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Abstract

Spatio-temporal event sequences consist of activities or occurrences involving various interconnected elements in space and
time. Exploring these sequences with topic modeling is a relatively new and evolving research area. We use topic modeling
to analyze football games, as an example of complex and under-explored spatio-temporal event data. A key challenge in topic
modeling is selecting the most suitable number of topics for the downstream application. Selecting too few topics oversimplifies
the data, merging distinct patterns, whereas selecting too many can fragment coherent themes into overlapping categories.
We propose a visual analytics technique that uses dimensionality reduction on topics derived from multiple topic modeling
runs, each with a different number of topics. Our technique organizes all the topics in a hierarchical layout based on their
spatial similarity, making it easier to make an informed decision about selecting the most expressive set of topics that represent
distinctive spatial patterns. We apply our visual analytics technique to a football dataset, illustrating how it can be used to
select an appropriate set of topics for this data. We then use these topics to represent game episodes, which help us summarize

game dynamics and uncover insights into the games.

CCS Concepts
¢ Human-centered computing — Visual Analytics;

1. Introduction

Topic modeling is a powerful technique that identifies abstract
themes or topics within a collection of documents [VK20]. It dis-
covers patterns of words that represent topics, facilitating the cat-
egorization of documents based on these identified topics. Origi-
nally developed for text mining to uncover hidden semantics in text
data, the underlying principles of topic modeling have been adapted
to various other domains. This adaptability has enabled the appli-
cation of topic modeling across a wide range of fields, including
image analysis [WGO07] and bioinformatics [HHQ12].

Chen et al. [CAA*20] and Andrienko et al. [AAH23] have used
topic modeling to analyze event sequences. Event sequences are
activities or occurrences that involve various interconnected ele-
ments. These events typically involve multiple interconnected el-
ements, making them challenging to disentangle. Topic modeling
provides a level of abstraction that identifies recurring patterns, fa-
cilitating effective analysis. Chen et al. [CAA*20] have used topic
modeling to analyze non-spatial event sequences, such as user com-
mands during a session in a security management system, and spa-
tial event sequences such as visiting behaviors in an amusement
park. Andrienko et al. [AAH23] have utilized topic modeling to an-
alyze spatiotemporal event sequences, where both a position and
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a timestamp characterize each event. They applied topic modeling
to trajectories derived from road traffic movement data. More re-
cently, Andrienko et al. [AAS23] have used topic modeling on time
intervals called episodes to understand the distribution of multi-
attribute dynamic characteristics across different episodes.

In this paper, we use topic modeling to analyze sequences of
spatially-referenced events in football games [PM19]. These types
of event data are very rich with various complexities (e.g., differ-
ent behaviors for different teams and players and their effect on
game outcomes), which may be possible to capture and model as
topics. We split game events into episodes (Section 3) and treat the
episodes as documents for topic modeling.

One of the biggest challenges for topic modeling is how to obtain
the most suitable combination of well-interpretable and distinctive
topics, which requires choosing an appropriate number of topics
for the algorithm to extract. Selecting too few topics can oversim-
plify data by merging distinct patterns, while too many topics can
fragment coherent themes into overlapping categories. In this pa-
per, we propose a visual analytics technique (Section 5) for making
an informed decision about determining the most suitable number
of topics for spatial event data.

Our technique performs topic modeling iteratively (Section 4),
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so that each run extracts a different number of topics from a spec-
ified range. Each run’s topics are projected into 1D space taking
their similarities into account, and the sets from all runs are then ar-
ranged in a hierarchical graph layout where edges connect similar
topics from different levels of the hierarchy. Individual topics are
represented visually by small spatial heatmaps. This makes it pos-
sible to compare visually the topics from each run and across the
runs, allowing the identification of stable topics that are preserved
across multiple runs. Such stability indicates topic significance. We
add interactivity to the visualization to facilitate the selection of the
minimum sufficient number of topics that represent distinctive spa-
tial patterns.

While our proposed visual analytics technique can work for any
spatial event data (as long as we can represent individual top-
ics by interpretable compact images such as spatial heatmaps or
glyphs), we have applied it to a case study involving a football
dataset [PM19]. We demonstrate how our technique can be used
to select the representative set of topics for this data (Section 5).
The selected set of topics is then utilized for representing episodes,
which helps us summarize game dynamics and reveal insights into
a single game (Section 6) or series of games (future work).

In summary, our contributions are A) a visual analytics technique
for selecting the most suitable result from multiple runs of topic
modeling on spatial event sequences, B) a demonstration of how
our technique can be used to discover spatially consistent and easily
distinguishable topics from a football dataset, and C) a demonstra-
tion of how the obtained topics can be used to summarize football
game dynamics and reveal insights into the games.

2. Related Work
Topic Modeling.

Topic modeling is a powerful technique used to identify hidden
themes from a collection of documents [VK20]. It is a tool com-
monly employed in text mining to discover the concealed semantics
within text data. Topic modeling aims to discover patterns of words
that represent topics, allowing for the categorization of documents
based on these topics. Two popular methods used in topic modeling
are Latent Dirichlet Allocation (LDA) [BNJ03] and Non-negative
Matrix Factorization (NMF) [LNC*17]. They have their distinct
mathematical foundations but share the same goal, use same inputs,
and produce similar outputs.

To explain the topic modeling process, imagine a scenario with a
large, mixed collection of academic papers (documents) spanning
three main subjects: history, biology, and mathematics, where the
subjects are not initially clear. When topic modeling is applied to
these documents, it uncovers distinct themes corresponding to each
subject area. This method examines word frequencies and their co-
occurrence patterns within the texts. For example, history-related
papers might frequently use words like “empire”, “medieval”, and
“revolution”. In contrast, biology papers might feature terms such
as “DNA”, “evolution”, and “species”, while mathematics papers
might include words like “equation”, “calculus”, and “theorem”.
El-Assady et al. [EASD* 18] proposed a visual analytics framework
for performing and optimizing topic modeling on text data. It en-

hances the traditional topic modeling process by incorporating user

interactivity and speculative execution, allowing for a more flexible
and interpretable approach to text data analysis. In contrast to their
approach that focuses on text data, our visual analytics approach is
designed for spatio-temporal event sequences.

While topic modeling techniques were originally developed for
text data, the underlying principles can be adapted to other do-
mains. This adaptability has allowed topic modeling to be em-
braced for a broad spectrum of applications such as Image Data
[WGO07] and Bioinformatics [HHQ12]. Topic modeling on spatio-
temporal event sequences involves applying algorithms to uncover
hidden topics within a dataset, which helps to understand how these
topics/behaviors change across space and time. By analyzing the
frequency of topics and their co-occurrence with other situations in
various locations and over time, topic modeling can reveal insights
into how certain activities or occurrences are distributed and evolve
over space and time and in different situations.

Topic modeling employs matrices to represent the relationships
between documents, terms, and topics. The input to topic mod-
eling is a document-term matrix storing the distribution of terms
(columns) across documents (rows). When applying NMF to the
document-term matrix, it decomposes the matrix into two lower-
dimensional matrices, W (document-topic matrix) and H (topic-
term Matrix). Each element in the W matrix represents the weight
of a topic within a document, while each element in the H ma-
trix represents the weight of a term within a topic. Review [VK20]
suggests that NMF is more suitable for short texts such as social
media messages. Similar findings were reported in [AAS23] when
applying NMF to game episodes characterized by multivariate time
series. These observations motivated us to utilize NMF in our study.

Selecting the Number of Topics for Topic Modeling on
Spatio-Temporal Event Sequences.

Previous research has utilized topic modeling to analyze road
traffic movement data by treating each trajectory as a document
consisting of terms representing either visited places or moves be-
tween them, depending on the chosen representation [AAH23].
They investigated methods for selecting the minimal sufficient
number of topics by projecting the outputs of NMF into a 2D space,
determining concentrations of similar topics from multiple runs,
and using these concentrations to select the desired topics number.

Similar to [AAH23], we run topic modeling multiple times with
various numbers of topics. However, we project topics from all runs
into a 1D space (rather than 2D). 1D projections are easier to inter-
pret as each data point can be represented on a single axis, making
it easier to compare and analyze. In addition, using a 1D representa-
tion, we can show a more detailed visualization for each data point
(Figure 2).

Topic Modeling on Football Data.

Andrienko et al. [AAS23] developed a general approach for an-
alyzing multivariate temporal data through the identification of
episodes and the use of topic modeling techniques. In their anal-
ysis, the variation in each attribute’s value within an episode is rep-
resented by symbols, forming a ‘word’ (term in our terminology).
The combined variations of multiple attributes within an episode
create ‘words’, and these words across different episodes collec-
tively constitute a ’text’. These texts are then analyzed using topic

© 2024 The Authors.
Proceedings published by Eurographics - The European Association for Computer Graphics.



L.Moussavi, G. Andrienko, N. Andrienko, & A. Slingsby / Interplay of Visual Analytics and Topic Modeling in Gameplay Analysis 30f9

modeling to identify patterns and recurring themes. Their method-
ology was applied to two football matches from the German Bun-
desliga 2019-2020 season. They made episodes of a fixed duration
of 10 seconds using a sliding window approach. They also designed
an interactive visualization tool to help analysts interpret these top-
ics. In our work, we make episodes based on the semantics of the
games (Section 3). Our data included specific event types such as
passes, free kicks, and shots. We use the spatial locations of these
events in discretized form as our terms.

Wang et al. [WZH*15] developed a novel topic modeling
method specifically meant for football data. The method is capable
of modeling both locations of the players and their passing relation-
ships. The topics are supposed to capture various tactical patterns.
The authors use heatmaps for visualizing individual topics and, af-
ter assigning distinct colors to the topics, represent the sequence of
tactical patterns used during a game by a horizontal arrangement
of colored bars. Such representations of different games are placed
below one another to enable comparisons between the games. In
our work, we used a generic method of topic modeling. Our main
contribution is a visual analytics technique supporting comparisons
between the results of topic modeling with different parameter set-
tings and choosing the most appropriate one. We also demonstrate
how the chosen result can be used for downstream analysis, in-
cluding exploration of the course of one game. We note that our
proposed visual analytics method does not depend on the choice
of the topic modeling technique, as it only uses the results, which
have the same structure and meaning across different algorithms.
We have performed our experiments using NMF, a standard and
scalable topic modeling approach. The football-specific algorithm
proposed by Wang et al. [WZH"15] might not be scalable to our
relatively large data, since their method has many parameters such
as a Gaussian distribution per player and topic.

3. Extracting Episodes from Football Dataset

We demonstrate our approach using the football dataset published
by [PM19]. The dataset contains data from the 2017/2018 season
of five top-tier European football leagues (Spain, Italy, England,
Germany, and France), and two major international tournaments,
namely the 2018 World Cup and the 2016 European Championship.
Overall, this collection contains information on seven prominent
football competitions.

The dataset covers details on events, teams, matches, players,
referees, and coaches [PCR*19], including 1,941 matches with a
total of 3,719,995 recorded events (1,917 events per game on aver-
age). Previously, this dataset underwent statistical analysis to assess
players’ performance metrics [PCF*19].

The events in the dataset include the following actions or hap-
penings: duel, foul, free kick, goalkeeper leaving line, interruption,
others on the ball, pass, save attempt, shot, and offside. Each event
is detailed with sub-type (e.g., a pass could be a hand pass, cross,
etc.), timestamp, involved player(s), and pitch positions for origin
and reception.

We apply topic modeling to episodes of ball movement that con-
tain sequences of events. Using episodes rather than single events

© 2024 The Authors.
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makes it possible to extract meaningful information from the inter-
action between multiple players on different parts of the football
pitch and during a period. We pre-process the dataset to extract
episodes in a way similar to previous works [AAA™19, AAS23].
We define each episode as the duration during which a team pos-
sesses the ball until it loses it. We allow brief interruptions, meaning
an episode does not end if the opposing team briefly gains posses-
sion for less than 10 seconds. For instance, if team A is moving
the ball through a series of events and team B momentarily disrupts
possession with a touch, team A’s episode will still continue to in-
corporate subsequent events if the interruption lasts no more than
10 seconds. Simultaneously, an episode for team B will be recorded
from the moment of their interruption. With this pre-processing, the
average number of episodes for each match is 316 (158 per team),
and the average number of events per episode is 6.07.

Table 1 shows an example of the initial episodes from the 6th
May 2018 match between Barcelona and Real Madrid, which
ended in a 2-2 draw. Thus, Real Madrid’s first episode ended with
a foul from Barcelona. Each column in the table represents an in-
dividual event from the first episodes for each team, labeled R-E1
and B-E1 respectively.

4. Topic Modeling on all Matches of the Football Dataset

In this section, we discuss how we performed topic modeling on all
the matches of Pappalardo er al.’s football dataset [PCR*19].

Topic modeling (NMF in our experiments) is performed on a col-
lection of documents, where documents are represented with terms.
We define our documents as the episodes of ball possessions by
teams during matches (Section 3). For each team, we consider a
pitch to be oriented upwards in the direction of the team attack. We
divide the pitch into grid cells with 15 rows and 12 columns, con-
sisting of 180 grid cells in total. These grid cells will be treated as
terms. For each team in a match, we generate a matrix Xpsxy that
represents the ball positions when controlled by that team, where
M is the number of episodes (documents), N is the number of grid
cells (terms), and each element X;; equals the number of times that
in episode i the ball-related event was recorded within grid cell j.

Our goal is to identify common patterns or topics across all
teams and matches, enabling us to compare different teams’ be-
haviors during a match or a season. Applying NMF separately to
each matrix X, i.e., one team’s episodes during one match, would
result in disparate sets of discovered topics for each team, com-
plicating the comparison of teams’ behaviors. Even if we employ
techniques to align topics, such as assigning similar colors to sim-
ilar topics (topics that are close in a projection space) or unifying
topic numbers, it remains challenging to interpret different colors
across many matches and teams. Moreover, the same topic num-
bers would not necessarily represent the same patterns across dif-
ferent matches and teams. Therefore, we combine the matrices of
all teams and matches in all seven competitions in the dataset into a
matrix Xy y, Where M is the number of all episodes of all teams in
all matches. We apply NMF to this combined matrix and thus, our
approach finds a document-topic matrix Wy x and a topic-term
matrix Hg xy, where X =~ W x H. These matrices are supposed to
reflect common tactical patterns across all teams in all leagues.



40f9

L.Moussavi, G. Andrienko, N. Andrienko, & A. Slingsby / Interplay of Visual Analytics and Topic Modeling in Gameplay Analysis

R-E1 R-E1 R-E1 R-El R-E1 R-E1 R-El B-E1 B-E1
Team ID 675 675 675 675 675 675 675 676 676
Player ID 3321 14723 3306 3309 3915 3306 40756 3476 3476
Position 1 (50, 49) (37, 40) (30, 23) (26, 57) (8, 40) (11, 14) (25,21) (79,75) (76,77)
Position 2 (37, 40) (30, 23) (26, 57) (8, 40) (11, 14) (25,21) (23,24) (76,77) (79,75)
Match Half 1H IH IH IH 1H IH IH 1H IH
Event Second 3.275 5.109 7.110 8.912 11.290 13.934 15.949 16.32 17.35
Event ID 8 8 8 8 8 8 1 1 2
Event Name Pass Pass Pass Pass Pass Pass Duel Duel Foul
Sub-event ID 85 85 85 85 85 85 11 12 20
Sub-event Name | Simple Simple Simple Simple Simple Simple Ground attacking | Ground defending | Foul

pass pass pass pass pass pass duel duel
Tags 1801 1801 1801 1801 1801 1801 503, 703, 1801 504, 701, 1802

Table 1: First episodes of Real Madrid and Barcelona teams during their match in May 2018. Each column represents an individual event
from the first episodes for each Real Madrid and Barcelona team, shown respectively with R-EIl and B-El. As shown in the table, Real
Madrid’s first episode consists of seven events (six passes followed by a duel), while Barcelona’s first episode contains two events (duel and

foul). Each row provides details about a particular event.

5. Visual Analytics Technique for Selecting the Number of
Topics

In this section, we present our visual analytics technique for select-
ing the most appropriate result from multiple runs of topic model-
ing with different parameter settings, particularly varying the num-
ber of topics to extract. Our goal is to find the smallest possible
set of topics that comprehensively encompass all important infor-
mation. These topics must be spatially consistent and easily distin-
guishable. Specifically, the topics should remain consistent across
different runs, avoiding redundant patterns that can be combined
into a single topic. While our approach is applicable to any spatial
event data, we demonstrate it using a football dataset for simplicity.
We iteratively apply NMF to the data aiming at different numbers
of topics K € {Kmin, - - - » Kmax }- At each iteration for the number of
topics K, we obtain a topic-term matrix H{@X k> Where each row of
the matrix contains the weight of one topic.

Previous work has applied dimensionality reduction techniques
to project the topic-term matrices into a 2D space [AAH23]. While
this is useful in comparing topics obtained from different values of
K, we argue that our approach enables a deeper analysis by project-
ing into a more compact 1D space.

We project the topics onto a shared 1D space across different
numbers of topics. For each number of topics K, we add K points
onto a line. We then stack the lines in a single image in the order of
increasing topic number, so that the top line contains the projected
topics for Ky, and the bottom line contains the projected topics
for Kmax. Figure 1a shows the projected topics in 1D obtained us-
ing the t-SNE dimensionality reduction technique [VdAMHO8], for
K ranging from 10 to 28. We connect each topic in the K topics
solution to its most similar topics in K—1 and K+1 topics solu-
tions. The resulting branching shows how topics split into higher
topic number solutions. The most similar topics are determined as
the nearest neighbors in the original N-dimensional space.

Inevitably, dimensionality reduction introduces distortions, i.e.,
the distance between the points in the projection space (1D) might
not always correlate with their distance in the original space (V-
dimensional). In an ideal scenario, with the absence of distortions,

comparable topics in each row should maintain their content and
position. In this situation, each point will be connected to one of
the closest points on both the top and bottom lines (either to its left
or right). Without any distortions, the connecting links remain un-
crossed forming a trapezium-like shape. We measure the distortion
introduced by dimensionality reduction as the number of crossing
links, i.e., links that connect a point to a point other than the closest
one in the image space (7 crossing links in Figure 1a).

Dimensionality reduction can be performed with different meth-
ods. We explored three prominent dimensionality reduction tech-
niques: MDS [Kru64], UMAP [MHM18], and t-SNE [VdAMHO8].
For both UMAP and t-SNE, we carefully adjusted the parameters to
minimize distortion. Specifically, we selected a neighborhood size
of 15 for UMAP and a perplexity value of 10 for t-SNE. All three
methods produced consistent results, but t-SNE demonstrated the
least distortion, yielding the clearest outcomes. Figure la presents
the results for t-SNE that has the least distortion with 7 crossing
links. Figure 1b shows the results for UMAP with 15 crossings
that has more distortion than t-SNE, but less than MDS. Figure 1c
shows the results for MDS with many crossing links.

5.1. Spatial Visualization supporting Topics Interpretation

To make an informed decision about the optimal number of topics,
it is crucial to interpret the composition of topics within each set
from a single run, understand their patterns, and compare results
across different runs. To facilitate this, we created the visualiza-
tion shown in Figure2a which addresses these criteria. This visu-
alization adopts the layout presented in Figure 1a, but replaces the
dots with small heatmaps showing topics’ spatial signature. The
heatmaps’ rectangle shape represents a football pitch (with attack-
ing direction upward) and they visualize the topic-term matrix on
the pitch, displaying the weight of each topic within each grid cell.
In other words, these heatmaps highlight the specific areas of the
football pitch that each topic covers. Each topic’s vector (180 val-
ues for one heatmap) has been normalized so that the values of its
grid cells sum to 1. The connecting links are omitted, as they are no
longer necessary, and retaining them would only clutter the Figure

© 2024 The Authors.
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Figure 1: 1D projections of topics obtained from topic modeling are shown for topic numbers ranging from 10 to 28. Each row represents the
projection for a specific topic number. The dimensionality reduction techniques applied in these projections are: (a) t-SNE, (b) UMAP, and
(¢) MDS. Each topic is connected to its most similar topics in the projections above and below. The projection technique with fewer crossing
links (t-SNE in our case with 7 crossings) is the best option for further analysis.
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Figure 2: Figure (a) presents a comprehensive visualization of topic signatures (spatial heatmaps), derived from topic modeling across a
range of topic numbers (10 to 28, as labeled at each line). Each heatmap represents a football pitch, with its grids colored black proportion-
ately according to the topic-term matrix. In all these heatmaps, the attacking direction is from bottom to top. The final selected topic number
is 16 (indicated by an arrow). The reason for this selection is that topics in this row are both distinct and spatially consistent. The group in
the pink rectangle illustrates what spatial consistency means, while the group in the brown rectangle demonstrates redundancy.

Figure (b) provides a detailed view of the topics selected within the brown rectangle. The interactive tool is used to select the topics and
color their cells red/blue when they are higher/lower than the average of the selection. The presence of red cells in the first three rows and a
mix of red and blue cells in the last three rows suggests that the cell values have been distributed between two similar topics in the branch.

Now, the heatmaps allow us to visually interpret the topics in each
row and compare their content with those above and below. Using
Figure 2a, we can examine the similarity of topics within the same
row (for instance, moving from left to right in the scenario with 11
topics) and their resemblance to topics in adjacent rows (for exam-
ple, comparing scenarios with 10 and 12 topics).

We observe gradual transitions from one topic to another in both
vertical and horizontal directions. When looking vertically, it is in-
teresting to note that the patterns in the rows with a smaller number
of topics appear to be combinations of the patterns from the rows
with a larger number of topics below them. When looking horizon-
tally, we must remember that some level of distortion is inevitable,
so we need to be careful when making sense of positions along
the 1D axis. However, despite this, we can still find consistent pat-
terns through different experiments with varying numbers of topics,
showing how topics evolve across several rows.

This representation enables finding the most suitable set of top-
ics for further analysis. In particular, we are looking for the smallest
number of topics that satisfy two constraints: A) its topics are spa-
tially consistent across a wide range of number of topics, i.e., they
appear consistently, with some fluctuations, within a range of rows,
and B) its topics are easily distinguishable, i.e., they do not have
redundant patterns that can be replaced by one.

To assist the analyst in finding such number of topics that satisfy
the above constraints, we added interactivity to this visualization.
Our tool enables the analyst to pick a group of topics for a detailed
exploration, in which the analyst can compare each of the selected
topics against their average. For each topic, grid cells that fall be-
low the average will be colored blue, while those exceeding the
average will turn red, making it easier to perceive and understand
the differences. As such, the tool color codes the cells to accurately
reflect the comparison of heatmap pairs or groups within the entire
range of different number of topics. Figure 2b is a screenshot of a

© 2024 The Authors.
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Figure 3: A detailed view of the selected topic signatures/spatial heatmaps on a football pitch, with 16 topics.

selection of heatmaps from Figure 2a by our tool. It shows the dom-
inance of cells’ red colors for topics in the upper rows, contrasted
with the mostly blue cells in the topics of the branching lower rows,
and illustrates how a single topic at the top has been divided into
multiple topics below. The selection is shown by a brown rectangle
in both 2a and 2b figures.

Considering the two constraints, we selected 16 as the most suit-
able number of topics. Figure 3 displays the topic signatures/heat
maps for this selection. The reason for this selection is that the top-
ics in this row show spatial consistency (encompassing all topics or
their similar ones that consistently appear in other runs) and distinc-
tiveness (excluding topics that have redundant patterns that can be
shown as one). In particular, the selection enclosed in a pink rect-
angle shows a consistent pattern that does not appear in the result
with 15 topics but does appear in many other results, including the
one with 16 topics. In addition, the brown selection shows that in
the results with 17 or more topics, one topic is split into two topics
that have high overlap.

6. Using Topics to Understand Game Dynamics

One potential use case includes illustrating a team’s tactics during
a game, tracking how topics develop over time, and identifying the
key events that correspond to the emergence of different topics.
Figure 4 visualizes episodes and their related details for the first
half of the Barcelona vs. Real Madrid match, which ended in a 2-2
draw in May 2018. We have employed a standard layout commonly
used in football reports and applications. This design has the game
timeline on its x-axis starting at 0 and extending beyond 45 minutes
to cover the entire first half and provides details for each team’s
episodes on its y-axis. Barcelona’s information is displayed above
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the dashed divider line and Real Madrid’s information is below it,
creating two sub-figures.

In each sub-figure, stacked bar charts depict active topics dur-
ing episodes, placed on a timeline to show the temporal order of
the episodes. We chose to show every episode by the same width
to prevent episodes from covering each other. Still, with the same
length, some short episodes would be covered by their next episode,
in such cases we move the the second episode (and the following
ones) by an epsilon to prevent masking. There are 16 small bars
within each stack, representing the 16 topic IDs. The order of the
topics, from bottom to top, is the same as in Figure 3 from left to
right. Each bar’s color intensity indicates the topic’s weight, with
green for Barcelona and red for Real Madrid. The topic ID with the
most weight (the dominant topic ID) is also written on top of the
stack bar for easier spotting.

Additionally, we marked the successful episodes with an “X”
above the most dominant row. Successful episodes are character-
ized by significant progression into the opponent’s part of the pitch.
An episode is considered successful if its final event is a “shot” or
“goal”, or if the final event is one of the “pass”, “duel”, or “others
on the ball” events and that event’s location is within the last 20% of
the pitch. We also defined match key events to be Received a Goal,
Scored a Goal, Own Goal, Dangerous Ball Loss, Red Card, Yellow
Card, Second Yellow Card, and Substitutions and respectively ab-
breviated them with (RG), (SG), (OG), (DBL), (RC), (YC), (SYC),
(SUB). We use successful episodes and these abbreviations as a
tool to help the analyst understand game development and the rela-
tionship between topics and match events more easily.

We note that for successful events, usually, at least one of the
topics 1 (attack from pitch’s left side) or 10 (attack from pitch’s
right side) are activated; however, they are not necessarily the most
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Figure 4: Analyzing football data using topics. This figure presents data from the first half of the Barcelona vs. Real Madrid match, which
ended in a 2-2 draw in May 2018. The x-axis represents time, starting at 0 and extending beyond 45 minutes to cover the entire first half.
The development of topics and associated events is illustrated over time, with Barcelona’s information displayed above the dashed divider
line and Real Madrid’s information below it, creating two sub-figures. In each sub-figure, stacked bar charts depict active topics during
episodes. These charts are placed on a timeline to show the temporal order of the episodes. Each small bar in the stacked bar charts has
a constant width, regardless of the episode’s actual length to prevent covering. There are 16 small bars within each stack, representing the
16 topic IDs, labeled from O to 15 on the left-hand side. Each bar’s color intensity indicates the topic’s weight, with green for Barcelona
and red for Real Madrid. To facilitate better analysis, the topic ID with the most weight (Dominant topic ID) is displayed at the top of each
stack. Additionally, the Success index and key match events are indicated using an “X” and abbreviations, respectively. This helps analysts
understand the evolution of topics in relation to these crucial events and successful episodes.

dominant topic, since those two topics are usually the final active
topic of a successful episode. Analyzing the other active topics that
lead to successful episodes could give insights into how a team per-
forms its attacks. In addition, the dynamics of topic weights along
the timeline show that some topics are consistently appearing with
high weights, while others occur infrequently. We can see pairs and
even larger groups of topics that are prominently visible together
within multiple episodes. For example, topics 9 and 14 are activated
together for both teams. Based on the topics’ signatures (from Fig-
ure 3), this means that they made passes between their goal/penalty
area and the right side of their defensive half.

7. Conclusions and Future Work

In this study, we explore the interplay of visual analytics and topic
modeling to understand game dynamics in the football domain.
One of the challenges in using topic modeling is selecting the most
suitable number of topics such that they are spatially consistent and
easily distinguishable. To address this, we propose a visual analyt-
ics technique. We apply this technique to a complex and relatively
unexplored football dataset. The obtained topics were interpreted
through spatial heatmaps and then used to visualize game dynam-
ics. Our study demonstrates that incorporating visual analytics at
various stages of topic modeling enhances its effectiveness and in-

terpretability. Additionally, the results of topic modeling can be
leveraged in visual analytics to increase its utility.

In the future, the obtained topics for the football data could be
used to answer several questions, including the impact of active
topics on game outcomes and the variation in topics under different
conditions, such as facing stronger or weaker opponents and play-
ing at home or away venues. Additionally, these topics can also be
analyzed across multiple games of the same team to identify pat-
terns and trends. Visualizing the average of topics for each team
within a league can provide insights into their behavior through-
out the season. Besides, using different vocabulary of terms for the
same dataset (e.g., terms that capture the roles of involved players
and/or order of events) could yield different topic types, allowing
us to explore different aspects of the game, such as player interac-
tions. We believe our approach will enable a deeper understanding
of team tactics and facilitate comparisons across different teams
and leagues in various contexts. Moreover, by using different spa-
tiotemporal event sequences, we can explore how visual analytics
and topic modeling can complement each other in analyzing vari-
ous domains. A promising future research direction could involve
exploring the practical applications of the visualizations and the
insights they yield. In addition, future work could conduct a user
study with domain experts to evaluate the effectiveness of the ap-
proach.
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