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Abstract. There is increasing interest in using data to design digital
games that serve the purposes of learning and assessment. One game
element, difficulty, could benefit vastly from applying data-driven meth-
ods as it affects both players’ overall enjoyment and efficiency of learn-
ing and qualities of assessment. However, how difficulty is being defined
varies across the learning, assessment, and game perspectives, yet little is
known about how educational difficulty can be balanced in educational
games for each of the potentially conflicting goals. In this paper, we first
review varying definitions of difficulty and then we discuss how we came
up with a difficulty metric and used it to refine our game-based assess-
ment Shadowspect. The design guidelines, metrics and lessons learned
will be useful for designers of learning games and educators interested in
balancing difficulty before they implement these tools in the classroom.

Keywords: Educational games - Data-driven design - Analytics.

1 Introduction

Data plays an essential role in game development and research—from qualitative
user testing of early prototypes to post-launch user analytics for marketing pur-
poses [4]. Game analytics applies computational approaches such as predictive
modeling, optimization or forecasting using in-game telemetry data to provide
insightful metrics [4]. As playing games has become a widely accepted activity
in the broader education ecosystem [13], game analytics have been used to an-
swer questions related to learning and assessment. Measuring how learners are
learning science and math from playing the game [12, 7], and connecting in-game
behaviors with other skills beyond the game environment [9]. More recently, the
community calls for using game analytics to make design decisions more aligned
for the purpose of learning [10]. Data-driven design that mainly relies on player
telemetry data—that describes the behaviors of learners (e.g., physical location
of the player in relation to meaningful objects, their interaction with others)
requires a process of generating meaningful metrics.

The researchers and designers need to have clear understanding of what their
design questions are and reach consensus on how to define metrics. Given the
field of game analytics is fairly young [4] as is the idea of using data to inform
game design [10], it remains unclear how game analytics can be used to balance
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among three possibly conflicting goals—learning, game, and assessment [11]. Kim
and Shute [9], for example, demonstrated in an A/B testing that changing one
design choice (linear puzzle sequence), significantly influences learning and en-
joyment. In addition, while the game development process intends to be iterative,
obtaining large enough data to be able to inform design decisions might mean
less frequent iterations or too late in terms of development effort to be truly
data-driven.

Difficulty is one of the core game elements that game designers carefully
consider and fine tune across multiple phases of game development. For casual
games, game designers are interested in knowing the difficulty of the game to
adjust difficulty for the purpose of creating flow and immersed experience [7].
The game designers view that the difficulty should lie between boredom and
frustration, so the players can experience a “well-shaped difficulty curve” also
known as inverted U-shape curve [1], that can lead to flow state [2]. Unlike ca-
sual games, educational game designers also consider the levels of difficulty that
affects not only enjoyment but learning. Gee [5] argues that players learn best in
games that offer properly organized problems that push them toward the outer
limits of what Gee calls their “region of competence.” Hamari and colleagues
similarly reported that challenge of the game has a positive effect on learning,
therefore, the challenge in educational game should keep up with the learners
growing abilities [6]. In assessment, difficulty is typically defined as proportion
of people who answered the item correctly (also known as p-value), and existing
game-based assessments mainly used p-values as the difficulty metric [9, 3]. In
this short paper, the authors investigate how game analytics can be used, in
the case of difficulty, to answer design questions by illustrating how metrics of
difficulty were created and applied in the case of Shadowspect.

2 Case Study: Shadowspect

Shadowspect® is a digital 3D puzzle game where the game mechanics involve
selecting a set of geometric primitives (e.g., cubes, cylinders) to recreate a 3D
figure based on a number of silhouette views. The goal of the game is to allow
players to build 3D figures, developing their geometric, dimensional, and spa-
tial reasoning skills while having an enjoyable experience. The game is designed
with an explicit goal of assessing math content standards and other cognitive
and non-cognitive skills using the ECD framework [8]. Shadowspect collects rich
telemetry data that includes all possible actions that students can do within the
game environment. These data are then used to compute a number of metrics re-
garding students’ interaction with the game. In this case study we use data from
one experiment in Amazon Mechanical Turk that was aiming the design ques-
tions specified in next subsection. We collected clickstream and survey data from
32 workers from diverse backgrounds and nationalities, which had no previous
experience with Shadowspect and played for around two hours be paid.

3 https:/ /shadowspect.org
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2.1 Design Questions

The team had the following design questions related to the difficulty of the
puzzles in Shadowspect: (1) What is the relative difficulty of each puzzle? (2)
How can we determine the sequence of puzzles where the game has a well-
shaped difficulty curve?, and (3) How long players of varying abilities would
take to complete a number of puzzles? Although the team could have used game
designer estimations to answer these questions, we decided to pursue a more
data-driven approach in order to provide empirical and realistic estimations to
teachers who want to use the game in their classrooms.

2.2 Metrics of Difficulty

To answer design questions (1) and (2), the team defined that difficulty incor-
porates both level of effort required by learners to solve the puzzle (i.e., more
actions or time required) and relative complexity of the puzzle (i.e., fewer players
can solve it). Based on this, we computed the following four metrics per each
puzzle level:

— Average time per puzzle completed: Total time spent in puzzles divided
by the number of puzzles completed correctly.

— Average number of actions per puzzle completed: Total number of
actions performed divided by the number of puzzles completed correctly.

— Percentage incorrect: Number of wrong submissions divided by the total
number of submissions.

— Percentage abandoned: Number of different puzzles that were started and
not completed correctly divided by the number of puzzles started.

The four metrics have a direct relationship with difficulty (i.e., a higher value
indicates more difficult), but they are in different units (e.g., percentage, time).
Therefore, we generated a composite difficulty measure as follows:

1. We compute the z-scores of each metric (i.e., z = *-£).

2. We sum up the four z-scores and then normalize over the maximum.

Then, the final range of our composite puzzle difficulty measure goes from 0
(easiest) to 1 (hardest). The per puzzle results of each one of these four metrics
and the composite measure are available in Figure 1. The z-axis denotes the
sequence in which puzzles are presented to the players. This visualization and
composite measure of difficulty allowed the team to review the overall difficulty
curve of the entire game and to fine tune the sequence of the puzzles. For ex-
ample, the designer initially estimated that the puzzles “Warm up” and “Sugar
Cones” would have a medium level difficulty, but they turned out to be much
easier (as indicated by the big drop on the curve), and these two levels will be
re-arranged in the next iteration of the game.

To answer design question (3), the team computed a metric including the
amount of puzzles completed per unit of time, which is shown in Figure 2. This



4 Y. J. Kim and J. A. Ruipérez-Valiente

Average time per puzzle completed Average number of actions per puzzle completed

30

20

Minutes

10

Number of actions

NUDHNO0ADOORNIOIERAROOPP PR PP R AU 004N IO ROOP P PP PR PR

E2

Percentage incorrect Percentage abandoned

=)
S
5]
S

75

~
a

50

Percentage
38
Percentage

25

N
o

0
T R R I R R R B T Pt A R TS W JU X A T N R I N T R R B T Pt A U e JU X

Difficulty composite measure

Difficulty
o o N
g & 8

o
N
&

0.00

& PP R PP

N & K. %

O @ @ oF P o0 NN

& %b‘b T & & IR o

O I RIS

R I PCIRC N
AN &

g oS b‘\@b_@z’ © & ® S

Fig. 1. Composite difficulty measure for each one the puzzles. The z-axis denotes the
order in which the puzzle is presented to the user within the game.

visualization shows in a cumulative function, how many puzzles were completed
with the error estimation (the sampling is performed every five minutes). This
analysis allowed us to estimate how much time would be needed by users of
diverse skill levels to complete an average number of puzzles. For example, based
on this visualization, the team concluded that we could tell the teachers that if
they perform a one hour session, their average student would be able to finish
12 £ 1 puzzles, and if they implemented a two hour session, the average student
would finish 15 + 1 puzzles.

3 Conclusions

Data-driven game design, particularly for educational games, could help design-
ers and researchers to ensure that a game is not only playable and enjoyable, but
satisfies other educational purposes such as learning and assessment. So far only
little is known about this, and the field can benefit from studies that illustrate
what kinds of design questions can be answered, as well as what kinds of analyt-
ics can be used and how they should be created. In this short paper, we describe
how we use data-driven game design approach for the case of one game element,
difficulty, in our game-based assessment system Shadowspect. By demonstrat-
ing how difficulty can be operationalized based on the varying notions in the
literature, this work can inform future data-driven game design efforts.



N A O

o

Number of puzzles solved
N H ()] [e-]

o

Data-driven Game Design: The Case of Difficulty in Educational Games 5

PP RP PR PR LEEOCD PP PRSP0
Time (minutes)

Fig. 2. Number of puzzles solved by user per unit of time with standard error deviation.
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