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a b s t r a c t 

Collective behavior is a hallmark of every living system and utilizing methods from statistical physics 

(such as correlation functions) could aid in our understanding of their underlying rules. We analyzed five 

football (soccer) matches as this game provides a unique but yet mostly unexplored example to study 

a system of collective cooperation and competition. The aim of our study was to analyze the collective 

motion patterns exhibited by football players to unfold the underlying coordination among them in order 

to understand collective strategies associated with team performance. By analyzing pairwise relationships 

among all the players using spatio-temporal correlation functions we reveal that there exist identifiable 

collective dynamics that characterize winning and losing teams. Using our metric we find clear and ro- 

bust differences between the players, indicating a difference in their behavior and their interactions. And 

this enables us to assign a unique behavioral pattern - a ‘fingerprint’ - for each individual and for each 

team. Furthermore, we reveal there exists a relationship between the market value of the players and 

the metrics introduced here, suggesting that these metrics could potentially serve as valuable perfor- 

mance indicators in the future, with applications ranging from talent identification to player scouting. In 

a broader context team sports could open up new directions for quantitative analyses of human collective 

behavior. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

Collective behavior characterizes the way in which an individ-

al’s activity is influenced by other members of its group, and in

urn how they influence it [1] . In a system consisting of many sim-

lar ‘units’ [2] (such as fish in a shoal, birds in a flock, or players

f a team sport [3] ) the interactions between them can be sim-

le (attraction/repulsion) or more complex, and can occur between

eighbours in space [4] or through an underlying social network
∗ Corresponding author. 
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5] . In human behavior joint action is ubiquitous, such as during

edestrian traffic, teamwork ( e.g. bucket brigade or human chain),

eam sports, or group dance, where movements are adjusted ac-

ording to the ongoing actions of others to fit the demands of the

asks at hand [6–9] . Here, we investigate joint actions of football

layers (European association football; soccer) to understand how

layers perform as a collective and how this relates to team suc-

ess. 

Football is played between two opposing teams where players

nteract directly, indirectly and concurrently to achieve an objec-

ive that involves scoring goals while simultaneously preventing

he opposition from scoring [ 10 , 11 ]. In this sense, football is com-

osed of individuals who coordinate their movements and develop

https://doi.org/10.1016/j.chaos.2020.109831
http://www.ScienceDirect.com
http://www.elsevier.com/locate/chaos
http://crossmark.crossref.org/dialog/?doi=10.1016/j.chaos.2020.109831&domain=pdf
mailto:rmarcelino@ismai.pt
mailto:nagymate@hal.elte.hu
https://doi.org/10.1016/j.chaos.2020.109831
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cooperative relations to outcompete their opponents [12] . Having

this theoretical knowledge as a base ground, a set of metrics have

already been developed to incorporate a wide range of complex

behaviors and explore how these impact and be impacted by group

structures. For instance, the teammates’ displacement synchroniza-

tion, computed through the relative phase [11] , have been used to

assess the dynamic players’ interpersonal coordination [ 13 , 14 ]. Pre-

liminary results have shown that, by being more synchronized in

positioning with teammates, players decreased their physical and

physiological responses during the game [13] . Also, advances in

knowledge have been made through the increased variety of pro-

cessing techniques to assess regularities between whole teams and

between individual players with their team as a function of time

[ 15 , 16 ]. Entropy computations have been used to identify if indi-

viduals’ positioning dynamics express a predictable pattern which

may, in turn, provide insights about the local information sources

that are being used in movement decisions [17] . 

Historically, the analysis of football has focused on several de-

scriptive indicators (with a preponderance to player movement

characterization) and in the comparison of different single players’

performance according to different contexts [18] . In the behavioral

sciences, by contrast, a paradigm shift has occurred in the study

of group behavior, shifting focus from the study of single ‘focal’

individuals to the quantitative study of simultaneous interactions

among organisms, and the resulting collective properties exhib-

ited by groups. As a result of advances that allow automatic player

identification and tracking [19–23] , some recent works started to

explore group behaviour analyses [24–26] (for a systematic review

see [27] ). These analyses mostly relied on metrics that gave overall

collective scores (for example: “team centroid” - geometric mean

position from all team players, or “dispersion” - an indicator of

how "compact" the team is, i.e . large dispersion means players are

more distant from each other) and less detailed insight to play-

ers’ individual contributions to the collective behaviour (i.e. how

players coordinate with each other). Thus, and since the literature

has already explored some collective indicators that result from the

spatial relationships of the players, it only makes sense to move to-

wards more fine-tuned analyses to understand the individual role

of each ‘unit’ (player) on the behaviour of the remaining ‘units’ of

the same system (teammates and opponents). 

Analyzing performance with the aim of revealing the dynamics

and complexity of team sports is largely an unexplored area and

will likely lead to new avenues with theoretical and practical im-

plications [28–30] . The integrated use of positional data, for exam-

ple, may make it possible to develop performance indicators capa-

ble of describing and understanding the mechanisms that underlie

players’ collective movements [ 31 , 32 ] and to describe their coor-

dination when performing different tasks together, or how their

individual and collective behavior adapts to that of their oppo-

nents. The practical implications of applying this type of analysis

may have an impact, for example, in the assessment of talent in a

sports context, with the immediate consequences in the transfer of

players between teams. It is public knowledge that each year play-

ers are being transferred between clubs for record-breaking fees.

Nevertheless, it is especially surprising that the evaluation of tal-

ented players relies on very few performance indicators (such as

the number of goals scored) and circumstantial, subjective impres-

sions [33] , and there is no indication of the existence of perfor-

mance indicators that consider the way in which players cooperate

and/or compete, considering their spatial movements during com-

petitions. 

The aim of our study was to analyze collective patterns in

the motion of football players to reveal the underlying coordina-

tion among players within teams as well as between players at

different teams in order to reveal collective strategies associated

with team performance. To do so we used directional correlation
ith time delay analysis [34] - which detects similarity/difference

etween concurrent motion patterns among players. Using high-

patiotemporal resolution positional data of the players (and of

he ball), we demonstrated how football players dynamically adapt

heir behavior depending on different contexts, such as chang-

ng their movements relative to their teammates and opponents

ccording to their playing position (goalkeepers, defenders, mid-

elders or forwards) and according to the match phase (offense

s. defense). This work opens up new possibilities for quantify-

ng the performance of sport teams which can serve as an innova-

ive method for applications from design and development of team

trategies to the screening of players with tactical talent. 

. Methods 

.1. Study design 

This study followed a cross-sectional design in which the spa-

ial coordinates of all players were collected, during the entire du-

ation of the analyzed matches. For each player from his high res-

lution trajectory, spatio-temporal correlation based metrics were

alculated with the other players (teammates and opponents) and

he ball, in order to identify the highly correlated segments (HCS) .

fter calculating the HCS for each pair of players, individual scores

nd team scores were produced and analyzed according to differ-

nt time scales (minute by minute, 1st half versus 2nd half, and

ull matches), location in the field (heatmaps), ball possession (in

ffense versus in defense), player position (defenders, midfielders,

ttackers), time delay of HCS (ahead in time versus behind in time),

ame status (winning versus losing). The aggregated metrics were

ompared to each other, to the match result, to the team success

nd to other performance scores available for the players, in order

o put our results into perspective. 

.2. Participants and data collection 

Five full matches from the German Bundesliga 2015-2016 sea-

on were analyzed, played by nine different teams, during one

eek period. The data set were provided by an external com-

any, and no a priori criteria were set in choosing the actual

atches. Two of the matches were balanced (finished with a tie)

nd three were unbalanced matches (finished with one team win-

ing with two or more goals). All the matches ended with goals

cored (number of goals: n = 20). The X and Y positional coordi-

ates (over 26 million locations) of all players ( n = 139 in total;

oalkeeper: n = 10; Defenders: n = 44; Midfielders: n = 49; For-

ards: n = 36) and of the ball ( n = 5) were collected with TRA-

AB® Optical Image Tracking System, Gen5 (ChyronHego) at 25 Hz.

RACAB® has been successfully validated as technology to collect

patiotemporal measurements in a football-specific test conditions

ith high accuracy [35] . We included in the analysis only those

airs that played together at least 10 minutes (to have enough data

n the players behaviour/performance but the actual value for the

ut off had no impact on the results within ±20% relative varia-

ion). We collected the players’ market value data from Transfer-

arket ( www.transfermarkt.com ) website. 

The study protocol was approved and followed the guidelines

tated by the Ethics Committee of the Research Centre for Sport

ciences, Health and Human Development, based at Vila Real (Por-

ugal) and conformed to the recommendations of the Declaration

f Helsinki. Under this protocol, all data were collected for ‘real

orld use’, without informed consent, and shared with the re-

earch team. As such, these data conform to U.S. Department of

ealth and Human Services, “Regulatory considerations regarding

lassification of projects involving real world data” [36] . 

http://www.transfermarkt.com
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.3. Highly correlated segments calculation 

A highly correlated segment (HCS) was defined for each pair

f players ( i � = j ) for a time t when their directional corre-

ation, C ij ( t )—the time-averaged dot product of their time de-

ayed directions of motion (normalized velocities) for a time

indow—was higher than a threshold ( C MIN = 0 . 99 ) . In more

etail: C i j (t) = ma x τ∈ [ −4 s :4 s ] ( 〈 v i ( t ∗) · v j ( t ∗ + τ ) 〉 
t ∗∈ [ t − T 

2 
: t + T 

2 
] 
) ≥ C MIN ,

here v i ( t ) denotes i’ s normalized velocity, 〈 . . . 〉 denotes time av-

raging for the T = 6 s long interval centred at t , and a maximum

alue was searched for τ in the interval [ −4 s : 4 s ] as a conserva-

ively large range. We pooled data with multiple bin sizes ranging

rom 1 minute to the duration of a full match. To get a value for

ighly correlated segments that could be compared between dif-

erent binning we calculated the proportion of HCS ( S ij ) as the total

umber frames when C i j ( t ) ≥ C MIN and divided that by the total

umber of frames the two players were together on the field dur-

ng that time bin. To characterize the performance of players we

alculated the average over all possible other players ( S i = 

∑ 

S i j ) ,

ll other teammates or all opponents. Data was analyzed using

ustom-written dedicated scripts in Perl (v5.22.1) and Cuda 500

v7.5.17). 

.4. Statistical procedures 

Magnitude-based inferences [37] techniques were used to eval-

ate the differences of HCS for all the multiple filters used in this

ork (see Fig. 2 , and for more details the Supplementary Meth-

ds). Calculations were performed with the r package “mbir”. The

ssociation of several facets of the HCS was assessed via Linear Re-

ression Trend Models ( r 2 ) with 95% confidence intervals. Pearson’s

roduct moment correlation ( r ) was used to evaluate the corre-

ation of the HCS with the players market values as well to as-

ess the robustness of the HCS metrics. When comparing the data

f the two halves, Spearman’s rank correlation was used as the

ata didn’t follow a normal distribution. We reported two-tailed p-

alues , and the exact values for r and p are presented, unless those

here p were lower than 0.001. We suggest considering p ≤0.05 as

 threshold for significance, and r 2 ≥0.5 for magnitude, but let the

eader decide on their interpretation of the statistical tests. 

.5. Data availability 

The positional data of the players and the ball are owned by the

ompany Opta and the authors did not get authorisation to share

he raw positional data to a third party. However, we provide a

ample data with open access from an official match (available in

ttps://github.com/nagymate80/HCS _ football ), with the full trajec-

ories of all field players during the first half (45 min). The sam-

le data differ from the data analyzed here in their resolution and

hey do not contain positional data of the goalkeepers and of the

all, nor information about the inactive match periods (ball out of

ounds, injured player, celebration of a goal, etc.) (S5 Table). De-

pite these differences, we show that our analysis is robust and

he sample dataset results in similar patterns as compared to the

riginal dataset when resampled to accommodate for these differ-

nces (S6 Fig). All the custom-written dedicated scripts in Perl and

uda 500 used in this paper are freely available in the previously

entioned github repository. 

. Results 

We analyzed high spatio-temporal resolution positional data

f players and the balls from 5 official football matches between

 different top level teams (hereafter referred to as tA to tI to

reserve their anonymity), including one team that played twice
 Table 1 ). In order to quantify the joint actions among players in

hese matches, we calculated correlations between path segments

f pairs of players to detect co-occurring similar motion patterns.

e defined highly correlated segments (HCS) when the difference

n the movement direction of two players was less than a thresh-

ld angle (8 degrees on average). These trajectories are typically

patially displaced. This metric can give us a first approximation

f how the players are cooperating and competing, by moving in

imilar or dissimilar directions in different tasks. 

We calculated the HCS by cross-correlating two trajectories

with possible time delays) and searching for peak values. A de-

ected HCS characterizes an event (with a duration of at least

 few seconds) of highly correlated motion between two play-

rs at a given time point ( Fig. 1 ). Different players spent different

mounts of time on the field (and we analyzed the data on multi-

le timescales), so to be able to compare these data, we used the

roportion of HCS which characterize in what portion of the rele-

ant time were HCS events detected. 

From this pairwise event-based dataset we pool data using

ultiple ‘filters’ (or a combination of them): We ( i ) use different

ime bins ranging from one minute, a match half (45 minutes)

p to the whole match length; ( ii ) pool data for a player with

ll of his teammates/opponents to get individual scores; ( iii ) pool

ata for the whole team; ( iv ) pool data when a focal individual

or team) is being compared only either to the same or to the

pposite team’s members; ( v ) pool data based on ball possession

whether the focal individual (or focal team) is in offense/def ense)

 vi ) pool data from multiple individuals based on the players’ ‘posi-

ions’ ( i.e ., role: attacker/midfielder/defender/goalkeeper); ( vii ) sep-

rate data based on the time delay between the players during the

CS; and ( viii ) use the location of the players in the field while the

CS occurs ( Fig. 2 ). We stress the fact that the ball has different

otion characteristics compared to the players - between passes it

oves mostly in a straight line in the (x, y) horizontal plane and it

an move much faster than the running speed of the players. This

ould result in the absence of HCS between the players and the

all, although the players’ motions are obviously affected by the

all. 

.1. Highly correlated segments (HCS) with teammates and opponents

We found that 82.0% of the field players had greater propor-

ion of highly correlated segments (HCS) with their opponents than

hey did with their teammates (Effect size: 0.48, 99% Confidence

nterval (CI) [0.35, 0.61]; difference in mean: 36.8%, 99% CI [28.7,

4.9], for more details see Supplementary Methods), with the per-

entages ranging from 60.9% to 92.3% from match to match. The

oalkeepers behave in the opposite way and 8 out of the 10 goal-

eepers had more HCS with their teammates than they did with

heir opponents (S1 Table). It is important to note that the dis-

ances that goalkeepers travel per game are very low and, there-

ore, high correlations would not be expected. 

Interestingly, in Match #2, which ended with a draw but was

layed between unbalanced teams (team tD had a final ranking

welve places above team tC), the players of the lower ranked team

ad much more HCS among themselves than they did with oppo-

ents ( Fig. 3 A). This difference is predominantly due to defenders

f the lower ranked team which exhibited a lot of HCS while their

eam was in offense ( Fig. 3 B–E). As the motion of the attacking

layers (and their movement relative to each other) should be rel-

tively unexpected, moving in unison (with high HCS) may be a

ign of poor offensive threats. Thus, one possible interpretation of

his result could be that these defenders performed poorly in sup-

orting their team’s attack by following very similar motion pat-

erns, and not ‘surprising’ the opponent with unique movements

nd positions. 

https://github.com/nagymate80/HCS_football
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Fig. 1. Example of tracking and the method for finding highly correlated segments (HCS) by directional correlation functions between players overlaid on top of a video 

frame. Players’ (with red and yellow for the two teams) and the ball’s trajectories (black) of the last 4 seconds were projected in perspective on the plane of the field. 

Red squares and yellow circles show the position of the players at the moment corresponding to the displayed frame ( t = 0). Insets show examples of pairwise directional 

correlation functions for four selected pairs (indicated by dashed links between the selected players). For each timepoint, the highest correlation is given from all the possible 

correlations with different time delays. The correlation for a pair is symmetrical. Highly correlated segments can be seen between players Y1-R2 (blue) and Y2-R3 (cyan). 

The pair Y1-R3 (green) at the beginning of the plotted 4-second-long period move in approximately perpendicular directions (thus their correlation is close to 0), then as 

they move more and more towards the same direction their correlation increases. To keep the anonymity of the players this figure shows a match that was not analysed in 

this paper. 

Fig. 2. A schematic explanation of the pooling the pairwise and event-based HCS into different individual and team scores as well as the other metrics used. A) When a 

HCS is detected between two players at a given time and location, it gives contributions to several metrics (B–E). B) We show here a simplified version of the full matrix of 

all possible pairings consists of the 14 players (11 regulars + 3 substitutes) from both teams (S2 Fig). We averaged all pairwise values in a row for individual scores, and all 

values in a submatrix of the same (or the opposite) team for team scores. C) We pooled data into time bins of various length. D) Heatmaps are generated from the location 

of the HCS. E) Other filters that were used in this paper to analyze the data (but not shown in details on the figure). 
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Table 1 

Details of the matches and the teams analyzed. 

Match No. Played Team ID Goals Weekly Rank Final Rank Marker color 

1 

Home tA 1 11 [16–18] Blue empty 

Away tB 1 6 [7–9] Blue full 

2 

Home tC 2 2 [1–3] Orange full 

Away tD 2 9 [13–15] Orange empty 

3 

Home tE 5 1 [1–3] Green full 

Away tF 1 3 [7–9] Green empty 

4 

Home tG 2 3 [4–6] Red full 

Away tA 0 11 [16–18] Red empty 

5 

Home tH 4 14 [4–6] Purple full 

Away tI 2 16 [10–12] Purple empty 

Team ranking is according to the teams’ league position, where 1 stands for 1st place, and so 

forth (the worst team has the highest number). Weekly Rank denotes the temporal ranking 

during the week the matches were played. The Final Rank shows the results at the end of the 

season but to ensure the anonymity of the teams only a range is given. In case of unbalanced 

matches, the winner team is shown highlighted by bold font type. Team tA played twice in 

matches #1 and #4. 

Fig. 3. The average proportion of highly correlated segments for the full match using different filtering: with teammates/opponents (A), in offense/defense (B,C), by player 

positions (defenders; D) and being ahead/behind in time (E). A–D) Each dot represents one player color-coded by the match they played in and sized proportional to the 

time spent on the field. A filled marker shows the team with higher final ranking (which coincided with winning the match in unbalanced matches) as opposed to empty 

markers for their opponents. B-C) Black lines represent the Linear Trend Model (with confidence bands showing upper and lower 95% confidence lines). Both models are 

significant at p < 0.0 0 01 (S4 Table). D) Individual HCS (correlated with all players including teammates and opponents) for defenders ( n = 41). Other positions are shown 

on S2 Fig. E) For defenders, the difference between HCS when ahead (HCS + ) and when behind (HCS −) in time as compared to teammates ( x axis) and opponents ( y axis) is 

shown color-coded by the final result of the match. Trend lines for winning teams (black; slope ß = −0.86, R 2 = 0.62, p = 0.001) and for losing teams (cyan; slope ß = 0.32, 

R 2 = 0.27, p = 0.07). 
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We also found that the higher proportion of HCS among play-

rs within teams was dominated by that among defenders when

n defense ( Fig. 3 B,D). These results highlight the potentially vital

ole that defenders have in a team, both for defensive and offen-

ive roles. 

We also investigated the precise timing of motion path between

he players by calculating the time delay of the maximal correla-

ions. In other words, if two players were highly correlated but one
f them was making similar moves two seconds later, he was be-

ind in this event. By comparing the relative timing in HCS metrics

f winning and losing teams, we find that the winning defenders

hat were more often ahead in time compared to their teammates

ere more often behind in time when compared to their opponents

 R -square = 0.62; n = 13, p = 0.001; Fig. 3 E). Various parame-

ers affect the decisions and motions of players during a match,

o from the observed time lag in their motion we cannot conclude
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Fig. 4. Spatial distribution of the players (A,B) and the detected HCS events 

(C) between teammate and between opponent players from match #2. A) Two- 

dimensional heatmap showing the positions of the two teams for both halves of 

the match. Two color channels are used (red for team tC and blue for team tD) 

and where the two distributions overlap it results in purple. The positions were 

mirrored for the second half when the two teams switched sides. B) Distribution 

of the players’ positions projected to the x axis - the main axis of the pitch con- 

necting the two goals. C) Distribution of HCS detected on the same x axis between 

teammates and the opponents. 
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whether a player was directly leading or following another player.

That said, one potential explanation for this finding is that some-

times defenders ‘team-up’ against an attacker, typically when he

is a very talented forward player. If two defenders decide to move

toward an attacker, for example, we would expect to see this rela-

tionship. 

On the other hand, the winning defenders that were more of-

ten behind in time compared to their teammates were more often

ahead in time when compared to their opponents. A possible sce-

nario where this phenomenon could happen is the so-called ‘off-

side trap’, where the final line of defense (the defenders that are

currently positioned closest to their own goal) tries to coordinate

relative to the position of the opposing attacker (if the player is

without the ball), to cause an offside ruling which will stop the

attack. 

By contrast, the defenders from losing teams did not follow this

trend ( R -square = 0.27, n = 13, p = 0.07). Typically, they were ei-

ther more ahead or more behind in time relative to other players,

but the trend found was the same when compared to both team-

mates or opponents. It is worth mentioning that for a player to

be able to simultaneously track the motion of multiple players and

the ball is challenging and may demand high spatial awareness.

The aforementioned examples of successful defenders perhaps re-

quire such skills. 

3.2. HCS in offense and in defense 

Previous studies have tended to analyse matches as a whole,

usually without dividing the match according to its phases (offense

and defense) [ 15 , 18 , 24 ]. Here, by implementing this distinction, we

reveal differences in the player’s behavior when in offense and in

defense (S3 Table). If a player has the possession of the ball, his

teammates will move in order to facilitate the movement of the

ball into the goal. To achieve that, they do not necessarily need

to move with similar motion patterns either with respect to the

player possessing the ball or with other teammates. Rather, play-

ers coordinate their movement by fulfilling different tasks, eventu-

ally moving in a less correlated way in order to surprise the op-

ponents’ defenders and to facilitate scoring opportunities. On the

other hand, players from the defending team need to prevent the

goal scoring, and, consequently, their movements will tend to be

more correlated - they need to adopt similar moving trajectories

as their opponents (more HCS) as well as to move together with

their teammates in order to keep their defense organized. 

Generally, players show significantly more HCS in defense than

in offense (S3 Table). However, when comparing the similarity of

motion with respect to opponents, we find no difference in HCS in

defense and HCS in offense. 

Players that have more HCS in offense are the ones that have

more HCS in defense. There is a linear relationship both for

the HCS with teammates (HCS in defense = 0.69 ∗ HCS in of-

fense + 0.73, R 2 = 0.38, p < 0.001; Fig. 3 B) and with opponents

(HCS in defense = 0.72 ∗ HCS in offense + 0.52, R 2 = 0.67, p <

0.001; Fig. 3 C). Independently of the match phase (being in of-

fense or in defense) and of whom the other players are (whether

they are teammates or opponents), some players are more ‘collec-

tively connected’ (with more HCS) than are other players. This sug-

gests that football players have an individual hidden ‘fingerprint’

with respect to the movements they make relative to others on

the pitch. 

3.3. Temporal and spatial dynamics 

When analyzing the HCS of competing teams throughout

matches in a minute-by-minute time resolution, we detect some

changes in the HCS metrics, but overall the metric is robust (S3
g). We also found that players played similarly in the first and

he second halves (Spearman’s r = 0.712, n = 70, p < 0.001; S4 Fig).

his confirms that no extreme outliers were affecting our data. 

Comparing the spatial distributions of player positions and HCS

ocations across the pitch (see Fig. 4 for an example from one

atch), we found that the players of Team tD were predominantly

n defensive positions, and correspondingly also had peak values

f HCS there. This is what we would expect for a team that is oc-

upied with defence. Team tC had lower HCS values in attacking

ositions ( Fig. 4 B, C), in line with the comparison of HCS accord-

ng to ball possession (offense and defense). 

.4. Robustness of the HCS metrics 

Are HCS values stable between different matches? We can ad-

ress this question as one of the teams (tA) played against two

ifferent opponents. The HCS ratio of team tA’s players showed

ighly significant correlations between the two matches both with

heir teammates (in offense: r = 0.97, p < 0.001; and in defense:

 = 0.99, p < 0.001) and with the opponents ( r = 0.99, p < 0.001;

 = 0.97, p < 0.001, respectively; for players who played at least 15

inutes in both matches; n = 10; S5 Fig.). 

These results, together with the similarities of the HCS metrics

etween the first half and the second half (S3, S4 Figs.), demon-

trates the ability of our method to detect and reveal the patterns

f the players’ collective movements. Despite the different contex-

ual situations (one match was played at home and ended in a
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raw and the other match was played away where the focal team

ost), there is a regularity of the collective movements of the dif-

erent players. 

.5. Comparison of the HCS metric to the market value of the players 

s a proxy for player quality 

Players’ market values are estimates of the transfer fees most

ikely to be paid for them [38] . Each successive year players are

ransferred between elite clubs for record-breaking fees. Although

here are conceptual differences, market values and transfer fees

re comparable [39] . As it is a very complex task to determine the

uality of a player, we use the players’ market value as a proxy for

heir quality [ 40 , 41 ]. We examined whether we could find corre-

ations between the metrics defined in this paper and the mar-

et value of specific players/teams. As expected, the most suc-

essful teams (smallest number in team rank) indeed had higher

verage market values (Pearson’s r = -0.704, n = 9, p = 0.034;

ig. 5 A). Notably, players of the strongest team (overall in the sea-

on) showed distinct behavior when compared to the least suc-

essful team (HCS in offense vs. in defense; using the difference

alues (HCS offense -HCS defense ) in a Welch-test for those two teams’

eld players: df = 21, p = 0.002; Fig. 5 B). Higher market value

layers had a lower number of HCS with their teammates while

ttacking (attackers’ mean for a team: Pearson’s r = -0.719, n = 9,

 = 0.029; all players: Pearson’s r = -0.245, n = 125, p = 0.005;

idfielders: Pearson’s r = -0.317, n = 44, p = 0.036; and attack-

rs: Pearson’s r = -0.427, n = 30, p = 0.019; Fig. 5 C–F). The lower

arket value players’ moved more often in similar directions to

ther players, being more predictable and, consequently, likely to

e more easily defeated. Previous research highlighted attributes

uch as positioning and decision-making as tactical skills that best

redict adult performance levels [ 42 , 43 ]. We now offer the HCS

etric as a key performance indicator in the talent identification

rocess of young football players. 

. Discussion 

This work is one of the first studies in a new interdisciplinary

esearch field in which team sports are considered from the per-

pective of collective behavior. Previous studies are scarce, but in

ne nice recent study, Yokoyama and Yamamoto [9] analyzed spa-

iotemporal coupling and synchronization of humans playing a 3

s. 1 football possession game. Our current study goes beyond pre-

ious attempts and the coordination of all the players (and also

f the ball) are analyzed in formal football matches from high spa-

iotemporal data. The motivation for this work is twofold, being

oth application-oriented and basic-science research. High preci-

ion spatiotemporal data is now abundant in various biological sys-

ems, and over various scales. Currently, sports-data companies like

pta ( www.optasports.com ), STATSports® ( https://statsports.com ),

portsradar ( https://www.sportradar.com ), among others, collects

rodigious amounts of detailed performance data in football, which

ould be used for player and team evaluation. These data, together

ith the positional coordinates of each subject (the players, ball,

eferees, etc.) in a football match provided by advanced optical

racking and image-processing technologies, such as the TRACAB®

ystem ( www.chyronhego.com ), enables unprecedented opportuni-

ies for data-analysis and inquiry. Here, we utilize data of sport

layers and analyze their movements employing an approach that

s already common practice in studies of collective behavior in

on-human animals [2] , but was originally inspired by methods

rom statistical physics [34] . 

Data of this type could be analyzed to quantify many differ-

nt patterns in team sports, such as the dynamics of the struc-

ure of the team and how individual and team behavior adapts to
he motion of their opponents, or how synchronized the players

re when performing different tasks together. Also, there is large

cope for an increased variety of techniques that could be used

o analyse team sports, such as methods from information theory,

etwork science or supervised/unsupervised machine learning (in-

luding deep learning) [44] . 

So far, performance analysis studies in sports have mostly con-

idered personal measurements, such as various physiological con-

itions - e.g. cardio-vascular or acceleration data [ 20 , 27 , 31 , 42 ]. This

s indeed important, especially in sports that put emphasis on

hysical ability. However, team sports add several layers of com-

lexity, and thus could benefit greatly from new approaches of

nalysis that consider collective action. The inherent limitations

f the traditional individual-focused approach might be the rea-

on that football is considered by many to be mostly random [45] ,

nd presently it is hard to predict the outcome of matches [ 46 , 47 ].

hus, there is an urgent need for a holistic approach to sport per-

ormance, which will open up new ways of analysing and assess-

ng team and individual performance. The produced knowledge, to-

ether with the increasingly known individual and collective per-

ormance profiles ( e.g . travelled distances at different speeds, or

ifferent surface/stretch index areas; for more details see literature

eview from Cummins and colleagues [48] ), could improve perfor-

ance in a broad range of applications from talent identification

o injury prevention or performance optimization. 

It is known that in invasion team sports, in this particular

ase in football, team movements are guided by a collective tac-

ic/strategy that aims, above all, to achieve a territorial advantage

hat enables teams to achieve their purposes: to score goals and

ot to concede goals. The method that was used in this study,

hen considering the position on the field, and the associated

ovements, of all players during the effective time duration of the

ame, allows to assess the instantaneous suitability of the move-

ent of each player (in his relationship with teammates and op-

onents). Being a good player in an invasion sport implies that,

n addition to being technically evolved when contacting the ball,

here is a need to be in the right place at the right time. Here we

ave developed a metric that enables us to quantify the similari-

ies and differences in the motion path segments between team-

ates and between opponents. We have demonstrated this to be

 meaningful metric that could reveal qualities in players which

ay be often overlooked. Moreover, we find this to be a robust

easurement, stable both within and between matches. 

In the future it could also be interesting to use our method-

logy to compare club teams (as we considered in this work) to

ational teams. It is well known that national teams usually don’t

ave the same amount of time for training (as a team) compared

o clubs, despite competing in very important matches such as

he World Championship. Results from these analyses could help

n understanding the influence of training [49] as a team on the

ollective performance of football players. Studying sport games

an also benefit the scientific research of collective animal be-

avior. When addressing the complexity of fish schools and bird

ocks, scientists try to reveal the interaction rules between the

onspecifics that enable their cohesive movement. In sports, we

re aware (to some extent) of the rules governing their behavior.

or instance, as we know about the offside rule, we can better un-

erstand behaviors that might seem puzzling and intriguing when

nalyzing these situations without this knowledge. 

For football’s sake alone, as the world’s most popular game,

nsights from quantitative approaches, such as ours, could help

oaches, scouts and staff in making wiser decisions, both during

atches and in the transfer market. As we demonstrate, highly co-

rdinated defenders can be crucial, and this requires skills (e.g.

patial awareness) that aren’t typically tested for in youth sys-

ems [ 18 , 50 ]. In addition, comparing between different styles of

http://www.optasports.com
https://statsports.com
https://www.sportradar.com
http://www.chyronhego.com
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Fig. 5. Market value, team ranking and HCS metrics of players/teams. A) Final team ranking versus the average market value of all the players of the teams analysed to 

confirm the usage of the market value as a proxy for players’ quality. Teams with players valued higher by the market ended the season at a higher rank (smaller number 

in ranking). B) HCS with teammates in defense vs. in offense is shown by circles for all players analyzed. The size of each circle is proportional to the market value of the 

player. The two teams with extreme ranking from our data set are highlighted by different colors (black is the most and yellow is the least successful team). C) Average HCS 

with teammates in offense for the teams’ forward players versus their average market value. D–F) HCS with teammates in offense as a function of players’ market value are 

shown for different positions: defenders (D), midfielders (E) and attackers (F) as full circles. Empty circles represents data from all players for reference. 
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play (from different leagues in different countries, known to be

more technical, or more physical) could shed light on what makes

them unique. Finally, the comparison between youth vs profes-

sional teams may provide useful insight into how experience and

years of formal training changes players’ abilities. In a broader con-

text, the analysis of the collective dynamics in football (or team

sports/games in general) offers a peek into human interactions (co-

ordination/cooperation) in a ‘controlled’ setting, in which the par-

ticipants are restricted to a certain range of behaviors, allowing for

a more rigorous investigation than is possible in most social sce-

narios. 

The methodology proposed in this work has practical applica-

tions that apply to the context of sports in particular, but which

may also have an impact on other areas of human behavior. In the

sports context, the use of this new individual metric can be applied

in processes as diverse as: (1) identifying and recruiting talent, (2)
ptimize training processes in order to maximize the teams’ tac-

ical/strategic behaviors, (3) be used as an evaluation indicator for

afe return to practice after sports injury, (4) when applied in real

ime, it can help coaches to make decisions regarding players who

re lacking in their performance, or (5) to identify opponents in

ituations of greater fragility. 

As for practical applications in other domains (with the neces-

ary adaptations for each specific context), it can be used for in-

tance to monitor groups of firefighters - identifying anomalies in

ovement that may be suggestive of exposure to danger; or, chil-

ren in a schoolyard context - identifying students with a tendency

o be isolated from other students, signaling them as likely to be

ictims of social isolation and, eventually, maybe more exposed to

ullying. In summary, the methodology presented in this article

as potential for the exploration and monitoring of many human

ollective movement activities. 
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It is important to acknowledge the limitations of this present

ork. This is one of the first public domain, open access studies

hat carried out an analysis on high resolution positions in foot-

all which includes information of all of the 22 individuals and

f the ball, at all times (not only goals/assists, clean-sheets, etc).

hat said, we were limited in the amount of games available to us,

nd therefore there could be an inherent bias here. Future work

hould look at more games from different teams and leagues, and

lso from the same teams, but at different times throughout the

eason to see developments over time. 

Another limitation is in our methodology - which served as a

rst assessment of how players interact. The use of directional cor-

elation enabled us to reveal some coordination patterns; but, at-

acking teams could be highly coordinated without moving on sim-

lar paths - without being correlated. Future work could focus on

eveloping new ways to quantify the behavior of very offensively-

alented teams [25] , to try to reveal the secrets behind their suc-

ess in finding space within the opposition’s defense. 

. Conclusions 

In this work we aimed to advance the emerging field of analy-

is of football on a collective scale. By understanding what makes

ome teams better than others, we can inspire both coaches and

ootball staff on their decision-making, and hopefully will also

ush football as a ‘model-system’ of collective action in general.

ith our pairwise analysis - focusing on the interactions between

he players, we were able to find clear differences between the dif-

erent roles on the pitch. In a nutshell, defenders need to be more

rganized as a unit, whereas attackers aim for the opposite, that

s, to somehow move in unpredictable patterns (at least for their

pponents). Also, within the same role, we show that our metric

s a good proxy for the quality of the players and thus can help in

redicting team success. 
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