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Abstract
Advances in interactive systems and the ability to manage increasing amounts
of high-dimensional data provide new opportunities in numerous domains.
Information visualization techniques are especially useful in situations where
analysts seek patterns and information of interest in massive data sets. In this
article, we propose an extension of the original Attribute Explorer (AE) tech-
nique by Spence and colleagues to take on the challenges presented in the
domain of professional team-sport analysis. We describe the implementation
of an extended AE and use football game-event data to highlight the new
possibilities.
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Introduction
Analysing team-sport data, an increasingly focal activity in professional
sports1,2 is accompanied with typical issues tackled in the information visu-
alization (IV) discipline. In this article, we extend an existing IV technique
in the design of a tool for supporting analysis of football game events.

Identifying and analysing game events in team sports is a common
approach in the efforts to improve the quality of professional teams.
Recent advances in automatic video analysis promise faster and less labour-
intensive access to large amounts of sport-event data. However, with
increasing amounts of high-dimensional data comes a challenge in data
exploration. Dealing with complex data sets, analysts may need support
not only to answer their questions but also to discover them.

The Attribute Explorer (AE), an interactive data-presentation tool devel-
oped by Spence and colleagues, has shown promising exploration capabil-
ities for large multivariate data sets.3 Noting the similarities between sport
analysis and earlier successful applications of the AE, we initiated a design
process to develop a tool based on the previous work. During this process we
identified and implemented several extensions to the AE pertaining to the
domain of game-event analysis. In this article, we present the resulting tool
and discuss the extensions by exemplifying them on data collected from
a video recording of an international football friendly. While football was
chosen for this demonstration it is the authors’ intent to keep the discus-
sion general enough to suit other complex team sports, such as American
football, basketball, rugby and hockey.

Professional team-sport analysis
Professional team sports, such as football, have turned into a highly compet-
itive and lucrative global business. Revenue is critical, as for all businesses,
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and primarily generated by getting and keeping supporters
and sponsors. Professional teams focus on achieving
good results to maintain the supporter crowd and to
reach better sponsor deals. Also, the increasingly tougher
competition forces teams to find new and improved
ways of optimizing performance to sustain good results.
Several major clubs have full-fledged research labs for this
purpose.

One of the research initiatives concerns observing
matches and collecting game events for later analysis.1

Events such as passes, shots, interceptions and ball runs
are time-stamped and given certain attributes, such as
actors involved, location, quality and distance. Statistical
methods can then be used to investigate how events and
series of events relate to quality, performance and other
concepts. Sport physiologist Paul Balsom believes that
knowledge about player movement patterns is crucial for
developing effective training methods.4 Human obser-
vation and memory limitations reduce the usefulness of
collecting these data during the actual game.5 Instead,
video recordings provide a more manageable environ-
ment for identification and structuring of events after the
games. Still, going through video feeds manually is time-
consuming even when supported by computer systems.1

However, considerable research efforts are ongoing on
automatic identification of game events, both based on
live video feeds and on various positioning devices.6–9

Combining manual and automatic approaches – skilled
observers and well-tuned algorithms – will lead to faster
access to larger amounts high-quality data.

When databases grow and their data elements get
increasingly detailed, new challenges arise. Rather than
on difficulties of collecting and storing data, the issues
will pertain to getting an overview of data, navigating
among data and finding patterns of significance in the
data. This problem is particularly true in the relatively
young domain of computer-supported football analysis
where much of the complex relations among game-event
data are still to be understood: ‘‘The problem for the
sports analyst is to locate the dynamic patterns within
these data that give rise to the invariant features that
exist in sports contests’’ (McGarry and Franks,2 p. 271).
If one can define the questions on beforehand, statistical
methods usually do the trick; otherwise, one needs help
to formulate the questions as well. The current manager
of the Swedish national football team, Lars Lagerbäck,
anticipates that the growing data sets and the technolog-
ical advances will provide better context possibilities that
enable identification of cause-and-effect relationships.10

The Attribute Explorer
Within the field of IV a central theme pertains to
designing representations of the reality that are as infor-
mative as possible with regard to the users. When dealing
with complex data, their representation is decisive: ‘‘. . .
solving a problem simply means representing it so as to
make the solution transparent’’ (Simon,11 p. 132). The IV

Figure 1 A simple example of the use of the AE. The example
shows a two-dimensional data set, the brand and cost of cars,
to explain the basic principles of the AE. See the article text for
explanation.

literature shows a multitude of innovative techniques to
represent and interact with large multidimensional data
sets, and the possibilities increase with the rapid devel-
opment in computer graphics and interactive systems.3

One technique that shows promising potential for
‘‘acquisition of insight into multivariate data’’ is the AE
(Spence,3 p. 62). Originally, the AE aimed to support the
selection of one object from many on the basis of its
attributes,12,13 but has since then also been employed for
more exploratory uses. One such example includes the
Swedish Defence Research Agency’s use of the AE as an
investigative tool into communication data (Albinsson
and Morin,14 Morin and Albinsson,15 Spence,3 pp.
216–220).

The AE (Figure 1) is an interactive data presentation
tool that employs the concept of linked histograms. There
is one histogram for each dimension (or attribute) of a
data set, where the height of each bar corresponds to the
number of data elements that fall under that interval.
When applying constraints in one dimension, the corre-
sponding changes are displayed in the other dimensions.
Data elements presented in green represent full hits – that
is, they satisfy all constraints applied in all dimensions.
Shades of grey, from black to white, represent the number
of failing dimensions; a black element fails in only one
dimension and a white in all.

Consider the example in Figure 1. Imagine that we
want to find a car to buy from a set of many by using
the AE. In this case the car data set has two dimensions:
Brand and Cost of car; consequently, the AE provides two
histograms. The first dimension (1) shows five brands of
cars, whereas the other (2) shows the price range. There
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Figure 2 A screenshot of the football AE. Three dimensions are shown to the left (primary actor, activity and time) and the pitch
dimension to the right. A minimized dimension (secondary actor) is visible in the below left. Bottommost, a list presents the current
hits (coloured green): shots by three players during the second half of the time period.

are some cheap cars, some expensive ones and many in
between. Initially, all histograms are white, since there
are no selections and, thus, all elements fail in all dimen-
sions. Changing the constraints for one dimension, by
selecting a certain brand, causes a part of the histogram
bar to turn black, which indicates that the data elements
(i.e., the cars) of that selection only fail in one dimen-
sion. This change also appears in the cost dimension (3),
where the corresponding elements turn black. Looking at
these black elements, one notices that most cars of the
selected brand are relatively inexpensive. Say that we are
looking for a cheap car and therefore apply constraints to
the price dimension accordingly (4). The black elements
within the range are going to be full hits (and turn green),
because they only failed in this dimension previously.
The green elements represent cars of the selected brand
within our acceptable price range. Black elements under
these constraints represent other cheap brands. Finally,
we switch to the brand dimension again (5) and notice
the corresponding green hits. Here, the black elements
(failing in the cost dimension) represent the remainder
of the cheap cars of other brands.

A comprehensive description of the original AE cannot
be covered in this article; instead unfamiliar readers
are encouraged to look into the works of Spence and
colleagues.3,12,13

Extending the AE
Ongoing research on transferring military-training
computer-support tools – where the AE is used for commu-
nication analysis as one component of several – to the
domain of professional football16 inspired us to take a
closer look at the specific possibilities of the AE.

Encouraged by the successful use of the AE in the mili-
tary domain14 and from discussions with professional
football practitioners and experts we started an itera-
tive design process based on the challenges expressed in
current sport research as summarized earlier. During the
design process we identified several new needs concerning
the AE and we implemented solutions for further inves-
tigation using realistic football event data gathered by
stepwise going through a video recording of an interna-
tional football game (Figure 2). The following sections
comprise our extension of the original AE technique to
support team-sport analysis.

Distributed attribute values
The original AE concept12 mainly concerns data elements
that have one value per attribute. That is, one single
data element is represented by one single element in one
single bar for each dimension. In our case, the nature
of game events forced us to allow a data element to
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be distributed in several bars of the same attribute. For
example, a single game event can have multiple values in
the activity dimension, such as a pass that is also a header
or a shot that is also a free kick. Similarly, other attributes
such as actor sometimes need multiple values.

The design decisions that arise from allowing distributed
attribute values include how to deal with the colour
coding. When a bar that contains elements with
distributed values is selected in a dimension, should the
other bars that contain the same element in the same
dimension be colour coded similarly? A negative effect
from such a solution is that bars outside current selec-
tions still can be presented as full hits. For example,
if an analyst has selected all passes as full hits, every
event in the header bar that also is a pass will turn green
even without the user selecting the header bar, thereby
breaking the conventional colour coding. Analogously,
black elements (normally one-limit failed) no longer
ensure the user that selecting it will produce a full hit.

An unappealing alternative involves requiring all
distributed attribute values within a dimension to be
selected to result in a full hit. This solution causes obscure
behaviour since it nullifies the established colour coding.
Selecting distributed attribute values would not update
the colour-coding level until all values were selected.
Selecting pass in the activity dimension would not include
game events that also are header or volley, making the use
cumbersome and unfamiliar.

Instead, after considering different compromises,
we chose to design the colour coding to account for
distributed attribute values. An element in an unselected
bar which is already selected in another bar within the
same dimension reduces its colour-coding value by 1.
Thereby, a full-hit element in a selected bar will be
presented in green whereas unselected bars containing the
same element will use black colouring. In this way, black
still represents one failed limit (see e.g. the black elements
in the corner kick bar, in Figure 3, which also are passes).

Excluding selections and attribute duplication
Traditionally, the AE uses inclusive selections. That is, one
selects ranges that represent what the elements should
fulfil. In our case, as a consequence of the previous issue
of distributed attribute values, selections need to support
exclusions as well. Consider a header game event that also
has the value pass. If one selects pass to investigate all
passes during a match, the previous header event would fall
under this selection since it also has the value pass. Since
there are situations where it is of interest to rule out, for
example, all passes that are headers, we added excluding-
selection functionality to the AE. By using a modifier key,
a bar can be marked as an excluding selection, indicated
by a red colour below the bar rather than the blue for
normal selection (Figure 3). In the previous example, if
the header bar is marked as an excluding selection, only
passes without the additional value header would become
full hits.

Figure 3 Excluding selections. A user has selected pass in the
activity dimension and marked header and throw in as excluding
selections. The result presents passes that are not headers or
throw ins.

Excluding selections allow users to apply logical not
operations in addition to the conventional or opera-
tions between bars in an AE dimension. Owing to the
distributed attribute values the need arises for logical and
operations within a dimension. We may, for example,
seek information regarding passes that also are headers.
But selecting both event types in the activity dimension
results in a logical or. To enable and operations we add
the function of attribute duplication. A new identical view
for the same dimension is (temporarily) added to the AE
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Figure 4 Dynamic aggregation. To the left we see an aggregated bar containing all players of the Swedish team. The result from
expanding this bar is shown in the middle where different roles now are visible. By selecting one of the roles and expanding further,
individual players appear as shown to the right.

where user selections are modified independently of the
original dimension. The duplicate dimension behaves
exactly like a normal AE dimension. By selecting passes
in the original dimension and headers in the duplicate,
the result comprise passes carried out as headers.

Heterogeneous data sets
As described earlier, game events have a large number of
potential attributes. Managing numerous attributes is not
a problem for the AE concept. In the game-event case
however, there is a need to work concurrently with data
elements represented in varying subsets of all dimen-
sions. For example, a shot event may have only two
dimensions, primary actor and activity, while a pass event
is represented in the secondary-actor dimension as well
(the receiver of the pass). Analogously, interception events
are not applicable for a length dimension.

Allowing such heterogeneous data sets forces us to take
some design decisions to not end up with ambiguous
colour coding in the AE. For example, when selecting
the activity pass, and two particular players as primary
and secondary actors the result would present all the
passes between them as green hits. However, using the
traditional AE concept, any shot event by the selected
players would be presented as black elements since they
only fail in one dimension. This behaviour is deceptive
since one may be mislead to incorrectly believe that
the shot activities are represented in the secondary-actor
dimension.

Instead we introduce the concept of forced inclusion.
Forced inclusion ensures that, once users select elements
in one dimension, only elements that are represented in
this dimension are considered within the global selection
boundaries. This behaviour affects the previous example
by, as soon as a secondary actor is selected, preventing
shot events to get closer to a hit.

In the case where a user aims to focus only on a subset of
the available dimensions of a data set, we added the possi-
bility to exclude dimensions and minimize their views
(as shown in Figure 3). In the example with pass and
shot events, excluding the secondary-actor dimension will
treat the pass events as if they were not represented in

this dimension; in other words, the AE will disregard the
excluded dimension for all calculations.

Dynamic aggregation of attribute values
In our earlier work on communication data exploration,
we recognized the need for hierarchical dimensions in
the AE.14 The tree structure used in that work was static,
however, and could not be rearranged or modified inter-
actively during exploration. For game-event data, the
need for dynamics is greater. The player dimensions, for
example, are highly organized. On the leaf level there
are individual players, which belong to collections like
centre back, fullback, centre midfielder, wing midfielder,
which in turn belongs to defence and midfield. On the
highest levels we find entire teams or national squads.
Obviously, it would be unpractical to not allow analysts
to arrange, group and expand players interactively during
exploration. This dynamism is especially important when
there are large amounts of bars in a dimension (imagine,
e.g., the player dimensions in a data set covering game
events from a whole season).

Therefore, we designed a general grouping function-
ality for all discrete dimensions (Figure 4). Users can
create unlimited levels of groupings, move bars around
and expand, and contract defined groups. When the
analyst selects a number of bars, and then uses the group
command, the selected bars are visually hidden and a
new virtual bar is created (named by the user), which
contains the elements from all previous bars. Any selec-
tion operation performed on the new bar affects the all
aggregated elements from the previous bars.

Two-dimensional attributes
The original AE presented the possibility to use a
geographical map dimension in the case of a home-
finding application.12 Our idea is to treat the map dimen-
sion analogously to the traditional dimensions, and allow
both colour-coded presentation of elements and brushed
selection possibilities (Figure 5).

The map dimension – the pitch in this case – is central
in team-sport analysis. Putting a lot of focus on the pitch,
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Figure 5 The pitch dimension in action. To the left is the current selection of events in four dimensions. Additionally, the user has
selected a part of the upper midfield as shown in the pitch dimension in the middle. The pitch dimension is linked to primary actor
(as indicated in the pitch title bar). Consequently, the hits comprise passes within the Swedish team originating from the upper
midfield. The pitch dimension to the right exemplifies another configuration of the same view where pass vectors are shown for
each event and where only the hits are presented.

we found that for game-event data, this issue is somewhat
more complex than just providing one more dimension
for the game events. Instead, several of the game-event
attributes can be positioned on the map simultaneously.
For example, for the game event ‘‘player 1 passes the ball
to player 2’’, player 1 has a position on the map, the pass a
vector, and player 2 another position. In this case, a single
event comprises three objects in the pitch dimension. To
handle the presentation of these multiple map objects,
we added the possibility to interactively choose which
game-event attributes to show in the pitch dimension
(e.g. showing only positions of primary actors, or the
vectors and polygons of activities). Furthermore, to avoid
clutter when showing many attributes simultaneously, we
added the possibility to only show the events closest to a
hit (Figure 5).

Because of the multiple game-event attributes in the
pitch dimension, we also need to define how selections
in the map affect them. For example, picture an analyst
that configures the pitch to show positions of primary and
secondary actors and the vectors of their activities and
decides to look more closely on midfield pass receives. If
the analyst selects the appropriate midfield section in the
pitch view, she would like that selection to apply only
for the receivers’ (secondary actors’) positions to get the
desired selection of events. However, if the analyst instead
gets interested in passes from the midfield she would like
the current map selection to apply for the primary actors’

positions. We designed the map view to support these
actions by allowing the user to dynamically select which
attribute to couple to the map.

As a consequence of this solution, multiple pitch
dimensions may be used simultaneously to tackle more
advanced queries. For example, the analyst may use one
pitch dimension to mark primary actors’ positions in
the upper midfield area, and a second pitch dimension
to mark secondary actors’ positions in the penalty area.
In this way, the analyst can investigate passes from a
certain region to a certain region. Similar to the other AE
dimensions, the pitch view supports excluding selections,
allowing the analyst to look into events that did not take
place in a certain area.

Coordination to other views
Since there are large numbers of existing tools and
techniques for team-sport analysis we view the AE as a
component to be coupled to other components, similarly
to the earlier work on communication analysis.15 Video
analysis, for example, is an important part of team-sport
analysis. By adding a synchronized video view to the
AE, an analyst can quickly playback a specified sequence
of the game by selecting an event from the list of hits.
The video view will then use the timestamp of that
event as an offset into the video feed and start playback
from that position. If multiple video feeds are available
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for the topical event, several views will be opened for
playback.

There are of course a multitude of other potential
analysis components to be coupled to the AE. A range
of possibilities concerning football analysis are discussed
by Albinsson and Andersson.16

Discussion
All data used in this initial investigation of AE extensions
have been manually entered by the authors themselves
from analysing a television broadcasted game using
general protocols described in current literature.1,2 A
natural next step is to interview football analysts to find
out in more detail what information and patterns are
relevant and let them use the technique on a more exten-
sive set of data. Testing the technique on other sports
would also be important to identify the added value of
the proposed extensions to the AE and to investigate
possibilities for further development.

Even though the team-sport analysis domain motivated
our work on extending the AE, we believe that the exten-
sions are general enough to suit other domains where
large amounts of temporal and spatial multidimensional
data are generated. Examples include such diverse fields as
military intelligence analysis, forest-harvesting planning,
GPS-positioned digital photo libraries, and of course other
sports.

We have presented possibilities and challenges of intro-
ducing the AE for team-sport analysis. To summarize, the
challenges were confronted by designing the following
extensions to the original concept:

• Allowing distributed attribute values: A single data element
may be represented by multiple values in the same
dimension.

• Excluding selections and attribute duplication: Users may
use logical and, not and or operations.

• Allowing heterogeneous data sets: Data elements are
allowed to have varying number of dimensions.

• Dynamic aggregation of attribute values: Data elements
may be dynamically structured hierarchically.

• Two-dimensional attributes: Data elements are repre-
sented and interacted with in a geographical dimension.

• Coordination to other views: Resulting hits in the AE view
may control other views.

A general concern pertains to whether these additions
to the AE result in a too complex concept for the proposed
use. One may argue that once the necessary data are
collected, well-known statistical methods can be applied
to give an answer to the questions of the analyst. This
argument is especially valid in cases where the questions

and problems are well defined. From our review of the
literature, however, questions are often ill defined in the
complex domain of team-sport analysis, much like in
the domain of command-and-control analysis in our
earlier work with the AE.15 We believe that, once provided
to analysis experts, visualization techniques like the one
presented will prove to be useful in understanding game-
event data enough to derive new metrics that adequately
capture their complexity; that is, finding questions to ask.
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