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ExecuƟve Summary

This deliverable describes the iniƟal visualizaƟon strategies developed for the ENVISAGE project and

their implementaƟon. Building from an overview of the state of the art in general AnalyƟcs andGame

AnalyƟcs, it moves on to idenƟfy requirements and goals for learning analyƟcs visualizaƟon, building

from previous deliverables in the project. A number of visualizaƟon strategies are presented and

their technical implementaƟon is described.

Page 3



D2.3, V1.0

AbbreviaƟons and Acronyms

CSS Cascading Style Sheets

DLA Deep Learning AnalyƟcs

HTML HyperText Markup Language

JS JavaScript

LA Learning AnalyƟcs

SLA Shallow Learning AnalyƟcs
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1 IntroducƟon

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 iniƟal implementaƟon of visualizaƟon and reporƟng techniques for visual exploraƟon of

the collected data that aim to provide useful insights into the learners’ profiles and acƟons.

While the actual deliverable is a Demonstrator; i.e. a soŌware soluƟon that aims to solve the

problem of visualizing learning analyƟcs. This companion document aims to provide the context for

the delivered soŌware, explaining the implementaƟon and the design choices made during devel-

opment. AddiƟonally, this companion document details the soŌware libraries used and technical

implementaƟon employed.

In the following SecƟon, State of the Art in Game AnalyƟcs VisualizaƟon, we first provide a brief

review of exisƟng soluƟons from Game AnalyƟcs (GA). ENVISAGE is premised on the fact that meth-

ods and technology fromGA can be transferred into the newdomain of Learning AnalyƟcs (LA). Hence

it may be helpful to idenƟfy the state of the art in GA before designing soluƟons for LA.

Then, in SecƟon 3, Requirements for Visualizing Course Progress Reports, we enumerate and

interpret requirements idenƟfied 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 aestheƟcs. A translaƟon of methods, pracƟces, technology from GA

into LA should take this into account, rather than import these wholesale with no modificaƟon. In

SecƟon 4, Goals of Learning AnalyƟcs VisualizaƟon, wedraw together the informaƟon fromSecƟons 2

and 3 and define the goals of LA in ENVISAGE and the derived visualizaƟon strategies. SecƟon 5

describes the specific visualizaƟon strategies that we developed to achieve these goals, and SecƟon 6

describes the technical architecture and implementaƟon used to bring these visualizaƟons to live, in

concert with the other soŌware components of the ENVISAGE project.

2 State of the Art in Game AnalyƟcs VisualizaƟon

A core idea for the ENVISAGE project is to leverage exisƟng pracƟces and ideas from GA for com-

mercial digital games. To enable this, this secƟon briefly reviews visualizaƟon strategies in exisƟng

commercial soluƟons for analyƟcs. It covers both some general analyƟcs soluƟons and some game

specific analyƟcs soluƟons.

To idenƟfy the most relevant (Game) AnalyƟcs services and soluƟons 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 idenƟfying so-

luƟons targeted at (but not limited to) small to medium-size game developers. Through personal

communicaƟon 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-

Ɵon and analyƟcs soluƟons. In the laƩer case, the data from is typically handled by in-house analyƟcs

and design teams.

Using this approach, we idenƟfied 3 general analyƟcs soluƟons commonly used by game devel-

opers as well as 2 predominant game analyƟcs soluƟons. We also idenƟfied 1 research project with
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significant potenƟal for both Game AnalyƟcs and Learning AnalyƟcs.

In the secƟon below we describe and draw some general conclusions from these visualizaƟon

soluƟons. We do not describe these soluƟons exhausƟvely, as that would be beyond the scope of this

deliverable, but present the most important take-away from each service, focusing on visualizaƟon

strategies.

2.1 General AnalyƟcs soluƟons

2.1.1 App Annie

App Annie [1] is a general analyƟcs plaƞorm 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, raƟngs, and features – all analyƟcs that are

valuable to game developers tracking their games’ performance. The service also provides analyƟcs

on in-app (or in this case in-game) adverƟsing 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 Ɵme, 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.

Figure 1: Longitudinal view in App Annie.

Page 8



D2.3, V1.0

2.1.2 Facebook AnalyƟcs

Facebook AnalyƟcs addressesmany of the same issues as App Anniewith a similar focus, albeit with a

focus not just on apps, but also on Facebook Apps – content developed specifically for the Facebook

plaƞorm. As with App Annie, Facebook AnalyƟcs is focused on tracking the flow of users toward

and away from content over Ɵme, and provides numerous Ɵme-line visualizaƟons and aggregated

staƟsƟcs about users that break them down into categories.

Figure 2: Cross-secƟonal view with segments in Facebook AnalyƟcs.

In terms of visualizaƟon, Facebook AnalyƟcs mostly uses line graphs, bar charts, pie charts, and

tables. The service also supports a Funnel editor and viewing componentwhere 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 howmany

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 analyƟcs where educators may have a parƟcular process in

mind and would like to understand howmany 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 AnalyƟcs

Google AnalyƟcs is also a general analyƟcs plaƞorm. The service is generally directed at digital con-

tent and not limited to e.g. apps or games. Consequently, the service is advancedwithmany different

visualizaƟons and opƟons for customizaƟon. In this brief overview, we try to draw together the most

predominant visualizaƟon strategies offered on the service, rather than describe the full service in

detail. Google AnalyƟcs features a virtual dashboard that allows for sub-sampling collected data by

defining segments of users and filtering data in terms of Ɵme. Once a (sub)sample of users is selected,

the dashboard allows for the display of metrics over Ɵme, alone or mulƟple metrics simultaneously.

Themetrics displayed are objecƟvely definedmeasure of user behavior, such as e.g. howmany users

experience a certain piece of content, or how many users leave immediately aŌer seeing a piece
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Figure 3: Conversion view in Facebook AnalyƟcs.

of content. For this reason the dashboard mostly displays aggregated frequencies and averages, ei-

ther as snap-shots or over Ɵme, and uses a combinaƟon of bar-charts, pie-charts, and line-graphs to

visualize this data.

Figure 4: Longitudinal view in Google AnalyƟcs.

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 diagnosƟcs in terms of when users leave a digital content universe, typically a

website.

In general, Google AnalyƟcs uses visualizaƟon with an emphasis on Ɵme-line visualizaƟons with
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Figure 5: Segmentable table view in Google AnalyƟcs.

the addiƟon of snapshots of informaƟon shown as bar charts, pie charts, or representaƟons on geo-

graphical maps.

The user flow diagram is the excepƟon to this rule and is notable in the context of digital games

and digital learning environments as this kind of visualizaƟon 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 AnalyƟcs SoluƟons

Pulling together observaƟons from the three described General AnalyƟcs soluƟons we see that most

of these offerings are centered on tracking numbers of users over Ɵme, 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 automaƟcally clustering or otherwise segmenƟng users based on mul-

Ɵdimensional models, possibly because different domains require different clustering methods and

different tuning of these methods. None of the soluƟons are oriented toward following individual

users closely, but rather focus on displaying analyƟcs in the aggregate. Individual users are tracked,

and used to generate longitudinal staƟsƟcs and visualizaƟons such as user flows and funnel views,

and staƟsƟcs 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 collecƟng data across very different domains, since the developers im-

plemenƟng 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 AnalyƟcs.

2.2 Game AnalyƟcs soluƟons

In addiƟon to the general analyƟcs providers, three of which we describe above, a number of analyt-

ics services exist that cater parƟcularly to game developers and game analysts. According to the

feedbackwe received fromour network survey, twomain services are of interest to gamedevelopers:

Game AnalyƟcs and Unity AnalyƟcs.

2.2.1 Game AnalyƟcs

Arguably one of the first services to cater specifically to game developers, Game AnalyƟcs offers a

plaƞorm tailored for easy integraƟon in the game development process. The service offers plug-

ins for a range of game plaƞorms and game engines with easy tracking integraƟon. It also offers

benchmarking along key performance indicators between games in a one-to-may relaƟonship. The

plaƞorm is focused on showing Ɵme-line data with a focus on user acquisiƟon, engagement, and

churn, allowing analysts to filter data on a range of variables.

The system allows for funnel visualizaƟon, akin to that described for Google AnalyƟcs, which in

the parƟcular case of games can be used to visualize e.g. progression through a game.

The plaƞorm allows for segmentaƟon of users based on custom segmentaƟon condiƟons with

reports that are updated conƟnuously.

The system also presents the opƟon of using cohort analysis, where players are grouped by the

Ɵme they first joined the game. This allows analysts to invesƟgate whether players act differently

based on when they started playing the and track e.g. player community responses to updates. The

plaƞorm also features error tracking through the SDKs for the various plaƞorms, which in turn may

allow developers to troubleshoot errors and improve the quality of their game. Another prominent

feature of the plaƞorm is the ability to track game variables over Ɵme, typically those pertaining to

player state. This allows to developers to track how players are interacƟng with the game in aggre-
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Figure 7: Longitudinal view in Game AnalyƟcs.

gate.

As in the case of the general analyƟcs services, Game AnalyƟcs is driven by event-driven tracking

and a focus on displaying player progression in the aggregate, allowing analysts to filter out parƟcular

subsamples and invesƟgate metrics over Ɵme within these subsamples. Again, context informaƟon

about the games providing the data is obtained through the labels which are defined by developers

and parsed by human analysts. Most of the visualizaƟons are accomplished through line graphs and

tables displaying aggregate metrics aƩached to events. As such, Game AnalyƟcs can be thought of

as a specialized, focused offering in line with the general analyƟcs services, but targeƟng the game

market specifically.

2.2.2 Unity AnalyƟcs

Unity AnalyƟcs provides an offering much akin to that provided by Game AnalyƟcs, but targeƟng

solely the Unity game engine. In fact, the service is provided as part of the Unity engine license.

The features offered in Unity AnalyƟcs roughly match the ones offered in Game AnalyƟcs with

opƟons for visualizing standard metrics over Ɵme, opƟons for segment building, and funnel analysis.

Analysts can define custom events in their game code and track these through Unity AnalyƟcs

and visualize these in aggregate using the web based interface. Overall, Unity AnalyƟcs apply the

same visualizaƟon strategies as seen above with an emphasis on line and bar charts in combinaƟons

with tables to allow for sense-making of the collected data.

2.2.3 deltaDNA

Another analyƟcs product that is tailored towards the game industry is deltaDNA (formerly Games

AnalyƟcs *not* GameAnalyƟcs as described above). deltaDNA offers an large plaƞorm that offers
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Figure 8: Funnel view in Game AnalyƟcs

Figure 9: Segment view in Game AnalyƟcs.

besides ”Deep data analyƟcs” also ”Real-Ɵme markeƟng”. However, when referring to ”Deep data

analyƟcs”, one should not automaƟcally assume that this matches the Deep AnalyƟcs definiƟon of

the ENVISAGE project. For example, many of the deltaDNA’s ”deep data analyƟcs” 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 opƟons give more flexibility to the customer when seƫng up their analyƟcs.

As opposed to the ”Deep data analyƟcs”, deltaDNA’s ”Real-Ɵme markeƟng” does contain tools

and soluƟons that the ENVISAGE consorƟum would potenƟally consider as Deep AnalyƟcs. 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 1.

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 educaƟonal learning and virtual labs. The

1See hƩps://www.youtube.com/watch?v=sDvBYzPiDXA for more informaƟon.
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Figure 10: Segmented table view in Game AnalyƟcs.

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 consorƟum require more flexibility than provided by exisƟng soluƟon.

2.2.4 Trends in Game AnalyƟcs SoluƟons

Pulling the observaƟons from the two game analyƟcs specific services presented above, we find that

these represent specialized instances of general analyƟcs services. The analyƟc are focused on track-

ing and visualizing users in the aggregate with a focus on visualizingmostly singular metrics, or some-

Ɵmes metrics next to one another, or leƫng the analyst construct new metrics by combining others

or defining custom events. VisualizaƟon strategies are centered on using line and bar graphs in con-

juncƟon with tables to provide analysts with quickly interpretable analyƟcs.

2.3 Research Game AnalyƟcs SoluƟon: MachinaƟons

A final example of visualizaƟon in game analyƟcs that takes an approach different from the examples

described above is the MachinaƟons system developed chiefly by researcher Joris Dormans [4, 3].

The MachinaƟons system is event-driven in the same manner as the analyƟcs plaƞorms described

above, but also encompasses an abstracted simulaƟon of the game system being analyzed. That

is, an analyst wishing to use the MachinaƟons system must first describe the logic of the game at

some chosen level of abstracƟon corresponding to the tracked events, using the MachinaƟons visual

flow chart descripƟon language. The system is intended to be both a simulaƟon driven analyƟcs

tool, deployed before any players actually use the game. Events are simulated used random number

generators, staƟsƟcal distribuƟons, and rules. The flowcharts then visualize these events dynamically

and how the game’s rules respond to these events, for instance when simulaƟng a game’s economic

system. Once a game is public and players start interacƟng with the game, these syntheƟc event
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Figure 11: Error view in Game AnalyƟcs.

generators can be replaced with actual game events drawn for player, which in turn can drive the

interacƟve, animated flowchart view. This represents a game analyƟcs approachwhich ismuch closer

to the mechanics and dynamics of a parƟcular game being analyzed, but comes with a larger upfront

cost in terms of Ɵme investment, since the game must be modeled as a flowchart.

This secƟon presented a brief overview of current approaches in on-line analyƟcs and game an-

alyƟcs, both in terms of general philosophy and visualizaƟon strategies. In the following secƟon, we

idenƟfy parƟcular needs for learning analyƟcs determined in the previous deliverables of the ENVIS-

AGE project and relate these to these exisƟng soluƟons. We use this to idenƟfy which approaches

from game analyƟcs may be carried over to learning analyƟcs, and which challenges require novel

soluƟons.

3 Requirements for Visualizing Course Progress Reports

To understandwhat visualizaƟon principles and pracƟces can be transferred from analyƟcs in general

and game analyƟcs it is helpful to understand what visualizaƟon needs have already been idenƟfied

for ENVISAGE. In this secƟon, we extract visualizaƟon requirements from the previous deliverables

completed for ENVISAGE and relate these to the approaches idenƟfied in SecƟon 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 analyƟcal treatments and supporƟng architecture

necessary to serve these interests. Below we extract the requirements or ideals that pertain to the

visualizaƟon of data drawn from virtual labs, and the technical implementaƟons that follow from

them. We group each concern themaƟcally across deliverables in the secƟons below.
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Figure 12: Longitudinal view in Game AnalyƟcs.

3.1 ConsideraƟons related to teacher quesƟons

D1.2 [7] and D2.2 [8] idenƟfy a fundamental need for visualizaƟons 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-secƟonal or longitudinally.

3.1.1 SelecƟng individual and or group visualizaƟon

Allowing for flexible visualizaƟon in groups or at the individual level requires the easy selecƟon of

subsamples of data. This creates for the easy definiƟon of filters and segmentaƟons of exisƟng data.

VisualizaƟon soluƟons developed through ENVISAGE should support the easy definiƟon of these cri-

teria. Strategies for accomplishing this can be transferred from the filtering and segmentaƟon meth-

ods idenƟfied in exisƟng (game) analyƟcs soluƟons.

3.1.2 ContrasƟng individuals and/or groups to one another

To contrast different groups to one another the filtering and segmentaƟon should be used to create

mulƟple instances of the same visualizaƟon, 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-secƟonal or longitudinal visualizaƟon

Given that teachers may be interested in comparing individuals or classes in singular sessions, or

track individuals or groups over longer periods of Ɵme, ENVISAGE should produce visualizaƟons ap-

propriate for both these use cases. For cross-secƟonal visualizaƟons, it would be relevant to present
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Figure 13: Longitudinal view in Unity AnalyƟcs.

values of one or more metrics for both the groups of interest as done in the commercial analyƟcs

plaƞorms described in SecƟon 2. We can also consider taking a MachinaƟons-inspired approach and

foregrounding the dynamics within the game sessions for each group, exposing how students inter-

act with themechanics of the learning environment. For longitudinal visualizaƟons, aggregatemetric

visualizaƟon approaches may be imported from the commercial analyƟcs services.

3.2 ConsideraƟons related to metrics

In this following secƟon we consider the metrics of interest defined in D1.2 [7] and suggest visual-

izaƟon strategies. We consider each metric from the perspecƟve of Stevens’s Theory of Scales of

Measurement[10].

3.2.1 Time-on-task

Time-on-task is fundamentally a quanƟtaƟvemeasure with ameaningful zero point and as such qual-

ifies as beingmeasured on a raƟo scale. Visualizing thismetric 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 quesƟon. Time-on-taskmay also be range-normalized

according to the length of thewhole secƟon inwhich the taskwas engagedwith, presenƟng a relaƟve

measure. Both of these approaches can be relevant to teachers, depending on whether they are in-

terested in understanding absolutely howmuch Ɵme students spend on parƟcular tasks, or whether
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Figure 14: Funnel view in Unity AnalyƟcs.

they are more interested in understanding how students spend the Ɵme that is available to them,

relaƟvely, between the tasks. For this reason, the first ENVISAGE implementaƟon will support both

these modes of visualizing this metric.

3.2.2 Time-to-compleƟon

Time to compleƟon is also a raƟo scale metric, similar to Ɵme-on-task. The metric cannot be normal-

ized for an individual session, but could be range-normalized across all the Ɵme taken across mulƟple

sessions to provide a relaƟve visualizaƟon.

3.2.3 Class categorizaƟon 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

segmentaƟon in the analyƟcs soluƟons presented in SecƟon 2, but an ordered segmentaƟon 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 Ɵme or when comparing two classes

to one another. When data from mulƟple classes is being visualized the color scale can also be used

as a legend coloring data points, adding another dimension to the visualizaƟon.

3.2.4 Levels of proficiency

Levels of Proficiency is a value calculated based on which percentages of a class populaƟon reach

which performance categories out of low, moderate, or high. The metric is an interval level measure

which is well suited for visualizaƟon 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 objecƟve measure

internal to the learning environment in quesƟon. For the Wind Energy Lab e.g. this could be the

percent of the Ɵme where the student was able to keep the simulaƟon 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 assumpƟon, this metric is also an interval level measure and hence suited

for visualizaƟon 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: InteracƟve flowchart and simulaƟon in MachinaƟons.

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 acƟons they took and the corresponding events that were elicited. The travel

path consists of a number of sequenƟally 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 locaƟon, and so forth. As such the travel path can containmulƟple levels ofmea-

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 abstracƟon de-

fined by the collected events. Appropriate visualizaƟon strategies can be drawn from the funnel, user

flow, andMachinaƟons-style visualizaƟons described in SecƟon 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 AnalyƟcs VisualizaƟon

Drawing together the findings from the previous secƟon, a number of high-level goals for learning

visualizaƟons that our soluƟon must be capable of addressing become clear. This allows us to define

this first iteraƟon of visualizaƟon strategies for the ENVISAGE project. Some of these goals are similar

to the goals in commercial game analyƟcs and hence visualizaƟonmethods canmost likely be ported
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directly from this field. Others are specific to learning analyƟcs and require visualizaƟon soluƟons

parƟcular to this field.

4.1 Cross SecƟonal and Longitudinal visualizaƟon

Learning analyƟcs shares the need for both comparing different segments at specific points in Ɵme as

well as tracking metrics over the course of Ɵme. Methods for accomplishing this are well-developed

in commercial game analyƟcs, as described in SecƟon 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 analyƟcs to learning analyƟcs.

4.2 Small-Scale visualizaƟon

Where most of the analyƟcs soluƟons reviewed in SecƟon 2 focus on aggregaƟng across large num-

bers of users, except for MachinaƟons, learning analyƟcs someƟmes 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 visualizaƟon soluƟons developed for Learning AnalyƟcs need to allow the analyst to re-

ceive meaningful visualizaƟons at e.g. the class level, or even at the level of an individual user. This

is different from the approaches taken in game analyƟcs 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-

Ɵve measures of performance ahead of Ɵme, when engaging in Learning AnalyƟcs. This could be

either due to measures of interest arising from studying the data during Learning AnalyƟcs 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 analyƟcs where the analyst is of-

ten interested in objecƟve measures of user behavior. The examples of game analyƟcs we covered

in SecƟon 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 themind of users. Defining an objec-

Ɵve for opƟmizaƟon, thus, is typically easier in commercial analyƟcs and game analyƟcs. We suggest

that this moƟvates developing more flexible, customizable, and process-oriented visualizaƟons for

learning analyƟcs than standard game analyƟcs. 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 aƩempƟng to opƟmize for, it becomes increasingly important to facilitate data

exploraƟon and render salient how students are moving through the digital learning environment.

This is mirrored in the emphasis on the travel path metric in D1.1 [9], D1.2 [7], and D2.2[8].
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4.4 Clustering for Segment Discovery

For Learning AnalyƟcs, the noƟon of segmenƟng is useful, much in the same way that it is useful to

commercial Game AnalyƟcs. Learning AnalyƟcs provides several outcome segments that can be cal-

culated objecƟvely and externally, or gained from meta-data about students provided it is possible

to idenƟfy 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 analyƟcs, 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 AnalyƟcs under development

will provide these suggested segmentaƟons 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 visualizaƟons that support teachers and analyst in making sense of the clustering

proposed by Deep AnalyƟcs and connecƟng this to other outcomemetrics or objecƟvely defined seg-

mentaƟons. Thus, visualizaƟon soluƟons for both shallow and deep learning analyƟcs will need to

flexibly support not only the definiƟon and display of segments, but also the discovery and rejecƟon

or confirmaƟon of potenƟal segmentaƟons derived from paƩerns in the collected interacƟon data.

In the following secƟon, we describe the preliminary visualizaƟon strategies that were developed in

to saƟsfy the goals idenƟfied here.

5 Developed VisualizaƟon Strategies

In this secƟon we describe visualizaƟon strategies developed in order to accomplish the goals iden-

Ɵfied in the previous secƟon. It is important to note that the visualizaƟons 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 visualizaƟon strategies for Deep AnalyƟcs, as the methods for these are sƟll being

developed in forthcoming deliverables.
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5.1 Basic visualizaƟons: Bar Charts and Line Graphs

Collected here under one heading, themost basic visualizaƟons developed for Learning AnalyƟcs are

basic aggregate visualizaƟons of singular metrics. Thesemirror the implementaƟons of visualizaƟons

of aggregate metrics that are common-place in commercial game analyƟcs.

Figure 17: Simple bar charts from the ENVISAGE visualizaƟon library.
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5.2 Force-Directed Graph VisualizaƟon

This visualizaƟon 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 transiƟon occurs in the currently selected sample. This visualizaƟon is useful

for cross-secƟonal inspecƟon of aggregate behavior in a group of individuals and allows an analyst

(typically a teacher) to see which transiƟons are frequent and which are infrequent. AddiƟonally,

placing two or more of these visualizaƟons next to one another, as shown in Figure 18, allows an

analyst to quickly compare whether interacƟons 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 visualizaƟon would allow for a quick

impression of the differences in interacƟons paƩerns. While the forced graph visualizaƟon provides

a quick overview, it is harder to extract detailed paƩerns from this visualizaƟon. This is addressed in

the following visualizaƟon, the Chord Diagram.

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

The ChordDiagramalso describes transiƟon frequencies between states in the aggregate, allowing an

analyst to inspect e.g. the interacƟon paƩerns of a class. It draws on principles also observed in the

Google AnalyƟcs User Flow diagram, described in SecƟon 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 mulƟple Ɵmes, at least

at certain tracking resoluƟons. If state or sequence informaƟon is removed, the interacƟon may be

described not only as a linear flow of events, but also as transiƟons in a cycle graph. Here, it becomes

interesƟng to see for each state, which is themost visited next state. The Chord Diagram visualizaƟon

addresses this by providing the analyst with a view where all transiƟons from one event to other

events are shown as colored flows. AddiƟonally, the implemented visualizaƟon allows for filtering

the data by hovering over source events, in which case only the flow from the highlighted source

event is shown. This visualizaƟon collapses Ɵme across the digital learning environment in favor of

showing transiƟon frequencies in the sameway as the force directed graph, but with an emphasis on

detail an allowing the analyst to drill down into specific transiƟon paƩerns. Again, comparingmulƟple

segments may allow an analyst to intuiƟvely make sense of how interacƟons paƩerns are different

and form hypotheses to be explored on this basis. Collapsing the Ɵme dimension into aggregate

frequencies does remove some informaƟon about the sequences in which students move between

events. This is addressed in the following two visualizaƟons: Time-line visualizaƟons.

Figure 19: A chord diagram showing next event distribuƟon aŌer the start.simulaƟon event.
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5.4 Absolute Time-line VisualizaƟon

Where the Force-Directed Graph and the Chord Diagram disregard the sequence of user acƟons in

favor of aggregaƟng transiƟon paƩerns the Ɵme-line visualizaƟons developed for ENVISAGE focus

on foregrounding the Ɵme spent between different events. The Ɵme-line visualizaƟon leverages

the full travel path metric delivered by Shallow AnalyƟcs to display which events each individual

user experienced and how much Ɵme was spent between each event visit. The first visualizaƟon

taking this approach is the Absolute Time-line visualizaƟon. This visualizaƟon simply labels the Ɵme

between events with the name of the event at the start of each period and displays informaƟon

either for each user or averages across groups of users. This allows an analyst compare individuals or

groups in terms of how much Ɵme they spend in different parts of the digital learning environment,

potenƟally spurring on insights into reasons for these differences or changes that might move these

paƩerns closer to a desired state. If a high degree of variaƟon is observed in the dataset, e.g. if

students spend very different amounts of Ɵme overall or on specific tasks, it may become difficult

to compare individuals or groups to one another. This problem is addressed in the final visualizaƟon

strategy developed for this deliverable, the RelaƟve Time-line VisualizaƟon.

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

5.5 RelaƟve Time-line VisualizaƟon

The relaƟve Ɵme-line visualizaƟon uses the same travel path metrics as the Absolute Time-line Vi-

sualizaƟon, but normalizes all total session Ɵmes to the same visual length, and calculates the Ɵme

spent between events as a relaƟve fracƟon of this total amount of Ɵme. Thismeans that the acƟviƟes

of students are no longer comparable in terms of the total Ɵme taken (this perspecƟve is addressed

in the Absolute Time-line visualizaƟon), but become comparable in terms of where they spend their

Ɵme, relaƟvely. While this may produce misleading informaƟon for datasets with a high degree of

variaƟon in terms of the total session length, it may be useful to an analyst when the sessions are rel-

aƟvely similar, but not completely. When working with groups, values may again be averaged before
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this normalizaƟon process. Figure 21 shows this type of visualizaƟon for a dataset where a number

of individuals are displayed. This visualizaƟon addiƟonally sorts the students based on the paƩern

similarity between their normalized sessions. This is accomplished by drawing on the Levenshtein

distance comparison feature included in the Shallow AnalyƟcs library: The travel paths of the stu-

dents, and the Ɵme they spent between different events, are quanƟzed into string representaƟon

of the paƩerns. These paƩerns 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 sorƟng of the students or groups of students according to their travel paths, which may in

turn by combined with segment informaƟon to inspire the analyst to various hypotheses about the

differences between these segments.

Figure 21: RelaƟve Ɵme-line visualizaƟon 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: Ɵme spent in launch; Light blue: Ɵme spent in home

view; Orange: Ɵme spent in configuraƟon view; Green: Ɵme spent in simulaƟon view; Red: Ɵme

spent looking at current hour values; Light green: Ɵme spent viewing power output report.

5.6 State-Based Travel Path VisualizaƟon

The current tracking resoluƟon of the ENVISAGE Virtual Labs does not support detailed state infor-

maƟon in relaƟon to events. This lack of detailed context is a typical property of analyƟcs soluƟons

and hence it is sensible to develop visualizaƟon soluƟons like the ones presented here, that do not

presuppose detailed state informaƟon but only work with sequences of events. However, as part of

advancing the state of the art Learning AnalyƟcs, the ENVISAGE project will be implemenƟng detailed

state tracking funcƟonality for the newly implemented virtual labs which will also be used to enable

Page 28



D2.3, V1.0

Deep AnalyƟcs. Once these are in place, this deliverable will be updated to also include travel-path

visualizaƟon strategies that take into account the state, and hence the context, of the tracked events,

as also described in D2.2 [8].

6 Technical implementaƟon

6.1 Overall Architecture

The visualizaƟons 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 soŌware architecture where

the various tasks in the project are handled by independent modules that communicate REpresenta-

Ɵonal State Transfer (REST) [5]. . The visualizaƟon components developed for ENVISAGE follows these

same principles; the visualizaƟon soŌware assumes that it may retrieve a dataset, or subsamples of

a dataset at URL endpoints provided by the data store soluƟon provided by goedle.io. The received

data is then parsed, transformed, and analyzed as necessary, either directly in the visualizaƟon im-

plementaƟon or by requesƟng these transformaƟons and analyses from the implemented Shallow

AnalyƟcs soluƟon, 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 implementaƟon

All the visualizaƟons described anddepicted above are implementedusing the open source JavaScript

visualizaƟon library D3 (short for Data Driven Documents). D3 provides a powerful framework for

developing visualizaƟons 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 soŌware soluƟons) for game engines or other soŌware applicaƟons. This makes D3 a

very flexible and general tool for providing the visualizaƟons for envisage. All visualizaƟons described

above are implemented in singular HTML files. Each of these HTML files load the D3 visualizaƟon

JavaScript library and contain the custom JavaScript necessary to generate the visualizaƟon embed-

ded inside the HTML file. Stylings necessary for each visualizaƟon are defined using Cascading Style

Sheets (CSS). Stylings specific to each visualizaƟon are also embedded inside each HTML file while

stylings shared between the visualizaƟons, currently the styling necessary to display filtering sliders,

are stored in shared CSS files. The general soluƟon is displayed in Figure 23 below.

7 Conclusion

This deliverable described the background for, the design of, and the implementaƟon of the iniƟal

visualizaƟon soluƟons for the ENVISAGE project. The visualizaƟon strategies were informed parƟally

by the state of the art in commercial game analyƟcs and parƟally by the needs idenƟfied by pre-

vious deliverables over the course of the ENVISAGE project. The result is a demonstrator piece of
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Googlehttp://www.envisage-h2020.eu/demonstrators/d2.3/
ENVISAGE Visualisation

Deep analytics
(python)

d3.js envisage_visualization.js

Visualization.html

goedle.io

envisage_shallow_analytics.js

Figure 22: The overall architecture for the visualizaƟon part of the ENVISAGE soluƟon. 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 analyƟcs service.

soŌware implemented in JavaScript, leveraging the D3 visualizaƟon library, and the iniƟal Shallow

AnalyƟcs library, delivered as part of D2.2. The demonstrator supports many of the idenƟfied needs:

the ability to conduct cross-secƟonal analysis, the ability to filter and select on mulƟple 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 capabiliƟes will be added to the visualizaƟon suite as the ENVISAGE

technical plaƞorm matures. Future updates of the visualizaƟon strategies will be updated to allow

for longitudinal analysis as well as integrate informaƟon derived from the Deep AnalyƟcs implemen-

taƟon, which is underway. They will also expand on the visualizaƟon strategies idenƟfied and iniƟally

implemented in this deliverable.
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VisualisationName.html
- HTML
- Specific CSS
- Specific JavaScript

D3.js

envisage_shallow.js

Shared CSSShared CSSShared CSS

Deep Analytics
(to be implemented)

Figure 23: The relaƟons between the documents and libraries developed for this deliverable. The

visualizaƟon also includes the Deep AnalyƟcs service under developed (marked with doƩed lines).
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