Pursian A. Published in the journal Electrotechnic and computer systems Ne 09(85), 2013 158 - 162

Information systems and technologies

UDC 004.6
Andreas Pursian

AN INTERACTIVE APPROACH TO INFORMATION VISUALIZATION
IN THE CONTEXT OF LEARNING ANALYTICS

Abstract. In recent years, information visualization techniques were adopted in a wide field of disciplines which
had to deal with the processing and / or the presentation of huge datasets. These efforts were aiming at assisting the
discovery and analysis of data through visual exploration. To support the easy and mostly inituative perception of visu-
aly encoded information, diffenrent techniques can be used to support pre-attentative perception as well as a good
overall usability experience. This article exemplifies different visual concepts we implemented within our learning ana-
lytics application called LeMo (Learning Monitoring).
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Anapeac Ilypcunan

UHTEPAKTUBHBIN OJAXO0/ K BU3YAJIM3ALIAU NTHO®OPMALIUU
B KOHTEKCTE AHAJIMTUKHU TPOIECCA OBYUYEHUSA

Annomauyun. B nocieonue 20061 memoosi gusyanuzayuu uHgopmayuu OuLiu 3a0eticmeosanbl 8 WUPOKoM noje
OUCYUNTUH, KOMOPble 3aHUMANUCL obpabomkoti u | umu npedcmaegienuem 02pOMHbIX HAOOPO8 OAHHBIX. DMy yCuius
ObLIU HANPABNIEHb HA COOelCMEUe OMKPLIMUI0 U AHAU3Y OAHHBIX C NOMOWbIO GU3VATBHBIX UcCredosanull. [ noo-
0epIAHCaAnUsL 1e2KO20 U 8 OCHOBHOM UHMYUMUBHO20 BOCIPUAMUSL BU3YATLHO 3AKOOUPOBAHHOU UHDOpMayuu, Mo2yn Obimy
UCNONBL30BAHbL PA3IUYHBIE MEMOObL NPEOSAPUMENbHO20 8OCHPUAMUS. DMA CIMAMbsL ULIIOCMPUPYem pasiuiHble Gu3s)-
AbHble KOHYenyuu, KOmopble Mbl peanu308aiu 6 NPULodiCeHuU 015 AHATUMUKU npoyecca o0yueHus noo HA36aHueM
LEMO (Learning Monitoring).

Knrwouegsle cnosa:. ananumuka npoyecca obyueHus, 8U3yaiusayus ungopmayuu, boavuue 06vemsbl OauHbIX, Y000~
CMBO UCNONbI0BAHUSL

Angpeac Ilypcian

THTEPAKTUBHUM IIIXIJI 10 BI3YAJIZALIT IH®OPMAIIIT
B KOHTEKCTI AHAJIITUKH ITPOLECY HABYAHHA

Anomauisa B ocmanni poku memoou sizyanizayii ingpopmayii 6yau 3a0iani 6 WupoKomy noi OUCYUniin, Axi 3a-
manucs obpobkoro ma | abo nodannam eenuuesnux Habopie Oanux. L[i 3ycunns 6yau cCApAMOBAHI HA CHPUSHHA
BIOKpUMMIO MA AHALI3Y OAHUX 3a OONOMO20I0 BI3YANbHUX O0CHIOMNCeHb. [ NiOMPUMKU 1e2K020 | 8 OCHOBHOMY
IHMYIMUBHO2O CHPULIHAMMSL 8I3YAILHO 3AK0008AHOI iHopmayii, Modcyms Oymu UKOPUCMAHi pisHi Memoou nonepeo-
Hb0O2O cnputinamms. Lla cmamms intocmpye pisHi 8i3yanvHi KOHYenyii, AKi mu peanizysanu 8 000amKy O AHANIMUKY
npoyecy nasuanns nio naszéoio LEMO (Learning Monitoring).

Knrouosi cnosa: ananimuxa npoyecy Hasuanus, 8izyanizayis inpopmayii, eenuxi oocaeu 0aHux, 3pyYHiCmb 8UKO-

pucmamnns

Introduction

Learning analytics is an emerging research
field with the goal of an better understanding of
learner and learning processes particularly in the
context of e-learning environments and the uti-
lization of this knowledge for the improvement
of learning opportunities [1]. Here, in addition
to the collection and processing of large data
sets, the descriptive and intuitive presentation of
the analysis data play an important role. In this
respect, especially the visual exploration of data
may support an better understanding and a faster
perception of large data sets [2, 3].

Within the research project learning process
monitoring (LeMo), we developed a prototypi-
cal learning analytics software with a strong
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focus on an explorative and interactive approach
to data visualization. Users are allowed to ex-
plore a visualization through features like trans-
lation, rotation, filtering, zooming. Furthermore
we utilized different visual concepts supporting
pre-attentative perception like information en-
coding through shape, size, color and position or
object constancy during transitions [4, 5, 6].
Within this paper, | present our approach to vis-
ualization of learning analytics data from three
analysis categories: quantitative accesses to
learning objects — “Usage analysis” - navigation
through learning objects — “User path analysis”
and the exploration of typical navigationl pat-
tern “Frequent path analysis“.

While this paper is only focusing on the
visual aspects of presenting analytical educa-
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tional data, it strongly depends on a long chain
of prerequisites like data extraction, data proc-
essing, data encoding which were implemented
by the LeMo team. This work builds the founda-
tion for everything which is discussed here.

Visual perception

The user interface follows an explorative
metaphor “Overview first, filter and details on
demand”. Herewith we try to assist the analysis
of learning data in an explorative way. Espe-
cially when displaying large amounts of data,
this shall support a widely intuitive reception of
analysis data.

The analyses supported so far can be classi-
fied within two categories: quantitative accesses
to learning objects and navigation through
learning objects. An important objective in the
context of our prototype development was an
easy and mainly intuitive access to the results of
our analysis. To meet this goal we followed
three basic design guidelines while creating our
visualizations:

- supporting pre-attentative perception:
through the use of visual attributes such as
shape, size, color and position [7,8];

- details on demand: detailed information
on a specific learning object are context sensi-
tive available, but do not overload the initial
visualization;

- exploration: the interface provides the
possibility to customize the visualization to best
fit the personal expectations through features
like translation, rotation, filtering, zooming.

A large part of the functionality demanded
by our project partners deals with the analysis of
the navigation of users within the learning sys-
tems. A teacher might want to know if the learn-
ing objects (A user path is a list of learning ob-
jects, ordered in the way they have been ac-
cessed by the user) he has prepared for his e-
learning course are processed in the intended
order, or if some objects were missed by a sig-
nificant number of users. To answer these and
other questions we have to determine the paths
and navigational pattern of the users. Hence,
this paper focus on our work dealing with dif-
ferent aspects of navigational analysis.

Usage analysis

The usage of e-learning resources within an
e-learning course can be visualized in terms
of clicks per time interval using a line chart
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(fig. 1). Concepts like details on demand and
exploration are implemented through the possi-
bility to interact with the graph. Via drag and
slide gestures in the lower thumbnail, it is pos-
sible to get an enlarged view at the top. The fil-
ter located top right — trigger to show and hide
certain data items - are introduced via transi-
tions. This means, the range of values of the y-
axis which is visible to the user, smoothly in-
creases or decreases depending on the dataset
which is currently displayed.
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Fig. 1. Usage analysis by time and requests:
1 — Formale Grundlagen der informatik,
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Fig. 2. Usage analysis with treemap view

Within the treemap visualization (fig. 2),
the requests (clicks) on the various learning ob-
ject types (e.g. wiki, forum, quiz, files, etc.)
within an e-learning course are presented by
means of spatial distribution. The spatial distri-
bution shows the percentage breakdown of user
activity within a e-learning course. Clicking one
color coded area reveals the previously hidden
subhierarchy of this area. Via mouse-over, addi-
tional information can be displayed context-
sensitive to all areas.

Activity graph analysis

The "Activity graph™ allows the analysis of
user activities based on their interactions with
the learning system. The analysis’s results are
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represented by a visualization of a navigation
network, which users have characterized by the
sum of their individual navigation steps. This
analysis can be used to obtain information about
the degree of crosslinking of a learning object.
An important challenge during the implementa-
tion of this visualization was the reduction of
typical network visualizations problems like the
"hairball" effect [5, 9].

For the implementation of this visualiza-
tion, we utilize concepts of the graph theory.
Theoretically, the graph representation of a path
is represented by a sequence of edges and nodes
with G = (V, E) and a set of nodes vi where {vi-
1, vi} represents an edge in E. There is a node vi
for each specific learning object of a path. An
edge ei = {vi-1, vi} symbolizes a navigation
step of learning object vi-1 to vi. Furthermore
the following premises were crucial for the vis-
ualization:

- learning objects (nodes) are color-coded to
support the visual perception of content type
transitions, e.g. when a user moves from the fo-
rum to a learning resource. Therefore each cate-
gory of learning objects like forum, assessment,
resource, etc. is encoded with an individual col-
or. Furthermore, learning objects are adjusted in
size to encode the absolute number of user re-
quests;

- navigational steps between learning ob-
jects are illustrated using transitions (edges).
These edges are weighted and color-coded to
encode the amount of navigational steps;

- edges have direction markers (arrows) in-
dicating the direction of navigation between two
learning objects;

- detailed information on specific elements
of the graph can be made visible by interacting
with the visualization. Hovering over a node
will bring up a tool tip that includes information
concerning the learning objects name, the learn-
ing object type and the total number of requests;

- to further explore a specific node a single
click on that node will rearrange the graph in a
way that the node of interest is focused, neigh-
boring nodes are displayed in the immediate
proximity, and other nodes are located further
away.

The “Activity graph” (fig. 3) visualization
provides an overview of navigation processes
by means of a network visualization. The ar-
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rangement of the graph is done by a algorithm
simulating gravity forces (Our implementation
is based on technics used within the d3.js visu-
alization framework by Mike Bostock [10]. The
approach is similar to technics described by
Fruchterman and Reingold [11]). Each node is
pushed away from each other and is tightened
simultaneously to an invisible gravity situated in
the center of visualization. Through the inter-
play of forces a stable network configuration
could be achieved in a reasonably short cool-
down time (on average approx. 3 seconds for
graphs up to 100 nodes).

Lemnobjekt: Vorlesungsfolien

Lernobjekityp: Resource

Besuche: 156

Fig. 3. Activity graph

We reduced typical problems of this type of
representation, such as the strong overlap of
nodes and edges in large networks by functions
like focus of learning objects and dynamically
calculated and adjustable edge lengths.

Sequential pattern analysis

Sequential pattern analysis is aiming at
supporting the discovery and analysis of fre-
quent navigation pattern. For the computation of
these user paths (A user path is a list of learning
objects, ordered in the way they have been ac-
cessed by the user) data mining techniques were
utilized. Frequent paths are basically those
(click) routes through the resources of an e-
learning course which several (many) users con-
sume in identical (or similar) order. The visuali-
zation (fig. 4) shows a quantity of frequent paths
ordered by length. The visualization depends on
results calculated by the BIDE algorithm [12].
The following premises are crucial for the visu-
alization:
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- a path is visualized by a sequence of
nodes (learning objects) and edges (navigation
steps). The path is read from top to bottom,
starting with the learning object accessed first
on top.

- individual learning objects are color-
coded to allow an easy visual correlation of nav-
igational pattern even across different paths.

- the visualization follows the Details on
demand directive. The initial presentation hides
further information like the learning objects de-
scription.

- paths are sorted by length (number of
unique navigation steps from one learning ob-
ject to another)

All resources of a path are color-coded
while the same resources keep the same color
within the whole visualization. Paths are thus
comparable. Further information on specific el-
ements of the path is available through interac-
tion with the visualization. A click on the de-
sired path triggers the display of learning object
names of all path nodes (fig. 5). While hovering
over, a tool-tip provides context sensitive in-
formation for each node.

Summing up, our current visualization for
frequent paths supports the quick reception of
recurring navigational patterns. Paths are visual-
ized arranged by length and minimal support,
starting with the longest paths. In result sets
with more than 24 paths, a scrolling function is
provided. As part of our future work we will
further investigate, if other attributes of a path
are well suited for a direct graphical visualiza-
tion.

Fig. 4. Frequent paths without description
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Fig. 5. Frequent paths with description

Conclusion

In this paper | presented our interactive ap-
proach to information visualization in the con-
text of learning analytics. | gave insight in the
basic concepts we used as as foundation we
building our information visualizations. So far
visualizations for different domains of learning
analytical questions were implemented. This
includes questions regarding the quantitative
access to learning objects over time as well as
questions regarding the user navigation.

This paper focuses on visualizations regard-
ing «user path analysis» as they cover the most
requested needs from our target group and are
not common in similar tools. For this purpose
the LeMo application incorporates two visual
analysis: the «Activity graph» which provides a
spatially mapped overview about navigational
pattern within an e-learning course and the
«Frequent path» analysis which provides insides
about an ordered group of learning resources
which were frequently accessed by a multitude
of users.
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