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Abstract: The COVID-19 pandemic has led to a global shut-

down of sporting activities. While professional sports com-

petitions restarted in mid-2020, spectators were usually not

allowed. This paper investigates the effect of absent fans

and reduced social pressure on performance in professional

darts – a setting where individual player performances can

be well observed. Considering almost five years of tourna-

ment data, we use Bayesianmultilevel models to investigate

potential heterogeneity across players concerning reduced

social pressure. For our analysis, we consider the two main

performance measures in darts: the three-dart average and

the checkout performance. Our results indicate that the

effect of reduced social pressure on performance varies

substantially across players. We further find experienced

players to be less affected by social pressure compared to

relatively inexperienced players.

Keywords: audience effects; Bayesian multilevel models;

COVID-19; darts; performance evaluation

1 Introduction

The COVID-19 pandemic, which broke out in Europe in

March 2020, massively altered global work conditions and

limited social interactions (e.g., Narayanamurthy and Tor-

torella 2021; Saleem et al. 2021; Sembiring et al. 2020). Even

sports – especially spectator sports – faced a novel set-

ting for athletes, as full stadiums and cheering fans gave

way to different and unfamiliar conditions with partially or
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entirely absent audiences. This raises the question of how

this altered social pressure affects athletes’ performance.

The concept of social pressure influencing individual

performance traces back to Allport (1924) and Zajonc (1965),

who formulated the social facilitation theory. As a natural

experiment, the pandemic and its concomitants spawned

numerous studies analysing the impact of reduced social

pressure. These studies primarily examine (a) the dimin-

ished home advantage in team sports, likely stemming from

absent fan support and reduced social pressure on referees,

and (b) an altered referee bias per se. Reade et al. (2022)

summarise over 20 studies published since the pandemic

outbreak. As previous studies on the effects of the COVID-19

pandemic mainly focused on team sports, there are – to the

best of our knowledge – no studies investigating potential

changes in the individual performance of professional ath-

letes due to (changed) social pressure.

To investigate potential changes in individual perfor-

mance, we consider professional darts – a setting with

minimal to no interaction between players and with only a

few potential confounding factors. In addition, darts is well

known for having a symbiotic connection between play-

ers and fans, which makes it well suited for analysing the

influence of social pressure. For our analysis, we consider

Bayesian multilevel models to investigate player-specific

effects of the changed social pressure on performance. Our

results suggest that players cope differentlywith social pres-

sure, as some players increased their performance during

COVID-19, while for others, we find a decreasing effect.

Moreover, our analysis reveals that the effect of changed

social pressure varies with players’ experience. In particu-

lar, more experienced players tend to perform better under

standard conditions, i.e., in the presence ofmany spectators,

than less experienced players.

The paper is structured as follows. Section 2 presents

the related literature on (1) findings on the performance

under (social) pressure and (2) the effects of COVID-19 on

the performance of athletes. Our data set is introduced in

Section 3, where we also explain the two darts performance

measures used throughout our analysis. Section 4 presents
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the Bayesian multilevel models considered for our analysis,

and Section 5 covers the results.

2 Related literature

Our study draws on the literature on performance under

social pressure in sports. Dohmen (2008) summarises that

spectators’ presence can affect individuals’ performance

negatively and positively, reflecting the somewhat unclear

picture of sports economic research. Studies conclude that

supportive fans can improve athletes’ performance in foot-

ball and basketball (Greer 1983; Ponzo and Scoppa 2018;

Varca 1980). For football, many studies investigate whether

the home advantage was reduced by analysing matches

played without spectators due to COVID-19, reporting that

fans are a key factor for the home advantage (see, e.g., Cor-

reia-Oliveira and Andrade-Souza 2022; Dilger and Vischer

2020; Fischer andHaucap 2021). Contradictory, other studies

arrive at different conclusions, according towhich teamand

individual performances decrease in front of a supportive

crowd, for example, in golf, basketball, baseball, or biathlon

(see, e.g., Baumeister and Steinhilber 1984; Böheim et al.

2019; Harb-Wu and Krumer 2019; Wright et al. 1991). Moore

and Brylinsky (1993), Priks (2013) and Roşca (2020) find indi-

cations for both a negative as well as a positive effect of

spectator presence or the quality of their support on team

performance in football and basketball.

To better explain these contradictory results, we con-

sider the theory of social facilitation, on which many of

the above-mentioned studies are based. The social facili-

tation paradigm, introduced by Allport (1924), states that

individual performances and decisions can be affected by

the presence of third parties. Incorporating such audience

effects into a conceptual framework, Zajonc (1965) extends

the social facilitation theory and states that social pressure

increases the probability of observing familiar behaviour

patterns. Frequently repeated and well-rehearsed routines

typically characterise such patterns. Consequently, tasks

considered “simple” are easier for the individual to solve

under social pressure than complex or novel tasks (Bond

and Titus 1983; Zajonc 1965). In addition, the question of

whether spectators impair or increase athletes’ perfor-

mance is a function of both the nature of the task and the

degree of individual expertise (Harkins 1987; Ötting et al.

2020). Accordingly, the social facilitation theory assumes

two factors influencing performance with an audience: task

complexity and task expertise. Task expertise pertains to the

individual’s experience, irrespective of task design, often

measured by the frequency of task completion. With iden-

tical tasks, experienced athletes thus benefit from spectator

presence, while less experienced individuals are adversely

affected.

When analysing social pressure, we do not anticipate

a universal effect on all individuals but consider specific

moderating factors that influence how individuals respond

to pressure. While various studies demonstrate the impact

of spectators on individual performance, limited evidence

exists regarding the factors that influence the crowd effect

itself. Consequently, some papers try to isolate not only

individual performance (see, e.g., Bransen et al. 2019; Ept-

ing et al. 2011; Gallagher et al. 2021) but also personal char-

acteristics as they expect them to determine how individ-

uals cope with social pressure. While Geukes et al. (2012)

found that social pressure affects handball players, their

results also suggest that individual factors such as private

self-consciousness moderate how players cope with specta-

tor presence. Caselli et al. (2023) refer to the playing char-

acteristics of footballers in Italy and highlight that the per-

formance of African and dark-skinned players suffers from

social pressure, as they have been victims of racial hostil-

ity in the past. Heinrich et al. (2021) analyse gender-specific

differences in response to social pressure of professional

biathletes. Female biathletes improved their performance

in coordination tasks but worsened it in conditioning tasks

(compared to events held under COVID-19 restrictions with-

out spectators). The opposite was observed for male ath-

letes. Analysing baseball data, Jane (2022) finds a negative

effect of spectator size on the probability of a successful hit.

However, this effect vanished among so-called star players,

indicating that they are more prone to coping with social

pressure.

Consequently, the individual factors moderating the

handling of social pressure can be manifold. In addition,

social facilitation suggests an individual’s experience as a

further moderator. Capturing individual experience, Liv-

ingston (2012) finds that golfers’ experience significantly

moderates how they cope with competitive pressure, even

though he cannot identify the direction of the effect. Exam-

ining male and female tennis players, Jetter and Walker

(2015) find a negative moderating effect of experience for

men and a positive effect for women in investigating a

potential hot hand effect. Beyond these studies, limited

research exists on social pressure using sports data and

how individual experience moderates its impact on perfor-

mance. Otten (2009) analyses the free-throw performance

of experienced basketball players when they were video-

taped and when not, suggesting that players under social

pressure performed better compared to when not being

filmed. Beilock et al. (2002) investigate how experienced

and inexperienced footballers perform under external
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distractions. In a dribbling task using both the strong and

weak foot, experienced players exhibited worse perfor-

mance with their weak foot under external distraction. In

contrast, inexperienced players required high effort regard-

less of the foot used. This suggests that more experienced

players may struggle to cope with new settings. Analysing

how football referees deal with social pressure, Nevill et al.

(2002) and Dawson (2012) find that more experienced refer-

ees are less influenced by home supporters and, hence, by

social pressure.

Our contribution explores the impact of both social

pressure and players’ experience. We analyse performance

data of individual darts players from tournaments before

and after the COVID-19 pandemic outbreak, which imposed

substantial restrictions, including limited to no specta-

tors and strict audience behaviour rules. As darts is usu-

ally known for enormous crowd noise and fan chants,

the atmosphere and thus the social pressure exerted on

the athletes during matches changed considerably (Davis

2022a,b). Although several studies have investigated the con-

sequences of a non-existent audience due to COVID-19, there

is no analysis for professional darts. Moreover, only a few

studies shed light on individual performances in response to

(changed) social pressure and whether an athlete’s experi-

ence can explain changes in performance. While Jetter and

Walker (2015) also investigate individual-specific effects in

tennis, performance in darts can be attributed to individual

playersmore easily. In particular, while performance in ten-

nis depends on external factors such as the opponent’s skills,

the referees, or the weather, such factors can be neglected

in darts since it is played indoors and without (potentially

subjective) refereeing decisions. Also, there isminimal to no

interaction between players, i.e., a player cannot affect the

opponents’ performance. In contrast to Beilock et al. (2002)

and Otten (2009), our data are derived from actual com-

petitions, where the social pressure is thus not artificially

generated but is given an actual crowd.

Darts thus provides a nearly ideal and unique setting to

analyse individual performance under changed social pres-

sure in a highly professional environment. Following the

social facilitation theory and in line with Ötting et al. (2020),

we consider throwing a dart as a simple task as it is highly

standardised and repeatedmany times by the players.More-

over, this paper addresses another possible determinant of

the ability to cope with (changed) social pressure, namely,

a player’s experience. Based on the social facilitation the-

ory outlined above, we assume inexperienced players cope

differently with social pressure compared to more experi-

enced players.

3 Data

Ourdata set – taken fromhttp://live.dartsdata.com/ – covers

3310 darts matches played between February 2017 and May

2021 across 103 tournaments organised by the Professional

Darts Corporation (PDC). Since a darts match involves two

players, we collected data for both to analyse their per-

formance, totalling in n = 6, 620 observations. All matches

follow the 501-up format, where both players begin with

501 points and take their turns one after another. A player

throws three darts within each turn, with a segment’s value

hit by each dart being reduced from the current score. The

first player to reach exactly 0 points wins a so-called ’leg’.

The last dart thrown to reduce the score to 0 must hit a

double or the bull’s-eye (so-called ’double out’ format). To

win a match, a player must be the first to win a prespecified

number of legs.

In our data, each row contains two player perfor-

mance measures together with some further variables on

the match itself, which will be introduced below (such as

the heterogeneity across players). To measure a player’s

performance in a given match, we consider the three-dart

average and the success rate on double fields, which we

introduce in the following.

While previous COVID literature also suggests

analysing referee performance, particularly in football

(Bryson et al. 2021; Reade et al. 2022; Scoppa 2021), referees

only play a very minor role in darts. The rules of darts are

simple and objective, encompassing factors such as the

distance from the foot to the dartboard or the distance of

the non-throwing player to the opponent. A darts referee

ensures compliance with the rules but does not make

subjective decisions such as assessing fouls. The overriding

task of the referee, also known as the ’caller’, is to loudly

announce the points thrown. Referees in darts can thus not

affect players’ performance.

3.1 Three-dart average and checkout
performance

Players aim for high numbers to rapidly reduce their score,

with themaximumpossible score in a single turn, consisting

of three darts, being 180 points. Therefore, a natural strategy

for each player is to maximise points per turn. A player’s

mean score per turn is called the ’three-dart average’, pro-

viding the most recognised performance measure in darts

which is also used by television broadcasts. In contrast to

other sports, it is solely attributable to a player as it is

neither part of a teamoutcomenor can it be directly affected

http://live.dartsdata.com/
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by the referee or other players. Thus, the response variable

average enables a holistic analysis of the performance as it

is based on the entire match and is not limited to certain

parts of a match. As a rule of thumb, professionals routinely

achieve averages of over 90, while averages over 100 are

considered particularly outstanding. In our data, the tour-

nament with the lowest average was the ‘European Darts

Matchplay 2018’ (91.65), and the highest was ‘The Masters

2018’ (99.11).

To ensure reliable inference on player-specific effects,

we reduced the data set to only those players who played

at least ten matches pre- and post-COVID. The final data set

for the analysis of the averages comprises 60 players. Table 1

displays summary statistics on the three-dart average for all

matches as well as for those played pre- and post-COVID,

respectively. We observe a lower mean for the three-dart

average during COVID matches (93.97) than before COVID

(95.25).

The second performance measure our analysis con-

cerns is the checkout performance of each player. As intro-

duced above, at the end of a leg, players must hit a double,

a fairly small segment of the dart board. To evaluate the

checkout performance, the commonly used performance

indicator in darts is the so-called checkout percentage, given

by the ratio of doubles hit divided by all attempts on double.

However, as our data contain double attempts and the hits,

we use the variable double hits to analyse the checkout

performance.

For reliable inference on player-specific effects, we

reduced the data set to only those players with at least

five attempts at a double. Consequently, the data set for the

analysis of the checkout performance comprises n = 6, 323

Table 1: Summary statistics on the three-dart average and checkout

percentage. For both variables, summary statistics are shown for the

entire sample as well as for matches pre-COVID-19 and post-COVID-19.

n Mean Std. dev. Min Max

Three-dart average

Total 6620 94.85 6.46 57.72 121.97

Regular 4578 95.25 6.13 71.05 121.97

COVID 2042 93.97 7.05 57.72 118.96

Checkout percentage

Total 6322 38.65 14.17 0.00 100.00

Regular 4435 38.81 13.74 0.00 100.00

COVID 1887 38.29 15.13 0.00 100.00

The number of observations for the checkout percentage data set is

slightly lower than for the three-dart average data, since for the former,

we excluded cases where players had less than five attempts to check

out.

observations from 60 players, which is thus only slightly

smaller than the data set considered for the three-dart aver-

ages. Table 1 indicates only minor differences in the check-

out percentage pre- and post-COVID.

3.2 COVID-19 matches

Darts fosters a unique fan-player connection, distinct from

other sports. In PDC tournaments, fans stand closely to play-

ers, shaking hands as they enter the stage and singing chants

during the game. This intimate atmosphere contrasts with

sports in large stadiums, like football or basketball, where

athletes are more isolated from fans due to venue design.

Enclosed halls hosting darts tournaments amplify the crowd

noise, creating an environment characterised by partying,

disguised, and singing spectators (Davis 2018, 2022b).

The COVID-19 pandemic ended such festival atmo-

sphere in darts. Matches in late 2020 had only a few spec-

tators, adhering to strict rules, including a ban on chants

and costumes.1 Other tournaments were held behind closed

doors, resulting in a subdued atmosphere compared to pre-

COVID matches with reduced noise, shouting, and chants

(Davis 2022a,b). The Guardian highlighted such novel game-

play circumstances and the significance of spectators in

darts, emphasising their close connection to players and

their impact on the sport.2 Consequently, we anticipate a

diminished social pressure on players due to the altered

atmosphere.

To capture the effect of the social pressure exerted by

the fans, we include the dummy variable COVID. Table 1

indicates that almost 70 % of the observations belong to

matches played pre-COVID, which are thus labelled as reg-

ular, meaning that they took place under standard condi-

tions, i.e., with packed arenas and no restrictions. Thus,

about 30 % of our observations belong to matches that

took place after the pandemic outbreak. To explore per-

formance variations pre- and post-COVID among players,

Figure 1 displays the performance for the 25 players with

the highest number of observations in our data, revealing

substantial differences. For some players, such as Michael

van Gerwen and Gary Anderson, the three-dart average

declines post-COVID, while it increases for other players,

such as Dimitri van den Bergh and Luke Humphries. The

1 For example, in themost important event, theWorld Championship,

the PDC found itself “unable to permit any spectators on-site in fancy

dress” and ‘“football style’ singing and chanting” was also forbidden,

see https://www.pdc.tv/news/2020/12/02/202021-william-hill-world-

championship-ticket-information.

2 https://www.theguardian.com/sport/2020/apr/18/oche-computer-

darts-at-home-shows-vital-importance-of-bells-and-whistles.

https://www.pdc.tv/news/2020/12/02/202021-william-hill-world-championship-ticket-information
https://www.pdc.tv/news/2020/12/02/202021-william-hill-world-championship-ticket-information
https://www.theguardian.com/sport/2020/apr/18/oche-computer-darts-at-home-shows-vital-importance-of-bells-and-whistles
https://www.theguardian.com/sport/2020/apr/18/oche-computer-darts-at-home-shows-vital-importance-of-bells-and-whistles
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Figure 1: Changes in performance pre- and post-COVID as indicated by the three-dart average (left panel) and checkout percentage (right panel).

Shown are the 25 players with the most observations in our data set.

benefitting players are relatively inexperienced in most

cases. For instance, Dimitri van den Bergh and Luke

Humphries have post-COVID experience levels of six and

three years. In contrast, the experience levels of Michael

van Gerwen and Gary Anderson are very high at 15 and

20 years, and their averages decrease. Similarly, the check-

out percentages (right panel of Figure 1) show a decline in

performance for some players (such as Gary Anderson and

KimHuybrechts), while others increased it during spectator

deviations (such as James Wade or Chris Dobey).

To assess performance differences before and during

COVID-19 between experienced and inexperienced players,

we classify those with three or fewer years of experience as

inexperienced (corresponding to the 20 % percentile). Prior

to the pandemic, inexperienced players had a lower mean

three-dart average (93.7) compared to experienced players

(95.7). During the COVID-19 pandemic, inexperienced play-

ers had, on average, a higher three-dart average (94.4) than

experienced players (93.9), although this difference is not

statistically significant. Thus, both decreasing performances

of experienced players (95.7 vs. 93.9) and, albeit smaller,

increasing performances of inexperienced players (93.7 vs.

94.4) could be observed during the pandemic.

3.3 Players’ experience

Drawing on social facilitation theory, findings by Beilock

et al. (2002), Otten (2009) or Jetter and Walker (2015) and

Figure 1, we anticipate that coping with spectator-induced

social pressure improves with increased experience. Hence,

we expect experienced darts players to perform better

under social pressure than inexperienced players. In con-

trast, Beilock et al. (2002) suggest that more experienced

players struggle with new situations compared to inexpe-

rienced players. Therefore, matches played behind closed

doorsmayhave adversely affected the performance of expe-

rienced darts players.

We measure a player’s experience by the number of

years he is considered a professional player. To participate

in PDC tournaments regularly, players need a so-called tour

card, allowing them to participate in the PDC Pro Tour.

Founded in 1992 as an independent darts association, the

PDC has become a global hub for top darts players, hosting

prestigious tournaments. The key to PDC’s success lies in

its elevated professionalism compared to national associ-

ations. PDC players consistently achieve higher three-dart

averages, earn substantial prize money, and, unlike players

from other associations, can make a living from their sport,

highlighting the significance of the tour card. We thus mea-

sure a player’s experience by the number of years since he

received the tour card for the first time.

A total of 128 tour cards are available, with 64 awarded

to the top 64 players on the world ranking list, known as the

Order of Merit. The remaining 64 tour cards can be obtained

through participation in the PDC Qualifying Schools.3 The

PDC introduced the tour card first in 2011; however, a few

3 Here, all players can register without further requirements by pay-

ing an entry fee, play matches simultaneously and right next to each

other with only very few spectators (see https://www.pdc.tv/QSchool).

https://www.pdc.tv/QSchool
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players in our data can also be considered professionals

before 2011. To obtain an adequate experience level for

these players, we surveyed the first season in their career

in which they belonged to the top 64 of the Order of Merit,

which would, by today’s rules, allow them to obtain a tour

card.

The experience levels of the players considered in our

data range from 0 to 20, with amean of 7.72 years (cf. Table 4

in the Appendix). Our sample thus contains substantial vari-

ation in players’ experience levels, which enables us to reli-

ably investigate the effect of experience on the ability to

cope with social pressure.

3.4 Further variables

Our data further contain covariates on match characteris-

tics that potentially affect a player’s performance, which

were also considered in previous studies (e.g., Ötting et al.

2020; Teeselink et al. 2020). In later rounds of a tournament,

players usually have a higher incentive to perform well,

which is captured by a set of dummy variables containing

the information on the tournament round (ranging from the

first round or group stage to the final; 12 categories in total).

To account for the heterogeneity of the two players, we

include the difference in their betting odds of winning the

match. The betting odds were taken from www.oddsportal

.com. Two further covariates cover the score difference and

the match length. If the score difference is large, the match

wasmost likely decided early, leading to a reduced incentive

for the players to perform well at the end of the match.

By including the match length, we account for potential

fatigue effects. In the results below, we refer to the set of

variables introduced in this subsection as match controls.

Table 4 in the Appendix displays descriptive statistics for

these covariates.

4 Model formulations

To investigate potential changes in the performance of darts

players when social pressure is reduced (i.e., after the start

of the pandemic), we consider the two different response

variables introduced above: the three-dart average (labelled

as average in the following), and the double hits. As our data

set has a longitudinal structure and as we are interested in

modelling player-specific effects (cf. Figure 1), we consider

multilevel models for our analysis.

4.1 Three-dart average

In our analysis, the response variable averageij denotes

the three-dart average of player i (i = 1,… , 60) in match

j (j = 1,… , ni). Our first model can be considered as a

simple benchmark model which includes only the COVID

dummy variable:

averagei j ∼  (𝜇i j, 𝜎)

𝜇i j = 𝛼 + 𝛽COVIDi j,

(A.0)

where 𝛼 is the intercept and 𝛽 captures the change in per-

formance post-COVID across all players. The second model

for investigating the performance asmeasured by the three-

dart average is given by

averagei j ∼  (𝜇i j, 𝜎)

𝜇i j = 𝛼 + 𝛽COVIDi j + x
′
i j
𝜸,

(A.1)

where the vector xij contains further variables which are

likely to affect the performance of darts players as intro-

duced above, i.e. the length and the score of the match,

a dummy variable for each tournament as well as for the

round of the tournament, the difference in the betting odds,

and the experience.

As Figure 1 indicates substantial heterogeneity in per-

formance across players, the next model includes varying

intercepts:

averagei j ∼  (𝜇i j, 𝜎)

𝜇i j = 𝛼 + 𝛼player[i] + 𝛽COVIDi j + x
′
i j
𝜸.

(A.2)

Here, player-specific deviations from the average inter-

cept𝛼 are given by𝛼player[i] to account for the different levels

of players’ quality.

Figure 1 further suggests that the effect of an absent

crowd on performance differs across players. Our next

model for the average includes varying slopes to investigate

such pattern:

averagei j ∼  (𝜇i j, 𝜎)

𝜇i j = 𝛼 + 𝛼player[i] + 𝛽COVIDi j

+ 𝛽player[i]COVIDi j + x
′
i j
𝜸,

(A.3)

where 𝛽 denotes the average change in performance

post-COVID across all players and 𝛽player[i] are the cor-

responding player-specific deviations from the average

effect.

Finally, to investigate the potential moderating effect of

players’ experience as introduced above, we consider the

following model:

averagei j ∼  (𝜇i j, 𝜎)

𝜇i j = 𝛼 + 𝛼player[i] + 𝛽COVIDi j + f (experi j)

⋅ COVIDi j + x
′
i j
𝜸,

(A.4)

http://www.oddsportal.com
http://www.oddsportal.com
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where 𝛽 again denotes the average change in performance

post-COVID across all players and f is a smooth function to

account for potential nonlinear effects.

4.2 Checkout performance

The second part of our analysis focuses on modelling the

checkout performance, i.e., the situation at the end of a leg

where darts players have to hit a small segment to reduce

their score to 0. While the checkout percentage constitutes

a proportion, we do notmodel it directly but rather consider

the number of successes (double hits), i.e., the number of

darts that hit a double field, together with the total number

of darts thrown at a double field. For that purpose, we use

aggregated binomial regressionmodels since it ismost natu-

ral to explicitly consider the underlying sample size instead

of using only the resulting proportion.

As for the analysis of the averages, we start with a sim-

ple benchmarkmodel that includes only the COVID dummy:

doublehitsi j ∼ Binomial(ni j, pi j)

logit(pi j) = 𝛼 + 𝛽COVIDi j,

(C.0)

where nij and pij denote the number of throws at a dou-

ble segment of player i in match j and the corresponding

probability to hit a double segment, respectively. Similar to

the model for the averages (A.0) 𝛼 is the intercept, and 𝛽 is

the average effect of the change in checkout performance

post-COVID (across all players).

The second model for the checkout performance is

given by

doublehitsi j ∼ Binomial(ni j, pi j)

logit(pi j) = 𝛼 + 𝛽COVIDi j + x
′
i j
𝜸,

(C.1)

where the vector xij contains the match control variables

that are likely to affect players’ performance, as introduced

above.

To account for heterogeneity in players’ performance

as indicated by Figure 1, the next model for the checkout

performance includes varying intercepts:

doublehitsi j ∼ Binomial(ni j, pi j)

logit(pi j) = 𝛼 + 𝛼player[i] + 𝛽COVIDi j + x
′
i j
𝜸.

(C.2)

The next model is the most flexible one as it further

includes varying slopes for the effect of post-COVIDmatches

on checkout performance to fully capture any potential het-

erogeneity across players:

doublehitsi j ∼ Binomial(ni j, pi j)

logit(pi j) = 𝛼 + 𝛼player[i] + 𝛽COVIDi j

+ 𝛽player[i]COVIDi j + x
′
i j
𝜸.

(C.3)

As for the three-dart average, we also investigate the

potential moderating effect of players’ experience for the

checkout performance, with f again denoting a smooth

function:

doublehitsi j ∼ Binomial(ni j, pi j)

logit(pi j) = 𝛼 + 𝛼player[i] + 𝛽COVIDi j + f (experi j)

⋅ COVIDi j + x
′
i j
𝜸.

(C.4)

4.3 Model fitting

To fit the multilevel models introduced above, we choose

a Bayesian approach to obtain posterior distributions of

the change in performance due to the absence of fans.

Moreover, due to the hierarchical structure of our data, a

Bayesian approach allows to obtain posterior distributions

of the change in performance for each player. In addition,

we provide a comprehensive analysis of player hetero-

geneity by evaluating the corresponding credible intervals

for each player. In particular, we use the R package brms
(Bürkner 2017), which provides an interface for the pro-

gramming language Stan (Carpenter et al. 2017). We fitted

eachmodel using four Markov chains with 10,000 iterations

and discarded the first 5000 of each chain as warm-up, thus

resulting in 20,000 posterior samples.

To check for convergence of the chains, we consider the

Gelman-Rubin R̂ statistic for each parameter, which indi-

cates convergence if the value is close to one (Brooks and

Gelman 1998; Gelman and Rubin 1992). We also report the

effective sample size.

As we use a Bayesian approach to obtain posterior dis-

tributions of the change in performance, the use of prior dis-

tributions is notmotivated to incorporate domain expertise.

We thus use weakly informative prior distributions. In par-

ticular, we choose a  (0, 10) prior for the population-level

parameters, i.e., for 𝛽 and for all entries of 𝜸 throughout all

model formulations. For models (A.2) and (C.2), we select a

normal prior for both player-level effects 𝛼player and 𝛽player,

each with mean zero and a half-Student t(3, 0, 6.3) hyper-

prior for the standard deviation. For models (A.4) and (C.4),

we consider the mixed model representation of penalised

splines (Wood 2017) and select a half-Student t(3, 0, 6.3)

hyperprior for the wiggly components. In the most flexi-

ble model formulations (A.3) and (C.3), we use a bivariate

normal prior for the player-level effects 𝛼player and 𝛽player,
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respectively, with a half-Student t(3, 0, 6.3) prior for each

standard deviation. For the associated correlation matrix,

we choose an LKJ-correlation prior with parameter 𝜂 = 1,

leading to a uniform density over the correlation matrix

(Bürkner 2017). The data set and the R code used for model

fitting are available in the online supplementary of this

article.

5 Results

5.1 Three-dart average

To get an overview of the impact of COVID restrictions

on the performance of darts players, this section presents

the fitted models for the average. Table 2 displays poste-

rior summaries for models (A.0)A.4)–(A.4). Starting with

model (A.0), which includes only the post-COVID dummy,

we observe a negative effect, and the corresponding cred-

ible interval does not include zero. For model (A.1), which

includes match control variables such as dummy variables

for each tournament, the COVID effect becomes positive,

and the corresponding credible interval includes zero. The

main driver behind this changed effect is the PDC Home

Tour: In 2020, the PDC established a new tournament for-

mat where matches were played from home. For this tour-

nament, we observe a three-dart average of 91.84, which

is lower compared to other tournaments held both before

(mean: 95.25) and after COVID (mean: 95.86, calculated with-

out Home Tour matches; see Table 5 in the Appendix). Thus,

the negative effect of post-COVID matches on performance

vanishes once dummy variables for the different tourna-

ments are included in the model.

For the post-COVID dummy variable, we observe a sim-

ilar effect for model (A.2), which further includes varying

intercepts for each player. This model is favoured over

the previous model formulations by the Watanabe–Akaike

information criterion (WAIC; Watanabe and Opper 2010).

When considering varying slopes as in model (A.3), we

observe a further drop in the WAIC, thus suggesting player-

specific effects of COVID restrictions on the three-dart aver-

age. Since the direction of causality of the twomatch control

covariatesmatch length and legs difference could also go the

other way – higher averages can also lead to shorter games

– Table 6 in the Appendix shows the results when omitting

these two covariates.

Figure 2 shows the posterior distributions of the player-

specific post-COVID throwing performances as considered

for model (A.3). While some players increased their perfor-

mance during the pandemic, our results also indicate a drop

in the performance of other players. The posterior mean for

the player-level correlation between the varying intercepts

and the slopes as included in model (A.3) is estimated as

−0.31 (95 % CI: [−0.58; −0.005]), thus indicating that players
of higher quality tend to perform worse after the COVID

break. High-quality players with a drop in post-COVID per-

formances include, for example, the former world cham-

pions Gary Anderson and Michael van Gerwen. According

to the social facilitation theory, players’ expertise can be

considered as an individual-specific variable that can affect

the response to pressure, which will be further investigated

below.

5.2 Checkout performance

For the analysis of the checkout performance, Table 3 dis-

plays posterior summaries for the fitted models (C.0)–(C.3).

While for the most simple model formulation (i.e., model

(C.0)), the post-COVID effect is slightly negative, the effect

becomes positive for the more complex models (C.1)–(C.4).

However, the corresponding 95 % CIs include zero for each

Table 2: Posterior summaries for the intercept (𝛼̂) and for the effect of COVID-19 (𝛽) on average (models (A.0)–(A.4)). Shown are posterior means,

95 % credible intervals (equal-tailed intervals) as well as effective sample sizes (n_eff) and Gelman-Rubin statistics R̂.

Equation (A.0) Equation (A.1) Equation (A.2) Equation (A.3) Equation (A.4)

COVID (𝛽) −1.28 0.28 −0.00004 0.40 0.47

CI: [−1.61;− 0.95] CI: [−0.77; 1.35] CI: [−1.08; 1.06] CI: [−0.96; 1.79] CI: [−0.61; 1.57]
n_eff: 19,013, R̂: 1 n_eff: 4,581, R̂: 1 n_eff: 3,994, R̂: 1 n_eff: 3,232, R̂: 1 n_eff: 3,355, R̂: 1

Intercept (𝛼̂) 95.25 91.48 92.90 92.99 92.84

CI: [95.06; 95.44] CI: [87.53; 95.41] CI: [89.13; 96.72] CI: [89.29; 96.76] CI: [88.97; 96.73]

n_eff: 19,232, R̂: 1 n_eff: 989, R̂: 1.01 n_eff: 1,081, R̂: 1 n_eff: 1,041, R̂: 1 n_eff: 982, R̂: 1

Match controls No Yes Yes Yes Yes

Varying intercepts No No Yes Yes Yes

Varying slopes No No No Yes No

WAIC 43,427 41,519 40,983 40,825 41,779
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Figure 2: Posterior distributions of the individual COVID effects on the three-dart average (model (A.3)). Shown are the 25 players with the most

observations sorted by their posterior means. Figure 5 in the Appendix shows the posterior distributions for all players in our sample.

Table 3: Posterior summaries for the intercept (𝛼̂) and for the effect of COVID-19 (𝛽) on double hits (models (C.0)C.4)–(C.4)). Shown are posterior

means, 95 % credible intervals (equal-tailed intervals), as well as effective sample sizes (n_eff) and Gelman-Rubin statistics R̂.

Equation (C.0) Equation (C.1) Equation (C.2) Equation (C.3) Equation (C.4)

COVID (𝛽) −0.02 0.04 0.04 0.03 0.05

CI: [−0.05; 0.01] CI: [−0.07; 0.14] CI: [−0.06; 0.15] CI: [−0.08; 0.14] CI: [−0.06; 0.16]
n_eff: 13,386, R̂: 1 n_eff: 5,304, R̂: 1 n_eff: 7,231, R̂: 1 n_eff: 12,282, R̂: 1 n_eff: 11,958, R̂: 1

Intercept (𝛼̂) −0.54 −0.86 −0.87 −0.87 −0.86
CI: [−0.56;− 0.53] CI: [−1.39;− 0.35] CI: [−1.38;− 0.37] CI: [−1.38;− 0.37] CI: [−1.37;− 0.34]

n_eff: 13,683, R̂: 1 n_eff: 532, R̂: 1.02 n_eff: 837, R̂: 1 n_eff: 1,338, R̂: 1 n_eff: 1,066, R̂: 1

Match controls No Yes Yes Yes Yes

Varying intercepts No No Yes Yes Yes

Varying slopes No No No Yes No

WAIC 25,415 24,054 24,049 24,044 24,217

model. Moreover, the WAIC does not indicate any improve-

ment in the model fit for the more complex models. In

particular, when considering varying intercepts and slopes

in models (C.2) and (C.3), respectively, we only observe a

minor drop in the WAIC – in other words, our results

do not indicate any player-specific effects in the checkout

performance. As for the three dart average, Table 6 in the

Appendix displays the results when omitting the two match

controlsmatch length and legs difference.

Figure 3 shows the corresponding posterior distribu-

tions for the 25 players with the most observations in our

sample. It confirms that there are only minor variations
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Figure 3: Posterior distributions of the individual COVID effects on the checkout performance as considered for model (C.3). Shown are the 25 players

with the most observations sorted by their posterior means. Figure 6 in the Appendix shows the posterior distributions for all players in our sample.

in the post-COVID checkout performance across the play-

ers, thus showing a less clear picture than for the three-

dart averages. This is further underlined by the correla-

tion between the varying intercepts and slopes, for which

the posterior mean is estimated as 0.33 with a 95 % CI of

[−0.76; 0.97].

5.3 COVID matches and experience

Our results indicate that the effect of social pressure on the

three-dart average varies across players, while we do not

find any evidence for differences across players concern-

ing the checkout performance. Moreover, for the three-dart

averages, our results suggest that more experienced players

are more likely to perform better when they are exposed to

social pressure, which is in line with the social facilitation

theory.

To further investigate the potentialmoderating effect of

experience, Figure 4 shows the estimated effect of players’

experience under models (A.4) and (C.4). For the three-dart

average, our results suggest that more experienced players

are more likely to perform better under social pressure,

with a peak at about ten years of experience. Although the

effect turns negative for players withmore than ten years of

experience, the corresponding CIs include 0. For post-COVID

matches, the estimated smooth functional effect indicates

a positive effect for inexperienced players; however, the

corresponding CIs include 0.

The effect of experience on the checkout performance

shows a less clear picture than the three-dart average, as

the 95 % credible intervals include 0 (cf. Figure 4). However,

the shape of the estimated smooth functions is similar to

those obtained for the three-dart average. Hence, our results

slightly indicate that also, for the checkout performance,

more experienced players are more likely to perform better

under social pressure, but the corresponding evidence is

inconclusive. This inconclusive evidence is further under-

lined by the posterior summaries shown in Table 3. While

the posterior means obtained from model (C.4) are similar

to those of the other models, the overall model fit indicated

by the WAIC values cannot be improved by adding smooth-

functional effects.
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Figure 4: Left: Estimated smooth-functional effects of the experience on the three-dart average (model (A.4)) for periods before and during the

COVID-19 pandemic. Right: Estimated smooth-functional effects of the experience on the checkout performance (model (C.4)) for periods before and

during the COVID-19 pandemic.

6 Discussion

This contribution aimed to investigate whether a change

in social pressure affects the performance of professional

darts players, with a particular focus on the role of players’

experience. By analysing two performance indicators of

professional darts players, our results can be summarised

by two findings. First, our results suggest that no general

effect of social pressure on performance exists; instead, it

seems that the effect of social pressure varies across players.

Our findings indicate that individuals cope differently with

social pressure. These results align with the findings by, e.g.,

Caselli et al. (2023) and Jane (2022), and further underline

the importance of investigating individual-specific effects.

Second, we find a weak moderating effect of the experience

on darts players’ performance, which is in line with existing

studies by Beilock et al. (2002), Otten (2009), and Livingston

(2012). In the period observed, the players who suffered the

least in terms of their three-dart average were those with

little experience in professional darts – however, this effect

should be interpreted with caution since the corresponding

CIs are fairly wide and often include 0. This effect may be

driven by the fact that players who are new to professional

darts typically have more recent experience with playing

on smaller stages or in front of only a few spectators as

they usually take part only in small events or qualifiers, e.g.,

the PDC Qualifying Schools. Beilock et al. (2002) found that

inexperienced players must exert similar effort under new

conditions as they require a constant high level of effort for

their average performance. In contrast, experienced players

may be so used to the audience that they are more affected

by the changed atmosphere when playing under unfamiliar

conditions. These results are thus in line with the social

facilitation theory,which suggests that – assuming throwing

a dart is a simple task that is identical for both players – less

experienced players are more likely to suffer from social

pressure.

While the results for the three-dart average show

a somewhat clear pattern, our results for the checkout

performance are inconclusive. In particular, we do not

observe a change in the checkout performance for post-

COVID matches across all players or any player-specific

effects. Consistent with the social facilitation theory, this

may be explained by a change in task complexity, as

different types of pressure are exerted on the players. For
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the checkout performance, players are not only exposed

to social pressure but also to match-winning pressure as

single legs and sometimes entire matches are decided in

such situations. While less experienced players may better

cope with the reduced social pressure in tasks that are often

replicated, like throwing high numbers at the beginning

of a leg, more experienced players are more familiar with

such match-winning pressure situations. Thus, more expe-

rienced players may compensate for the inability to cope

with the reduced social pressure through their experience

with match-winning pressure. In addition, reconsidering

our empirical results, Figure 4 and the sample means pre-

sented in Section 3.2 indicate that the effect of experience

on performance (in situations with and without social pres-

sure) is similar for both performance measures. However,

the evidence for checkout performance is inconclusive.

Our findings are a starting point for future research

on the moderating effect of experience on social pressure.

Future research could investigate the effect of the audience

size in more detail using data on the exact number of spec-

tators. Although such data are unavailable for darts, they

can be easily collected for other sports. Another important

point is that experience alone does not entirely explain the

heterogeneity in the effect of reduced social pressure on

performance. Further latent psychological aspectsmay thus

affect coping with pressure, as addressed by Geukes et al.

(2012). Future research could take this as a starting point

to investigate further factors influencing the ability to cope

with social pressure. While such analyses could be carried

out for different sports, this study demonstrated that explic-

itly considering heterogeneity across players can provide

exciting insights.
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Appendix

Figure 5: Posterior distributions of the individual COVID effects on the three-dart average as considered for model (A.3), showing all 60 players from

the sample.
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Table 4: Additional descriptive statistics.

n Mean Std. dev. Min Max

Overall

Experience 6620 7.72 4.84 0 20

Legs difference 6620 0.47 3.62 −13 13

Betting odds difference 6592 −0.65 2.91 −24.99 24.99

Match length (legs played) 6620 11.04 5.29 4 54

Pre COVID

Experience 4578 7.65 4.75 0 19

Legs difference 4578 0.50 3.71 −13 13

Betting odds difference 4569 −0.74 3.19 −20.18 19.61

Match length (legs played) 4578 11.64 5.12 4 54

Post COVID

Experience 2042 7.88 5.02 0 20

Legs difference 2042 0.40 3.39 −9 9

Betting odds difference 2023 −0.44 2.16 −24.99 24.99

Match length (legs played) 2042 9.69 5.43 4 44

Table 5: Three-dart averages for matches played pre-COVID for the Home Tour and for all matches played post-COVID except the Home Tour.

Pre COVID PDC Home Tour Post COVID without Home Tour

Three-dart average 95.24 91.84 95.86

n= 4, 578 n= 963 n= 1, 079

Checkout percentage 38.83 38.35 39.33

n= 4, 569 n= 953 n= 1, 077
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Figure 6: Posterior distributions of the individual COVID effects on the checkout performance as considered for model (C.3), showing all 60 players

from the sample.

Table 6: Robustness checks of models (A.0)–(A.4) and (C.0)–(C4). The results displayed here exclude the match controlsmatch length and legs

difference.

Equation (A.0) Equation (A.1) Equation (A.2) Equation (A.3) Equation (A.4)

COVID (𝛽) −1.28 0.31 −0.03 0.22 0.47

CI: [−1.61;− 0.95] CI: [−0.82; 1.43] CI: [−1.15; 1.09] CI: [−1.24; 1.68] CI: [−0.71; 1.64]
n_eff: 19,013, R̂: 1 n_eff: 4,769, R̂: 1 n_eff: 3,536, R̂: 1 n_eff: 3,088, R̂: 1 n_eff: 5,022, R̂: 1

Intercept (𝛼̂) 95.25 92.77 94.07 94.21 94.21

CI: [95.06; 95.44] CI: [88.85; 96.76] CI: [90.12; 98.11] CI: [90.26; 98.31] CI: [90.27; 98.12]

n_eff: 19,232, R̂: 1 n_eff: 1,136, R̂: 1 n_eff: 951, R̂: 1 n_eff: 866, R̂: 1.01 n_eff: 1,139, R̂: 1

Equation (C.) Equation (C.) Equation (C.) Equation (C.) Equation (C.)

COVID (𝛽) −0.02 0.04 0.04 0.02 0.05

CI: [−0.05; 0.01] CI: [−0.07; 0.14] CI: [−0.07; 0.15] CI: [−0.10; 0.13] CI: [−0.06; 0.16]
n_eff: 13,386, R̂: 1 n_eff: 5,072, R̂: 1 n_eff: 8,753, R̂: 1 n_eff: 12,213, R̂: 1 n_eff: 10,466, R̂: 1

Intercept (𝛼̂) −0.54 −0.88 −0.87 −0.87 −0.85
CI: [−0.56;− 0.53] CI: [−1.40;− 0.37] CI: [−1.38;− 0.36] CI: [−1.40;− 0.37] CI: [−1.37;− 0.37]

n_eff: 13,683, R̂: 1 n_eff: 664, R̂: 1.01 n_eff: 839, R̂: 1 n_eff: 1,202, R̂: 1 n_eff: 989, R̂: 1

Match controls w/o match length and

legs difference

No Yes Yes Yes Yes

Varying intercepts No No Yes Yes Yes

Varying slopes No No No Yes No
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