions were
performed, one respectively for each of the selected performance statistics PER, WS, WS48
and BEPR. To assess variance explanation (goodness of fit), guidelines according to (Cohen,
2013) were used in the analysis of the regressions.

6. Results
6.1 Descriptive data summary
Data of the basketball players’ personality presented low mean scores regarding the
characteristics of agreeableness ðM ¼ 0:260Þ and conscientiousness ðM ¼ 0:310Þ. In terms
of extraversion ðM ¼ 0:660Þ and openness to experience ðM ¼ 0:725Þ, more average means
with the tendency toward positive were displayed. The trait of neuroticism featured a high
mean score of M ¼ 0:860.

In terms of the descriptive summary of the basketball statistics, mean value of the career
PER of the players in the data set is 13:403, slightly below the value of 15 expected as a
benchmark for an average starting-five player. All NBA performance statistics showed a
high difference between theminimumandmaximumbut displayed rathermoderate standard
deviations. In terms of college values, SOS featured a high mean value ðM ¼ 6:152Þ.
Comparing the means of WS per minutes between NBA (WS48) and college (WS40) results
indicated that the college value has a higher expression at 0:195 to 0:082, respectively. The
standard deviation of both values showed similarities. Table 2 presents the descriptive
statistics.

6.2 Person’s product-moment correlation
A highly significant ðp < 0:01Þ light positive correlation was found between all performance
values and the trait extraversion, which confirms H1 for these values. In the case of H2, the

Quantity %

Total number of players 400 100.00
Not played in college 58 14.50
No twitter profile available 89 22.25
Not enough NBA games 21 5.25
Not enough tweets 47 11.75
Total dataset 185 46.25

Note(s): Quantity of drafted players per year: 60

Table 1.
Player dataset
numbers and
percentages
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null hypothesis for the neuroticism trait could not be rejected because, although negative
correlations were found with the performance scores, none of the scores possessed
significance. Conscientiousness had a high significant ðp < 0:01Þ light positive correlation
with all NBAperformancemeasures, which confirms the hypothesis H3. For the correlation of
NBA performance measures and the trait agreeableness only the values PER
ðr ¼ 0:196; p < 0:01Þ and BEPR ðr ¼ 0:202; p < 0:01Þ revealed highly significant but
low positive correlations. WS ðr ¼ 0:179; p < 0:05Þ showed a significant correlation with a
low positive effect, while WS48 showed no significant correlations with the trait. Therefore,
the null hypothesis is rejected for the values PER, BEPR and WS, while it is supported for
WS48. As determined in hypothesis H5, openness to experience showed no significant
correlations with PER, WS, WS48 or BEPR. The results are presented in Table 3.

Correlations between college statistics and NBA performance scores are provided in
Table 4. Except for SOS and FT%, both rejecting the formulated hypothesis, all of the
players’ average statistics during their college careers showed significant ðp < 0:05Þ or
highly significant ðp < 0:01Þ correlations. For the PER attribute, a highly significant
correlation was shown by FG% ðr ¼ 0:365; p < 0:01Þ and RPG ðr ¼ 0:305; p < 0:01Þwith
a moderate positive correlation together with PPG ðr ¼ 0:217; p < 0:01Þ and WS40
ðr ¼ 0:287; p < 0:01Þ, yet only to a slight positive extent. All these attributes confirm
hypothesis H6 for the PER metric. The values that rejected H6 were 3P%

Min Max M SD

Agreeableness 0.063 0.653 0.260 0.096
Conscientiousness 0.068 0.785 0.310 0.135
Extraversion 0.429 0.944 0.660 0.103
Openness 0.216 0.933 0.725 0.075
Neuroticism 0.569 0.958 0.860 0.060
NBA PER 1.400 25.200 13.403 4.306
NBA WS �1.300 144.400 22.740 26.681
NBA WS48 �0.141 0.700 0.082 0.079
NBA BEPR 1.500 38.800 13.699 8.048
College FG% 0.371 0.646 0.490 0.060
College 3P% 0.000 0.511 0.283 0.142
College FT% 0.437 0.950 0.754 0.539
College PPG 1.000 26.600 13.195 4.122
College RPG 1.900 12.400 5.627 2.237
College APG 0.300 6.500 2.276 1.478
College SPG 0.200 2.600 1.080 0.474
College SOS �10.190 10.220 6.152 3.423
College WS40 0.088 0.790 0.195 0.073

Note(s): N ¼ 185

NBA PER NBA WS NBA WS48 NBA BEPR

Extraversion 0.239** 0.273** 0.208** 0.232**
Neuroticism �0.075 �0.098 �0.014 �0.090
Conscientiousness 0.223** 0.242** 0.240** 0.194**
Agreeableness 0.196** 0.179* 0.109 0.202**
Openness �0.083 �0.051 �0.142 �0.035

Note(s): Pearson’s product-moment correlation. N ¼ 185: * p < 0:05; ** p < 0:01

Table 2.
Descriptive statistics
for NBA and college

values

Table 3.
Correlation between

big five traits and NBA
performance
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ðr ¼ −0:166; p < 0:05Þ, which indicated a significant slightly negative effect, and APG,
showing a nonsignificant negative correlation. SPG presented a nonsignificant correlation
as well.

With respect to WS, FT% showed a negative but not significant correlation, hence
contradicting hypothesis H6. The same applied to the values 3P% and APG, which both
showed no significance. All other values evaluated confirmed the hypothesis, with significant
positive correlations exhibited. Among them, FG% ðr ¼ 0:213; p < 0:01Þ, PPG ðr ¼ 0:235;
p < 0:01Þ, SPG ðr ¼ 0:226; p < 0:01Þ and WS40 ðr ¼ 0:209; p < 0:01Þ indicated highly
significant low positive relationships. In addition, RPG ðr ¼ 0:170; p < 0:05Þhad a significant
slight positive correlation.

The measurement of WS48 and FG% showed the highest positive highly significant
correlation among all interrelations ðr ¼ 0:427 p < 0:01Þ, although the effect can be rated as
moderate. Other highly significant correlations were detected with RPG ðr ¼ 0:277; p <
0:01Þ along with WS40 ðr ¼ 0:227; p < 0:01Þ, the effect can only be rated as small. The
mentioned values reject the null hypothesis. In contrast, this was confirmed by the negative
correlations of APG ðr ¼ −0:241; p < 0:01Þ and 3P% ðr ¼ −0:162; p < 0:05Þ, which are
highly significant or significant, respectively. The same applies to the nonsignificant values
of correlations with PPG and SPG.

BEPR showed a highly significant but moderate relationship with the PPG value
ðr ¼ 0:319; p < 0:01Þ. Furthermore, there remained a highly significant but slight
correlation effect with SPG ðr ¼ 0:289; p < 0:01Þ and a significant value with the same
effect size for RPG ðr ¼ 0:179; p < 0:05Þ, APG ðr ¼ 0:153; p < 0:05Þ and WS40
ðr ¼ 0:188; p < 0:05Þ. These five values confirm hypothesis H6 in relation to BEPR. FG%
and 3P% showed no significant relationships and thus dismissed the alternative hypothesis.

6.3 Multiple linear regression
Following the Pearson’s product-moment correlation for testing the stated hypotheses, the
explorative question (EQ) was examined based on the results obtained. For this purpose, four
multiple linear regressions with a 95% confidence interval were performed.

For the multiple linear regression of the dependent variable of PER, the college statistics
FG% and RPG as well as the personality trait of extraversion were employed as independent
variables. A significant regression equation was found ðFð3; 181Þ ¼ 15:918; p < 0:001Þ
with an R2 of 0.209. They also showed significant B values, as presented in Table 5.

For the variable of WS, a multiple linear regression was modeled with the independent
variables PPG, SPG and extraversion. The model was found significant ðp < 0:001Þ with
Fð3; 181Þ ¼ 9:561 and an R2 of 0.137. The value PPG showed no significant B scores for this
regression different from SPG and extraversion (Table 6).

NBA PER NBA WS NBA WS48 NBA BEPR

College FG% 0.365** 0.213** 0.427** 0.100
College 3P% �0.166* 0.027 �0.162* 0.110
College FT% �0.015 �0.023 �0.064 0.082
College PPG 0.217** 0.235** 0.058 0.319**
College RPG 0.305** 0.170* 0.277** 0.179*
College APG �0.091 0.055 �0.241** 0.153*
College SPG 0.082 0.226** �0.118 0.289**
College SOS 0.020 0.070 0.063 0.087
College WS40 0.287** 0.209** 0.227** 0.188*

Note(s): Pearson’s product-moment correlation. N ¼ 185: * p < 0:05; ** p < 0:01

Table 4.
Correlation between
college statistics and
NBA performance
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A significant overall regression ðFð3; 181Þ ¼ 17:836; p < 0:001Þ was found for WS48
along with the independent variables of FG%, RPG and conscientiousness with R2 ¼ 0:228.
The personality trait and the value for FG% had highly significant, while RPG had
nonsignificant scores, which is shown in Table 7.

In the last multiple linear regression, the dependent variable BEPR was tested with the
independent variables of PPG and SPG for the college statistics as well as extraversion as the
personality value. The model is statistically significant ðp < 0:001Þwith Fð3; 181Þ ¼ 12:316:
R2 ¼ 0:170 showed a moderate goodness of fit, and all B scores of the independent values are
found to be significant (PPG) or highly significant (SPG, extraversion) see Table 8.

7. Discussion
7.1 Findings based on the formulated hypotheses
Considering the results of H1, it is determined that all selected performance values have a
positive relationship with the personality trait extraversion which confirms the research

B Std: Error Standardized B

(constant) �4.269 2.924
FG% 18.549** 5.539 0.255
RPG 0.374* 0.147 0.194
extraversion 9.811** 2.781 0.235

Note(s): Dependent variable: PER. * p < 0:05; ** p < 0:01

B Std: Error Standardized B

(constant) �41.866** 12.993
PPG 0.947 0.500 0.146
SPG 8.372* 4.342 0.149
extraversion 9.811** 2.781 0.235

Note(s): Dependent variable: WS. * p < 0:05; ** p < 0:01

B Std: Error Standardized B

(constant) �5.758 3.844
PPG 0.431* 0.148 0.221
SPG 3.061** 1.285 0.180
extraversion 15.841** 5.306 0.203

Note(s): Dependent variable: BEPR. * p < 0:05; ** p < 0:01

B Std: Error Standardized B

(constant) �0.203** 0.044
FG% 0.462** 0.101 0.346
RPG 0.004 0.003 0.116
conscientiousness 0.118** 0.039 0.202

Note(s): Dependent variable: WS48. * p < 0:05; ** p < 0:01

Table 5.
Coefficients of multiple

linear regression
for PER

Table 6.
Coefficients of multiple

linear regression
for WS

Table 8.
Coefficients of multiple

linear regression
for BEPR

Table 7.
Coefficients of multiple

linear regression
for WS48
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conducted byHardman (1973). Because of the team sports background, but also especially the
theory that players with pronounced extraversion can endure more pain fits the conditions
under which NBA athletes compete and perform in 82 regular-season games and potential
playoff games in less than seven months.

For neuroticism, the formulated H2 could not be confirmed. However, it is worth
discussing that all players in this dataset tend to have a high value of neuroticism.
Through the findings of Morgan (1985) and Sarkar and Fletcher (2014) that athletes must
be emotionally robust or able to cope with competitive stress and negative conditions
to be successful, a negative relationship between performance and neuroticism was
implied. Arguing against this in terms of NBA players, particularly in the last year, the
influence of the Covid-19 pandemic must be considered. Players have been isolated
throughout the year as never before and due to the abrupt end of the season and the
continuation of the season in the so-called bubble, the feelings of isolation and related
emotional and mental breakdowns can have resulted in increased emotional expressions
on social media (Reiter, 2020). This assumption is supported by the publicizing of mental
health issues by various NBA players (Medina, 2020), as many players deal with anxiety
(Burke et al., 2000; O’Hallarn et al., 2019; Thomas, 2019). Thus, in all accounts, the theories
from previous studies do not necessarily apply to NBA athletes, which is reflected in the
results.

H3 has been confirmed by the findings, as all four performance measures showed a highly
significant positive correlation with conscientiousness. As mentioned by Piedmont et al.
(1999), characteristics such as performance orientation and competitiveness (facets of
conscientiousness) lead to a high value. Compared to other sports such as football (i.e. soccer),
basketball is an high-speed sport with baskets scored frequently and constant one-on-one
duels. Therefore, basketball in particular shows that a high degree of competitiveness leads
to higher performance as players can influence the game to a great extent with their
individual performances (L�azaro et al., 2014).

The results concerning hypothesis H4 are unable to completely confirm the findings of
Piedmont et al. (1999). Unlike other characteristics, where all performance scores showed
equal significant values for the respective trait, WS48 showed no correlation, while WS
showed only a low significant correlation. Despite this limitation, the tested correlation values
of PER and BEPR associated with NBA performance support the results of Piedmont
et al. (1999).

In line with H5, the results of the correlation of NBA performance measures and openness
to experience showed no significant relationship. As stated, the trait mainly contributes to
extreme sports, which are seen mostly as an individual sport (Baretta et al., 2017; Tok, 2011);
thus, this category does not include basketball, as a recreational team sport.

In the case of FG%, the correlation with PER, WS and WS48 support H6. Only BEPR
showed no correlation, which, however, is related to the structure of the measurement
variable. The results containing 3P%, FT%, SPG and APG mainly contradict the stated
hypothesis, which can be explained by the different positions of basketball players. As
players serve different purposes on the court depending on their position, it can be noted
that centers typically have worse free-throw and three-point percentages as well as low
scores in assists and steals compared to guards and forwards. Contrary to the hypothesized
association, no relationship between SOS and NBA performance was observed in the
results. It was assumed that a high SOS value indicates that the respective player belongs to
a large college conference and thus has an influence on NBA statistics since an influential
difference in the size of the conference was determined by the study done by Coates et al.
(2010). Since drafting a player from small conferences with a low SOS tends to be the
exception, the low number of such examples can suggest that no significant connections
could be discovered.
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7.2 Findings based on the formulated exploratory question
The results of the multiple linear regressions show that all performed regressions with the
NBA performance measures as the dependent value showed statistically significant
relationships with at least one college statistic value in combination with a personality trait.
When comparing the regression models in terms of their variance explanations, it must be
noted that all models showed a value that can be described as moderate.

The regression models with PER, WS and BEPR as the dependent value include the
personality trait extraversion, which had the highest significant correlation coefficient
among the big five traits of the previously calculated correlations with these values and was
therefore selected for the regression model. For all regressed models, the personality trait in
combination with the college statistics also showed significance and thus functions as a
predictor. Only for WS48 did conscientiousness achieve a higher significant correlation
coefficient than extraversion and was therefore preferred in the model construction. Here, the
attribute as an independent variable also showed significance within the model in
combination with the college variables and is therefore a predictor of NBA performance.
These results also support the findings of Hardman (1973) and Piedmont et al. (1999)
regarding the associations between athlete performance and personality.

Furthermore, FG% and RPG are significant predictors for PER in combination with
extraversion. This result can be related to the condition that higher FG%s are achieved by
players who usually seek their finishes near the basket. These shots are considered easier but
typically involve an increased physical component (including the battle for the rebound). As
stated by Hardman (1973), people with increased extraversion are better able to
withstand pain.

ForWS, and similarly for BEPR only SPG and extraversion are significant predictors. The
linkage between SPG and extraversion again can be explained by the findings made by
Hardman (1973) as a steal is typically paired with a physical defense.

Examining the WS48 regression model, the results presented by Ostendorf and
Angleitner (2004) can be used to connect the significant predictors of value. Focus herein
is placed on the ability to plan, control, and execute actions, which is important for the success
of high-performance athletes and is attributed to conscientiousness. Players who execute
controlled and thoughtful actions in basketball tend to achieve higher FG%s because they
make better shooting decisions.

Comparing the number of significant variables within the two models involving PER and
WS48 as the dependent variables, PER shows more significant values. This can be explained
by PER’s all-encompassing concern with a player’s offensive and defensive contributions,
while WS48 is concerned with a player’s contributions to winning and thus less concerned
with the actual statistics captured.

7.3 Limitations
In terms of generalizability of the results, it must be stated that only players from draft years
who played in college prior to the draft were examined, which limits the results. Others who
played outside college leagues (e.g. in Europe, the G-League or Australia) and were drafted in
the NBA draft are not included.

Furthermore, only players who have a valid Twitter account and have actively texted
could be considered. It was also assumed that each player’s Twitter account is verified,
implying that players create their own messages and independently decide the content of
their posts. With reference to Twitter, it must be noted that social media in particular can
include impulsive texts that arise due to certain events or states ofmind. Even thoughTwitter
is considered one of the most studied social media systems and is known to predict the
personality of the authors very accurately (Adi et al., 2018; Ahmad and Siddique, 2017;

Performance
prediction of
basketball

players

241



Golbeck et al., 2011; Obschonka et al., 2017; Quercia et al., 2011), minimal variations in
personality from the real personality cannot be ruled out. Various factors play a role, such as
whether tweets are filtered by managers or staff, or whether the deletion of certain tweets is
recommended by any third-party person, or whether players may adapt their communication
unnaturally. Nevertheless, it can be said that the large number of tweets and the longer period
of time are the main reasons why extreme personality traits are evident. In general, however,
social media and especially Twitter should still be regarded as a reliable source for portraying
one’s own personality.

Another limitation of our study is the use of the commercial service IBM Personality
Insights, which is often considered as a “black-box” as the functionality cannot be fully
understood (the algorithms are not open source). Although the functionality has been
demonstrated many times, alternative methods such as GloVe could be used to extract
personality traits from tweets. Pennebaker and Francis (1996) laid the foundation for these
methods with Linguistic Inquiry and Word Count (LIWC) (Chung and Pennebaker, 2012;
Pennebaker et al., 2015). Further improvements have been made with so-called word
embeddings such as word2vec from Google or GloVe from Stanford (Pennington et al., 2014).
The advantage of such models is that semantic similarities between words are determined
unsupervised, whereas LIWC relies on human assessment and psychologists to determine
the meaning of words (Arnoux et al., 2017; Rice and Zorn, 2021). IBM developed Watson
Personality Insights in contrast, is a commercial software as a service for ready-to-use
personality predictions based on GloVe (Arnoux et al., 2017). The automated personality
mining system can therefore be replaced at any time and could consequently influence the
results, even if only minimally.

In addition, four individual NBA performance measures were evaluated and selected.
However, the performance of a basketball player can be expressed in several other statistical
values, based on the standpoint of the observer. Therefore, the results are limited to the
statements on the selected metrics.

8. Conclusion and future research
The conducted research aimed to determine the ability to predict future performance of
college basketball players in the NBA using college player statistics and personality profiles
obtained from automated personality mining.

Based on our results, it can be stated that extraversion and conscientiousness are
positively associatedwith all the performance values examined. The same relationship can be
established for the performance measures PER, WS48, and BEPR and agreeableness.
Openness to experience and neuroticism showed no significant correlation with future NBA
performance. Therefore, players with higher scores in the range of extraversion,
consciousness and agreeableness can achieve better performance in the NBA. Despite the
correlations found, the results also show that a generalization of certain statements of
previous studies cannot be fully adapted to the peculiarities of the NBA. This is evident in the
case of neuroticism. The results in relation to college statistical values and NBA performance
showed that higher college values in FG%, PPG, RPG and WS40 lead to stronger NBA
performance.

The results of all regression models showed significant relationships between the NBA
performance with at least one college statistic and one personality trait. In this context,
extraversion and the college variables of FG% and RPG were found to be related to the NBA
performance variable PER, while the performance value of WS48 can be related by the
variables of conscientiousness and FG%. The factor of WS has proven to be related to the
personality trait extraversion and the college statistic SPG. Similarly, BEPR reveals
dependent effects on the variables of PPG, SPG and extraversion.
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Accordingly, data from the present study show a relationship between college statistics in
combination with measured personality traits obtained from automated personality mining
and NBA performance. In summary, it can be concluded that future performance potential
can be predicted from these measures. However, further research is needed to fully
understand the prediction mechanism and to provide more specific information to NBA
executives. Specifically, further studies should look at the differences in player positions, as
these result in different performance statistics. In addition, our research only represents a
simplification of human personality (i.e. view each trait separated) as we have not looked at
how combinations of personality traits affect specific basketball performance measures.
Future research should address this and use techniques such as machine learning, for
example, to discuss more complex combinations and make predictions on players
performance. Furthermore, the precise influences of the personality traits should be
investigated and what direct influence they have on the player statistics in comparison with
the previous performances from college. Here, structural equation modeling approaches can
also be used to include various control variables that may exert influence. The constructed
models must also be verified by a validation data set to detect possible weaknesses of the
model. Furthermore, expert interviews with mental coaches, scouts and coaches of different
teams should be conducted to validate the correlations found and to adjust the models
accordingly.

Despite many evaluation options, such as scouting reports, workouts and performance
tests, no team official can guarantee that the selected player will be a suitable fit for the NBA
or the team roster. However, with our research, we were able to show how additional
information using automated personality mining can contribute to the complex
understanding of a basketball players success in the NBA.
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