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Abstract—In soccer, player scouting aims to find players suitable for a team to increase the winning chance in future matches. To
scout suitable players, coaches and analysts need to consider whether the players will perform well in a new team, which is hard to
learn directly from their historical performances. Match simulation methods have been introduced to scout players by estimating their
expected contributions to a new team. However, they usually focus on the simulation of match results and hardly support interactive
analysis to navigate potential target players and compare them in fine-grained simulated behaviors. In this work, we propose a visual
analytics method to assist soccer player scouting based on match simulation. We construct a two-level match simulation framework
for estimating both match results and player behaviors when a player comes to a new team. Based on the framework, we develop a
visual analytics system, Team-Scouter, to facilitate the simulative-based soccer player scouting process through player navigation,
comparison, and investigation. With our system, coaches and analysts can find potential players suitable for the team and compare
them on historical and expected performances. For an in-depth investigation of the players’ expected performances, the system
provides a visual comparison between the simulated behaviors of the player and the actual ones. The usefulness and effectiveness of
the system are demonstrated by two case studies on a real-world dataset and an expert interview.

Index Terms—Soccer Visualization, Player Scouting, Design Study

1 INTRODUCTION

In soccer, player scouting is essential for recruiting high-quality players
to strengthen the team [3]. Especially in professional clubs, successful
player scouting can help obtain suitable and well-performed players at
low costs, while failed ones will lead to expensive but ineffective player
transfers [22]. Various cases among top soccer clubs have witnessed the
importance of player scouting. During the pre-half season of 2023/24,
several teams without abundant transfer budgets and multiple star play-
ers, such as Leverkusen in German Bundesliga and Girona in Spanish
La Liga, have ranked at the top of the leagues mainly because of their
wise player scouting strategies and appropriate team tactics [55].

Scouting proper players for a team is a complicated task. Coaches
and analysts need to compare huge amounts of players on diverse per-
formance indicators to assess whether the players will be suitable for
the team [3]. Numerous studies have been proposed to evaluate player
performance in different aspects [11,28,44]. Although useful, it is
difficult to know how the players will perform in a new team directly
from historical match data, which is one of the most significant reasons
for unsuccessful player recruitments [3,22]. Thus, simulative analysis
has been introduced to the process of soccer player scouting to esti-
mate the players’ performance in a new team [22,33]. However, those
methods solely provide the results of the expected increment of team
performance indicators with complex mathematical models. Lacking
interactive navigation tools, experts often experience difficulties in thor-
oughly exploring the large space of potential target players. Moreover,
without the knowledge of the computational process of the models,
experts encounter challenges in understanding how the players can
coordinate with team tactics to release their potential. Although various
interactive visualization systems have been developed to support an
in-depth investigation of soccer player performance [10,21,47], visual
tools supporting simulative-based player scouting are still rare.

In this study, we have worked closely with professional soccer ana-
lysts and coaches to provide a simulative visual analytics method for
soccer player scouting. During the cooperation, we tackled two major
challenges. The first challenge is to provide fine-grained simulation
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for player behaviors in a new team. When scouting players, experts
need to know how the players will behave in matches within a new
team to evaluate whether they are suitable for the team’s tactics and
understand how to effectively arrange them in future matches. Existing
studies mostly simulate the summarized statistical indicators if the
players join the team [22,33], which is insufficient for experts to obtain
a comprehensive view of players from their possible behaviors. Player
behaviors in matches are related to multiple heterogeneous features,
such as the player decision styles and the current team tactics [52].
It is difficult to extract and integrate those complex features into the
simulation of player behaviors. The second challenge is to develop
effective visual tools to support player navigation and comparison. To
identify target players for further investigation, experts need to explore
the whole player space from various aspects of their performances.
However, the target players might come from any other club and even
league, which usually overwhelms experts in this navigation process.
Furthermore, it is non-trivial to compare potential target players over
multiple spatio-temporal dimensions, such as the simulated behaviors
and their results under diverse team tactics, to decide who is the most
suitable for the team. Effective tools should also be provided for visual
comparison of target players on such various complex aspects.

To solve the first challenge, we construct a soccer player action simu-
lation model with the consideration of player and team styles. Based on
the model, we develop a match simulation framework incorporated with
match result simulation and player behavior evaluation, to estimate the
expected contributions of the players on both match results and player
behaviors. To solve the second challenge, we design a visual analytics
system, Team-Scouter, to support systematic soccer player scouting
by simulative analysis. Users can navigate the possible space of target
players and compare their expected contributions to match results by
the navigation view. The investigation view supports comparing players
on simulated behaviors to decide the most suitable player.

The main contributions of this work are as follows:

* A characterization of domain problems of soccer player scout-
ing, including the summarization of requirements on player navi-
gation, comparison, and investigation.

* A match simulation framework that supports the simulation of
match results and player behaviors to help with player scouting.

¢ A visual analytics system to support player scouting through
navigating players and comparing them on simulated behaviors.

2 RELATED WORK
2.1 Soccer Player Scouting

Player scouting is significant for soccer teams and has attracted exten-
sive research attention during recent years [3]. Traditional methods for
soccer player scouting mostly quantify player performance on multiple



aspects and focus on those highly-ranked players. For instance, Brooks
et al. [7] and Pappalardo et al. [34] presented player ranking methods
based on the weighted sum of player performance features to discover
the players who contribute most to their teams. Decroos et al. [11, 13]
and Bransen et al. [4-6] concentrated on player contributions through
each fine-grained action and ranked players by aggregated action values
on different types. Besides, various criteria have also been proposed
for evaluating player performance, such as threat prevention [28] and
passing creativity [44]. However, the practical player scouting process
is more complicated than simply selecting the most well-performed
players, usually with constraints such as player roles and team transfer
budgets [3]. Thus, a series of work formulated soccer player scouting
as a multi-criteria decision-making (MCDM) problem and solved the
most suitable players for a team by optimizing the summarization of the
players’ performance indicators under multiple constraints [31,36,49].

Soccer is a highly dynamic sport, and a player will perform dif-
ferently when coming to a new team because of the different match
contexts related to team tactics [3,22]. Such uncertainty of player
performance often leads to unsuccessful player recruitment decisions,
like expensive and well-performed players being unable to adapt to
unfamiliar team tactics in their new teams. However, the difference
between the player’s performance in the current and new teams was
largely ignored by the studies mentioned above. To estimate player
performance in a new team, Jarvandi et al. [22] pioneered a study to in-
troduce simulative analysis into soccer player scouting. They modeled
soccer matches as a semi-Markov decision process to simulate the goal
differential after a new player has been added to the team, and selected
the players who would contribute high goal differentials as the most
compatible with the team. Similarly, Pantuso [33] formalized soccer
player scouting as a stochastic programming problem and simulated
the total market value of the team after adding new players to discover
the players with potential in the financial aspects.

These studies provided valuable insights for scouting well-performed
players for a soccer team. Nevertheless, they seldom integrate visual
tools to help navigate potential target players and compare the players’
fine-grained simulated behaviors under the complex diverse team tactics.
Our work is positioned as a simulative visual analytics method to
support systematic and comprehensive soccer player scouting.

2.2 \Visualization of Soccer Data

Visualization tools have been widely integrated into the in-depth analy-
sis of various sports data [16,40], including basketball [19,20,26,60,62],
baseball [14,23,30,32], racket sports [24,42,59,61,63,67], and other
events [25,41]. In particular, numerous studies focus on visualizing
soccer match data for different analysis tasks. For team ranking analy-
sis, Perin et al. designed visualizations called A table! [39] and Gap
Charts [37] to illustrate the temporal evolution of the ranking table and
team scores during the tournaments. For team tactic analysis, current
studies mainly concentrate on the discovery of player passing patterns
and player movement patterns [40]. In the category of analyzing player
passing patterns, SoccerStories [38] provided a group of diagrams to
visualize player passing patterns within similar possessions. PassVi-
zor [65] revealed the dynamics of player passing patterns by visualizing
the occurrence of patterns throughout a match with a pattern flow. On
the aspect of player movement patterns, one of the most popular meth-
ods is aggregating player trajectories and detecting the coordination
among them, as seen in the studies of Shao et al. [51], Sacha et al. [48],
Andrienko et al. [1], and Seebacher et al. [S0]. Besides, the player
movement patterns can also be directly discovered from match videos
with the help of embedded visualizations on the players and their tra-
jectories [53,54]. Several studies also focused on high-level movement
patterns with tactical semantics like team formation [27, 64] and de-
fensive pressure [2]. For tactical decision-making, interactive visual
analytics systems have been proposed for important decision-making
tasks in soccer, such as lineup selection [8] and player migration [9].
Although these visualization studies can help analyze soccer match
data effectively, they can hardly be applied to soccer player scouting
due to the different analysis tasks. To be mentioned, player performance
evaluation is one of the most widely adopted methods for soccer player
scouting, which has also attracted the attention of recent visualization
studies [40]. For instance, Rusu et al. [45,46] and Ryoo et al. [47]
provided metaphor-based and pixel-based visualizations, respectively,

to compare statistical performance indicators among multiple players.
Janetzko et al. [21] developed a visual analytics system to evaluate
players by their performance features under different match contexts.
Action-Evaluator [10] visualized the players’ performance based on
their detailed actions conducted in matches. However, it is difficult to
utilize these studies directly for soccer player scouting because the navi-
gation of target players and the comparison of players’ behaviors under
different team tactics have not been supported. Thus, we provide a vi-
sual analytics system incorporated with a match simulation framework
to help navigation and comparison in soccer player scouting.

3 BACKGROUND

In this section, we introduce the background of soccer player scouting
and characterize the problem through interviews with domain experts.

3.1 Background and Domain Concepts

Soccer is a team sport involving eleven players for both teams, and
each team aims to score more goals than its opponent to win the match.
The eleven players appearing in a match are selected by coaches from
the squad and contain different roles. Our work focuses on scouting
suitable new players to strengthen the squad of a soccer team.

Soccer players. A squad includes the players who can be selected
by coaches to appear in a match. Besides, coaches usually need to find
new players to join the squad to extend their player choices in future
matches [3]. Each player in or is a candidate for the squad is usually
described by the following basic attributes: the role, the birthdate, the
market value, the current club, the height, and the weight (Table 1).

Soccer match structure. An action is a match event that records
when a player interacts with the ball. It is the fundamental analysis
element of players’ on-ball decisions [11]. Such an aspect is mostly
considered by coaches in player scouting because it directly influences
their tactical arrangements for the team [3]. Each action is defined by
a tuple with six event attributes: the acting player, the time, the start
location, the end location, the action type, and the result (Table 1).

A possession is a sequence of consecutive actions in which the ball
is controlled by the same team [12]. It describes the interactions with
the ball at the team level, such as regaining the ball, building up, and
finishing the attack. A possession is denoted by a list of actions and
can be further divided into defensive and offensive phases based on the
intentions of the actions. We use the definition of the defensive phase
as the actions from the start of possession to the completion of the first
pass and the offensive phase as the following actions [43].

A tactic is a player behavior pattern frequently occurring in matches.
We focus on on-ball tactic, one of the most analyzed tactics, because it
significantly affects coaches’ preferences in selecting players [3]. An
on-ball tactic is an action pattern reflecting how the team tends to deal
with the ball. It is indicated by a representative frequent sequential
pattern of similar possessions [12]. Following the division of defen-
sive and offensive phases, the on-ball tactics can also be divided into
defensive and offensive ones as the sequential pattern in each phase.

The problem of soccer player scouting. Player scouting means
finding potential players from outside a team to provide more player
choices for coaches. Based on the scouting results, the staff members
would design strategies for player recruitment and transfer. We work on
player scouting for professional soccer clubs, which is the most com-
plicated scenario due to the large scope of candidate players [3]. In the
player scouting process, analysts and coaches need to consider players’
performance and physical attributes as well as other important factors
such as financial conditions, player personality, and player reliability.
We mainly focus on the preliminary phase of player scouting, which
usually considers players’ in-match performance and basic attributes.

3.2 Interview

We worked closely with three experts for one year to develop a visual
analytics system for soccer player scouting. The experts were treated as
collaborators, including a coach with years of experience in professional
soccer clubs (EA), a senior sports data analyst familiar with soccer
player performance analysis (EB), and a doctoral student in sports
science who was a professional player of a top soccer league (EC).
Domain problem characterization. To understand the problem of
soccer player scouting, we surveyed relevant literature and held a series
of meetings with our experts. The meetings focused on summarizing



the workflow of player scouting from the experts’ experiences. We
recorded the discussion process and summarized the analysis workflow
after the meetings. According to the experts, they usually find players
by analyzing their performance on various criteria, such as statistical in-
dicators [7,34] and fine-grained action scores [11], and select potential
target players based on their tactical preferences. Then, we interviewed
the experts individually to learn the challenges they encountered in
player scouting. We also recorded the answers of each expert during
the interviews. All the experts mentioned that the most significant
challenge they faced is the uncertainty of player performance in a new
team. For instance, a player who performed well in the original team
might not achieve the coaches’ expectations in a new team, which leads
to large numbers of transfer failures with high costs. EC explained that
such performance changes on players mainly because of the difficulty
of adapting to new tactics. Besides, EA and EB pointed out that it is
laborious to analyze and compare large-scale players from hundreds
of clubs in numerous leagues to find suitable ones for the team. Based
on the challenges, we confirmed and revised the analysis workflow and
summarized the initial design requirements for our system.

Model development and visual design iteration. We held weekly
meetings with our experts during system development and iteration.
We recorded the discussion process in the meetings and iterated the
model and visual design according to the experts’ comments after each
meeting. In model development, we surveyed models for soccer player
scouting [11,22,33,44] and discussed with the experts which model
would be effective in finding suitable players. The experts mentioned
that match simulation methods [22, 33] are helpful because they sup-
port estimating team performance with new players, therefore reducing
transfer failures. Besides, EB stated that a fine-grained simulation of
player behaviors under different tactics would help coaches arrange ap-
propriate tasks for new players. Thus, we decided to extend the match
simulation framework to support simulation for both team performance
and player behaviors. After model development, we designed a system
prototype that supported recommending players by simulated match
results to efficiently find suitable players from a large scale of candi-
dates and displaying players’ simulated action decisions by on-ball
tactics of a new team. EA suggested that finding new players similar
to the players in the squad is important because coaches usually tend
to maintain the consistency of the tactical system for the team. EB
also commented that comparing simulated action decisions among the
players is also required to decide the most suitable players based on
tactical preferences. According to the experts’ comments, the design
requirements were also updated along with the visual design iteration.

3.3 Requirement Analysis

Based on the interview results, we have developed six design require-
ments for soccer player scouting at three levels.
Team-level navigation aims to help experts find and identify the part of
the team squad that needs to be strengthened by new players.
N1 Supporting the overview of the team squad. The squad of a soc-
cer team usually contains several players for each role to ensure
adequate player choice for coaches. Thus, experts tend to focus
on the thin part of the squad and find new players to strengthen it.
The overview should present important players for each role in the
squad to help identify the roles of players that need to be scouted.
Supporting the illustration of player characteristics in the team
squad. A new player is expected to replace the original players in
the squad in future matches. Player characteristics, such as their
importance in the team and market values, are useful for experts to
indicate which player might be replaced by a new player. Based
on this information, experts can find potential target players by the
change in team performance if they replace a certain player.
Player-level comparison can help experts obtain information on recom-
mended new players to distinguish the players suitable for the team.
C1 Supporting the comparison of essential personal information of po-
tential target players. After indicating the player to be replaced in
the squad, the match simulation framework supports recommend-
ing a series of players based on coaches’ requirements, such as
player performance or similarity. Comparing the essential personal
information of these players, including their ages and market val-
ues, is important in the decision of target players because experts
prefer players with proper ages and reasonable market values.

N2

C2 Supporting the comparison of the historical and expected per-
formances of potential target players. Players’ performances in
historical matches are vital references for experts to scout the target
players for the team. Besides, experts also need to compare their
expected contributions to the new team to estimate whether they
are suitable for the team’s tactical system. Effective tools should be
provided for such comparison of players among multiple criteria.

Action-level investigation can assist in exploring detailed simulated

actions to decide the most suitable player based on tactical preferences.

11 Supporting the exploration of player’s simulated actions by on-ball
tactics. Experts might select several potential target players by

different criteria and decide the most suitable one according to their
tactical preferences. For instance, a coach will likely choose a player
who can perform well in the most adopted tactics. It is necessary to
support the exploration of players’ simulated action decisions and
expected action scores under on-ball tactics of interest.

12 Supporting the comparison of player’s simulated actions to actual
ones. When experts decide on the most suitable player, they de-
mand to inspect the differences in action decisions between the new
player and the player who might be replaced. It can help coaches
understand how the player will integrate into the new tactics to
arrange proper tasks. Such differences also reveal the effect of the
new player and provide guidance on adjusting tactics accordingly.

3.4 Data Processing

The data used in our analysis is from an open-sourced soccer event
dataset published by Pappalardo et al. [35], including all matches in
the 2017/18 season of the five top European leagues: English Premier
League, Spainish La Liga, German Bundesliga, Italian Serie A, and
French Ligue 1. The dataset contains both player information and
match events. In detail, each player is described by several physical
attributes, and each event is characterized by spatio-temporal attributes
and categorical attributes. As market values and fine-grained roles of
players are also important in player scouting, we collected them from
Transfermarkt.com [55], one of the most reliable websites for soccer
player transfer information. The essential player attributes and event
attributes are presented in Table 1. In total, the dataset contains 98
teams, 1,224 matches, 3,074 players, and 3,071,395 events.

We preprocessed the data in two steps: on-ball tactic identification
and feature construction. In on-ball tactic identification, we referred to
the previous work [12] to divide the event data stream into possessions,
calculate distances among the possessions to cluster them into different
groups, and identify the frequent sequential pattern to represent the
on-ball tactic. In feature construction, we calculated essential features
for each action by their attributes to train the match simulation models.

Table 1: Player and event attributes

Player Attributes

Role The role of the player (i.e., goalkeeper, left-
back, central midfield, center-forward, etc.).

Current Club Current club that the player belongs to.

Market Value The estimated market value of the player.

Physical Attributes | Height, weight, and birthdate of the player.

Event Attributes

Player Player who interacts with the ball.

Event Type Technique that the player used to deal with
the ball (i.e., pass, dribble, cross, shot, etc.).

Event Result Result of the event (i.e., succeeded or failed).

Time The time when the event occurred in match.

Event Locations The start and end coordinates of the event.

4 SYSTEM OVERVIEW

Team-Scouter is a web-based application that consists of three compo-
nents: data processing, match simulation framework, and visualization
interface (Fig. 1). The data processing constructs action features and
labels for training models in the match simulation framework and dis-
covers the on-ball tactics used by each team. The match simulation
framework supports simulating both match results with new players



and the detailed action decisions of the new players when coming to the
new team. The visualization interface includes a navigation view and an
investigation view to facilitate simulative analysis for player scouting.
The data processing, match simulation framework, and visualization
interface are implemented by Python, PyTorch, and React, respectively.
Visualization

Data Processing Match Simulation

Player Data Match Results Navigation View
Match Data winning rate »
actions

possessions Player Behaviors Investigation View

actions =

on-ball tactics

Features scores z

Fig. 1: The system overview. The system consists of three components:
data processing, match simulation framework, and visualization interface.

5 THE MATCH SIMULATION FRAMEWORK

In this section, we define the task of soccer match simulation and pro-
vide a framework for both match results and player behavior simulation.

5.1 Task Definition and Framework Overview

The main task of soccer player scouting is to find players who can
improve the team’s performance. Specifically, for a set of candidate
players P = {p1,..., pn}, the scouting process aims to rank the players
in P by estimating their contributions to the team. A series of meth-
ods have been proposed to assist player scouting, including analyzing
historical performance [11,44] and simulating performance in future
matches [22,33]. We choose the match simulation method because it di-
rectly predicts whether a player will perform well in a new team, which
is practical to reduce transfer failures caused by unsuitable players.

The match simulation method estimates the change of a team per-
formance indicator / if a new player p; replaces an original player p;
due to the fixed amounts of players in a soccer match. Existing models
mainly focus on estimating match-level performance indicators such
as match results [22,33]. However, fine-grained simulation of players’
behaviors is also demanded by coaches because it is vital to understand
how the players will take part in the tactics of a new team to arrange
proper tasks for them in future matches. Thus, we extend the match
simulation method to behavior-level performance indicators.

We build a two-level match simulation framework for estimating
both match results and player behaviors (Fig. 2). The framework in-
cludes three components: player action prediction (Fig. 2(A)), match
result prediction (Fig. 2(B)), and action score estimation (Fig. 2(C)).
The player action prediction component predicts the player’s action
given the match state, and provides the learned player features to the
match result prediction component to simulate the match result. The ac-
tion score estimation component converts the player’s action into team
performance indicators to value the player’s expected performance.

5.2 Player Action Prediction

The player action prediction component supports the behavior-level
simulation and extracts player features for the match-level simulation.
We focus on simulating player action because it is one of the most
critical player behaviors and directly affects match development [11].
The component takes the match state, the acting player, and the player’s
team as input and provides the player’s action as output (Fig. 3).
Match state construction. The notation of match state S; at action
a; is a subsequence of all actions in the match S; = {ay,...,a;}. Asa
player’s action is more affected by nearly occurred actions than previous
ones [11], we consider the most near k actions. Thus, match state can
be simplified as S; = {@;_x11,...,4a;}, and k is a hyperparameter for
the number of previous actions that would affect the action. We set
k = 10 based on the previous work [52] and domain knowledge. The
previous work on player action prediction [52] provides several options
for k, including 100, 40, 10, and 5. We focus on values no larger
than 10 because players’ actions are usually related to the previous
actions within the same possession, and most of them are shorter than

10 [12]. However, the experiment results provided by the previous work
indicate that models with k = 5 will perform poorly [52]. Thus, we
choose k = 10 in our model. We apply a fixed hyperparameter setting
in our system to reduce the effort of users in hyperparameter searching.

For each action a; in the state S;, we construct action feature vector
AFj by basic action features, relevant action features, and match context
features to include the most essential features that affect player actions
[11]. The basic action features are the start and end locations, the type,
the occurring time, and the acting team of the action. The relevant
action features combine features among consecutive actions, consisting
of the distances and angles to the goal and from the former action and
the time elapsed from the former action. The match context feature is
the score difference to the opponent team when the action occurred.

Player and team representations. We consider the acting player
and team in action prediction because both the players’ playing style
and the teams’ tactic style will influence the players’ action decisions
[66]. To extract player and team features, we integrate representation
learning [29] into the prediction of player actions. It transforms the
one-hot encoding of player p; and team #; to embedding vectors EP;
and ET;, respectively. The embedding vectors will be learned through
the backpropagation of the loss in the model training process to capture
the similarities among players and teams in predicting action decisions.
In this method, the playing style of players and the tactic style of teams
can be represented by these learned embedding vectors.

The sequential learning model. We use a sequential learning model
to predict the player’s action a;1 | by the match state S; constructed by
a sequence of previous actions [52]. In detail, the model contains the
representation learning of the player and the team to extract their em-
bedding vectors EP; and ET; and a Transformer network [56] to extract
the feature vector of the match state SF;. We adopt the Transformer
network for sequential learning because of the less training time on the
large soccer event dataset. The concatenation of these vectors will be
used in the prediction of the player decision on action a; 1, including
the coordinates of the end location end; | and the type type;, .

state s, state feature SF,
d' i endin
teamt team feature ET, RIS ';t':m
mode
type,,,
player p, player feature EP,
players in match opponent team states,, action a, |

=

classification model classification model

match winning rate action value

Fig. 2: The structure of the match simulation framework. The match sim-
ulation framework contains three components: player action prediction
(A), match result prediction (B), and action score estimation (C).

5.3 Match Result Prediction

This component estimates the match results with the players in the
match and the opponent team for match-level simulation based on the
player and team vectors. We measure the expected match result by
winning probability and predict it by a random forest classifier with the
embedding vectors of the players and the opponent team, as well as the
player attributes and total action values as input. Thus, the expected
contribution of the new player p; on the match level can be estimated
by the increment of winning probability:

Chatch (pj) = Imatch (Pj) —Lnarch (Pl) . (1

where P; denotes the player set in a match including the new player p;
and P; refers to that containing the original player p;, and ;.40 (P;) and
Lnaten (P;) indicate the winning probability with P; or F;, respectively.
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outputs type,, end

Fig. 3: The architecture of the player action prediction model. The model
includes two steps: feature extraction (A) and result prediction (B).

5.4 Action Score Estimation

With the predicted player actions, the action score estimation compo-
nent provides a score for each action to evaluate the player’s expected
contribution to the team on the behavior level. We use the definition
of the action score as the sum of the increment of goal probability for
the own team and the decrement of goal probability for the opponent
team [11]. We utilize the previous work [11] and train two CatBoost
classifiers to predict the goal probabilities of the two teams in the
near future with the current match state as input. Based on the action
score estimation, the expected contribution of the new player p; on the
behavior level can be calculated as follows:

Chehavior (I’j) = laction (G(ij S)) — Laction (a([’ia S)) , 2

where a(p;,S) and a(p;, S) are the simulated action choices of the new
player p; and the original player p; on the current match state S, and
Liction(a(p,S)) and Ierion(a(pi, S)) refer to the action scores.

5.5 Model Evaluation

We evaluate the two newly constructed components in our match simu-
lation framework, including player action prediction and match result
prediction, with two experiments, respectively. In the experiments, we
randomly select 30% of the data as test data and others as training data.

The first experiment is to evaluate the prediction performance of
player action prediction. We use standard metrics for evaluating predic-
tion performance, including root-mean-square errors (RMSE) for the
action’s end location, and precision and F1-score for the action’s type.
We compare our model to a baseline model without the representation
learning component. The results (Table 2) show that all three metrics of
our model are better than the baseline model. It indicates that the repre-
sentation learning component can improve the prediction performance
of the model and extract the action decision features for the players
and teams through the learning process. The second experiment is to
evaluate match result prediction with precision and F1-score (Table 2).
The results indicate that the embedding vectors for players and teams
are effective in predicting match results for each league in our dataset.

Table 2: The model evaluation results

Player Action Prediction
RMSE_end precision_type | Fl-score_type

baseline 0.17 0.83 0.51
our model 0.16 0.86 0.69
Match Result Prediction

England | France | Germany | Italy Spain
precision 0.69 0.71 0.85 0.71 0.75
Fl-score 0.66 0.68 0.84 0.63 0.68

6 VISUAL DESIGN

Team-Scouter contains two views: a navigation view for team-level nav-
igation (N1, N2) and player-level comparison (C1, C2) (Fig. 4(A)), and
an investigation view for action-level investigation (I1, 12) (Fig. 4(B)).
In the navigation view, users can observe the role of players that need
to be scouted (N1) and identify the player who might be replaced by a
new player (N2) with the squad board (Fig. 4(A1)). After specifying
the scouting metric, the player ranking list will present a series of auto-
matically recommended players (Fig. 4(A2)). Users can compare those
players on multiple criteria, such as essential personal information (C1),
historical performance, and expected match result (C2). During the
comparison, users can add potential target players to the investigation
view. In the investigation view, users can find the on-ball tactic of
interest by the on-ball tactic list (Fig. 4(B1)), and compare the expected
action scores of the players in the player record list to decide the most
suitable player (I1) (Fig. 4(B2)). They can further investigate the differ-
ence between the simulated actions and historical ones to understand
the effect of the player on the team’s tactical system (I2) (Fig. 4(B3)).
We use red and blue to encode the positive and negative values of player
performance throughout the whole user interface.

6.1 Navigation View

The navigation view (Fig. 4(A)) consists of a squad board to indicate
the player will be replaced as the reference of player recommendation
(N1, N2) and a player ranking list to compare the recommended players
on multiple criteria to scout the potential target players (C1, C2).

Squad board. The squad board presents all players in the squad by
their roles (N1) (Fig. 4(A1)). The board is half of a soccer pitch and
is divided into ten regions based on the spatial locations of different
player roles on the pitch (i.e., goalkeeper, left-back, right-back, center-
back, defensive midfielder, central midfielder, offensive midfielder, left
winger, right winger, and center-forward). We place players with the
same role together on the corresponding region of the board. Coaches
and analysts usually identify the player who might be replaced by a
new one according to their importance in the team and market values.
Specifically, the new player might be scouted as a rotation or strengthen
for an important player in the team, or as a replacement for a player who
will leave the team with high market values or cannot appear in future
matches. Thus, we rank the players with the same role descending by
their appearance time to illustrate their importance and encode their
market values as bar charts for effective comparison (N2).

Justification. We use a pitch-based board that places all players in the
squad together rather than a ranking list because it directly shows the
distribution of players by roles to help users decide the role of players
that need to be scouted. Besides, such a representation is familiar to
soccer coaches and analysts because it is widely used in the player
scouting process as an overview of the squad.

Player ranking list. The player ranking list facilitates scouting play-
ers from large-scale candidates by player recommendation and presents
the recommended players with a sortable list to assist the comparison
among the players (Fig. 4(A2)). Each row of the list indicates a player
and consists of a player name label, essential personal information (C1),
and historical and expected performances (C2) (Fig. 4(AS)). The essen-
tial personal information includes the players’ age, market value, and
current team with its similarity to the analyzing team, the three most
important player attributes influencing player scouting (Fig. 4(A3)). In
detail, the players’ ages represent their potential in the future, and their
market values are constrained by the team’s budget. The similarity of
the player’s current team to the analyzing team is useful for estimating
the difficulty of the players in adapting to the new team. The historical
performance contains the total action values per 90 minutes and the
appearing time of the players, and the expected performance is the
expected increment of the winning rate calculated by the match result
prediction model (Fig. 4(A4)). All the metrics are encoded by bar charts
to facilitate the comparison under multiple criteria. We also provide
texts for the exact values of essential player information because they
are familiar to users in describing players on these aspects.

Interaction. The interaction of the navigation view is as follows.

» Selecting replaced players. Users can click players in the squad
board to select the player as the one to be replaced.

* Selecting scouting metric. Users can select the scouting met-
ric based on their requirements with the drop list at the top of
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Fig. 4: System user interface. The interface contains two views: a navigation view (A) and an investigation view (B). The navigation view consists of
a squad board (A1) to navigate players will be replaced and a player ranking list (A2) to compare players by personal information and performances.
The investigation view includes an on-ball tactic list (B1) for exploring essential on-ball tactics, a player record list (B2) to compare players’ simulated
actions under a certain on-ball tactic, and a simulated action map (B3) to display players’ detailed simulated actions.

the squad board. The metrics include similarity, historical per-
formance, and expected performance. After the selection, the
recommended players will be shown in the player ranking list.

* Sorting and filtering. Users can click the sorting buttons or drag
the sliders at the top of the player ranking list to sort or filter the
players by different player comparison criteria.

e Selecting potential target players. Users can click the checkbox
at the right of a player item in the player ranking list to add the
player to the investigation view as a potential target player.

6.2

The investigation view (Fig. 4(B)) includes an on-ball tactic list to select
on-ball tactic of interest and a player record list to observe players’
expected action-level contributions under the selected on-ball tactic
(I1). The detailed spatial distribution and expected contributions of
simulated actions for a player are presented in the simulated action map
(I2). The pitch orientation in this view is attacking from left to right.

On-ball tactic list. The on-ball tactic list is a sortable list of all on-
ball tactics of the analyzing team (Fig. 4(B1)). With the list, users can
select an on-ball tactic of interest to analyze players’ simulated actions
within it (I1). Each row of the list represents an on-ball tactic, including
an on-ball tactic map that indicates the on-ball tactic and its frequency
and success rate (Fig. 4(B4)). The on-ball tactics can be filtered by
categories because coaches and analysts often need to identify a certain
category of tactics for analysis based on their tactical preferences. The
categories contain offensive ones, such as simple pass, corner, and
freekick, and defensive ones, such as tackle and interception.

The on-ball tactic map is a pitch-based visualization of on-ball tactic
and consists of an abstract spatio-temporal trajectory and a heatmap
(Fig. 5). An on-ball tactic is defined as a representative frequent se-
quential pattern of similar possessions [12]. In detail, each action in
possession can be discretized by pitch regions, and the frequent sequen-
tial pattern is obtained by sequential pattern mining of the possessions
after action discretization. Thus, an on-ball tactic can be represented
by a sequence of actions discretized by pitch regions. We link the pitch
regions as the abstract spatio-temporal trajectory to illustrate the on-ball

Investigation View

tactic. The dot in the trajectory means the starting position. We use
a heatmap to encode the total action values in each region within the
on-ball tactic to help understand its effectiveness on the spatial aspect.

We use frequency and success rate to explore on-ball tactics because
coaches and analysts need to scout players based on the strength and
weakness of a team. The success rate is calculated by the number of
possessions that end with a shot dividing the total number of posses-
sions in the on-ball tactic. With the two metrics, users can identify the
on-ball tactic to be focused on in the analysis of potential target players.

Justification. We choose a pitch-based representation of an on-ball
tactic rather than a sequence of regions [65] because it keeps the spatio-
temporal context of the development of the on-ball tactic. In the on-ball
tactic map, we divide the pitch into nine regions, including the defensive
third, the middle third, and the attacking third, based on the widely
used pitch division method in soccer tactic analysis [18]. We use such
a division method because it maintains the basic spatial features of on-
ball tactics, such as defense, control, or attack, and left-wing, midway,
or right-wing. We place the abstract spatio-temporal trajectory and the
heatmap of an on-ball tactic together on the pitch to help users perceive
the on-ball tactic and its effectiveness in the same concise view.

E aggregation visualization
sequential pattern
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Fig. 5: The visualization of the on-ball tactic map. (A) presents a group
of similar possessions. (B) shows the aggregation of the possessions.
(C) is the visualization of an on-ball tactic with the aggregation results.

Player record list. The player record list records the potential target
players to analyze their expected action-level contribution under certain
on-ball tactics (I1) (Fig. 4(B2)). Each row in the list contains a player
label, the average difference between the player’s simulated actions



and original ones, and the average action value increment (Fig. 4(B6)).
These two metrics indicate a player’s compatibility with on-ball tactics
and the performance under them. The player label also contains the
player’s age and market value to assist users in deciding the target player.
All the metrics are encoded by bar charts to facilitate comparison. The
bar charts of the average difference and action value increment can also
be unfolded into area charts to present their distribution (Fig. 4(BYS)).
Simulated action map. The simulated action map illustrates the
spatial distribution of simulated actions under a certain on-ball tactic
(I12) (Fig. 4(B3)). We divide the pitch into 96 rectangular grids with
12 columns and 8 rows, and each grid is 8.75m in width and 8.5m in
height. The simulated actions ended in the same grid are aggregated
and visualized by a glyph. The glyph presents the comparison results
between the simulated and the original actions, including the frequency
of the simulated actions, the average action value increment, and the
average difference compared to the original actions (Fig. 6(A)). The
average difference is encoded by the saturation of the glyph background,
where the lighter means the closer. The inner rectangle of the glyph
represents the spatial distribution and effectiveness of the simulated
actions. The frequency is encoded by the rectangle’s area, and the
average value increment is encoded by its saturation.
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Fig. 6: The visualization of the simulated action map. (A) is the glyph
encoding of the simulated action map. (B) is an alternative glyph encod-
ing. (C) and (D) are two alternative maps with the individual display of
actions and the alternative glyph encoding, respectively.

Justification. We illustrate the simulated and original actions in the
same pitch rather than separately with other widely used visualizations
for soccer action spatial distribution, such as heatmaps [17], for efficient
comparison. We also provide two alternative visualizations for action
comparison. The first is to display the simulated and original actions
individually in the glyphs (Fig. 6(C)). It remains the information of
the two kinds of actions and enables the comparison in the same grid.
However, it falls short in the overview of the spatial distribution of
the simulated actions and requires further calculation to obtain the
comparison results. According to our experts, coaches and analysts
focus more on the simulated actions of new players than the original
ones for analyzing the new players’ characteristics. Thus, we choose to
directly visualize the spatial distribution of the simulated actions with
their comparison results to the original ones. The second is to encode
the frequency of the simulated actions and the comparison results in the
same rectangle (Fig. 6(B, D)). However, the frequency and difference
encoded by the height and width of the rectangle will affect each other.
We thus choose the current design of the simulated action map.

Interaction. The interaction of the investigation view is as follows.

» Sorting. Users can click the sorting buttons at the top of on-ball

tactic list and player record list to sort the items in the lists.

e Filtering. Users can filter the on-ball tactics by category through
the drop list and by frequency with the slider at the top of the list.
In the simulated action map, users can filter the simulated actions
by the difference from the original ones by dragging the slider.
Selecting on-ball tactic. Users can click the item in the on-ball
tactic list to select the on-ball tactic, and the actions under it will
be shown in the player record list and the simulated action map.
Selecting player. Users can click the item in the player record list
to inspect the player’s actions in the simulated action map.

7 SYSTEM EVALUATION

In this section, we evaluate the system usability with two case studies
conducted by two experts, respectively. After each case study, we also
interview the expert in the same session to collect feedback.

7.1 Case Study

We invited two soccer experts who did not participate in the requirement
analysis to conduct two case studies for our system. The first expert is a
senior sports data analyst (EA), and the second is a professional soccer
coach (EB). The case studies are based on the soccer event dataset
used in our analysis [35] with all players and matches in the five top
European leagues in the 2017/18 season. At the beginning of the case
studies, we introduced the visual design and interactions in our system
to the experts. Then, we demonstrated a typical analysis workflow and
helped the experts get familiar with the system through free exploration.
Afterward, the experts respectively tried to scout suitable players for
a team of interest. During the case studies, we recorded the analysis
process as well as the comments and valuable insights of each expert.

7.1.1 Case 1: Scouting Suitable Replacements of Cristiano

Ronaldo for Real Madrid

The first case study is about exploring suitable players for Real Madrid
who can replace Cristiano Ronaldo. We invited EA to conduct this
case study. EA mentioned that C. Ronaldo, one of the most excellent
center-forwards, left Real Madrid at the end of the 2017/18 season,
which had attracted significant attention among soccer analysts. Thus,
EA was interested in scouting players under such a scenario.

At first, EA clicked C. Ronaldo on the squad board and selected
expected performance as the scouting metric to find players to improve
the team’s performance (Fig. 4(A1)). Then, EA moved to the player
ranking list to inspect the top 10 players recommended by the system
and found that most of the players met expectations, including out-
standing center-forwards such as R. Lukaku from Manchester United
and H. Kane from Tottenham Hotspur (Fig. 7(A)). EA noticed that L.
Sudrez, a center-forward from Barcelona, ranked at the top on winning
rate increment (Fig. 7(A1)). Meanwhile, the current team of L. Sudrez,
Barcelona, was similar to Real Madrid, and the historical performance
of L. Sudrez, indicated by his action value, was also relatively high.
Based on these findings, EA summarized that L. Suarez might be the
best replacement for C. Ronaldo in terms of increasing the team’s
performance and added him to the investigation view for further anal-
ysis. Besides, EA found that M. Depay from Olympique Lyonnais, a
center-forward with potential, ranked second in winning rate increment
(Fig. 7(A3)). EA also mentioned that H. Kane and R. Lukaku ranked
top on market value and might also be the target players of Real Madrid
(Fig. 7(A2)). Thus, EA also added them to the investigation view.

After selecting the potential target players, EA turned to the investi-
gation view to observe their detailed simulated actions by on-ball tactics.
EA first analyzed the on-ball tactics of Real Madrid in the on-ball tactic
list. Specifically, EA chose the simple pass tactics because they are one
of the most important ways for center-forwards to create goal chances.
Then, EA filtered out the on-ball tactics whose frequency was less than
0.05 and sorted them by success rate to focus on successful on-ball
tactics of Real Madrid. EA noticed that the left-wing organization
tactic was the most successful one of Real Madrid (Fig. 4(B1)). Thus,
EA selected this on-ball tactic and moved to the player record list to
compare the players’ simulated actions. In the player record list, EA
sorted the list by the average increment of action value and found that
L. Sudrez ranked at the top and his value was larger than zero, meaning
that L. Sudrez could conduct more valuable actions under the left-wing
organization compared with C. Ronaldo and the other three potential
target players (Fig. 7(B1)). EA also sorted the list by the difference in
the action decision and found that the simulated actions of L. Sudrez
were the most different from those of C. Ronaldo (Fig. 7(B2)). It in-
dicated that L. Sudrez would improve the left-wing organization by
different action decisions. EA further selected those simulated actions
of L. Sudrez and turned to the simulation action map to inspect the de-
tails. In the simulated action map, EA found that the simulated actions
with higher values mainly ended in the midway (Fig. 7(C1)). Through
this process, EA concluded that L. Suérez could increase the winning
rate for Real Madrid by improving the action choices under the
left-wing organization tactic to transition to midway.



However, the selection of L. Sudrez might be unlikely to happen
due to the historical rivalry between the two teams. Thus, EA was also
interested in how the players would perform under other frequently used
on-ball tactics to explore suitable players under different on-ball tactics.
EA selected the other three frequently used on-ball tactics in the on-
ball tactic list, respectively, and inspected the simulated actions of the
players in the player record list. EA found that H. Kane would perform
the most valuable actions under the right-wing attack and the left-wing
attack tactics (Fig. 7(D1, D2)), while M. Depay would perform best
under the left-wing transition from midfield. EA commented that it was
reasonable because H. Kane is good at finishing attacks by creating
goal chances, and M. Depay performs well in organizing attacks from
the left-wing. EA further investigated the simulated actions of H. Kane
under the left-wing attack because the average action value increment
is larger than zero. In the simulation action map, EA noticed that the
simulated actions with increased values were concentrated on the area
near the goal and generally similar to the actions conducted in the
historical matches (Fig. 7(E2)). It was also verified by the knowledge
of EA that H. Kane could improve the attacking on-ball tactics by
increasing the effectiveness of similar action choices in assists and goals
due to his more excellent skills. Through this process, EA concluded
that H. Kane might also be a suitable replacement for C. Ronaldo if
Real Madrid needs to find a center-forward for finishing attacking
on-ball tactics such as left-wing attack and right-wing attack.
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Fig. 7: The analysis process of case 1. (A) presents the recommended
players based on C. Ronaldo. (B) presents simulated actions of the
potential target players under the most successful on-ball tactic of Real
Madrid. (C) presents the detailed simulated actions of L. Suarez. (D) and
(E) are simulated actions of H. Kane under two different on-ball tactics.

7.1.2 Case 2: Scouting Suitable Improvements of Right-
Wingers for Manchester City

The second case study is about finding suitable right-wingers as im-
provements for Manchester City. We invited EB to conduct this case
study. As mentioned by EB, Manchester City won the champion of En-

glish Premier League in the 2017/18 season. Thus, EB was interested
in scouting suitable players to strengthen the squad of Manchester City.

EB began with the squad board in the navigation view to identify the
role of players to be scouted. EB focused on the forwards and found
that the squad only contained one left-winger and two right-wingers
(Fig. 8(A1)). EB commented that considering the tight match schedule
of Manchester City with multiple tournaments, both roles required more
players as the rotation for the original players. EB further concentrated
on right-wingers and selected L. Sané as the player to be replaced
because of his longer appearing time than P. Foden. EB also selected
historical performance as the scouting metric to scout well-performed
players. Then, EB switched to the player ranking list and filtered out
the players who appeared less than 1000 minutes and whose market
value was less than 10 million Euros to focus on the players with stable
performances. EB sorted the list by expected performance increment
and found three well-performed right-wingers ranked at the top of the
list, including A. di Marfa from PSG, L. Messi from Barcelona, and R.
Mahrez from Leicester City (Fig. 8(B1)). Based on these observations,
EB summarized that A. di Maria, L. Messi, and R. Mahrez might
be suitable right-wingers for Manchester City, according to both
historical and expected performances. Thus, EB added the three
players to the investigation view for a detailed comparison.

In the investigation view, EB started from the on-ball tactic list and
selected the two frequently used on-ball tactics of Manchester City on
the right-wing, which right-wingers usually participate in (Fig. 8(C,
D)). Based on the selection, EB observed the simulated actions of
the three players in the player record list. EB found that under both
on-ball tactics, the average action value increment of R. Mahrez was
higher than the other two players, indicating that R. Mahrez would
perform better than A. di Maria and L. Messi under the tactics on the
right-wing (Fig. 8(C2, D2)). Meanwhile, his difference in the action
decision was also the highest among the three players under the two
on-ball tactics. However, the action value increments of all players
in the list were less than zero (Fig. 8(C3, D3)). EB explained that
this might be because L. Sané was an excellent right-winger and more
suitable to the tactics of Manchester City than any other right-winger
from other teams. Based on the comparison results, EB summarized
that R. Mahrez would perform better in the on-ball tactics on the right-
wing than the other two players but might not be the most suitable to
the tactics compared with the original player. To explain the detailed
action choices of R. Mahrez, EB unfolded the simulated actions under
the two on-ball tactics, respectively, to the simulated action map. In
the simulated action map, EB noticed that the simulated actions of
R. Mahrez were distributed both on the right-wing and the left-wing
(Fig. 8(E)). EB explained that R. Mahrez could also play as a left-winger
and conduct the on-ball tactics by switching between the right-wing and
the left-wing to increase the defense difficulty for the opponent players.
Besides, EB mentioned that, actually, R. Mahrez had transferred to
Manchester City at the end of the 2017/18 season. Thus, EB compared
age and market value among the three players and found that R. Mahrez
was the youngest, and his market value was relatively reasonable, which
could also explain the actual transfer decision. Through this process,
EB concluded that R. Mahrez could be the best target right-winger
for Manchester City, and would perform flexible actions on both
right-wing and left-wing in the right-wing attack tactics.

7.2 Expert Interview

After each case study, we interviewed the expert who conducted this
case to collect feedback. In each interview, we asked the expert several
questions on system usability, including whether the system has fulfilled
the requirements for soccer player scouting, whether the system im-
proved the traditional workflow, and whether they had any suggestions
to improve the system. The answers are summarized as follows.
System usability. Both experts are satisfied with our system and
agree that it could fulfill their requirements for player scouting. EA
thought highly of the simulative-based workflow, “We usually scout
players based on historical performance, which is tedious and often
leads to players unsuitable for the team. Such a simulation method
could help estimate whether the players are suitable for a team and
reduce transfer failures”. EA also appreciated our match simulation
framework, “Most of the players recommended by the system meet my
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Fig. 8: The analysis process of case 2. (A) is the squad board of
Manchester City. (B) presents the recommended players based on L.
Sané. (C) and (D) are the simulated actions of the potential target players.
(E) presents the detailed simulated actions of R. Mahrez.

expectations. The simulated actions and their values could also provide
new insights, such as how the players will act in a certain tactic and
whether the action choice is good or bad”. As for the visual design, EA
favored the on-ball tactic list and the player record list, “It is efficient
to compare the players’ expected performance under a certain tactic,
which helps a lot in deciding players suitable for key tactics”. EB
liked the squad board and the player ranking list, “The squad board
is familiar to me, and the player ranking list is also useful in finding
players according to my preference”. EB was also impressed by the
simulated action map, “If could help me know how the new players will
behave in a tactic and inspire me to arrange proper tasks for them or
adjust the tactic based on the player’s competence and style”.

Suggestion. The experts also provided several suggestions for im-
proving our system. EA hoped to improve the accuracy of the match
simulation framework with fine-grained soccer match data such as
player trajectories, “Integrating fine-grained features of player behav-
iors such as their trajectories could enable a more accurate simulation
for both match results and player behaviors”. EB suggested supporting
the navigation of multiple roles of new players, “The navigation view
only supports finding players based on a certain player in the squad.
However, in some scenarios, coaches would reconstruct the tactical
system of a team with multiple roles of new players, which might be a
different workflow that needs to be supported”.

8 DiscussION

Significance. Player scouting is essential in team sports to obtain suit-
able players to strengthen the team [3]. Match simulation methods
have been applied to scouting players by estimating their expected
performance in a new team to avoid unsuitable players. However, they
fall short of interactive navigation of potential target players and inves-
tigation of their expected performance through fine-grained simulated
behaviors. In this work, we develop a visual analytics approach to

address these challenges in soccer through a match simulation frame-
work that supports simulating both match results and player behaviors
and a visual analytics system enables player navigation, comparison,
and investigation. With our approach, coaches and analysts can scout
players who will improve team performance and understand how they
can be integrated into the tactics of a new team in future matches.

Generalizability. In this work, we focus on soccer player scouting
in professional clubs because it is the most complicated scenario with
the largest scope of candidate players and the most factors to consider.
Thus, it can be directly extended to other simpler scenarios, such as in
national teams. Our approach can also be generalized to other team
sports with similar match structures, such as basketball and ice hockey.
The match simulation framework is intrinsically based on a sequential
prediction model for player behaviors and can be easily adapted to
these sports according to their definitions of match states and player
behaviors. The analysis workflow and visual design of our system can
also be easily modified based on their specific domain concepts.

Lessons learned. We have learned two lessons through this work.
First, visualizations related to specific domain concepts can be effective
for expert users. During visual design iteration, we proposed both pitch-
based and general visualizations to represent the squad and on-ball
tactics. Our experts indicated that although the general visualizations,
such as a ranking list for players in the squad and sequential-based
visualizations for on-ball tactics, are also effective in exploration and
comparison, they are difficult to relate to soccer domain knowledge for
understanding. Thus, we choose pitch-based visualizations for them.
Such a lesson can help design or generate visualizations highly related
to specific domain concepts [58, 68]. Second, directly presenting the
comparison results can facilitate visual comparison for spatio-temporal
events. Compared with placing different players’ actions on split views,
presenting the comparison results in the same pitch can reduce switch-
ing between two views and additional calculation of their differences.
Moreover, we encode the comparison results by glyphs on the pitch
grids to maintain the spatial distribution of the action choices. The
visualization can also be generalized to other visual comparison tasks
for spatio-temporal events with multiple attributes [15,57].

Limitations. We have observed two limitations in this work. First,
the player attributes involved in our system are inadequate. In soccer,
scouting players not only needs to consider their in-match performance
and physical attributes but also other various important factors. We plan
to collect more player attributes and integrate them into our workflow.
In detail, the attributes that can be summarized as player comparison
criteria, such as financial factors and player reliability, can be integrated
into the player ranking list for player comparison, and those related to
action decisions, such as player personality, can be added to the match
simulation framework to obtain more precise simulation results. Sec-
ond, the scalability of the simulated action visualization is limited. In
our system, the player’s actions are simulated and visualized after being
selected from the player ranking list due to the limited computational
resources. In the future, we will support parallel simulating actions
for all players in the player ranking list and directly illustrate players
expected to perform well under each on-ball tactic. We will also design
summarized visualizations for detailed simulated actions to support
comparisons among the players in the player record list.

9 CONCLUSION

In this work, we explore the problem of soccer player scouting based
on match simulation methods. At first, we establish a two-level soccer
match simulation framework to support estimating players’ expected
contribution to a new team on both match results and their behav-
iors. Based on the framework, we develop a visual analytics system,
Team-Scouter, to facilitate simulative-based player scouting through
team-level navigation, player-level comparison, and action-level inves-
tigation, for finding and deciding the players suitable for the team.

In the future, we plan to improve our work in two aspects. First, we
will collect fine-grained soccer match data, such as player trajectories,
and incorporate such data into the match simulation framework. It can
provide a more accurate simulation for soccer matches, thus enhancing
the estimation of players’ expected contribution to a new team. Second,
we plan to generalize our simulative-based player scouting method to
other team sports, such as basketball and ice hockey, after summarizing
the general player scouting pipeline for multiple team sports.
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