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Abstract: This paper explores defensive play in soccer. The

analysis is predicated on the assumption that the area of

the convex hull formed by the players on a team provides

a proxy for defensive style where small areas coincide with

a greater defensive focus. With the availability of tracking

data, the massive dataset considered in this paper consists

of areas of convex hulls, related covariates and shots taken

during matches. Whereas the pre-processing of the data is

an exercise in data science, the statistical analysis is car-

ried out using linear models. The resultant messages are

nuanced but the primary message suggests that an extreme

defensive style (defined by a small convex hull) is negatively

associated with generating shots.

Keywords: betting odds; big data; convex hulls; defensive

strategies; tracking data

1 Introduction

Jose Mourinho is one of the most successful and famous

managers in European soccer having won trophies at Porto,

Chelsea, Inter Milan, Real Madrid and Manchester United.

Self-labelled “the Special One”, Mourinho has a colorful

reputation and has provided the soccer world with many

entertaining quotes and expressions. One such expression

is the negatively perceived term “parking the bus” where

he refers to a playing style that is extremely defensive and

unattractive. When a team parks the bus, it is as though

a bus is blocking their defending goal, where the players

maintain a compact shape and demonstrate little ambition

going forward. Parking the bus is a tactic that is sometimes
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usedwhen a team is leading and is attempting to protect the

lead.

There are indications that playing conservatively when

leading is not an optimal strategy. Silva and Swartz (2016)

investigate the problem of optimal substitution times in

soccer, and as a by-product of their analysis, they observe

that teams that are leading in a soccermatch aremore likely

to have the next goal scored against them than if the match

is tied. In the National Hockey League (NHL), Figure 2 from

Beaudoin, Schulte and Swartz (2016) indicates that the prob-

ability of shots on goal by the home team increases as the

goal differential in favour of the road team increases. This

finding is corroborated by Thomas (2017) who demonstrates

that there is an increased probability for tied matches than

would be expected by independent Poisson scoring models.

When a team is leading in the National Football League

(NFL), it is a common occurrence for the team to allow short

passes and short runs, especially near the end of a game

– they are playing cautiously in the sense that they want

to prevent the offense from realizing large gains. This tactic

has been questioned, where former coach John Madden

once stated “All a prevent defense does is prevent you from

winning”.

Given that professional sport is big business, and that

playing cautiously is a common sporting tactic, it seems that

a careful investigation of the consequences of parking the

bus is a topic ofwidespread interest. Although the stakes are

lower, the consequences of parking the bus are also relevant

to amateur sport. In particular, there are various questions

associated with parking the bus including:

– How can you separate the defensive tactic of park-

ing the bus from the offensive tactic of playing

aggressively?

– What are the match circumstances that lead to parking

the bus?

– How is parking the bus associated with goal scoring?

This paper attempts to address these three questions in

the context of soccer (i.e. association football).

Our investigation is made possible by the availability of

player tracking data. Player tracking data in soccer consists

of the (x, y) coordinates of the ball and the 22 players on the

pitch, recorded at regular and frequent time intervals. With

player tracking data, we know the locations and movement
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of all players during a match, and this facilitates the inves-

tigation of cautious playing behaviour. Gudmundsson and

Horton (2017) provide a review paper on spatio-temporal

analyses used in invasion sports (including soccer) where

player tracking data are available. The visualization of team

formations is a problem that has received particular atten-

tion in soccer (Wu et al. 2019). The analysis of player track-

ing data has also been prominent in the sport of basketball;

see, for example, Miller et al. (2014). For a review of statisti-

cal contributions that have been made across major sports,

see the text by Albert et al. (2017).

The distinction between a team playing aggressively

and its opponent playing cautiously is a primary problem in

the assessment of parking the bus. When a team is playing

aggressively, the players “press forward” (i.e. move down

the field and challenge all passes by the opposition). Hence,

the opposition may find themselves predominantly in their

defensive end of the field, and it may appear that they

are playing defensively. Our analysis is predicated on the

assumption that the area of the convex hull formed by the

players on a team provides a proxy for defensive style.

It is assumed that smaller areas coincide with a greater

defensive focus. Consequently, even if one team is playing

aggressively and the opposition is forced into their own end,

the opposition is not playing defensively if some of their

players are spread out, venturing to go forward on attack

when they recover the ball. In this case, the area of their

convex hull is not small. The area is only small when the

players are compact and sitting deep towards their own

goal (i.e. parking the bus). In this case, they are playing

an extremely defensive style. Convex hulls have been pre-

viously utilized in sport. For example, Metulini, Manisera

and Zuccolotto (2017) form convex hulls with respect to

players on the basketball court. They have used the hulls,

visualization techniques and clustering to inform on player

movement patterns.

In Figure 1, we illustrate the locations of all players and

the convex hull for the defending team. The left plot corre-

sponds to a match in the 65.5th minute between Guangzhou

Evergrande Taobao versusWuhan Zall (defending team) on

September 22, 2019. Here, the defending team is compact (i.e.

parking the bus), and the area of the convex hull is 490.8

squaredmetres. The right plot corresponds to amatch in the

61.6th minute between Guangzhou R&F versus Guangzhou

Evergrande Taobao (defending team) on July 20, 2019. Here,

the defending team is more expansive (e.g. two forwards

are situated near midfield). In this case, the area of the

convex hull is 1159.8 squared metres. The two examples

were chosen based on similar circumstances; e.g. the ball is

possessed by the attacking team in similar positions on the

field. The examples suggest that the defending team makes

a choice as to whether they park the bus.

Under the assumption that the area of the convex hull

for a team provides a measure of defensive style (i.e. cau-

tiousness), there are various ways to investigate the rela-

tionship between cautiousness and soccer outcomes. Bet-

ting odds are introduced, and these provide a baseline

measurement for the relative strength of the two teams

in a match. We consider accessible analyses using linear

models.

With player tracking data recorded at 10 frames per

second over a 90 min match for two teams, this potentially

suggests over 100,000 calculations of areas of convex hulls

in a singlematch. This suggests a big data problem forwhich

computational efficiency is an important consideration.

In Section 2, we describe the dataset in detail. In

Section 3, simple analyses using linear models are carried

out. We observe that teams are most cautious (i.e. small

convex hulls) with one-goal leads, leading teams are more

cautious near the end of matches and leading teams are

more cautious if they are perceived as the weaker team.

Most importantly, teams aremore likely to be scored against

when they park the bus thanwhen they do not park the bus.

We conclude with a brief discussion in Section 4.

In ourwork,we provide a single numerical statistic (the

area of a team’s convex hull) as ameasure of defensive com-

pactness. However, compactness is just one aspect of playing

style. Playing style is a challenging and useful research area

as it allows teams to prepare for opponents in the best tac-

tical manner. For example, Fernandez-Navarro et al. (2016)

Attacking Team Defending Team Attacking Team Defending Team

Figure 1: Player locations and the correspond-

ing convex hull for the defending team. The left

plot provides an example of a defending team

that is compact (i.e. parking the bus) whereas

the right plot provides an example of a defend-

ing team that is more expansive.
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use factor analysis on performance indicators (match

summary statistics) to characterize 12 playing styles in

Spanish and English soccer. Lago-Peñas, Gómez-Ruano and

Gai (2017) carry out similar analyses in the context of

Chinese soccer. Fernandez-Navarro et al. (2018) and Gol-

lan, Bellenger and Norton (2020) use various linear models

to study the effects of contextualmatch statistics (e.g. venue,

opponent, goal differential, total goals) on variables related

to playing style. Ötting, Langrock, and Maruotti (2023) use

hidden Markov models to analyze match states in soccer

that are associated with momentum changes as character-

ized via possession.

Network science in soccer is a growing area with con-

tributions that are related to playing style. For example,

Buldú et al. (2018) review the various approaches used in

the study of passing networks in soccer. The approaches

that rely on tracking data are inherently complex due to

the spatio-temporal nature of the data and the fact that

passing decisions are dependent on the actions of one’s

opponent. In a particular application, Garrido et al. (2020)

examine the consistency of a team to maintain a particular

passing style. Two network contributions that do not rely

on tracking data include Diquigiovanni and Scarpa (2019)

and Gonçalves et al. (2017). Diquigiovanni and Scarpa (2019)

develop clustering techniques applied to networks to iden-

tify tactical styles in Serie A. Gonçalves et al. (2017) analyse

youth soccer where a negative relationship between match

outcomes and the over-reliance on a single player in passing

networks is determined.

2 Data

The 2019 regular season of the Chinese Super League (CSL)

involved a balanced schedule of 240 matches where each

of the 16 teams played every opponent twice, once at home

and once on the road. We have access to event and tracking

data for all games from the 2019 season, except for the fol-

lowing three matches: August 2 – Chongqing Dangdai Lifan

SWM versus Dalian Yifang, August 2 – Shanghai Greenland

Shenhua versusWuhanZall andDecember 1 – Henan Jianye

versus Guangzhou R&F. There appears to be no systematic

reason for the three missing matches.

Event data and tracking data are collected indepen-

dently where event data consists of occurrences such as

tackles and passes, and these are recorded along with aux-

iliary information whenever an “event” takes place. The

events are manually tabulated by technicians who view

recorded video. Both event data and tracking data have

timestamps so that the two files can be compared for inter-

nal consistency. There are various ways in which tracking

data are collected. One approach involves the use of RFID

technology where each player and the ball have tags that

allow for the accurate tracking of objects.

In the CSL dataset, tracking data are obtained from

video and the use of optical recognition software. Man-

afifard, Ebadi and Abrishami Moghaddam (2017) provide a

survey of various optical tracking systems in soccer. The CSL

tracking data consists of roughly 1,000,000 rows per match

measured on 7 variables where the data are recorded every

1/10th of a second. Each row corresponds to a particular

player or the ball at a given instant in time. Although the

inferences gained via our analyses are specific to the CSL,

we suggest that themethods are applicable to any high-level

soccer league which collects tracking data.

3 Analyses based on linear models

We introduce variables that may be relevant to parking the

bus. The variables are only defined for time segmentswhere

the ball is in play. They are defined below for a givenmatch:

t ≡ time of the match in minutes, t ∈ (0, 90)

A(t) ≡ area of the convex hull of the leading team at time t

X1(t) ≡ goal differential in favour of the leading team at time t

X2(t) ≡ pre−match decimal betting odds corresponding to the leading team at time t

Y (t) ≡ binary variable indicating a shot taken by the trailing team at time t

(1)

In our analyses, the area A(t) of the convex hull eval-

uated at time t plays a central role. The convex hull of

a set of points on a plane is the smallest convex polygon

that contains all the points in the set. At a particular time

in a match, we can treat the 11 players on a team as 11

points which form the convex hull. We assume that the

area of the convex hull reflects the team’s defensive style.

Specifically, a smaller convex hull area coincides with a

more cautious playing style. In our application, the convex

hull and its corresponding area are calculated using the

function chull() from the package grDevices and the function

Polygon() from the package sp (Pebesma and Bivand 2005)
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using the statistical programming language R (R Core Team

2021). In a single 90 min match, based on tracking data mea-

sured at 10 Hz, convex hulls and their associated areas are

calculated 10(60)(90) = 54,000 times. On a laptop computer

with a single processor Intel Core i5 @ 2.7 GHz, and 8 GB of

RAM, equipped with macOS Sierra version 10.12.6, this took

724 min of computation.

Since the keeper is not involved in attacking play, it is

natural to ask whether the keeper should be included in the

calculation of the convex hull. We believe that it is sensible

to include the keeper in the calculation. For example, if a

team is attacking and all of the players are pressing forward,

the team is playing very aggressively. In this case, we want

the area of the convex hull to be large in keeping with our

premise that small convex hulls indicate defensive cautious-

ness. Fortuitously, in this instance, if we include the keeper,

the area of the convex hull is large. However, if we remove

the keeper from the calculation, the area of the convex hull

would be much smaller. Therefore, teams that are attacking

tend to have larger convex hulls.

We also comment on two dead-ball plays in soccer, cor-

ner kicks and penalty kicks. With corner kicks, the defend-

ing team has a choice regarding how they wish to defend.

If they are cautious (i.e. parking the bus), their forwards

will be positioned near the box. If they are expansive, the

forwards will be pushed further out. Therefore, the area of

the convex hull for the defending team will measure the

extent towhich they are parking the bus. Penalty kicks (PKs)

are rare events in soccer (about one PK every six games in

the English Premier League). For these, we calculate areas

of convex hulls in the period of play prior to the PK.

To get a sense of howA(t) varieswith respect to the time

t of amatch, Figure 2 provides the scatterplot corresponding
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Figure 2: Plot of the area A(t) of the convex hull for Guangzhou

Evergrande Taobao during the second half of their March 8, 2019 home

match against Tianjin Teda. A(t) is calculated 10 times per second and a

straight-line regression has been superimposed.

to the second half of play for Guangzhou Evergrande Taobao

in theirMarch 8, 2019 homematch against Tianjin Teda. Dur-

ing the entire second half period, Guangzhou Evergrande

Taobao had a one-goal lead. Since player movement is con-

tinuous, A(t) is a continuous function. However, we plot

A(t) at a rate of 10 times per second which causes the plot

to appear less smooth. The erratic up and down nature of

the plot indicates how teams transition between offense

and defense. In the plot, we observe a slightly decreasing

trend inA(t) suggesting that Guangzhou Evergrande Taobao

attempted to protect their lead and playedmore defensively

towards the end of the match.

We wish to see how the areas of the convex hulls of

teams interact throughout the match. In Figure 3(a), we plot

the corresponding areas for the previously studied match

between Guangzhou Evergrande Taobao and Tianjin Teda

with respect to the time of the match. We see that there

is a tendency for large values of A(t) for one team to be

associated with small values of A(t) for the opponent. This

is also evident from the associated scatterplot provided in

Figure 3(b). The sample correlation coefficient correspond-

ing to Figure 3(a) is r = −0.349 during the times that the ball
is in play. To some extent, this is expected since a team will

retreat and be less expansive if the opponent is applying

continued pressure.

3.1 Three-way ANOVA

We begin by investigating how match circumstances (i.e.

the covariates t, X1(t) and X2(t)) relate to parking the bus

as expressed by A(t). We adopt the convention that when a

match is tied, both teams are defined as the leading team.

Therefore, when matches are tied at time t, there are two

observations recorded for each of A(t), X1(t), X2(t) and Y (t).

To carry out a three-way ANOVA, we bin the data to

define the levels for each of the three factors t, X1(t) and

X2(t). We segment the time t into six intervals of interest

corresponding to late-game situations where we believe

that parking the bus is a prevalent tactic: (60, 65), (65, 70),

(70, 75), (75, 80), (80, 85) and (85, 90).We do not include added

time beyond 90 min since the amount of added time differs

across matches.

For the second factor, we restrict X1(t) to three states

with goal differentials 0, 1 and 2. These differentials corre-

spond to matches that are competitive. For a given match,

we consider each of the six time intervals, and if the goal

differential is constant throughout the interval (either 0, 1

or 2), then an observation is recorded. We emphasize that

X1(t) is defined with respect to the leading team, and we

note that the leading team can change during the match.

Consequently, X1(t) is nonnegative.
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Figure 3: Plot (a) is the area A(t) of the convex hull for Guangzhou Evergrande Taobao (home team) and for Tianjin Teda (road team) during the

second half of their March 8, 2019 match. A(t) is calculated 10 times per second. Plot (b) is the associated scatterplot of the areas for the home team

and the road team.

For the third factor X2(t), we access pre-match betting

odds available from the website https://www.oddsportal

.com/soccer/china/super-league-2019/results/. The betting

odds (reported in decimal format) provide us with the

relative strength of the two teams. Ignoring the vigorish

imposed by the bookmaker, the interpretation of betting

odds o for a team is that the team has a pre-match probabil-

ity 1∕o of winning the match. Therefore, values of o slightly
greater than 1.0 indicate a strong favourite whereas large

values of o indicate an underdog. For a given match and a

given time interval, we define four bins for the decimal odds

of the leading team: [1.3,1.7), [1.7,2.3), [2.3,3.0) and [3.0,8.0).

The odds are restricted so that only competitive matches

are included, and the endpoints are selected to provide

comparable numbers of observations in each bin.

The variable X2(t) is the pre-match betting odds of the

leading team and was obtained using the standard three-

way betting odds for soccer corresponding to home wins,

draws and losses. Ideally, relative strength would be better

measured with moneyline odds corresponding to wins and

draws where wagers corresponding to draws are refunded.

The reason why three-way betting odds are not ideal is that

twomatches can have identical win odds yet different draw

and loss odds. However, the differences in odds in these two

situations are typically minor. We have used the notation

X2(t) for consistencywith the other variables. However, note

that the pre-match betting odds are intended to denote rel-

ative team strength, and they do not change throughout the

match unless there is a change in the leading team.

For our response variable in the three-way ANOVA,

we calculate the average value of A(t) throughout the time

interval. The average is intended to convey the general play-

ing style (defensive vs. aggressive) over the time period.

To illustrate the terms in the ANOVA model, consider a

match where the score is 2-0 just prior to the 70th minute of

the match. Following conventional notation where the first

team in the scoreline is the home team, the home team is the

leading team who leads by two goals. Assume further that

the home team is the favoured teamwith pre-match decimal

betting odds 1.5. In thismatch, consider the time interval (70,

75) minutes during which neither team scores and that the

average area of the convex hull formed by the home team

during minutes (70, 75) is 1300 squared metres. Then, since

all covariates and responses are taken with respect to the

leading team, for this time interval, we have the response

A = 1300, and covariates t ∈ (70, 75) corresponding to the

third time category,X1 = 2 (goal differential), and oddsX2 ∈
(1.3, 1.7) corresponding to the first category.

Based on the above considerations, we have n = 1221

observations across all matches in the 6 × 3 × 4 ANOVA. The

cell counts are provided in Table 1 where it is observed that

we have an unbalanced design. It is apparent that there are

few cases of weaker teams (i.e. X2 ∈ [3, 8)) that lead by large

goal differentials (i.e. X1 = 2).

One of the assumptions of ANOVA concerns the normal-

ity of observations. A quantile plot of the residuals resulting

from the three-way ANOVA does not suggest any obvious

departures from normality. This is confirmed by a formal

goodness-of-fit test (Anderson–Darling) where the statistic

A = 0.3368 leads to the p-value 0.505.

In Table 2, we present the results of the three-way

ANOVA where we have allowed for the possibility of first-

order interaction terms. The main takeaway is that the cau-

tiousness of the leading team is strongly associated with

the time t of the match, the goal differential X1 and the

https://www.oddsportal.com/soccer/china/super-league-2019/results/
https://www.oddsportal.com/soccer/china/super-league-2019/results/
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Table 1: Cell counts for the 6 × 3 × 4 ANOVA where the factors correspond to the time t, the goal differential X1 and the relative strength X2
corresponding to the leading team.

X = 0 X = 1 X = 2

X [1.3,1.7) [1.7,2.3) [2.3,3) [3,8) [1.3,1.7) [1.7,2.3) [2.3,3) [3,8) [1.3,1.7) [1.7,2.3) [2.3,3) [3,8)

t ∈ (60, 65) 11 27 25 37 19 21 14 19 13 4 5 6

t ∈ (65, 70) 11 23 24 33 22 25 13 16 13 8 6 4

t ∈ (70, 75) 14 22 18 35 24 27 14 18 15 9 11 5

t ∈ (75, 80) 16 19 17 34 21 26 13 21 15 9 9 3

t ∈ (80, 85) 14 19 19 32 21 28 13 22 14 11 9 3

t ∈ (85, 90) 15 18 16 31 22 26 13 23 15 11 9 3

Table 2: Results from the 6 × 3 × 4 ANOVA which relates cautious

playing style (i.e. parking the bus via A(t)) to the covariates. The

first-order covariates are the time t, the goal differential X1 and the

relative strength X2 corresponding to the leading team.

Variable Df Sum Sq F-statistic p-value

t 5 1,855,123 8.066 1.71e−07∗∗∗
X1 2 6,646,271 72.242 2.00e−16∗∗∗
X2 3 3,556,860 25.774 3.76e−16∗∗∗
t∗X1 10 493,666 1.073 0.378

t∗X2 15 193,291 0.280 0.997

X1
∗X2 6 204,003 0.739 0.618

Error 1179 54,234,240

relative team strength X2. There is no evidence of first-order

interactions involving t, X1 and X2.

We are able to drill down a little deeper on the infer-

ences obtained from Table 2 by examining the associated

interaction plots. In Figure 4(a), we examine the interaction

between t and the goal differentialX1. The downward trends

suggest that leading teams become more cautious as the

game progresses during the second half. It is interesting that

cautiousness is greatest for one-goal leads as this is themost

tenuous lead. When the match is tied, it appears that teams

are still trying to win until the last 5 min, at which time they

appear satisfied with the draw. In Figure 4(b), we examine

the interaction between t and the relative strength of the

leading team X2. We observe that weaker teams with leads

are the most cautious. This is understandable as the weaker

team may have less confidence that they can maintain the

lead, and hence they assume an extremely defensive style.

It is also possible to study the interaction between X1 and

X2. Here, the conclusions are similar to those obtained from

the previous interaction plots. We note that there is some

overlap associated with the error bars in Figure 4.

It is reasonable to ask whether the choice of binning in

Table 1 impacts the results. We modified our analysis with

coarser and translated bins leading to a 4 × 2 × 2 ANOVA

based on n = 765 observations. The new bins for time were

t ∈ (55, 63.5), t ∈ (63.5, 72), t ∈ (72, 80.5) and t ∈ (80.5, 90).

The new bins for goal differential were X1 = 0 and X1 = 1, 2,

and the new bins for team strength were X2 ∈ [1.2, 2.2) and

X2 ∈ [2.2, 7). Corresponding to Table 2, the p-values for t, X1
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Figure 4: Plot (a) is the interaction plot between the score differential X1 in favour of the leading team versus the time t of the match as it relates to the

cautiousness of the leading team as expressed via average A(t). Plot (b) is the interaction plot between the relative strength X2 of the leading team

versus the time t of the match as it relates to average A(t). Error bars are included.
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and X2 remained highly significant with p-values 2.1e−05,
9.1e−27 and 9.0e−20, respectively. Under the new bin struc-

ture, the qualitative interpretations remained the same.

We now consider a variation of the previous ANOVA

analysis where we include a team effect. The team effect

is interesting as some teams may be more proficient at

minimizing shots when leading. Of course, we keep in mind

that teams often change tactics throughout a match. The

new ANOVA results are presented in Table 3. Here, we see

that the team effect is strongly significant. However, com-

paring with Table 2, we see that the p-values for the original

variables do not change in meaningful ways. This suggests

that there are average tendencies with respect to parking

the bus across teams. Digging in further with respect to the

team effect, there was no clear pattern relating the quality

of the team and its propensity to play compact. For example,

based on significant findings fromTukey’smultiple compar-

isons procedure, Chongqing SWM and Wuhan Zall played

the most compact styles. These teams finished 10th and 6th,

respectively in the 2019 season standings (roughlymiddle of

the table). Conversely, the three teams that played the most

expansive styles were Tianjin Teda, Tianjin Quanjian and

Guanzhou R&F, finishing 7th, 14th and 12th in the standings,

respectively. Again, there seems to be no clear relationship

between style (in terms of compactness) and overall quality.

3.2 Logistic regression

Our second investigation is primarily concerned with how

the areaA(t) corresponding to the convex hull of the leading

team relates to soccer outcomes. Naturally, the most impor-

tant soccer consideration is goal scoring. However, goals in

soccer are rare events (less than three goals on average per

match in most professional leagues). Instead, we consider

shots as the response variable since shots lead to goals.

Table 3: Variation of the ANOVA presented in Table 2 where a team

effect has been introduced. Again, we relate cautious playing style (i.e.

parking the bus via A(t)) to the covariates. The first-order covariates are

the time t, the goal differential X1 and the relative strength X2
corresponding to the leading team.

Variable Df Sum Sq F-statistic p-value

t 5 1,774,652 8.327 9.56e−08∗∗∗
X1 2 6,988,712 81.981 2.20e−16∗∗∗
X2 3 1,808,817 14.146 4.65e−09∗∗∗
Team effect 15 4,620,055 7.226 2.07e−15∗∗∗
t∗X1 10 571,876 1.342 0.203

t∗X2 15 177,536 0.278 0.997

X1
∗X2 6 68,415 0.268 0.952

Error 1164 49,614,185

Recall that we adopt the convention that when a match is

tied, both teams are defined as the leading team. Therefore,

when matches are tied at time t, and a shot is taken, there

are two observations. Although shots do not necessarily lead

to goals, they do provide ameasure of offensive dominance.

We first provide an exploratory plot involving the

binary variable Y (t) which is defined at times t when a shot

is taken. We let

Y (t) =
{
1 if shot at time t is taken by the trailing team

0 if shot at time t is taken by the leading team

InFigure 5,Y (t) is plotted against the average area of the

convex hull Ā(t) of the leading team over the 60 s interval

before the shot is taken. It is difficult to view a pattern

involving a binary Y (t), and therefore, the points have been

smoothed. From the smoothed plot, the decreasing trend

indicates that a shot is increasingly more likely to be gen-

erated by the trailing team (i.e. large smoothed Y (t)) as the

leading team tends to park the bus (i.e. decreasing A(t)).

From the smoothed plot, we obtain the interpretation that

once the area of the leading team’s convex hull is smaller

than 1301.13 squaredmetres, they aremore likely to concede

a shot (i.e. Y > 0.5).

Using an inferential approach, we restrict attention

towards the latter stages of matches given by t ≥ 60. Then,

for every shot that occurs, it is either a shot by the leading

team or a shot by the trailing team. Therefore, we have

two outcomes and this facilitates the conditions for logistic

regression. Our regression covariates are t, X1(t) and X2(t)

as defined in (1) where the values of X1(t) and X2(t) are

0.0

0.4

0.8

1.2

500 1000 1500 2000
Average A(t) for the leading team

Y

Figure 5: Observed points and the smoothed plot of the binary variable

Y (t) against the average area of the convex hull of the leading team

during the 60 s interval prior to the shot.
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determined at the time immediately prior to the shot. The

final regression covariate is the average Ā(t) taken over the

60 s prior to the shot at time t. It is important to take this

historical approach because our interest is in the cumula-

tive effect of parking the bus. Although there are potentially

other confounding variables that are related to the shot

variable Y , we have selected explanatory variables that are

well known to be related to Y . We note that there is some

evidence that trailing teams shootmore shots and shots that

are of lesser quality (Mead, O’Hare and McMenemy 2023;

Younggren and Younggren 2021).

There are various ways in which the model can be

formulated. For simplicity, we have chosen to code the time

t, the goal differential X1 and the relative strength X2 cor-

responding to the leading team as continuous variables.

We note that we obtain similar conclusions under different

formulations (e.g. defining X1 as categorical).

Table 4 provides the output for the analysis based on

the corresponding logistic regression. Note that there were

n = 1792 shots taken in this dataset. The most important

result relating to our investigation is that the coefficient

corresponding to Ā(t) is both negative andhighly significant.

This implies that when the leading team is playing more

defensively (as suggested by having a compact convex hull),

then the trailing team is more likely to take the next shot. As

expected, the analysis also provides an indication that shots

are related to the goal differential X1 (i.e. teams that are

trailing by greater margins tend to have more shots). Also,

shots are related to the relative team strengthX2 (i.e. trailing

teams that are stronger tend to havemore shots). We also fit

an expanded model containing first-order interactions, but

none of the interactions terms were significant.

One of the assumptions of the proposed logistic regres-

sion model concerns the linear relationship between the

logit function and the covariates. To investigate the linearity

assumption, we fit a generalized additive model (GAM) with

the shot response variable and the predictor

Table 4: Results from the logistic regression which relates shots taken by

the trailing team to the covariates. The covariates of interest are the time

t, the goal differential X1 corresponding to the leading team, the relative

strength X2 corresponding to the leading team, and the average area of

the convex hull Ā(t) for the leading team 60 s prior to the shot.

Variable Coefficient Std error Z-statistic p-value

Intercept 4.9515 0.6158 8.041 8.94e−16∗∗∗
t −0.0011 0.0067 −0.172 0.8638

X1 0.1757 0.0803 2.189 0.0286∗

X2 0.0890 0.0469 1.898 0.0577

Ā(t) −0.0040 0.0002 −18.485 2.00e−16∗∗∗

𝛽0 + f1(t)+ 𝛽1I(X1(t)=1)

+ 𝛽2I(X1(t)=2) + f2(X2(t))+ f3(Ā(t)). (2)

In (2), we note that X1 is categorical, and therefore, we

introduced two dummy variables using the indicator func-

tion I. A supplementary document provides plots of the

fitted functions f1, f2 and f3. The fitted functions f2 and f3
appear close to linear. The fitted function for f1 is not strictly

linear, but does not show much curvature over the range

t ∈ (60, 90). By calculating the deviance statistic, it is also

possible to test the adequacy of the logistic model against

the full GAM model. This leads to the p-value 0.1219. We

therefore conclude that the assumptions of linearity in the

logistic regression model appear reasonable.

Although the linear model analyses are straightfor-

ward and interpretable, they are not without weaknesses.

For example, we have greatly reduced the richness of the

dataset by binning observations in Section 3.1. Further,

ANOVA models assume independence of observations, and

we have observations from the same matches, a weakness

which is compounded in the case of tied matches.

4 Discussion

We have explored defensive playing style in soccer using a

full season of tracking data from the CSL. The primary mes-

sage is that an extremely cautious playing style (i.e. a small

convex hull) is negatively associated with generating shots.

Although a cause-effect relationship has not been estab-

lished, teams that are leadingmay considermore expansive

soccer, and to continue to seek goals. It is possible that this

message is applicable to other soccer leagues and extends to

other invasion sports such as ice hockey. Other interesting

observations include the following:

– leading teams are most cautious with a one-goal lead

– leading teams are more cautious near the end of

matches

– leading teams are more cautious if they are perceived

as the weaker team

It is useful to draw connections between this work and

previous work. Recall that Silva and Swartz (2016) establish

that trailing teams aremore likely to score the next goal. Our

research establishes a plausible explanation – it is because

the leading team is playing more cautious in the sense of

parking the bus. When teams park the bus, the style is

associated with a higher probability that the next shot is

generated against them, and shots are associatedwith goals.

Now, not all shots are of the same quality, but we already

know that trailing teams are more likely to concede a goal.
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In future work, we may consider differentiation

between the quality of shots. Thiswould necessitate a depar-

ture from the logistic regression approach of Section 3.2

where shots are binary (i.e. either by the trailing or the lead-

ing team), and instead, introduce a quantitative response.

Such an approach could use the methods of Singh (2018),

who introduces the concept of expected threat xT which

assigns value to different locations on the pitch.

In this application, the area of a convex hull may be

sensitive to the positioning of a rogue player (i.e. an out-

lier). Therefore, instead of the areas of convex hulls, we

might consider alternative measures of cautiousness. For

example, space ownership in soccer is a statistic that has

been evaluated in variousways (Wuand Swartz 2023). Space

ownership (i.e. pitch control) is defined at any position on

the pitch. Itmay be possible to develop a compositemeasure

of ownership in some defensive section of the pitch.

Our analyses have been based on the implementation

of simple linear models. Drawbacks of the analyses involve

the necessity of some strong distributional assumptions and

the lack of utilization of the full dataset. In future work, we

intend to expand our investigation of parking the bus by

developing methods from historical functional data analy-

sis (FDA). For example, our ANOVA analysis considers the

relationship of average values of A(t) taken over time inter-

vals against covariates of interest. In FDA, the basic idea is

that one considers the regression of functions. In this appli-

cation, we have responses (e.g. the areas of convex hulls

A(t)) that are time dependent. Therefore, an FDA approach

would regress the entire function A(t) against covariates of

interest where both A(t) and the covariates are functions of

t ∈ (0, 90). These methods may provide greater insight as

they take the time structure of the dataset into account.

FDA is an important tool in sports analytics since many

quantities of interest are indexed by the time of the match.

FDA has been utilized in various sporting applications

including basketball (Chen and Fan 2018) and rugby league

(Guan et al. 2020). For a practical introduction to FDA, see

Ramsay, Hooker and Graves (2009).
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