
- 1 -

* Corresponding author.

E-mail address: vtraver@uji.es

Please cite this article in press as:  
J. Ribelles, A. Lopez, V. J. Traver. Modulating the Gameplay Challenge Through Simple Visual Computing Elements: A Cube Puzzle Case Study, 
International Journal of Interactive Multimedia and Artificial Intelligence, (2022), http://dx.doi.org/10.9781/ijimai.2022.05.001

Keywords

Computer Game, 
Gameplay Modulation, 
Player Experience, 
Visual Computing.

Abstract

Positive player’s experiences greatly rely on a balanced gameplay where the game difficulty is related to player’s 
skill. Towards this goal, the gameplay can be modulated to make it easier or harder. In this work, a modulating 
mechanism based on visual computing is explored. The main hypothesis is that simple visual modifications 
of some elements in the game can have a significant impact on the game experience. This concept, which is 
essentially unexplored in the literature, has been experimentally tested with a web-based cube puzzle game 
where participants played either the original game or the visually modified game. The analysis is based on 
players’ behavior, performance, and replies to a questionnaire upon game completion. The results provide 
evidence on the effectiveness of visual computing on gameplay modulation. We believe the findings are relevant 
to game researchers and developers because they highlight how a core gameplay can be easily modified with 
relatively simple ingredients, at least for some game genres. Interestingly, the insights gained from this study 
also open the door to automate the game adaptation based on observed player’s interaction.
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I. Introduction

A good understanding of the factors affecting the player experience 
can be very important for producing better games. Accordingly, 

much research effort has been devoted to both gaining theoretical 
insights on, and quantifying, this experience. Game heuristic and 
guidelines can be proposed to elicit desirable human (player) emotions 
and responses. Engagement is one of the concepts that has been 
studied, with the Game Engagement Questionnaire (GEQ) [1] being 
proposed to measure it. Validation studies [2] of game experience 
scales have been performed [3]. For game challenge, a recent scale 
has been developed and validated [4], [5]. Flow [6] is also widely 
studied in the context of video games, for better understanding it [7], 
[8], measuring it [9]–[13], relating it experimentally to learning and 
other conditions [14]–[17], or even providing some design intuitions 
or guidelines to produce it [8], [18].

Many of the aspects of the player experience are interrelated, so 
that flow, engagement [1], enjoyment [19]–[22], and others such 
as immersion [23], may overlap and share common attributes. For 
instance, flow is one of the factors within the GEQ [1]. Interestingly, 
most conceptualizations of the player experience share the view that 
the optimal complexity level is a key ingredient of an enjoyable game, 
and it is particularly essential for flow. This optimal experience relies 
on a balance between the challenges of the game and the player’s skill; 
in essence, if the game is too simple or too challenging for the player, it 
will lead to either boring or frustrating experiences, respectively [24].

Our work has to do mainly with the game challenge; in particular, we 
delve into this issue: whether the player experience can be modulated 
with relatively simple manipulations of images present in the game. 
By image manipulation we mean modifying some other aspects of the 
image [25] (e.g. color, edges, texture) or distorting it somehow (e.g. 
blurring, geometric deformations, frequency filtering), but respecting 
some aspects of its contents, so that it can be recognized and potentially 
distinguished from others, yet with different cognitive abilities or effort 
with respect to the original image. This possibility can be partially 
grounded on the information quality, which is understood as one of the 
mechanisms underlying flow [8]. We generally refer to these alterations 
as visual computing [26]. Arguably, visual computing is particularly 
suitable for some game types or genres such as puzzle or card games, 
but it could also be applied to other games where the modification of 
visuals of some of its elements, may have an impact on the gameplay. 
To address this issue, we focus on a controlled case study, a 2D video 
game version of the Cube blocks puzzle (Fig. 1), and explore whether, 
and how, changes to the images used for the sides of the cubes affect the 
actual gameplay and the player perception of their experience.

(a) (b) (c)

Fig. 1. A rendering of Cube blocks, a classic puzzle game: (a,b) two views of 
the unsolved puzzle and (c) once the puzzle is solved for a target image of 
a human eye. The prototype game used in this paper consists of solving a 
series of these puzzles, in a 2D (top-view) interface.
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The contributions of this work are as follows. The possibility 
of modulating the gameplay with visual computing elements is 
hypothesized. A web-based cube blocks puzzle has been developed 
as a proof-of-concept prototype. A user study has been conducted to 
find out possible behavioral, performance and opinion differences of 
players in one control and one experimental group. A detailed analysis 
of the results has been performed. Results provide interesting findings 
that can inform both game level designs and, eventually, automatic 
and dynamic game difficulty adjustment.

In the following, section II reviews related work on image 
manipulation and gameplay modification of some sort. Section III 
introduces the core game and its version with visual computing. Section 
IV details the design and implementation of both the experiment and 
the interface. Results are carefully analyzed and discussed in section 
V. Some discussions on the potential and limitations of the work are 
provided in section VI, and concise conclusions are finally presented 
in section VII.

II. Previous Work

In general terms, it is well accepted the role that visual contents 
in all kinds of media play on our emotions, and that they can even 
affect our beliefs. This fact has ramifications on how deliberate 
modifications of these contents may end up affecting our attitudes 
and behaviors [27]. The players’ visual attention patterns can inform 
the level design for game improvement [28]. By masking some kinds 
of visual information affecting human prior knowledge, the human 
performance in a platform game has been found to decay notably with 
respect to the original unmodified game [29]. The relation between 
playing some games and the perceptual and cognitive abilities that are 
developed [30]–[34] may eventually bring insights into game design 
by reversing the problem, namely, how can we affect performance 
by modulating the gameplay. The interesting relationship between 
perception, computer graphics and video games are certainly not new, 
but with a large margin for further exploration [35].

Next, we briefly review ideas previously considered for visual or 
challenge modifications, which for convenience are also summarized 
in Table I. As a first simple choice, players may select game levels 
when available, although this choice not only relies on the players’ 
ability to do the selection adequately, but also on a proper difficulty 
design by game developers, an area where more research and designer-
assistance tools are required [36]. Similarly, modding can be seen as 
a form of game modification, but it is motivated more by the need 
of self-expression of gamers [37], than aimed at a carefully planned 
gameplay modification. Schell [38] mentions a few examples of subtle 
visual cues that can indirectly guide the player’s actions with the goal 
of providing the player with a sense of perceived freedom, without 
actually enjoying full freedom. Similarly, in Mirror’s Edge [39], some 
game elements are highlighted in red as explicit cues to navigation.

In games, the term juiciness refers to an abundance of audiovisual 
effects [40], as a form of additional feedback (more than strictly 
required from a usability point of view), often including second-order 
motion, which seeks to provide the player with plenty of power and 
rewards [38]. Since the term juiciness is somehow vague, a recent 
survey tried to elicit developers’ understanding, in an attempt 
to provide a useful framework for the game design and research 
communities [41]. Regarding the positive or negative effects of “juicy” 
games, findings on juicy-vs-dry game versions are somehow disparate 
and thus results remain essentially inconclusive [42]–[47]. For 
instance, it has been observed that while the perceived competence 
is positively affected by juiciness, the actual performance is not really 
changed [47]. However, a recent large-scale empirical study with four 
levels of juiciness in a role-playing game [48] reveals that the degree of 

juiciness has an impact on the valence of the effects on performance, 
experience and motivation, with moderate amounts of juiciness found 
to be optimal. Although interesting and akin to our work, this form of 
game modification has more to do with user interaction and includes 
more effects (motion, audio) than the ones considered in our work.

TABLE I. Summary of (Visual) Game Modifications and their Main 
Purpose

Approach Main purpose

Level selection Match game challenge to player’s skill

Modding Allow gamers’ self-expression

Subtle visual cues Guide players’ actions

Juiciness Endow the player with rewards and sense 
of power

Flipped levels Expand the game variety

Embellishments Increase the engagement

Non-photorealistic rendering Provide artistic styles and moods

Color adaptations Augment accessibility

Visual computing
(proposed here)

Support gameplay (challenge) modulation

In some games, previously played levels are flipped horizontally 
and, optionally, other components such as the art style also changed, 
which is a simple means of having more levels to play; apparently 
these alterations can make the game harder to play [49], [50]. 
Embellishments in game skins are found to increase engagement but 
decrease performance [51]. Color in some game elements may also 
have some effects. Performance, immersion and flow have been found 
to be inferior with red avatars than with blue ones [52]. Some games 
include color-blindness adaptation [53], [54] some of which may 
result in (unintended) easier playing for people with normal vision. 
Non-photorealistic techniques were proposed as a means of providing 
the players with different styles and moods [55], but their impact in 
terms of gaming experience was not studied. Some past video games 
included effects such as toon-rendering, comic-like appearances, 
sumi-e painting or pointillist style [56]. Finally, procedural content 
generation techniques [57] can be rather sophisticated, a current 
research hot topic and orthogonal to our study.

Although all these are means to modify some visual aspect of games, 
the mechanisms and purposes are not always aimed at modulating the 
gameplay, as summarized in Table I. Therefore, as far as we know, 
using visual computing to modulate the challenge in the gameplay has 
scarcely been considered in the literature, and detailed studies in the 
sense intended in this work are limited.

To summarize, this work addresses the use of visual modification 
for modulating the difficulty or challenge of the gameplay by means 
of a case study. Notice that it is not aimed at making the players 
achieve the state of flow, which could be seen as an ultimate desirable 
goal, but it is out of the scope of this present work. Since the flow 
depends both on the game and on each particular player, the flow 
goal partially relates to the interesting concept of dynamic difficulty 
adjustment [36], [58]–[60], and the findings of our study can be 
expected to complement and inform subsequent research in this area. 
If we were able to characterize a player in terms of their skills on the 
one hand, and categorize different image modifications (including no 
modification at all) in terms of the degree of difficulty they induce on 
the other hand, then a properly balanced skill-difficulty match could 
be chosen for an improved game experience (Fig. 2).



- 3 -

Article in Press

Challenge modulation
via image modification

Player characterisation

Game (re-)design
Dynamic di�iculty

adjustment

Improved
game

experience

Fig. 2. This work focuses on exploring game challenge modulation through 
image modifications. Eventually, this might help (re-)design games for an 
improved game experience. Such an improvement might also be obtained 
together with player characterization through dynamic difficulty adjustment. 
Dashed lines are used to highlight that these modules are not part of this work.

III. Methodology

To evaluate the possibility of modulating the gameplay with visual 
computing elements, we developed a web-based cube puzzle game as 
a proof-of-concept prototype and conducted a user study. The basic 
gameplay is first introduced in section A, the selection of the visual 
concepts for this case study are motivated, and their implementation 
within the game is discussed in section B. Other visual concepts are 
reviewed, although intended for future exploration, in Section C. 
Finally, the actual images used in both versions of the game as well as 
their grouping to design the puzzles are detailed in Section D.

A. Baseline Gameplay
The Cube Puzzle game consists of a series of 6 puzzles, each with 

9 pieces arranged in a 2D 3 3 layout (Fig. 3). Each piece represents a 
cube, and each of its six sides has a subimage of one of the six possible 
full images that can be formed with the 9 cubes. Only one of the six 
faces of each cube is displayed at a given time, and this face can be 
changed by rotating the cube in any of four directions (by clicking on 
the triangular marks) to reveal the corresponding neighbor face. In 
addition, the displayed face can be repeatedly rotated 90˝ clockwise 
by clicking on the corresponding inner arrows. Each puzzle is solved 
when all the cubes display the corresponding part of a target image 
and at the appropriate orientation, i.e. when the target image is 
formed. Although each cube has six faces, only one target image per 
puzzle has to be formed. Different puzzles have different images on the 
sides of the cubes. The images used for the six puzzles in this baseline 
version of the game are given in the first six rows in Table II. The 
rest of the information in this table is described where relevant in the 
following sections. A game is successfully complete when all the 6 
puzzles have been solved. Note that this number (6) of puzzles has to 
do with the number of visual concepts we decided to work with, not 
with the number of sides of a cube.

B. Visual Concepts Considered
The baseline gameplay was enriched with visual computing (VC) 

elements (or visual concepts, for short) so that we can test our main 
hypothesis that this kind of visual concepts can be useful to modulate 
the gameplay. Much is known on the impact on human visual 
perception of computer-generated graphics [26], even though a lot of 
practical insight has yet to be gained by the application of this body 
of knowledge to games, and to human-computer interfaces at large. 
For this first study, we decided to focus on the following three visual 
concepts, which are highly relevant to, and cover, three different areas 
of human visual perception: edges (e), color (c), and dynamics (d).

Edges can roughly represent a given object, but they can also be 
insufficient for object recognition [61]. Therefore, edges may challenge 
some visual-perception-based task.

Color is another visual attribute whose perception has also potential 
implications for games. For instance, color perception is known to 
differ across the visual field of view [62], and it is influenced by 3D 
shape perception [63]. Interestingly, brain activation from actual 
observations of color are found to be similar to implied observations, 
i.e. not actually observed, but known from prior knowledge of objects 
[64].

Motion is a powerful visual cue that can enhance the perception, 
particularly when other visual conditions are poor [65]. For our 
purposes, motion and image dynamics in general provide a wide range 
of concepts where time-varying contents can be used to modulate the 
discriminability of images. For instance, visual acuity of static stimuli 
is found to be superior than that of dynamic stimuli in the fovea, but 
not in the periphery [66], and perception is influenced by temporal 
frequency and occlusion [67].

Implementation details. Regarding the implementation of these 
concepts, for edges (puzzles  and  in Table II), spatial image 
gradients were computed on the corresponding gray-level image, and 
then scaled for visualization purposes. Algorithm 1 shows the steps 
used in this work to convert a color image to an edge image. First, the 
image is converted to gray-scale by using the NTSC standard where 
each color channel is weighted differently (wr = 0.30, wg = 0.59, 
wb = 0.11) to account for human color perception, which is more 
sensitive to green [25]. In order to reduce the noise effect, the gray-
scale image is smoothed by average filtering [25], that is, a linear 
convolution, Ig * A, of the gray-scale image Ig with the filter mask A of 
size n × n, with Aij = 1/n2. Spatial gradients [25] are computed from 
the smoothed image as [Gx, Gy] = ∇Is = [∂Is / ∂x, ∂Is /∂y]. The gradient 
magnitude is approximated by the sum of the absolute values of the 
gradient in both directions. We finally apply a scale factor s to the 
gradient magnitude for visualization purposes, and clamp the result 
to the valid gray-level range [0,255]. In this work, we used n = 11 for 
smoothing; spatial gradients were approximated with simple neighbor 
differences,

Fig. 3. Game interface with one of the puzzles. In this case, just a single cube 
(the one in the upper-left corner) remains to be aligned to complete the puzzle. 
The target image is a human eye in this case, which is displayed as a thumbnail 
for reference while playing.
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 (1)

 (2)

and s = 30 for scaling to visually emphasize the edges.

TABLE II. Images Used in the Different Puzzles for Each of the 6 Faces 
of Each Cube, Ii, i ∈ {0; ...; 5}. Each Image Is Divided Into 3 × 3 Images in 
a regular Grid. These Subimages Are the Faces of Each Cube in the 

Puzzle (As Shown in Fig. 1 and Fig. 3). The Goal Is to Rotate Individually 
the Cubes So That the Visible Face of the Cube Correspond to the 

Respective Subimage in I0, Thus forming the Target Image

Puzzle
Target 

image (I0)
Rest of images

I1 I2 I3 I4 I5

Ast

Bst Same as Ast

Cst Same as Ast

Avc:e

Bvc:c

Cvc:d

Algorithm 1. Edge computation

Input: Color image with color channels R, G, B

Output: Edge map as image

Ig ← wr · R + wg · G + wb · B                      ⊳ convert to gray-scale image

Is ← averageFilter (Ig, n)                   ⊳ smooth image, with filter size n
Gx, Gy ← spatialGradients (Is)         ⊳ vertical & horiz. image gradients

M ← |Gx| + |Gy|                            ⊳ approximation to gradient magnitude

return min (s · M, 255)                    ⊳ scale and clamps to range [0, 255]

For color, a color map (“false color”) was applied (puzzles Bvc:c and 
 in Table II). In this work, we use the known JET color map that we 

apply after converting the original image to gray-level scale (Algorithm 
2). This color map and pseudo-color processing in general, are common 
aspects in image processing [25]. Color maps are functions (maps) from 
a scalar value (an index) in a range (typically gray levels in the range 
[0,255]) to tuples defining colors (e.g. RGB values). The JET color map 
(Fig. 4) produces a smooth transition from cold to warm colors as the 
index varies from 0 (the darkest) to 255 (the lightest).

Algorithm 2. Color modification

Input: Color image with color channels R, G, B

Output: Image in JET color map

Ig ← wr · R + wg · G + wb · B                   ⊳ convert to gray-scale image

return applyColorMap(Ig, 'JET')                  ⊳ apply JET color map

gray levels

mapped colors

R, G, B functions of index

index
0

0.0

0.5

1.0

50 100 150 200 250

0 50 100 150 200 250

0 50 100 150 200 250

Fig. 4. JET color map. When applied to gray values (top) the corresponding 
colors (middle) are defined by specific functions (bottom).

Finally, the dynamics concept was implemented by clockwise 
rotating independently each of the six images around their center at 
a constant angular speed of about ω = 20∘/s. Therefore, when one 
subimage in one of the cube’s sides is visible, the corresponding rotating 
motion is displayed, rather than a static image, as illustrated in Fig. 5. 
Such effect is applied to all images in puzzles Cvc:d and  in Table 2. 
Note this transformation (Algorithm 3) is computed in real-time on a 
graphic processing unit (GPU), by means of the fragment shader [68]. 
To this end, images are provided as textures and faces are provided 
with 2D texture coordinates. So, for each frame, texture coordinates are 
transformed by the 2D rotating transformation matrix (3):

 (3)

Fig. 5. Illustration of the dynamic effect. All images are rotating, including the 
target image (above), but only the parts corresponding to the disclosed cube side 
are visible at a given moment (below). This animation corresponds to 4 seconds, 
one frame per second, and the target image is visible in five out of the nine cubes.
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Algorithm 3. Updating rotation effect, at each frame

Input: angular speed (ω, degrees/second), and elapsed time (t, seconds)

φ ← rotationAngle (ω, t)                                    ⊳ update rotation angle

R ← rotationMatrix (φ)         ⊳ create 2D clockwise rotation matrix

Send R to fragment shader       ⊳ for rotation of all textures coordinates

For the experiment, all the color images were of 512 × 512 pixels, 
and the visual modifications corresponding to edges and color change 
were precomputed and used in the video game afterwards, while the 
dynamic effect was performed in real-time.

C. Other Visual Concepts
Besides these three concepts, we comment on a few other 

interesting possibilities that might be explored in the future. Due to 
its fundamental importance in our daily lives, human faces have been 
extensively studied from both computer and human perception points 
of view [69]–[71], and might be a good concept to include and study 
in the context of digital games; for instance, face-based environments 
may increase users’ engagement [72].

Pixelation is a simple but powerful mechanism to modify images so 
that their perception can be facilitated or hindered [73], and it lends 
itself to be included in video games for a variety of purposes. However, 
pixelation in successful games has only or mostly been used for its 
nostalgic or art style values [74], [75].

Visual illusions are an important area of vision research since they 
provide great insights into the functioning, abilities and limitations 
of our visual system [76]. Interestingly, it was recently found that 
machines cannot (yet) understand nor create such illusions [77]. 
Consequently, illusions might arguably be another ingredient in video 
games, a topic worth exploring in the future.

D. Target Images
Regarding the target images, three generic visual entities are 

considered: human (facial) attributes, natural landscapes, and abstract 
shapes. The particular images chosen for representing these entities 
were eyes, beaches, and smokes, respectively (column I0 in Table II). 
One main reason for these images is that each of them lend themselves, 
respectively, to each of the visual concepts chosen. Thus, edges were 
applied to eye images, color modification to the beach scenes, and 
dynamics to the smoke images.

Additionally, for each puzzle, two degrees of likeness (distinct 
and alike) are considered depending on which images are used for 
each of the remaining five faces (columns I1–I5 in Table II) of the cubes 
other than the face for the target image. For the distinct version, 
images very different from the target ones are used, whereas the 
alike version uses distracting images that look similar to the target 
image. For instance, for the eyes case, other human eyes with similar 
appearance are used as well.

Summarizing, there are two versions of the game: ST (after 
“standard”) as the original one, without visual computing; and VC 
(after “visual computing”), which uses the three visual concepts (edge, 
color and dynamics), one per target image. For each version of the 
game (ST and VC), two factors are considered: the three target images 
(eyes, beaches and smoke), and the type of distracting images (distinct 
and alike). In a way, using distracting images might be seen as an 
additional VC to consider, since it may affect the gameplay as well. 
Thus, this hypothesis will also be tested experimentally.

Table III collects all this information for convenience and quick 
reference. We will refer to each of the three puzzle pairs by different 
target images (A, B, C). The alike versions are denoted as , , and 

 (for the corresponding i ∈ {st, vc}). This notation will allow us to 
compactly and easily refer to the different puzzles, in particular when 

comparing their results. As an example, the puzzle shown in Fig. 3 
corresponds to , and that shown in Fig. 5 corresponds to Cvc:d as 
images are rotating. All images used in all puzzles are given in Table 
II. These are all static images except for puzzles Cvc:d and , which 
move as indicated.

TABLE III. The Conditions and Notation to Refer to the 12 Different 
Puzzles Used, 6 Puzzles Per Game Condition. TABLE 2 Provides Useful 

Complementary Information to Understand Each Possible Puzzle

Puzzle
Target 
image

Other 5 
images

Likeness
Visual 
concept

Condition
ST VC

A eye
not eyes distinct

edges (e)
Ast Avc:e

other eyes alike (∼)

B beach
not beaches distinct

color (c)
Bst Bvc:c

other beaches alike (∼)

C smoke
not smokes distinct

dynamics (d)
Cst Cvc:d

other smokes alike (∼)

IV. Design and Implementation

We review the rationale behind the design of the experiment in 
section A, the user questionnaire after game completion in section B, 
and the interface in section C. Details of the user study and of the 
implementation are given in section D and section E, respectively.

A. Experiment Design
Two user groups are considered, the control group (ST) and the 

experimental group (VC). A between-subjects protocol was preferred 
over within-subjects one, since less time and effort is required from 
each participant, and the subjects do not need to compare directly both 
versions of the game. Although the between-subjects protocol requires 
more subjects, this was not found to be an issue, because we planned 
to do an online experiment and expected to recruit participants with 
relative ease. Interaction logs were saved per session in order to collect 
quantitative data in terms of time to completion, number of puzzles 
successfully solved, number of clicks required, etc. Additionally, 
subjective data was captured via a final opinion questionnaire (Sect. 
B) to understand how easy, entertaining, or enjoyable the game was 
perceived by players. Qualitative feedback from users data was also 
gathered during and at the end of each puzzle (Sect. C). Table IV 
summarizes the main descriptions of the experimental design.

TABLE IV. Summary of Main Descriptions of the Experimental Design

Study type Online game user study for about 1,5 months.
Each participant played 6 puzzles for up to 
about 15 minutes (Sect. IV-D).

Experimental design Between-subjects (Sect. IV-A):
• Control group (ST): original (standard) images.
• Experimental group (VC): images with visual 

modifications.

Assignment to 
experimental condition

Uniformly at random (either ST or VC)

Statistical hypothesis 
testing

Mann–Whitney U test (Fig. 8), 
Kruskal-Wallis H-test (Fig. 8), 
χ2 test (Sect. 5-C-1),
Z score test (Tables XII and XIII)

Exploratory analysis Confidence intervals (Fig. 6) and effect sizes, 
Cohen’s d (Fig. 7)

Intervention Visual modifications and experimental 
conditions (Table II and Table III)
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Online participants were assigned randomly either to the ST or the 
VC conditions, but they were not given any information about the 
game conditions so that no expectation could bias their judgment and 
play, a danger that has been identified [60]. All users are requested to 
complete 6 puzzles, but they can cancel a particular puzzle if they prefer 
so (Sect. C). To avoid a presentation-order effect, the three pairs of 
puzzles were randomly presented, but within each pair, the distinct 
puzzle was always presented before the alike one. For instance, one 
possible presentation order in the control group might be Bst, , Cst, 

, Ast, , and a possible presentation order in the experimental group 
might be Avc:e, , Bvc:c, , Cvc:d, . Thus, a total of 3! = 6 different 
presentation orders are possible.

To avoid an effect due to the type or contents of the images, the 
same images were given to all participants, except obviously for 
the corresponding VC modifications in the control group. Since it is 
important to find out the completion times, the game is timed and 
the player is asked to proceed as quickly as possible. To prevent 
interruptions from being included in the total elapsed time, the player 
is offered to take breaks after each puzzle, if desired, and this time is 
not considered. The elapsed time is displayed while forming a puzzle 
(Fig. 3) to provide the user with feedback and awareness of the time.

B. Opinion Questionnaire
The contents of the questionnaire (Table V) were designed to learn 

about how much the player enjoyed the game as a whole (Questions 
2 and 4), and their subjective perception of elapsed time (Question 
3) and performance (Question 1). We were also interested in finding 
out whether they enjoyed or hated some particular puzzle (Questions 
13–14). To better understand in terms of what they liked or disliked 
the game, their overall experience was assessed in four dimensions 
(Questions 5–8). A drawback of the between-subject approach is that, 
since each participant only plays one version of the game, they cannot 
be asked which one they prefer. To cope with this, users were given a 
number of widely known reference games to compare with (Questions 
9–12), so that the two versions of the game could eventually be 
comparable indirectly via these reference games.

No. Question
1 In general, I found easy to complete the game
2 I found the game entertaining
3 I think I was quick in solving the puzzles
4 Would you play this game again?

5-8 I found the overall experience to be...
5      ... entertaining | boring
6      ... simple | complex
7      ... surprising | dull
8      ... exciting | frustrating

9-12
I liked this game (significantly more | more | similarly to | less | 
significantly less) than

9      ... Mahjong
10      ... Solitaire
11      ... Classical puzzle
12      ... Sliding puzzle
13 Which puzzle did you like the most?
14 Which puzzle did you like the least?

The parts of the questionnaire and the possible answers in each 
question were as follows:

• Questions 1–4 could be answered with a 5-level Likert scale (from 
“strongly disagree” to “strongly agree”), plus a “No answer” choice.

• Questions 5–8 inquired about particular dimensions of the overall 
experience, and the possible answers were as given (Table V), plus 
a “No answer” choice.

• Questions 9–12 seeks to find out how much the player likes this 
particular game in comparison to the reference games given. A 
representative image of each reference game is given to help the 
player recognize the game.

• Questions 13–14 are about which puzzle they liked the most or 
the least, and they are offered to choose among the six puzzles. 
To facilitate their recognition, both the target and the remaining 
images are presented.

Notice that Questions 1 and 3 relate to the perceived effort, and 
the main motivation for including them is to relate them with the 
measured, actual effort in terms of times and number of clicks required 
to complete the puzzles. Our intuition was that a lack of correlation 
between the perceived and the actual efforts might provide some 
clue on whether the subjects enjoyed the game. For instance, if they 
underestimate their effort, this might mean they have been losing 
track of time, which is a sign of engagement [1], without explicitly 
asking the participant on that.

C. Interface Design
Some interface design details that are particularly important for 

this study are now briefly discussed. Before starting with the actual 
puzzles, the player is offered to play a first puzzle with neutral images 
so as to make sure they understand how to play. We will be referring 
to this initial “learning” puzzle as L.

It turns out that it can be very frustrating for a player not to be 
able to complete one puzzle that can be found particularly challenging, 
since this would prevent them to continue with the remaining puzzles. 
This is addressed with a “Give up” button (Fig. 3). However, to help 
preventing a player from giving up too easily, this button only becomes 
active after two minutes from the starting time of each puzzle. As 
a form of feedback, time is displayed as a countdown in seconds, 
starting with 120. When it gets to zero, the game is still playable and 
the player can give up.

The scoring captures the performance in terms of completing 
each puzzle and parts of it, and the time elapsed (Table VI). The first 
test puzzle is not included in the scoring. This score was included to 
provide the player with a sense of an actual game, rather than as a 
reliable measure of performance to be analyzed. When the sides 
for all the 3 cubes in a row or in a column are correct, the player is 
provided with feedback, which is also a form of visual reward and 
encouragement to keep playing.

TABLE VI. Scoring Scheme, Points are in Thousands

Situation Points
Completing one row or column 1
Completing one row and column at the same time 4
Puzzle solved 10
For each remaining second once puzzle completed 2

Although the user is asked to fill in a final questionnaire, this only 
provides us with a form of overall opinion, but it was interesting to get 
more detailed feedback from the user for each of the puzzles, so that 
the player could express their emotional feelings at a time closer to 
the moment they experience them. To that end, an Instant Emotional 
Feedback (IEF) component was designed in the form of emojis (bottom 
part in Fig. 3). This IEF allows the user to choose, at any time during a 
puzzle or right before moving to the next puzzle, one or more among 
8 possible emojis to express a subset of the emotions most closely 
resembling their mood.1

1  Notice that this form of IEF might be related to the different approaches of 
getting feedback by monitoring player’s physiological signals [78], [79], which 
are more costly and obtrusive, but have the potential to predict the players’ 
affective state in real time.
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An individual emoji can be selected more than once as a form of 
indication of the strength of the corresponding emotion. Although 
these feelings can be roughly categorized into positive and negative 
emotions (Table VII), we used this just as a pragmatic approximation for 
usability, since it offers a convenient grouping criterion. For instance, a 
surprise is not necessarily a positive emotion (it could be a surprise for 
bad); and the expressions for difficulty can convey a negative valence if 
a puzzle is felt as too much difficult, as this would depart from the ideal 
flow concept. So, the interpretation of the use of some of these emojis 
should be taken as a mere approximation of the true feelings.

TABLE VII. Emotions and Emojis for the IEF (Instant Emotional 
Feedback). Since the Emoji Images Can be Ambiguous in the Associated 

Feeling, a Short Caption was Added Below

Valence
Underlying emotion, emoji used to convey the emotion, and 
informal caption

positive

Entertaining Surprising Exciting Easy

Fun Ooh! So cool! Easy as pie

negative

Boring Dull Frustrating Difficult

Bore Indifferent Ughh! Crappy!

D. Pilot and Final User Study
After testing the game ourselves, four people of different profiles 

(two of them females; one senior lecturer, one teenager high-
school student, and two young students, one undergraduate and 
one graduate), were asked to play the game to identify potential 
functionality and usability issues. Each game condition (ST and VC) 
were assigned to two of them. No problem was identified, and all of 
them could complete the game. Interestingly, two of the pilot users 
reported to find the initial puzzle critically important to understand 
that only one image needed to be formed, and which one it was. The 
feedback after a row or column is complete was reported to be either 
useful (to make sure whether a puzzle is fully solved) or satisfying.

For the final study, calls for participation were submitted to mailing 
lists in our university, both to staff (lecturers and administration) 
and students, both from different disciplines (humanities, law and 
economics, health, and sciences & engineering), so different ages and 
backgrounds were covered. Users were informed on the scientific 
purpose of the study and that the privacy of the collected data was 
guaranteed since it would only be treated anonymously.

For the statistical significance analyses, the following tests were 
used: the non-parametric Mann–Whitney U test (M-W for short), 
Kruskal-Wallis H-test, χ2 test, and Z score test, depending on the 
nature of the data and the comparison purpose. Even though we report 
p-values, we would like to emphasize the danger of dichotomous 
thinking associating statistical significance to conclusive evidence 
(and non-significance to no evidence) [80], that statistical testing may 
promote. Related to this, and also because our work can be seen as a 
mixture of confirmatory and exploratory research [81], we complement 
the significance testing with an estimation-based approach based on 
confidence intervals and effect sizes.

E. Implementation Details
All parts of the game, including the questionnaire, were implemented 

using HTML5 and JavaScript, and WebGL for the graphics. Since users 
did not register for playing and no personal information from them 
was collected, the logged actions, the results of the different puzzles, 

and the responses to the questionnaire were associated with randomly 
generated names. The game condition (ST or VC) was selected 
uniformly at random, so that approximately half of the participants 
were assigned to each group.

The game was (and is) made available at https://bit.ly/3dxLFXZ. 
The link was provided as part of the message for the participation, 
for convenient quick and ready access. This is the version used 
during the study, where the game condition is chosen randomly. 
For the reader convenience, VC and ST versions can be accessed at  
https://bit.ly/3lRLV8z and https://bit.ly/ 3IyaNfo, respectively.

V. Results and Analysis

Up to 271 users started the game, and 55% of them (148) completed 
it. According to the random assignment to the control (ST) and 
experimental (VC) groups, about half of the participants played under 
each condition (Table VIII). Interestingly, a higher percentage of ST 
participants compared to VC participants completed the game, which 
can be seen as a first sign that the VC version of the game might be 
more challenging, since it may have caused some users to quit at some 
point before finishing.

TABLE VIII. Number of Participants who Completed the Game

Condition Started Completed (%)
ST 126 77 (61.1)
VC 145 71 (49.0)

Total 271 148 (54.6)

We now discuss the players’ performance in section A. Then, the 
instant emotional feedback and the answers to the questionnaire are 
analyzed in sections B and C, respectively. All these analyses focus on 
the data from the users who completed the game, to avoid the bias that 
considering the data from all participants may introduce.

A. Behavioral Results
In order to study how challenging the different puzzles and game 

conditions were, two play performance metrics are mainly considered: 
the time taken to complete the game, and the number of clicks (i.e. 
cube rotations) the users made. Higher values for these metrics can 
readily be associated to an overall greater difficulty. We analyze these 
metrics globally in section 1 and per-puzzle in section 2.

B. Global Analysis
On average, VC users took 50% longer and required about 25% 

more clicks than the ST users for game completion (Table IX). These 
differences are statistically significant (U = 763.0 for times and U 
= 1292.5 for clicks, p < 0.0001 both cases), and provide strong 
evidence on the higher challenge that visual computing introduces. 
This first finding leads to two relevant questions: which particular 
visual concepts are offering higher challenge, and how participants 
subjectively perceive the game. These issues are analyzed in section 2 
and section C, respectively.

TABLE IX. Performance Metrics of Game Completion: Mean (Standard 
Deviation)

Metric All users ST VC
Time (Seconds) 594 (189) 486 (115) 710 (183)

# clicks 429 (106) 384 (68) 479 (117)

Although somehow more anecdotally, 19 users used the “give 
up” button for particular puzzles. Most of of these users (14) were 
playing the VC version, which brings further evidence on previous 
observations. Curiously enough, these 19 users took about 20% longer 
to complete the game than the remaining 129 users. Individually, any 

https://bit.ly/3dxLFXZ
https://bit.ly/3dxLFXZ
https://bit.ly/3lRLV8z
https://bit.ly/3IyaNfo
https://bit.ly/3IyaNfo


- 8 -

International Journal of Interactive Multimedia and Artificial Intelligence

of those players who gave up some puzzle, used this option twice at 
most. These observations suggest that the give-up option was used 
sparingly, and only when players sensibly judged they were taking too 
long to complete some particular puzzle. Most surrenders correspond 
to puzzle  followed by Cvc:d, a fact that can be further inspected in 
light of other results discussed in subsequent sections.

C. Per-Puzzle Analysis
The above overall results can be broken down by the different kind 

of puzzles. The confidence intervals [82], [83] for time and clicks (Fig. 
6), computed with bootstrapping (100 repetitions, percentile method 
[84]), provide both a good first idea of which puzzles require more 
effort to complete, and qualitative support to the quantitative analysis 
described subsequently.

60

50 60 70 80 90 100 110 120

80 100 120

times (s)

# clicks

140 160 180

Fig. 6. Times (top) and clicks (bottom) per puzzle, with 95% confidence intervals.

Three comparisons are considered: ST versus VC, distinct versus 
alike puzzles, and among puzzle types (namely, with different target 
images for the same game condition and likeness). These analyses 
are performed in two complementary manners: effect sizes and 
hypotheses testing, as reasoned above (Sect. D).

For the effect sizes, Cohen’s d [83] was used (Fig. 7(a–d)) where the 
confidence intervals for the mean were computed with bootstrapping 
as well. For convenience, the intervals were color-coded according 
to the known effect size classes (small, medium and large) [83] using 
the mean as a reference, as follows: large if |d| ≥ 0.8, medium if  
0.5 ≤ d < 0.8, small if 0.2 ≤ |d| < 0.5, and none if |d| < 0.2. For the 
statistical tests, all the comparisons are given graphically (Fig. 8a–c) 
for higher clarity.

ST versus VC. Players’ performance for each of the 6 puzzles plus 
the initial puzzle (L) were pair-wise compared under the ST and VC 
conditions (Fig. 7a, Fig. 8a). Significant differences were found (Fig. 
8a) for both the required completion time and number of clicks, for 
all puzzles except for L and B∼. These results are consistent with those 
obtained with Kolmogorov-Smirnov test, with the only difference being 
in  vs  for times (not for clicks); thus both tests agree in 11 out of 
12 comparisons. The statistical differences are also essentially captured 
with the effect sizes (Fig. 7a). The lack of differences in L (U = 2617.5, p = 
0.33 for time, and U = 2700.0, p = 0.45 for the number of clicks) makes 
sense because this is just a test puzzle not including any form of visual 
computing. Thus, this result serves as a verification that no undesirable 
bias due to differences in subject distribution exists. As for the lack of 
differences between  and  (U = 2408.5, p = 0.11 for time, and U 
= 2454.0, p = 0.14 for the number of clicks), it might relate to the fact 
that the alike version in this puzzle (i.e. with distracting images similar 
to the target image) had a higher impact on the difficulty of  than the 
fact of including the VC. This suggests that the distracting images can be 
regarded as a form of visual computing itself, as initially hypothesized.

Distinct versus alike versions. Performances were also compared 
between the distinct and alike versions of the puzzles for both the 
VC and ST conditions, separately, i.e. Ast vs , Avc:e vs  and so 
on (Fig. 7b, Fig. 8b). With a confidence level α = 0.05, significant 
differences are found (Fig. 8b) in both ST and VC, for the three types 
of puzzles, except for Bvc:c vs , a result which agrees with the per-
puzzle analysis described above. It can be observed that the medium-
big effect sizes (Fig. 7b) correspond to the statistical differences. Notice 
that the differences found in the ST condition further support the 
usage of distracting images as a factor for game-difficulty modulation.

Among puzzle types. Finally, to gain insight on whether some 
puzzles may be harder than others, performances were compared group-
wise for two 3-puzzle groups, namely, the three distinct puzzles, and 
the three alike ones, again for VC and ST separately (Fig. 7c–d, Fig. 
8c). The differences among the puzzles of the distinct group for the ST 
condition (Ast, Bst, Cst) seem statistically insignificant, which agrees with 
Cohen’s d close to 0, which means that none of the different images being 
used (eyes, beaches and smoke) bring any particular challenge with 
respect to the others. However, when either VC concepts (Avc:e, Bvc:c, Cvc:d) 
or alike versions ( , , ), or both ( , , ) are introduced, the 
remarkable differences in both metrics (time and the number of clicks) 
suggest that the visual computing elements induce differences that affect 
both the distinct and alike versions of the puzzles.

Now, to understand which puzzles are harder than others, the three 
possible pair-wise post-hoc tests are performed for the cases where 
group differences have been found. From the results (Fig. 8d) the most 
remarkable outcome is that  seems the most difficult one among the 
alike versions under ST. For VC, Avc:e seems the most challenging one 
among the distinct versions, and  the easiest one among the alike 
versions. Interestingly, both the times and the number of clicks agree 
in the puzzle ranking. This suggests that both metrics characterize 
similarly the control and experimental groups. Regarding the effect 
sizes, the medium to big sizes found in both ST and VC (Fig. 7c-d) are 
in agreement with the statistical results. Effect sizes also reveal a close 
symmetry between times and clicks.

Taken together, these observations can be summarized as follows. 
First, the game difficulty can be modulated not only by visual 
computing but also by a proper choice of the target and distracting 
images. Second, interestingly, the VC elements bring an additional 
difficulty beyond image contents even with the distinct versions of 
the puzzles, which provides an evidence of its intended effectiveness. 
Finally, remarkable differences exist among the three types of VC 
elements introduced, which promises to offer flexibility when 
choosing the desired challenge level for a target game and user profile.
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Legend for interval's color:

Effect size distinct vs alike (in a, c, d)

red big light distinct

yellow medium dark alike

green small

gray none

(a) ST vs VC

(b) distinct vs alike

(c) among puzzle types in ST

(d) among puzzle types in VC

-2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for time

0.5 1.0 2.01.5 -2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for # clicks

0.5 1.0 2.01.5

-2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for time

0.5 1.0 2.01.5 -2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for # clicks

0.5 1.0 2.01.5

-2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for time

0.5 1.0 2.01.5 -2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for # clicks

0.5 1.0 2.01.5

-2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for time

0.5 1.0 2.01.5 -2.0 -1.5 -1.0 -0.5 0.0
Cohen’s d for # clicks

0.5 1.0 2.01.5

Fig. 7. Confidence intervals of effect sizes (cohen's d) for times (left) and clicks (right) when comparing ditferent puzzles. 
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D. Instant Emotional Feedback
Beyond the performance metrics, we are also interested in finding 

which additional insights can be gained from the qualitative instant 
emotional feedback (IEF). Around 90% of the users who completed 
the game used some emoji to provide their reaction to particular 
puzzles (Table X), in similar amounts for users in ST and VC groups, 
just slightly higher for the latter. We analyze which emojis were used 
globally in section 1, and per-puzzle in section 2.

TABLE X. Usage of the Instant Emotional Feedback (Emojis)

Condition Users (%) # Emoji # Emojis/user (avg.)

ST 88.3 478 6.2

VC 92.9 517 7.3

Total 89.9 995 6.7

(a) Pairwise ST vs VC (b) Pairwise distinct vs alike

(c) Group-wise within distinct and alike (d) Post-hoc test a�er (c)

Fig. 8. Diagrams of the statistical tests performed on comparing types of puzzles (a, b) pairwise (Mann-Whitney rank test) and (c) group-wise (Kruskal-Wallis 
H-test), for completion time (t) and number of clicks (k). Bonferroni correction is applied with α* = 0.05/m, for m = 48 accounting for the all pair-wise hypotheses 
(24) and the two dependent variables (t and k). Note: ** means p-value is very low (lower than 0.0001), thus representing statistically significant differences (d) 
Ranking puzzles from pair-wise post-hoc tests (Mann-Whitney rank test). Note: the notation X < Y represents that significant differences exists between X and 
Y and puzzle X has lower mean for the corresponding metric than puzzle Y .
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E. Global Analysis
It was found that the VC group completed the game with more time 

and clicks, which we can associate to a generally higher difficulty of 
the game under the VC condition. Now, based on the emojis chosen 
by the users (Table XI), it can be observed that emotion easy is used 
more than hard in the ST group, and the opposite happens in the VC 
group, which reinforces such association. Besides this increment in the 
perceived difficulty in the VC group, emotion entertaining, although 
decreasing, maintains the first place, while the rest of positive emotions 
(surprising and exciting) increase. In other words, by considering 
the group of the three emotions (entertaining, surprising, and 
exciting) as a whole, they are used similarly in ST (56.9%) and VC 
(53.4%), which can be interpreted that, overall, emotions with positive 
valence are similarly expressed in both conditions, which support 
our hypotheses regarding the game modulation and diversification 
through VC. Similarly, although hard is used more in VC than in ST, 
other emotions with negative valence (dull, frustrating and boring), 
not only are used the least in both conditions, but also with the same 
percentage (17.8% in total).

TABLE XI. Percentage of Emotions Usage (With Respect to the Total 
Emotions Used Group-Wise) in Both Groups, Sorted in Descending Order

ST VC

Emotion % Emotion %

entertaining 31.8 entertaining 21.5

surprising 14.4 hard 19.1

easy 14.0 surprising 17.0

hard 11.3 exciting 14.9

exciting 10.7 easy 9.7

dull 10.0 dull 6.6

frustrating 6.1 frustrating 6.4

boring 1.7 boring 4.8

When comparing the usage proportion of each emotion (Table XII), 
it turns out that ST users found the game more entertaining, while VC 
users found it not only harder (which brings further statistical support 
to previous analysis) but also more boring and more exciting at the 
same time. Although this result clearly indicates that a per-puzzle 
analysis is called for, it is also worth noting that the result for boring 
is possibly less relevant, since this emotion is used little (less than 
5%). Also, note that after Bonferroni correction, only the differences 
regarding alike are found significant.

TABLE XII. Emotions Whose Usage Proportions are Found 
Statistically Different (Z score, Α = 0.05). The Symbol + Represents 

in Which Group (ST Or VC) the Corresponding Emotion is More Used, 
Whose % of Usage is Also Given

ST VC % usage p-value z

+ entertaining 31.8 0.046 1.997

+ hard 19.1 ** -4.517

+ exciting 14.9 0.011 -2.528

+ boring 4.8 0.016 -2.404

Note: ** means p-value is very low (lower than 0.00001). After Bonferroni  
correction with α* = α/m, for the m = 8 emotions tested, the difference in 
proportion is significantly different only for hard, which is boldfaced.

F. Per-puzzle Analysis
When the emoji usage is analyzed pair-wise (ST vs VC) per puzzle 

(Table XIII), it is found that significantly more emojis were used in VC 
than in ST for all puzzles: up to 9 emotions are found to be significantly 
more used in VC than in ST, while only 2 emotions were more used 

in ST, which additionally occurs in just two puzzles (A and A~)2. This 
seems to imply that the VC condition generally rouses more emotions 
in a wider range of conditions. Another interesting observation is 
that although entertaining was found to be predominant in ST in 
a global sense (Table XII), its significance actually only occurs in a 
single puzzle ( ), which suggests that it cannot be generalized the 
fact of ST being more entertaining than VC. A final remark is that, as 
noted above, no significant difference was found in the time required 
to solve B~ between ST and VC (Fig. 8a). However, according to the 
IEF, B~ is found easier in VC, which not only further supports the 
idea that distracting images produces higher difficulty, but also that 
VC modulates this difficulty and, very interestingly, by lowering it in 
this particular case. Notice that this analysis changes after Bonferroni 
correction.

TABLE XIII. Emotions Used Significantly More (Z score, α = 0.05) 
Between the ST and the VC Versions of Each Puzzle. After 

Bonferroni Correction With α* = α/m, for the M = 48 (6 Puzzles and 
8 Emotions), the Difference in Proportion is Significantly Different 

Only for the Emotions in A, Which are Boldfaced

A z p-value A~ z p-value
ST + easy +3.319 0.001 + entertaining +2.458 0.0140

VC
+ hard -3.616 0.0003 + hard -2.619 0.0088
+ frustating -3.436 0.001

B B~

VC +surprinsing -2.156 0.0311 + easy -2.000 0.0456
C C~

VC
+ hard -2.438 0.0148 + hard -2.155 0.0312
+ exciting -2.000 0.0456 + exciting -3.000 0.0026

G. Opinion Questionnaire
Finally, the participants opinions are analyzed mainly to find out 

how each game condition (ST or VC) was perceived (Sect. 1) and then 
to compare subjective perceptions with actual performance metrics 
(Sect. 2).

1. Participants’ Perception
The responses of the questionnaire (Figs. 9–11) were compared pair-

wise (ST vs VC) per question. No statistically significant differences 
were found in most cases. A general qualitative observation of the 
responses (Fig. 9) reveals that most users found the game entertaining 
(Fig. 9a), and easy to complete (Fig. 9c), and they agreed that they 
would play the game again (Fig. 9d). Most of the users in the ST group 
also agreed they were quick at solving the puzzles (Fig. 9b).

2. Subjective Perception Vs Actual Effort
Regarding the overall experience (Fig. 10), both groups mostly 

found it entertaining, compared to boring (Fig. 10a), and surprising, 
compared to dull (Fig. 10b), but neither exciting nor frustrating (Fig. 
10c). However, ST users found it mostly simple, while VC users did 
not (Fig. 10d). This difference is statistically significant (χ2 = 13.934, 
p = 0.001) and reinforces the conclusions obtained in the previous 
sections. Therefore, this can be seen as that users’ subjective 
perception matches objective data. Interestingly, this increase in 
difficulty does not generally seem to translate into less entertainment 
or more frustration.

The results of the most and the least preferred puzzles (Fig. 11) are 
also similar in both groups, despite the actual differences observed 
regarding actual effort. It is worth noticing how, regardless of the 
group (ST or VC), puzzles B~ and C~ are liked twice and three times 

2  We remind the reader that these are not necessarily the first puzzles presented 
to the player, since the order is chosen randomly for each participant, as 
discussed in A.
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as much as their B and C counterparts, respectively, even though they 
include the additional challenge of distracting images. It is interesting 
to note that a similar proportion of VC and ST users liked C~ the most, 
in spite of  being particularly hard. The puzzle selected as the least 
liked was A in both ST and VC. When comparing the most and least 
liked puzzle-wise, it can be observed that some puzzles are judged as 
the least liked as much ( ), half as much ( ), or three times as 
much ( ) as they are preferred. These observations lead to two main 
conclusions: players exhibited a wide variety of skills and tastes, and 
a notable amount of them seems to have enjoyed some of the most 
challenging puzzles.

It is important to find out whether users’ perception of effort and 
difficulty align with actual collected metrics. Two questions in the 
questionnaire (namely, whether they think they were quick, and they 
found the game easy) relate to the two metrics collected (completion 
time and number of clicks). Then, it is possible to explore how the 

answers to these questions distribute in the time-clicks space. 
Regarding the effort, it can be observed that users’ perception strongly 
correlates with the actual times (Fig. 12a). This happens in both user 
groups, which is interesting because the time and click ranges are 
significantly different among these groups. In other words, VC users 
who felt they were quick, took shorter, on average, than VC users who 
believed they were not, but longer than ST users in general, even than 

Answer
(a) I found the game entertaining (b) I think I was quick...

(c) I found easy to complete... (d) I would play the game again
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Fig. 9. Distribution of replies to Questions 1–4 of the questionnaire. Please, 
note that a numerical scale has been used for the agreement scale, as given 
below, for convenience.
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Fig. 10. Distribution of replies regarding the overall game experience. We 
include the percentage of users that did not select (NA) any of the adjectives 
of each pair.
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those ST users who felt they were not quick. It can also be noticed 
that time correlates better with the user perception of time than the 
number of clicks.

As for the second question, the perception of difficulty correlates 
generally better with the number of clicks than with completion times 
(Fig. 12b). In this case, however, the results are notably different for 
the VC and ST users. On the one hand, ST users who perceived the 
puzzles as difficult took generally longer and used more clicks. On the 
other hand, although the pattern for VC users is possibly less clear, it 
is intriguing that those VC users who used the most number of clicks, 
strongly agreed that the game was easy. It can be very tentatively 
argued that this may partly relate with a state of flow: those users 
might have been enjoying the game despite making more mouse clicks, 
since for their skills the challenge was at a good difficulty balance. 
On average, this user subgroup took also longer than those who less 
strongly claimed to find the game easy.

VI. Discussion

The overall results of this study strongly support the idea that a 
variety of simple visual ingredients can be used to modulate the 
game difficulty while preserving the core gameplay. Interestingly, the 
analysis of user perception through the instant emotional feedback 
and opinion survey reveals that more challenging puzzles do not 
necessarily lead to boredom or frustration, but they may also be found 
entertaining and enjoyable. Although the evidence for claiming that 
a flow state was achieved by some participants is certainly weak, and 
not directly pursued at design stage, a door is certainly open regarding 
this desirable possibility. 

Regarding the applicability of this study, puzzles and card games 
seem the most straightforward choice, which is not little considering 
that a wide range of these games exist, either as complete games or 
as mini games. Beyond these genres, however, other possibilities 
where some variation of this work is feasible includes games whose 
backgrounds or other visual elements (enemies, non-playable 
characters) can be modified to modulate the gameplay. It can even be 
speculated that the concept may inspire not only variations of existing 
games, but also new games. 

The preferences for some puzzles observed in the questionnaire may 
suggest that solving these puzzles are intrinsically more enjoyable. 
However, an alternative hypothesis is that these preferences might 
have to do with the particular images being used. Further work might 
explore the use of the same images across different visual concepts 
to remove this potential bias, and making sure that the questions 
are understood as meant. Regarding the different visual computing 
elements considered, they produce a variety of effects and it is 
therefore hard to generalize how exactly each contributes to modulate 
the difficulty. All in all, however, the combination of abstract shapes 
and the dynamic effect (rotational motion) led to more participants to 
surrender, and therefore this visual effect should be used only when 
the highest challenge is advisable. The color-based modification has 
possibly contributed to lower the difficulty to the extent that using 
distracting images neutralized its effect. This suggests that the same 
visual concept may have a notably different impact depending on 
which images it is applied to. The edge-like effect was possibly the 
least popular and among the hardest ones, both with similar and 
dissimilar distracting images. Overall, the challenge that a particular 
visual element will induce has to be carefully studied, and it is possible 
hard to predict. One possibility to address this is relying on the body of 
knowledge of the human cognition and visual perception, to leverage 
on its strengths and weaknesses. Another possibility would be to 
automatically learn the implications of each of a large set of visual 
effects through large-scale long-term usage.

User feedback is provided when a row or column of cubes are 
correctly completed. Indirectly, this feedback acts as a facilitating 
mechanism and, while this is applied to all puzzles, it makes the 
hardest puzzles easier, which complicates the derivation of accurate 
conclusions on how hard the visual concept itself is, since the feedback 
may be interfering. In addition, this feedback might also promote 
some players to apply some form of strategic playing. Therefore, these 
issues would require further examination and experimentation.

It is interesting to note that the number of clicks and the elapsed 
time to complete individual puzzles correlate well with the particular 
game version that users played. This implies that these metrics may 
have some potential predictive power of how hard players are finding 
a game or part of it. However, the time distributions (Fig. 13) reveal 
two important observations. First, despite having statistically different 
means, there is a notable distribution overlap; second, the time 
distribution for VC players is right long-tailed (in fact, this distribution 
is not normal whereas that of ST is). These observations mean that 
many VC users actually took shorter than the average VC user, with 
times close to ST users, and that some VC others took significantly 
longer. Therefore, although VC is generally and intrinsically harder, 
user skill is also a critical factor in explaining the observed performance.

ST
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Fig. 13. Density estimation of time for game completions in VC and ST. The 
distributions for the number of clicks are similar.

The considerations above suggest that additional data, besides 
times and clicks, can be useful for player modeling and predicting their 
skills. For instance, mouse traces (Table XIV) could bring an additional 
metric of effort (e.g. length of mouse trajectories) and, more generally, 
they can be very insightful into the different solution strategies 
employed by users, or for guessing which sense of control over the 
game a particular user is having.

Beyond manual inspection of these visualizations, or deriving 
heuristic metrics, disciplined machine learning techniques can turn 
out to be very useful for characterizing players and, in turn, dynamic 
game adaptation. In fact, a first approach to this problem has recently 
been explored [85].

VII.   Conclusions

This work has empirically shown that simple visual computing 
techniques can be introduced to modulate the play experience without 
any other change in the gameplay. In particular, the conducted 
between-subjects user study revealed significant performance 
differences between users who played the visually-modified game and 
those who played a standard, unmodified game version. Interestingly, 
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the user feedback in terms of in-game emojis and a final questionnaire, 
suggest that the more challenging parts of the games are not 
necessarily always found frustrating, but can also be found enjoyable 
by some users.

The work has used three visual concepts (edge, color mapping, 
and rotating motion), plus distracting images looking similar to the 
target image, on a cube puzzle web game prototype. Further work 
may explore other visual computations and alternative games to keep 
exploring this research theme. The findings of this first study can 
inform the design of games where these kind of visual modifications 
can be easily introduced, as well as guide further related research. We 
believe that through data obtained from players’ interaction, machine 
learning techniques can be leveraged to model users and, eventually, 
be able to adapt dynamically the game to match each individual’s skills. 
In the long term, this would lead to more enjoyable game experiences.
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