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Executive Summary

This deliverable describes the initial visualization strategies developed for the ENVISAGE project and
theirimplementation. Building from an overview of the state of the art in general Analytics and Game
Analytics, it moves on to identify requirements and goals for learning analytics visualization, building
from previous deliverables in the project. A number of visualization strategies are presented and
their technical implementation is described.
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Abbreviations and Acronyms

CSS Cascading Style Sheets

DLA Deep Learning Analytics
HTML HyperText Markup Language
JS JavaScript

LA Learning Analytics

SLA Shallow Learning Analytics
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1 Introduction

The purpose of this deliverable is to outline strategies for visualizing learner performance in digital
learning environments. In the case of ENVISAGE this primarily means virtual labs. The deliverable
provides an initial implementation of visualization and reporting techniques for visual exploration of
the collected data that aim to provide useful insights into the learners’ profiles and actions.

While the actual deliverable is a Demonstrator; i.e. a software solution that aims to solve the
problem of visualizing learning analytics. This companion document aims to provide the context for
the delivered software, explaining the implementation and the design choices made during devel-
opment. Additionally, this companion document details the software libraries used and technical
implementation employed.

In the following Section, State of the Art in Game Analytics Visualization, we first provide a brief
review of existing solutions from Game Analytics (GA). ENVISAGE is premised on the fact that meth-
ods and technology from GA can be transferred into the new domain of Learning Analytics (LA). Hence
it may be helpful to identify the state of the art in GA before designing solutions for LA.

Then, in Section 3, Requirements for Visualizing Course Progress Reports, we enumerate and
interpret requirements identified in the other deliverables of the ENVISAGE project. We do this to
leverage the insight that digital learning environments may be different from digital games in their
goals, mechanics, dynamic, and aesthetics. A translation of methods, practices, technology from GA
into LA should take this into account, rather than import these wholesale with no modification. In
Section 4, Goals of Learning Analytics Visualization, we draw together the information from Sections 2
and 3 and define the goals of LA in ENVISAGE and the derived visualization strategies. Section 5
describes the specific visualization strategies that we developed to achieve these goals, and Section 6
describes the technical architecture and implementation used to bring these visualizations to live, in
concert with the other software components of the ENVISAGE project.

2 State of the Art in Game Analytics Visualization

A core idea for the ENVISAGE project is to leverage existing practices and ideas from GA for com-
mercial digital games. To enable this, this section briefly reviews visualization strategies in existing
commercial solutions for analytics. It covers both some general analytics solutions and some game
specific analytics solutions.

To identify the most relevant (Game) Analytics services and solutions to include, we conducted a
survey of offerings on-line using the Google search engine along with a review of the game develop-
ment professionals’ site Gamasutra.com. We also did an informal e-mail and in-person survey within
our personal network of professional independent game developers, mobile game developers, AAA
game developers, and game researchers. Our exploratory research was focused on identifying so-
lutions targeted at (but not limited to) small to medium-size game developers. Through personal
communication we learned that large game development studios are likely to either use the same
tools as the small to medium sized game developers or to implement their own custom data collec-
tion and analytics solutions. In the latter case, the data from is typically handled by in-house analytics
and design teams.

Using this approach, we identified 3 general analytics solutions commonly used by game devel-
opers as well as 2 predominant game analytics solutions. We also identified 1 research project with
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significant potential for both Game Analytics and Learning Analytics.

In the section below we describe and draw some general conclusions from these visualization
solutions. We do not describe these solutions exhaustively, as that would be beyond the scope of this
deliverable, but present the most important take-away from each service, focusing on visualization
strategies.

2.1 General Analytics solutions
2.1.1 App Annie

App Annie [1] is a general analytics platform that provides a number services that may be of interest
to commercial game developers. The service focuses on external metrics of App Store games’ per-
formances, such as rankings in the various app stores, ratings, and features — all analytics that are
valuable to game developers tracking their games’ performance. The service also provides analytics
on in-app (or in this case in-game) advertising performance. The service does not provide insights
into in-game events and as such cannot be used to inform game design or tweaks, except for at the
abstract and general level. Given its focus on current data, historical data over time, and comparisons
with other apps, App Annie mostly uses bar charts and line graphs to display the collected values.
The services provides a number of features for filtering the collected data in terms of geographical
regions, user segments/categories, and date ranges.

App Anvie p— - - °

Overview

Gross Margin

wnioads R ross Margin
App Doy . evenue Spena Gross Marg =

Totsl 252671 2% 141,107.27 -50% 141,107.27

e 0o 8 0 o0
000
a

Figure 1: Longitudinal view in App Annie.
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2.1.2 Facebook Analytics

Facebook Analytics addresses many of the same issues as App Annie with a similar focus, albeit with a
focus not just on apps, but also on Facebook Apps — content developed specifically for the Facebook
platform. As with App Annie, Facebook Analytics is focused on tracking the flow of users toward
and away from content over time, and provides numerous time-line visualizations and aggregated
statistics about users that break them down into categories.

Age & Gender

6K B Female (34%)
B Male (40%)
Unknown (26%)
4K

18-24 25-34 45-54 55-64 65+

1317 3544

Country View A city View A Language

United State... | Jackson . Engish (US)
Italy H Riyadh 1 Spanish

United Kingd... ] Moscow 1 Halian )

Spain u London 1 German u

Figure 2: Cross-sectional view with segments in Facebook Analytics.

In terms of visualization, Facebook Analytics mostly uses line graphs, bar charts, pie charts, and
tables. The service also supports a Funnel editor and viewing component where an analyst can define
a desired outcome (e.g. a purchase, also typically known as a conversion) and a number of steps
preceding this outcome defining a process. The funnel view then allows the analyst to see how many
users make to the desired end step of the process and how many users are lost along the way.

This may be of interest to learning analytics where educators may have a particular process in
mind and would like to understand how many of their students make it the end of this flow, or which
steps along the way are hurdles to the students.

2.1.3 Google Analytics

Google Analytics is also a general analytics platform. The service is generally directed at digital con-
tent and not limited to e.g. apps or games. Consequently, the service is advanced with many different
visualizations and options for customization. In this brief overview, we try to draw together the most
predominant visualization strategies offered on the service, rather than describe the full service in
detail. Google Analytics features a virtual dashboard that allows for sub-sampling collected data by
defining segments of users and filtering data in terms of time. Once a (sub)sample of users is selected,
the dashboard allows for the display of metrics over time, alone or multiple metrics simultaneously.
The metrics displayed are objectively defined measure of user behavior, such as e.g. how many users
experience a certain piece of content, or how many users leave immediately after seeing a piece
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Your Funnel: 3.92% Conversion Rate Edit

App Installs v  Edit Purchases v  Edit

Add Funnel Step v

SHOW BY

50K

1- App Installs

2- Purchases

Figure 3: Conversion view in Facebook Analytics.

None -

of content. For this reason the dashboard mostly displays aggregated frequencies and averages, ei-
ther as snap-shots or over time, and uses a combination of bar-charts, pie-charts, and line-graphs to

visualize this data.

Audience Overview May 24,2017 - May 30, 2017

Email Export v  AddtoDashboard  Shortcut This report is based on 100% of sessions. Learn more = Greater precision v @F

All Users

+ Add Segment
100.00% Users

Overview

Users | VS. Select ametric Hourly Day Week Month
® Users

3,000

1,500

May 25 May 26 May 27 May 28 May 29 May 30
W New Visitor M Returning Visitor

Users New Users Sessions
12,497 10,782 14,643 a

e — et At
Number of Sessions per User ~ Pageviews Pages / Session
1.17 64,570 4.41

A

Figure 4: Longitudinal view in Google Analytics.

Other data is communicated through structured tables, again subject to the same kinds of filter-

ing.

The service also offers user-flow analysis that allows for tracking users between specific tracking
points and allow for diagnostics in terms of when users leave a digital content universe, typically a

website.

In general, Google Analytics uses visualization with an emphasis on time-line visualizations with
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User Explorer May 24, 2017 - May 30, 2017
Email Export v  AddtoDashboard  Shortcut This report is based on 100% of sessions. Learn more | Greater precision ~
O All Users
User Explorer
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5. 81337629.1495697778 11 (0.08 00:17:14 18.18% $0.00 0 45.45%
6. 2130072350.1495695449 9 00:12:14 33.33% $0.00 0 44.44%
7. 121142764.1494689600 8 00:03:59 0.00% $0.00 0 0.00%
8. 1263603212.1495692084 8 00:17:15 12.50% $0.00 0 75.00%
9. 1456456330.1489537948 8 00:05:32 50.00% $0.00 0 12.50%
10. 1469983880.1495499931 8 00:00:00 100.00% $0.00 0 0.00%

Showrows: 10 [ Goto: |1 1-100f12362 € >

Figure 5: Segmentable table view in Google Analytics.

the addition of snapshots of information shown as bar charts, pie charts, or representations on geo-
graphical maps.

The user flow diagram is the exception to this rule and is notable in the context of digital games
and digital learning environments as this kind of visualization shows how users in the aggregate expe-
rience content serially, moving from one piece of content to the next. This is related to the concept
of the travel-path, described in D1.1 (3), which will be visited later in this deliverable.

2.1.4 Trends in General Analytics Solutions

Pulling together observations from the three described General Analytics solutions we see that most
of these offerings are centered on tracking numbers of users over time, breaking down users into
segments from the data collected or from meta-data available about the users, and tracking key
events such as the order of visited content or conversion behavior. Segments are typically defined
from singular variables drawn from either behavior observed from event tracking or meta-data. The
services are not focused on automatically clustering or otherwise segmenting users based on mul-
tidimensional models, possibly because different domains require different clustering methods and
different tuning of these methods. None of the solutions are oriented toward following individual
users closely, but rather focus on displaying analytics in the aggregate. Individual users are tracked,
and used to generate longitudinal statistics and visualizations such as user flows and funnel views,
and statistics describing user engagement and churn, but these are again typically presented in the
aggregate. All the frameworks are based on event-driven tracking points, quite likely since this is a
straight-forward paradigm for collecting data across very different domains, since the developers im-
plementing the tracking points ensure that tracking points are placed in ways where they correspond
to meaningful events of interest.
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Figure 6: User flow diagram in Google Analytics.

2.2 Game Analytics solutions

In addition to the general analytics providers, three of which we describe above, a number of analyt-
ics services exist that cater particularly to game developers and game analysts. According to the
feedback we received from our network survey, two main services are of interest to game developers:
Game Analytics and Unity Analytics.

2.2.1 Game Analytics

Arguably one of the first services to cater specifically to game developers, Game Analytics offers a
platform tailored for easy integration in the game development process. The service offers plug-
ins for a range of game platforms and game engines with easy tracking integration. It also offers
benchmarking along key performance indicators between games in a one-to-may relationship. The
platform is focused on showing time-line data with a focus on user acquisition, engagement, and
churn, allowing analysts to filter data on a range of variables.

The system allows for funnel visualization, akin to that described for Google Analytics, which in
the particular case of games can be used to visualize e.g. progression through a game.

The platform allows for segmentation of users based on custom segmentation conditions with
reports that are updated continuously.

The system also presents the option of using cohort analysis, where players are grouped by the
time they first joined the game. This allows analysts to investigate whether players act differently
based on when they started playing the and track e.g. player community responses to updates. The
platform also features error tracking through the SDKs for the various platforms, which in turn may
allow developers to troubleshoot errors and improve the quality of their game. Another prominent
feature of the platform is the ability to track game variables over time, typically those pertaining to
player state. This allows to developers to track how players are interacting with the game in aggre-
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R AR A ALIR

Figure 7: Longitudinal view in Game Analytics.

gate.

As in the case of the general analytics services, Game Analytics is driven by event-driven tracking
and a focus on displaying player progression in the aggregate, allowing analysts to filter out particular
subsamples and investigate metrics over time within these subsamples. Again, context information
about the games providing the data is obtained through the labels which are defined by developers
and parsed by human analysts. Most of the visualizations are accomplished through line graphs and
tables displaying aggregate metrics attached to events. As such, Game Analytics can be thought of
as a specialized, focused offering in line with the general analytics services, but targeting the game
market specifically.

2.2.2 Unity Analytics

Unity Analytics provides an offering much akin to that provided by Game Analytics, but targeting
solely the Unity game engine. In fact, the service is provided as part of the Unity engine license.

The features offered in Unity Analytics roughly match the ones offered in Game Analytics with
options for visualizing standard metrics over time, options for segment building, and funnel analysis.

Analysts can define custom events in their game code and track these through Unity Analytics
and visualize these in aggregate using the web based interface. Overall, Unity Analytics apply the
same visualization strategies as seen above with an emphasis on line and bar charts in combinations
with tables to allow for sense-making of the collected data.

2.2.3 deltaDNA

Another analytics product that is tailored towards the game industry is deltaDNA (formerly Games
Analytics *not* GameAnalytics as described above). deltaDNA offers an large platform that offers
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Conversion

59.68% Tm. 5s. 25.43K 15.18K 10.25K

Funnel visualization

BUILD #3 COUNTRY #3
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Figure 8: Funnel view in Game Analytics

Name Includes / Excludes Data Status

A High spenders [ Country | Mar 20. - Sep 15. 2015 V Processed
@ Intermediate Players m m Mar 20. - Sep 15. 2015 V Processed
@ Low spenders Mar 20. - Sep 15. 2015 V Processed
@ Medium spenders Mar 20. - Sep 15. 2015 V Processed
A Non Payers Mar 20. - Sep 15. 2015 V Processed

Non Payers
@ Paying Users from United States m Mar 20. - Sep 15. 2015 V Processed

Figure 9: Segment view in Game Analytics.

besides "Deep data analytics” also ”Real-time marketing”. However, when referring to "Deep data
analytics”, one should not automatically assume that this matches the Deep Analytics definition of
the ENVISAGE project. For example, many of the deltaDNA’s “"deep data analytics” features focus
on KPIs displayed on a dashboard, benchmarks comparing KPIs to industry standards, or funnels.
Besides their pre-configured dashboards, they also provide custom dashboards and direct access to
the data. Both options give more flexibility to the customer when setting up their analytics.

As opposed to the "Deep data analytics”, deltaDNA’s “Real-time marketing” does contain tools
and solutions that the ENVISAGE consortium would potentially consider as Deep Analytics. For ex-
ample, deltaDNA offers A/B tests and balancing. The balancing features allow game developers to
adjust parameters of the game, so that an individual user experience is possible for every player .
A typical example of a parameter to change is the difficulty level of a game. Clearly, changing the
content or difficulty in a game has many counterparts in educational learning and virtual labs. The

1See https://www.youtube.com/watch?v=sDvBYzPiDXA for more information.
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Cohorts

B May 1. - May 30. 2017~ & Export to CSV
Cohort week ~ Users Week O Week 1 Week 2 Week 3 Week 4

May 1. 2017 1129.00 2.00 1.99 199 199

May 29. 2017 594.00 198 -

MEAN 7184.00 1.99 2.00 2.00 1.97 1.99

Figure 10: Segmented table view in Game Analytics.

ENVISAGE project is further developing this angle by providing an authoring tool that will allow teach-
ers to actually not only adjust parameters of virtual labs but also certain design aspects. To achieve
this, the ENVISAGE consortium require more flexibility than provided by existing solution.

2.2.4 Trends in Game Analytics Solutions

Pulling the observations from the two game analytics specific services presented above, we find that
these represent specialized instances of general analytics services. The analytic are focused on track-
ing and visualizing users in the aggregate with a focus on visualizing mostly singular metrics, or some-
times metrics next to one another, or letting the analyst construct new metrics by combining others
or defining custom events. Visualization strategies are centered on using line and bar graphs in con-
junction with tables to provide analysts with quickly interpretable analytics.

2.3 Research Game Analytics Solution: Machinations

A final example of visualization in game analytics that takes an approach different from the examples
described above is the Machinations system developed chiefly by researcher Joris Dormans [4, 3].
The Machinations system is event-driven in the same manner as the analytics platforms described
above, but also encompasses an abstracted simulation of the game system being analyzed. That
is, an analyst wishing to use the Machinations system must first describe the logic of the game at
some chosen level of abstraction corresponding to the tracked events, using the Machinations visual
flow chart description language. The system is intended to be both a simulation driven analytics
tool, deployed before any players actually use the game. Events are simulated used random number
generators, statistical distributions, and rules. The flow charts then visualize these events dynamically
and how the game’s rules respond to these events, for instance when simulating a game’s economic
system. Once a game is public and players start interacting with the game, these synthetic event
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Figure 11: Error view in Game Analytics.

generators can be replaced with actual game events drawn for player, which in turn can drive the
interactive, animated flowchart view. This represents a game analytics approach which is much closer
to the mechanics and dynamics of a particular game being analyzed, but comes with a larger upfront
cost in terms of time investment, since the game must be modeled as a flowchart.

This section presented a brief overview of current approaches in on-line analytics and game an-
alytics, both in terms of general philosophy and visualization strategies. In the following section, we
identify particular needs for learning analytics determined in the previous deliverables of the ENVIS-
AGE project and relate these to these existing solutions. We use this to identify which approaches
from game analytics may be carried over to learning analytics, and which challenges require novel
solutions.

3 Requirements for Visualizing Course Progress Reports

To understand what visualization principles and practices can be transferred from analytics in general
and game analytics it is helpful to understand what visualization needs have already been identified
for ENVISAGE. In this section, we extract visualization requirements from the previous deliverables
completed for ENVISAGE and relate these to the approaches identified in Section 2. Specifically,
we draw on D1.1 [9], D1.2 [7], D2.1 [6], and D2.2 [8]. Together, these deliverables present a first
approach at understanding the interests of teachers using and building virtual labs for teaching, what
data would serve these interests well, and the analytical treatments and supporting architecture
necessary to serve these interests. Below we extract the requirements or ideals that pertain to the
visualization of data drawn from virtual labs, and the technical implementations that follow from
them. We group each concern thematically across deliverables in the sections below.

Page 16



D2.3,V1.0

Resources Summary +0

“

B May 1. - May 30.2017 ~

Total flow by currency B2y ver  coum
55.73M ..

COINS (SUM)

\

Figure 12: Longitudinal view in Game Analytics.

3.1 Considerations related to teacher questions

D1.2 [7] and D2.2 [8] identify a fundamental need for visualizations allowing teachers to visualize
learning behavior and indicators as a) individuals or in groups, allow them to b) contrast individuals
to one another, groups to one another, or individuals to groups, and c) allow them to make these
comparisons either cross-sectional or longitudinally.

3.1.1 Selecting individual and or group visualization

Allowing for flexible visualization in groups or at the individual level requires the easy selection of
subsamples of data. This creates for the easy definition of filters and segmentations of existing data.
Visualization solutions developed through ENVISAGE should support the easy definition of these cri-
teria. Strategies for accomplishing this can be transferred from the filtering and segmentation meth-
ods identified in existing (game) analytics solutions.

3.1.2 Contrasting individuals and/or groups to one another

To contrast different groups to one another the filtering and segmentation should be used to create
multiple instances of the same visualization, but with different data being displayed. This would
allow teachers to compare e.g. one student to the rest of the class, to students to one another, or
two classes to each other.

3.1.3 Allowing for cross-sectional or longitudinal visualization

Given that teachers may be interested in comparing individuals or classes in singular sessions, or
track individuals or groups over longer periods of time, ENVISAGE should produce visualizations ap-
propriate for both these use cases. For cross-sectional visualizations, it would be relevant to present
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Figure 13: Longitudinal view in Unity Analytics.

values of one or more metrics for both the groups of interest as done in the commercial analytics
platforms described in Section 2. We can also consider taking a Machinations-inspired approach and
foregrounding the dynamics within the game sessions for each group, exposing how students inter-
act with the mechanics of the learning environment. For longitudinal visualizations, aggregate metric
visualization approaches may be imported from the commercial analytics services.

3.2 Considerations related to metrics

In this following section we consider the metrics of interest defined in D1.2 [7] and suggest visual-
ization strategies. We consider each metric from the perspective of Stevens’s Theory of Scales of
Measurement[10].

3.2.1 Time-on-task

Time-on-task is fundamentally a quantitative measure with a meaningful zero point and as such qual-
ifies as being measured on a ratio scale. Visualizing this metric for individuals or groups, or individuals
and groups can easily be accomplished by line graphs or bar charts that can be scaled linearly to rep-
resent the relevant value for the sub-sample in question. Time-on-task may also be range-normalized
according to the length of the whole section in which the task was engaged with, presenting a relative
measure. Both of these approaches can be relevant to teachers, depending on whether they are in-
terested in understanding absolutely how much time students spend on particular tasks, or whether
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Figure 14: Funnel view in Unity Analytics.

they are more interested in understanding how students spend the time that is available to them,
relatively, between the tasks. For this reason, the first ENVISAGE implementation will support both
these modes of visualizing this metric.

3.2.2 Time-to-completion

Time to completion is also a ratio scale metric, similar to time-on-task. The metric cannot be normal-
ized for an individual session, but could be range-normalized across all the time taken across multiple
sessions to provide a relative visualization.

3.2.3 Class categorization profile

The class profile is an ordinal metric that divides a class into one of three performance categories:
low, moderate or high, on a number of dimensions. The category for the class is calculated based on
the aggregate performance of the individual students in the class. The class profile corresponds to a
segmentation in the analytics solutions presented in Section 2, but an ordered segmentation rather
than a completely nominal (categorical) one. The class profile can be visualized using a color scale,
which can be helpful both when measuring the same class over time or when comparing two classes
to one another. When data from multiple classes is being visualized the color scale can also be used
as a legend coloring data points, adding another dimension to the visualization.

3.2.4 Levels of proficiency

Levels of Proficiency is a value calculated based on which percentages of a class population reach
which performance categories out of low, moderate, or high. The metric is an interval level measure
which is well suited for visualization through line graphs or bar charts.
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Figure 15: A dashboard from deltaDNA.

3.2.5 Mastery index

Mastery index describes how well a student is capable of conforming to some objective measure
internal to the learning environment in question. For the Wind Energy Lab e.g. this could be the
percent of the time where the student was able to keep the simulation in a correctly powered state.
Typically, the mastery index will benefit from being normalized to range from 0 to 1 or 0 to 100,
since the index describes the space going from complete incompetence to perfect mastery. For the
purposes of ENVISAGE we assume that the mastery is measured linearly or can be transformed into
a linear form. Given this assumption, this metric is also an interval level measure and hence suited
for visualization through line graphs and bar charts that can express how close a student or groups of
students are to achieve perfect mastery and can be used to compare students or groups of students.
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Figure 16: Interactive flowchart and simulation in Machinations.

3.2.6 Travel Path

The travel path metric describes how one or more students move through a learning environment
i.e. which sequences of actions they took and the corresponding events that were elicited. The travel
path consists of a number of sequentially ordered data-points that at the simplest level can contain
just labels or at the most complex levels can contain the full-game state as well as meta-data about
the student(s), their location, and so forth. As such the travel path can contain multiple levels of mea-
surement and cannot easily be expressed in a compressed format. Rather, the dynamic movements
of the students through the learning environment must be described at the level of abstraction de-
fined by the collected events. Appropriate visualization strategies can be drawn from the funnel, user
flow, and Machinations-style visualizations described in Section 2. Each of these provide approaches
for showing how individuals or groups of individuals move between the events that are possible in
an environment.

4 Goals of Learning Analytics Visualization

Drawing together the findings from the previous section, a number of high-level goals for learning
visualizations that our solution must be capable of addressing become clear. This allows us to define
this first iteration of visualization strategies for the ENVISAGE project. Some of these goals are similar
to the goals in commercial game analytics and hence visualization methods can most likely be ported
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directly from this field. Others are specific to learning analytics and require visualization solutions
particular to this field.

4.1 Cross Sectional and Longitudinal visualization

Learning analytics shares the need for both comparing different segments at specific points in time as
well as tracking metrics over the course of time. Methods for accomplishing this are well-developed
in commercial game analytics, as described in Section 2 and the described approaches of providing
aggregate summaries in the form of pie charts, bar charts, and line graphs can be transferred directly
from game analytics to learning analytics.

4.2 Small-Scale visualization

Where most of the analytics solutions reviewed in Section 2 focus on aggregating across large num-
bers of users, except for Machinations, learning analytics sometimes comes with a need for visualiz-
ing across a small number of users and possible only a single session or very few sessions [8]. This
means that visualization solutions developed for Learning Analytics need to allow the analyst to re-
ceive meaningful visualizations at e.g. the class level, or even at the level of an individual user. This
is different from the approaches taken in game analytics in general which typically supposes users in
the thousands or millions and as a results focuses predominantly on aggregated data.

4.3 Unknown Goals

As documented in D1.1 [9] and D2.2 [8]. it is not given that educators will be able to define objec-
tive measures of performance ahead of time, when engaging in Learning Analytics. This could be
either due to measures of interest arising from studying the data during Learning Analytics or that
the processes of interest take place in an environment that is not trackable i.e. in the mind of the
student or as a social process in the classroom and not in a process that is observable inside the
digital learning environment. We can contrast this with regular analytics where the analyst is of-
ten interested in objective measures of user behavior. The examples of game analytics we covered
in Section 2 focus on metrics such as engagement (how long do users stay within a digital content
universe), app launches, and conversions. These metrics are easily defined, measurable and do not
concern themselves with learning or developmental changes in the mind of users. Defining an objec-
tive for optimization, thus, is typically easier in commercial analytics and game analytics. We suggest
that this motivates developing more flexible, customizable, and process-oriented visualizations for
learning analytics than standard game analytics. Since the analysts (i.e. teachers designing digital
learning experiences, e.g. in the form of virtual labs) may not be able to directly measure the out-
come that they are attempting to optimize for, it becomes increasingly important to facilitate data
exploration and render salient how students are moving through the digital learning environment.
This is mirrored in the emphasis on the travel path metricin D1.1 [9], D1.2 [7], and D2.2[8].
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4.4 Clustering for Segment Discovery

For Learning Analytics, the notion of segmenting is useful, much in the same way that it is useful to
commercial Game Analytics. Learning Analytics provides several outcome segments that can be cal-
culated objectively and externally, or gained from meta-data about students provided it is possible
to identify individual students in the dataset. This could be, for instance, the student’s overall per-
formance in the subject that a digital learning environment is designed to teach, represented by e.g.
the student’s grade in the subject. It could also be the metrics internal to learning analytics, such as
e.g. the proficiency level or the mastery index. Nonetheless, teachers or analysts may be interested
in mapping these outcome classes to classes that are derived from the collected data, rather from
externally defined metrics. For ENVISAGE, it is expected that the Deep Analytics under development
will provide these suggested segmentations through processes of clustering. While it is too early to
describe how this clustering will work in detail, as this will be determined in a later deliverable, there
will be a need for visualizations that support teachers and analyst in making sense of the clustering
proposed by Deep Analytics and connecting this to other outcome metrics or objectively defined seg-
mentations. Thus, visualization solutions for both shallow and deep learning analytics will need to
flexibly support not only the definition and display of segments, but also the discovery and rejection
or confirmation of potential segmentations derived from patterns in the collected interaction data.
In the following section, we describe the preliminary visualization strategies that were developed in
to satisfy the goals identified here.

5 Developed Visualization Strategies

In this section we describe visualization strategies developed in order to accomplish the goals iden-
tified in the previous section. It is important to note that the visualizations described here are work-
in-progress and will be updated over the course of the project. Most notably, perhaps, they do not
take into account visualization strategies for Deep Analytics, as the methods for these are still being
developed in forthcoming deliverables.
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5.1 Basic visualizations: Bar Charts and Line Graphs

Collected here under one heading, the most basic visualizations developed for Learning Analytics are
basic aggregate visualizations of singular metrics. These mirror the implementations of visualizations
of aggregate metrics that are common-place in commercial game analytics.

g
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Viewconfiguration  view.show_power  add.turbine startsimuation  view.show_values launch viewshow_pie  reset.simulation viewhome
output_report for_current_hour Spesd. charls
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Figure 17: Simple bar charts from the ENVISAGE visualization library.
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5.2 Force-Directed Graph Visualization

This visualization is focused on visualizing typical travel paths. In the force-directed graph, each node
represents a possible event in the virtual lab. The weight of an edge between two nodes visualizes
how frequently this transition occurs in the currently selected sample. This visualization is useful
for cross-sectional inspection of aggregate behavior in a group of individuals and allows an analyst
(typically a teacher) to see which transitions are frequent and which are infrequent. Additionally,
placing two or more of these visualizations next to one another, as shown in Figure 18, allows an
analyst to quickly compare whether interactions frequencies are similar or different between the
groups. If e.g. an analyst wanted to compare the behaviors of two groups of students; one with a
high proficiency level and one with a low proficiency level, this visualization would allow for a quick
impression of the differences in interactions patterns. While the forced graph visualization provides
a quick overview, it is harder to extract detailed patterns from this visualization. This is addressed in
the following visualization, the Chord Diagram.

Figure 18: A force-directed graphs of a group of students.
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5.3 Chord Diagram Visualization

The Chord Diagram also describes transition frequencies between states in the aggregate, allowing an
analyst to inspect e.g. the interaction patterns of a class. It draws on principles also observed in the
Google Analytics User Flow diagram, described in Section 2. However, many virtual labs including the
Wind Energy lab of the ENVISAGE project, which provided the data for these examples, are not strictly
linear experiences, but rather systems where the same state may be visited multiple times, at least
at certain tracking resolutions. If state or sequence information is removed, the interaction may be
described not only as a linear flow of events, but also as transitions in a cycle graph. Here, it becomes
interesting to see for each state, which is the most visited next state. The Chord Diagram visualization
addresses this by providing the analyst with a view where all transitions from one event to other
events are shown as colored flows. Additionally, the implemented visualization allows for filtering
the data by hovering over source events, in which case only the flow from the highlighted source
event is shown. This visualization collapses time across the digital learning environment in favor of
showing transition frequencies in the same way as the force directed graph, but with an emphasis on
detail an allowing the analyst to drill down into specific transition patterns. Again, comparing multiple
segments may allow an analyst to intuitively make sense of how interactions patterns are different
and form hypotheses to be explored on this basis. Collapsing the time dimension into aggregate
frequencies does remove some information about the sequences in which students move between
events. This is addressed in the following two visualizations: Time-line visualizations.

Figure 19: A chord diagram showing next event distribution after the start.simulation event.
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5.4 Absolute Time-line Visualization

Where the Force-Directed Graph and the Chord Diagram disregard the sequence of user actions in
favor of aggregating transition patterns the time-line visualizations developed for ENVISAGE focus
on foregrounding the time spent between different events. The time-line visualization leverages
the full travel path metric delivered by Shallow Analytics to display which events each individual
user experienced and how much time was spent between each event visit. The first visualization
taking this approach is the Absolute Time-line visualization. This visualization simply labels the time
between events with the name of the event at the start of each period and displays information
either for each user or averages across groups of users. This allows an analyst compare individuals or
groups in terms of how much time they spend in different parts of the digital learning environment,
potentially spurring on insights into reasons for these differences or changes that might move these
patterns closer to a desired state. If a high degree of variation is observed in the dataset, e.g. if
students spend very different amounts of time overall or on specific tasks, it may become difficult
to compare individuals or groups to one another. This problem is addressed in the final visualization
strategy developed for this deliverable, the Relative Time-line Visualization.

962076830.1488361317, game 1
981506019.1484142500, gama 5
981906019.1484142500, gamo &
981506019.1484142500, gamo 3
981506019.1484142500, gamo 2
981906019.1484142500, game 1
964820680.1485166182, gamo 5

964820680.1485166182, game 4

o ]
.2

948570286.1485166459, game 2

948570286.1485166459, game 1

882063407.1485166068, game 0

Figure 20: An absolute time-line view of event sequences, i.e. travel paths, in the Wind Energy Lab.

5.5 Relative Time-line Visualization

The relative time-line visualization uses the same travel path metrics as the Absolute Time-line Vi-
sualization, but normalizes all total session times to the same visual length, and calculates the time
spent between events as a relative fraction of this total amount of time. This means that the activities
of students are no longer comparable in terms of the total time taken (this perspective is addressed
in the Absolute Time-line visualization), but become comparable in terms of where they spend their
time, relatively. While this may produce misleading information for datasets with a high degree of
variation in terms of the total session length, it may be useful to an analyst when the sessions are rel-
atively similar, but not completely. When working with groups, values may again be averaged before
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this normalization process. Figure 21 shows this type of visualization for a dataset where a number
of individuals are displayed. This visualization additionally sorts the students based on the pattern
similarity between their normalized sessions. This is accomplished by drawing on the Levenshtein
distance comparison feature included in the Shallow Analytics library: The travel paths of the stu-
dents, and the time they spent between different events, are quantized into string representation
of the patterns. These patterns are then compared in terms of edit distance, using the Levenshtein
metric, and sorted according to their distance to one another. This may provide an analyst with a
quick sorting of the students or groups of students according to their travel paths, which may in
turn by combined with segment information to inspire the analyst to various hypotheses about the
differences between these segments.

Figure 21: Relative time-line visualization of event sequences, i.e. travel paths, in the Wind Energy
Lab for a group of students. Users travel paths are sorted by similarity by measuring the pairwise
Levenshtein edit distances. Color legend: Blue: time spent in launch; time spent in home
view; Orange: time spent in configuration view; Green: time spent in simulation view; Red: time
spent looking at current hour values; time spent viewing power output report.

5.6 State-Based Travel Path Visualization

The current tracking resolution of the ENVISAGE Virtual Labs does not support detailed state infor-
mation in relation to events. This lack of detailed context is a typical property of analytics solutions
and hence it is sensible to develop visualization solutions like the ones presented here, that do not
presuppose detailed state information but only work with sequences of events. However, as part of
advancing the state of the art Learning Analytics, the ENVISAGE project will be implementing detailed
state tracking functionality for the newly implemented virtual labs which will also be used to enable

Page 28



&

D2.3,V1.0

Deep Analytics. Once these are in place, this deliverable will be updated to also include travel-path
visualization strategies that take into account the state, and hence the context, of the tracked events,
as also described in D2.2 [8].

6 Technical implementation

6.1 Overall Architecture

The visualizations implemented for ENVISAGE can be found at the following URL:
https://github.com/Envisage-H2020/Analytics-Visualizations

As described in D4.1, the ENVISAGE project employs a distributed software architecture where
the various tasks in the project are handled by independent modules that communicate REpresenta-
tional State Transfer (REST) [5]. . The visualization components developed for ENVISAGE follows these
same principles; the visualization software assumes that it may retrieve a dataset, or subsamples of
a dataset at URL endpoints provided by the data store solution provided by goedle.io. The received
data is then parsed, transformed, and analyzed as necessary, either directly in the visualization im-
plementation or by requesting these transformations and analyses from the implemented Shallow
Analytics solution, delivered as part of D2.2 [8]. All JavaScript is executed in the user’s browser, as
shown in Figure 22 below.

6.2 D3 implementation

All the visualizations described and depicted above are implemented using the open source JavaScript
visualization library D3 (short for Data Driven Documents). D3 provides a powerful framework for
developing visualizations using Scalable Vector Graphics (SVG), Hypertext Markup Language (HTML),
Canvas (a feature of HTML), and JavaScript. All modern web browsers are capable of using the tech-
nology as are many so-called WebViews (components that embed web browser rendering engines
within other software solutions) for game engines or other software applications. This makes D3 a
very flexible and general tool for providing the visualizations for envisage. All visualizations described
above are implemented in singular HTML files. Each of these HTML files load the D3 visualization
JavaScript library and contain the custom JavaScript necessary to generate the visualization embed-
ded inside the HTML file. Stylings necessary for each visualization are defined using Cascading Style
Sheets (CSS). Stylings specific to each visualization are also embedded inside each HTML file while
stylings shared between the visualizations, currently the styling necessary to display filtering sliders,
are stored in shared CSS files. The general solution is displayed in Figure 23 below.

7 Conclusion

This deliverable described the background for, the design of, and the implementation of the initial
visualization solutions for the ENVISAGE project. The visualization strategies were informed partially
by the state of the art in commercial game analytics and partially by the needs identified by pre-
vious deliverables over the course of the ENVISAGE project. The result is a demonstrator piece of
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Figure 22: The overall architecture for the visualization part of the ENVISAGE solution. Elements
shown in the browser window are calculated and rendered on demand in the user’s browser, drawing
on the elements show outside the window: the goedle.io data server, and the deep analytics service.

software implemented in JavaScript, leveraging the D3 visualization library, and the initial Shallow
Analytics library, delivered as part of D2.2. The demonstrator supports many of the identified needs:
the ability to conduct cross-sectional analysis, the ability to filter and select on multiple levels, the
ability to overview metrics defined in D1.1 and D1.2, and the ability to explore student travels paths
through the virtual labs. Other capabilities will be added to the visualization suite as the ENVISAGE
technical platform matures. Future updates of the visualization strategies will be updated to allow
for longitudinal analysis as well as integrate information derived from the Deep Analytics implemen-
tation, which is underway. They will also expand on the visualization strategies identified and initially
implemented in this deliverable.
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Figure 23: The relations between the documents and libraries developed for this deliverable. The
visualization also includes the Deep Analytics service under developed (marked with dotted lines).
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