
 

Savvy 

A tool for assessing educational games’ learning impact

Daniel Cazap, Patrick Gryczka and Matías Seijas 

 

 
Figure 1: Savvy‟s single multi-section interface. Both student demographic and gameplay data are shown simultaneously in order to assess 

how the different features impact the learning experience. 
 

Abstract— Savvy is a tool for assessing educational games’ learning impact. For this initial implementation the tool uses a dataset 

provided by Melissa Biles from NYU's CREATE (Consortium for Research and Evaluation of Advanced Technologies in 
Education) lab, pertaining to the "Noobs vs. Leets" educational video game. The aim of the tool is to provide a visualization that lets 

researchers analyze how users interact with this educational game. 

 

INTRODUCTION  

The external collaborator (and domain expert) for this 
project is Melissa Biles, a “doctoral student in the Educational 
Communication and Technology Program at NYU”1 who is an 
affiliate at NYU‟s CREATE (Consortium for Research and 
Evaluation of Advanced Technologies in Education). 

 
 

 
 
 
 
 
 
 

Figure 2: Melissa Biles and NYU‟s CREATE logo 
 

For the past 5 years, Melissa has designed the educational 
videogame “Noobs vs. Leets” and performed follow-up research 
using it as a tool. The game‟s main educational objective is teaching 
elementary school students trigonometry concepts. The game is 
publicly available to play for free at create.nyu.edu/dream. 
 

“Noobs vs. Leets” is a puzzle game where the player 
attempts to rescue a character at the end of the level by unlocking 
different angles in the character‟s path. The path unlocking mechanic 

is based on a selection of correct trigonometric concepts from a set 
of given options. The game is divided into 6 chapters, each 
comprised of roughly 8 different levels. As the player progresses 
through the levels, new trigonometric concepts are introduced adding 
to the complexity of the player‟s decisions. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: Noobs vs. Leets title screen 
 

Melissa‟s research focus is on “learning mechanics, game 
theory, executive function, decision-making, and the use of 
educational data mining and psychophysiological measures (e.g. eye 
tracking, EEG, fMRI) in games research”1. Taking into account her 
qualifications and research interests, this Vis project aims to become 



an aid for developing her current and future work. Thus, in this case, 
the end-user is Melissa and her fellow co-workers at CREATE. The 
ability to be in direct contact with the tool‟s end-users gives the 
project the possibility of checking up on a regular basis to see if the 
project is developing along the intended track for maximum 
effectiveness. 

 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 4: Game level design 
 

The main problem this visualization tool will help solve is 
enabling understanding of how users interact with the video game in 
order to correctly assess which features are more successful for the 
game‟s educational objective. Being able to thoroughly and visually 
investigate how players interact with the game is key for developing 
new features, correcting implemented game mechanisms and 
validating the research team‟s hypotheses. The creation of this 
visualization tool within Melissa‟s work group will be unprecedented 
since they haven‟t had the opportunity of developing or using one up 
until this point. For the development of the project this implies an 
interesting level of freedom since there is no previous work (at their 
workgroup level) to base our work upon. 

1 RELATED WORK  

In terms of related work there is a significant amount of literature 
covering the topic of education technology.  Most relevant to our 
work right now is the literature that our external collaborators from 
CREATE have already written about their findings from testing 
“Noobs vs. Leets.” 

 
Melissa Biles, along with fellow researchers from New York 

University, the CUNY Graduate Center, and Stanford University, 
have written two papers: “The Effect of Learning Mechanics Design 
on Learning Outcomes in a Computer-Based Geometry Game”12 and 
“Motivational and Cognitive Impact of Badges in Games for 
Learning,”13 as well as a report for a research grant competition 
“Good badges, Evil badges?: An Empirical Inquiry into the Impact 
of Digital Badge Design on Goal Orientation and Learning,”11 and 
two research presentations “Mastery vs. Achievement Oriented 
Badges: Effects on Motivation and Learning”10 and “Badges in 
Games for Learning and Their Motivational and Cognitive 
Impact”14. 

 
Looking at the data visualizations our collaborators have used in 

their papers and presentations, their visualization efforts, at least for 
the purposes of conveying the meaning of the data which they have 
collected, have focused around scatter plots and lines of best fit. 

 
Beyond the works of our collaborators, there is a sizable amount 

of literature available on education technology.  Specifically, the 
Journal of Education Technology and Society has been an 
enlightening source for identifying some of the topics which seem to 
be important to experts within the education technology domain, and 

what metrics their research usually focuses on.  From what we have 
seen, the field takes into account not just empirical increases in 
academic performance, but it also focuses quite a bit on perceived 
engagement and satisfaction with the technological implementations. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5: Visualization used by our collaborators in “Effects of 

Badges by Mastery Goal Orientation on Geometry Post Test Scores” 
 
Because our collaborators have shown an interest in measuring 

the impact of incentives on their test subjects‟ habits, we have also 
looked into non-academic visualizations which are available from 
games and gaming communities. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Giant Bomb 2008.  Visualization of Achievements 

(incentive badges) 
 
Gaming sources have helped us identify some preliminary 

measures, such as badge achievement rates and temporal 
identification of when players got badges (on initial play through, or 
on a second run), which we can use to get meaning from our 
badge/incentive related data. 

 
In Morrison and Doherty‟s work4, a group of mental health 

patients‟ interaction with a healing/ coping software is documented 
via log files. One of the main objectives of this subject is to analyse 
the users‟ engagement with the intervention software and correlate it 
with the patients‟ eventual outcomes. 

  
One of the ways the authors analyse engagement is by identifying 

the user‟s trajectories along the system path. Since the system is non-
linear, different path strategies can be linked to multiple patient 
methodologies. 

 
The following figure shows how different users interact in varied 

ways with the software‟s proposed structure. In these four graphs, 
each colour represents a different user, and the dots in the line graphs 
indicate the different modules the user experienced. Thus, an 



upwards regular trending pattern indicates a linear progression, while 
a jagged up-and-down movement shows a more unstructured, 
random exploration of the software‟s modules. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 7: Morrison, Doherty. Mental health patients navigation graph 

visualizations. 
 
Though our project does not inherently include a non-linear way 

of exploring the levels (chapters are structured in a linear fashion), 
there are some insights that could be obtained by analysing this type 
of in-game behaviour. Repetition of a same level could either 
indicate a strong liking or a specific difficulty with it but it would 
certainly depict a different scenario than a sequentially advancing 
player behaviour. 

2 DATA ANALYSIS AND ABSTRACTION  

The data provided for this project is two-folded and consists of 
the following data sets: i) a log file of each individual‟s user 
experience through the game, and ii) the results of a series of 
psychological and situational interest studies that attempt to provide 
information on each user‟s interest in games, math and geometry, 
evaluate pre- and post-test knowledge of geometry and angles, and 
report on the user‟s qualitative experience of the game. 

 
Both data sets come in the form of static tables and are a result of 

three study dates conducted in March 31, May 8, and May 9 2014. 
The study is extended to a diverse population of students from NYC 
public schools with a range of aptitudes and ethnicities, currently 
enrolled in 6th, 7th and 8th grade. The length of the study is of 1 
hour, and consists of a pre-test survey, a 30 minute game session, 
and a post-test survey. 

 
The study not only attempts to determine the outcome of the 

user‟s learning experience through the game, but also the 
effectiveness of the game design and the potential impact that 
incorporating a reward system could have on user motivation and 
learning experience. The reward system consists on the user‟s ability 
to opt-in for earning badges by completing different game 
challenges. In order to judge the effectiveness of the badge-earning 
reward system, the moderators of the study set up three different 
game environments: one with no reward system (i.e.: no badges), and 
two others with a reward system that will either reward users with a 
badge that is aligned with the challenge (e.g.: “You earned the acute 
angle badge!”), or with a random badge (e.g.: “You earned the 
thumbs up badge!”). 
 

The data reported then represents the type of environment that the 
user played in, and the game path and outcome of the user's gaming 
experience, recorded on the log file. 
 

Figure 8 represents a schema of this process and what the 
collection of data represents. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8 

2.1 Game log 

The game log data set contains ~73,441 records generated by 52 
unique students, and contains the following attributes: 

 

 Log timestamp MM/DD/YYY  HH:MM:SS 

 Subject ID 4 digit subject ID 

 Subject condition Level badges / No badges 

 Location in game where event 

happened 

 

Encoded by: 

 

 Chapter number 

 Level number 

 Nth time the level 

restarted 

(level could be restarted 

due to: 

  death, replay, level 

reset) 
 

NN.NN.NN 

 

 Game time Time elapsed in ms 



 Game event logged Examples include: 

 

 - Game started 

 - Badge settings created 

 - Level started 

 - Level ended 

 - Angle unlocked 

 Game event attributes 

 

Each game event can log up to 

4 additional attributes: 

 

 d01 

 d02 

 d03 

 d04 
 

Examples include: 

 

 - Angle type 

 - Angle degree 

 - Selected correct, incorrect 

angle 

 - Total unlock angle count 

 - Points earned 

 - Pressed play, pause, stop 

 - Badge opt in, opt out 

 - Badge name earned 

 - Time spent in ms to earn 

badge 

 

          Quantitative             Categorical              Ordinal  

        
 
The game log also includes a series of pre-computed and 

aggregated data: 
 

 Number of times a level was completed  

 Time spent for each level, by each 

student 

Time  

(in seconds) 

 Highest chapter and level completed, by 

each student 

NN.NN 

 
          Quantitative             Categorical              Ordinal  

 

2.2 Student data 

The collected student data is based on 9 surveys: 
 

 Situational Interest (SIC) 

12 questions (all ordinal attributes) to determine the user‟s 

situational interest in the learning experience of the game 

 

 General Play-testing Protocol (GEGProto) 

11 questions (5 ordinal + 6 categorical attributes) to determine 

the user‟s qualitative experience of the game: the user‟s enjoyment, 

likes and dislikes, knowledge gained, and game improvement 

recommendations 

 

 Patterns of Adaptive Learning Scale  (PALS) 

14 questions (all ordinal attributes) that relate gaming and 

learning experience with achievement goal orientation (mastery-

approach, performance-avoidance, and performance-approach)  

 

 Individual Interest in Geometry (II Geo) 

6 questions (all ordinal attributes) to determine user‟s interest 

and enjoyment of geometry 

 

 Individual Interest in Games (IIGC) 

8 questions (all ordinal attributes) to determine user‟s interest in 

playing games, enjoyment, and perceived game importance 

 

 Pre-Test: Math and Geometry knowledge (Pre) 

21 questions (all categorical attributes) to determine the user‟s 

grasping of different geometry concepts (divided into arithmetic and 

conceptual, with 2 transfer items). Ten minutes, timed test 

administered before the 30m game session. 

 

 Post-Test: Math and Geometry knowledge (Post) 

21 questions (all categorical attributes) to determine the user‟s 

grasping of different geometry concepts (divided into arithmetic and 

conceptual with 2 transfer items). Ten minutes, timed test 

administered after the 30m game session. 

 

 Badge Interest Survey (BIS_v5) 

18 questions (8 categorical + 10 ordinal attributes) to determine 

the user‟s understanding of the concept of badges as a reward 

system, user‟s interest and preference for earning badges, and peer 

perception and behavior regarding badges. 

The student data also includes a series of pre-computed 
attributes and scores based on these surveys: 

- Pre/Post Math and Geometry Knowledge 

 Question score in Pre-Test 

 

Pre_[n]_graded, per question 

BOOLEAN 

 Question score in Post-Test 

 

Post_[n]_graded, per question 

BOOLEAN 

 Pre knowledge score (PreGeoSum)  

 Post knowledge score (PostGeoSum)  

 Knowledge gained through the game 

(PrePostGeoGain) 

 

 

- Situational Interest 

 Score for situational interest (SIC_SUM)  

 

- Individual Interest in Geometry 

 Score for individual interest in geometry (IIGeo_SUM)  

 

- Individual Interest in Games 

 Score for individual interest in games (IIGC_SUM)  

 

- Badge Interest Survey 

 Score for badge interest (BIS_SUM)  

     

              Quantitative              Categorical             Ordinal  

Based on these data sets and the available attributes 

provided, there are two sets of attributes that we intend to use: a set 



to define the game path and outcome, and another set to define the 
player demographic. 

For our analysis, we use the following attributes in order to 

qualify the gaming experience: 

 Play time  

 Did user earn badge? BOOLEAN 

 # Badges earned  

 # Deaths  

 Is user repeating the level? BOOLEAN 

 # Level repeats  

 # Steps to complete level  

 # Angles unlocked  

 

In order to provide another dimension to this data, we will also 

use player demographics in order to find correlations between player 

attributes and game outcomes. For this purpose, we will compute an 

attribute to measure how good the player was. This will be indirectly 

inferred from the data, as a correlation between: Game time, #Deaths 

and #Level Errors. Furthermore, we will group game results based 

on the following three player attribute clusters: 

 

 Did the player learn something or not? 

(Based on the score for knowledge gain via the pre- and post-test 

assessment) 

 

 Did the player choose to play with badges or not? 

 (Based on the score for badge interest) 

 

 Did the player report they like or dislike games? 

(Based on the score for individual interest in games) 

3 TASK ANALYSIS AND QUESTIONS  

 

Based on the collected data and the aim of the research 

conducted by the CREATE team, we have come up with an initial 

list of questions that would be pertinent to answer through data 

visualization: 

 

3.1 Learning experience (Priority Level 1) 

 

 Was this game successful at teaching kids about angles? 

 

The growth in student‟s knowledge about angles is determined 

by the difference in pre and post math tests. Thus, this variable can 

be tested against students that played a different number of levels, 

struggled more or less with level difficulty, or even stated a greater 

or lesser interest in video games, in order to see if there is any 

correlation. 

 

 Does higher or lower prior knowledge lead to a better 

outcome?  

 

 Lower or prior knowledge is defined data-wise in the 

preceding question. Better outcome could be defined in metrics as 

lower time spent per level, less deaths per level, farthest level 

reached or most badges earned. As special consideration should be 

put into evaluating the “time spent per level” metric, since it could be 

interpreted as either the outcome of a struggling challenged player or 

evidence of a learning player trying to perfect her strategy. 

 

3.2 Level design (Priority Level 1) 

 

 How can we optimize level design to be more effective? 

 

o How effective are certain parts of the game in 

teaching angles? 

 

This question offers a higher level of complexity to answer 

due to the fact that it requires a bigger understanding of the 

pedagogical concepts introduced in each of the different levels. Once 

this is defined, a given player (or group of players) performance 

could be analyzed as it traverses these different stages. 

 

o Where do most students get stuck? 

 

Getting stuck could be defined as taking a significantly 

higher amount of time to complete a level in comparison to other 

players. It could also be defined as experiencing significantly higher 

amount of deaths for a particular player‟s track record. 

 

o Which levels are too easy / too hard? 

 

Where did even really good players take a serious amount 

of game time, tries, or deaths, to complete a particular level? 

Conversely, which levels show exemplary time completion/ amount 

of deaths even for low ranking players? 

 

3.3 Badges (Priority Level 1) 

 

 How do rewards (i.e.: badges) influence the outcome of the 

game? 

 

The ability to select different student groups in relation to 

badges (accepting, denying and reconsidering them) lets the research 

team visualize if there is any significant change in in-game 

performance while examining students belonging to these groups. 

 

3.4 Exploring the data space (Priority Level 2) 

 

 Which levels do students like most? 

 

Though liking a level is a subjective concept, we will try to 

come up with metrics that withstand this assumption. Repeating a 

level without necessarily failing it could be a signal for liking a level. 

Another indicator of level enjoyment could be visiting all nodes of 

the level when reaching just a partial amount would secure victory. 

 

 Which levels have the highest rate of badge earning? 

 

 Badge earning in relation to badge attempting is a measure 

provided by the data set. 



 

4 V ISUALIZATION AND INTERACTION DESIGN  

4.1 Design 

The visualization is comprised of 5 sections, as follows: 1. 

Scatterplot of survey computed scores and in game metrics. 2. User 

selection/ dataset representation matrix. 3. Game-level attributes for 

group selection. 4. Chapter-level details for group selection. 5. 

Chapter-level details for entire data set. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 9: Tool interface 

4.2 Section 1 

Section 1 is our selection module.  The module presents the 

user with a scatterplot matrix, where each axis conveys either the 

different score metrics that result from the user‟s personal surveys or 

any of the in game metrics . The points on the scatterplots represent 

the test subjects, and the color of each point denotes which 

experimental group they were in (e.g.: No Badges, Aligned Badges 

or Random Badges). The module allows our users to define which 

attributes to explore from the data set through a pair of dropdown 

menus, thereby allowing them to select groups of students by 

highlighting points on the scatterplot that correspond to different 

combinations of survey score results. We felt this would be an 

interesting tool as it would allow our users to analyze groups based 

on correlations of different personal attributes and in game 

outcomes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 

Figure 10: Section 1 
 

Note: During development, we also explored the possibility of 

including a corrgram for this section. We ultimately decided to 

release without it given the size of the resulting matrix  

(13x 13) in relation to screen real estate. 

4.3 Section 2 

Section 2 has two main functions. One, it shows the selection 

from Section 1 in relation to the entire group of available data points, 

allowing the user to easily see how large a portion of the whole data 

set their selected group is. Two, it allows a selection method for the 

test subjects who we have incomplete data for, and thus who don‟t 

show up on the scatterplots. Additionally, this tool clarifies the 

amount of selected students for instances where two or more dots 

share coordinates. 

 

 

 

 

 

 

 

 

 

Figure 11: Section 2 

4.4 Section 3 

Section 3 shows key metrics for the groups selected in 

Section 1. The metrics in this section are based on the scope of the 

entire game. Metrics in this section will be shown for the selected 

group of individuals. 

 

 

 

 

 

 

 

 
 

Figure 12: Section 3 
 

The metrics that are shown in this section are the following: 

 

 Play time (s) Group average 

 # Level repeats Group sum 

 # Deaths Group sum 

 # Angles unlocked Group sum 

 # Badges earned Group sum 

 

              Quantitative              Categorical             Ordinal  

 

 

Section 3‟s metrics are also broken down by game condition 

(i.e.: No Badges, Aligned Badges, Random Badges) to be 

represented by small bar charts bellow, that will allow the user to see 

how the values for each metric are distributed within the group, 

enabling them to compare and find possible correlations between 

members of the selected group. In terms of interaction, this section 

will allow the user to select a metric by clicking on it. Doing so will 

display said metric in greater detail in Sections 4 and 5. 



 

4.5 Section 4 

Section 4 (like Section 3) shows metrics for the currently 

selected group. However, whereas Section 3 shows general game 

level stats for the group, Section 4 outputs group metrics divided by 

the game‟s chapters and levels. Sections 3, 4 and 5 work as a unit 

that offers cascading levels of information that can be analyzed 

depending on the user‟s specific questions. For example, if a 

particular group has very high „# Deaths‟ values in Section 3, the 

user can drill-in deeper into the information asking further questions 

such as “Is any specific level a particular frustration point for this 

group?” while also assessing how far into the game the selected 

participants traversed.  The metric which is presented across levels in 

this section, is selected from the available game metrics in Section 3. 

 

 

 

 

 

 

 

 

Figure 13: Section 4 

4.6 Section 5 

Section 5 shows the same information presented on Section 

4, but representing the data set in its entirety, instead of being just 

related to the currently selected group. This enables users to compare 

the selected group to the entire data set in order to find out how these 

two relate to each other, thereby allowing the users to extract more 

meaningful conclusions.  

 

 

 

 

 

 

 

 

Figure 14: Section 5 

 

Note: for Sections 3, 4 and 5 both possibilities of aggregating 

metrics as sums or as averages is offered, given the varied natures of 

the features and the user‟s possible questions. 

4.7 Mapping table 

 

The following table summarizes the above section information and 

includes information on  the visual representation for each of the 

tool‟s components. 

 

§ Attribute Spatial layout 

technique 

Visual Channel 

1 Result of survey or in-

game metric (on x axis) 

Scatterplot - Position 

- Color 

1 Result of survey or in-

game metric (on y axis) 

Scatterplot - Position 

- Color 

2 Selected values 

 

(Represents selected 

Group of 

symbols 

 

- Color 

 

 Color = Items 

values against entire 

data set) 

belonging to user 

selection 

 

No color = Items 

outside of user 

selection 

3 Average Play Time Text + Bar 

chart 

- Text 

- Color 

- Length 

3 # Level Repeats Text + Bar 

chart 

- Text 

- Color 

- Length 

3 # Deaths Text + Bar 

chart 

- Text 

- Color 

- Length 

3 # Angles Unlocked Text + Bar 

chart 

- Text 

- Color 

- Length 

3 # Badges Earned Text + Bar 

chart 

- Text 

- Color 

- Length 

4 

5 

Chapter number, Level 

number 

Text - Text 

- Position 

4 

5 

In-game metric Bar chart - Length 

5 F INDINGS AND INSIGHTS  

In the following section, a few examples of insights obtained 

by using Savvy will be explained. These examples´ methodology is 

based on selecting a particular group of students showing certain 

characteristics and understand how they behave as a group or in 

relation to another group. 

5.1 FINDING 1: THE VARYING EFFECTS OF 
WINNING BADGES ON KNOWLEDGE GAIN 

One particularly useful metric we found in the source dataset is 

knowledge gained. Due to its nature, this metric is a very handy way 

to discover answers where questions include any kind of relation to 

students having left the game experience with more knowledge than 

when they entered. 

 

Our finding is related to the following selection. In the 

scatterplot we plot knowledge gained on the X axis, and badges 

earned in the Y axis. Two trends can be identified. One group of 

students (Fig. 15 green) experiences positively correlated knowledge 

gain as badge earning increases, while another (red) shows no 

variation in badge earning with varying degrees of knowledge gain. 

 

Intrigued by these two subgroups, we examine their 

sociological survey data. While the green group shows lower values 

for interest in both games and badges, the red group shows the 

opposite. Also, the students in the green group have on average 

higher pre test scores than those in the red group. 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15: Two trends for badge earning as knowledge gain 

increases 

 

As it appears, two different mechanisms could be at work in 

this scenario. For students in the green group, the ability to earn 

badges seems to act as an extra motivator on top of an experience 

that otherwise might have been „too easy‟ for their previous 

knowledge. On the other hand, students in the red group might be 

investing all of their attention in the game‟s core mechanics and 

concepts and have little resources left for acquiring the extra badges. 

 

In both cases, students end up behaving opposite of what 

would be expected considering their interest in games and badges 

survey scores. 

5.2 FINDING 2: TEST ACHIEVEMENT AND RELATED 
GAME BEHAVIOR 

 

In our next scatterplot we select pre knowledge score for the X 

axis, while the Y axis shows post knowledge score. We focus on 

those students that don‟t lie near the 45º center line. That is the group 

of students who had a difference in score between the test 

administered before and after playing. These players are then labeled 

as those who fared better and worst in the test after playing the game. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16: Two distinct groups based on test performance 

 

 

If we compare the behavior of those two groups we can see 

that those players who got better results in the test after playing the 

game reached later levels. Since all of the students experienced the 

same amount of game time, then those who played more advanced 

levels where exposed to more complex content, which could explain 

their better test performance. 

 

 

 

 

 

 

 

 

 

Figure 17: Green group play time per level 

 

 

 

 

 

 

 

 

 

Figure 18: Red group play time per level 

5.3 FINDING 3: SOMETHING HAPPENS IN CHAPTER 2, 
LEVEL 2. 

 

No matter what type of group selection we make in the 

scatterplot, the bar chart for chapter 2 – level 2 stands out. This could 

be related to the inclusion of a more difficult game mechanic, 

mathematical concept or a special situation that occurred in the test 

environment while the students were playing. 

 

 

 

 

 

 

 

 

 
 

 
 

Figure 19: Average play time, level repeats and deaths for all 

students 

5.4 FINDING 4: PRIOR KNOWLEDGE DOES NOT 
DETERMINE GAME PERFORMANCE 

In the following example we try to answer one of our initial 

questions. How did students that had different pre test knowledge 

scores perform in game? For answering this question we set the 

scatterplot to show pre test knowledge score in the X axis and deaths 

(as a proxy for performance) in the Y axis. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 20: Two distinct groups based on high and low previous 

knowledge score 

 

After selecting the lower half and the higher half of the 

selection we find a very similar distribution of deaths for both 

groups. Even dividing the complete group of students in 4 subgroups 

(for scores 0-3, 4-6, 7-9 and 10-12) didn‟t show a very different 

picture. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 21: Average death distribution per level for the two groups 

(red: top, green: bottom) selected in Figure 18 

6 L IMITATIONS AND FUTURE WORK  

From a tool development standpoint, we think its biggest 

limitation is the fact that is has been tailor made not only for a 

custom educational video game, but for a particular data set 

regarding that video game. As such, this tool has (at least in its 

current form) limited compatibility with other data sources or 

applications for other educational videogames. Still, in case there 

was a significant need for the tool to be able to handle other “Noobs 

vs. Leets” data sets or logs from other video games, it could be 

adapted with a reasonable amount of tweaking the current 

framework. 

In case this tool needed to be adapted for educational games 

in general, a thorough study of the information game logs typically 

include should be undertaken in order to define a standard group of 

variables that could be expected out of a random game log. As a 

second step, a script should be devised in order to translate any given 

game‟s log into information that is compatible with Savvy. 

From a data viewpoint and its successive analysis, the 

relatively small size of the source data set should also be noted. Only 

52 students comprise the totality of the data set, which probably 

leads to biased analysis while looking for trends in the tool‟s outputs. 

Nevertheless, this is a limitation that can be very easily overcome 

with future user case-studies, building upon what the current data 

collection offers. 

From a time constraint perspective, we didn‟t manage to 

have the fluid conversation we sought out to entail with the external 

collaborators. Between handling the required reading for classes, 

periodic meetings with mentors and developing the tool, little time 

was left to re-establish contact with the CREATE team and consider 

the possibility of embracing another source of suggestions. In a real-
life scenario this behavior would be inadmissible.  

7 CONCLUSIONS AND LESSONS LEARNED  

The first major lesson learned is that it is never too soon to 

start prototyping. The amount of discoveries and subsequent tweaks 

that we implemented when the tool was already in a semi usable 

state vastly surpassed whatever we had been able to achieve up until 

that point. Lacking previous and basic knowledge in the course‟s 

suggested library (d3.js) also made that moment arrive later rather 
than sooner. 

Second, the iterative nature of the visualization tool design 

process also cannot be understated. Even though we knew this could 

(and was expected to) happen, every time we were redefining our 

metrics, understanding of the data or the tool‟s main functionality it 

wasn‟t immediately clear that these were forward steps in a growth 

direction. Thus, the revision of pre-defined tool rules will and should 

be challenged with minimum resistance. 

Third, keeping the original task abstraction questions at hand 

and in our minds while internally testing the tool was immensely 

useful. It is by confronting what we were able to create with our 

research questions that we could easily identify where the tool was 

enabling the creation of information and where it was hindering it. 

Still, as it was mentioned before, including the external collaborators 
team in this stage would have been exponentially more helpful. 
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