
DEGREE PROJECT, IN MASTER'S PROGRAMME, HUMAN-COMPUTER
 , SECOND LEVELINTERACTION

STOCKHOLM,  SWEDEN 2015

A Hybrid Difficulty Balancing Method
on “Casual” Mobile Game

DIMITRIS CHATZILIAS

KTH ROYAL INSTITUTE OF TECHNOLOGY

SCHOOL OF COMPUTER SCIENCE AND COMMUNICATION



A Hybrid Difficulty Balancing Method on “Casual” Mobile 
Game

 
 

Dimitris Chatzilias 
KTH Royal Institute of Technology, School of Computer Science and Communication 

Lindstedtsvägen 3, Stockholm, Sweden 
dimitris.chatzilias@gmail.com

 
   

ABSTRACT 
A new hybrid Video Game Difficulty Balancing method which 
stands in between the two traditional methods (Static and 
Dynamic) has been suggested in this project aiming to discreetly 
estimate the player’s difficulty preference and make the respective 
in-game adjustment. This method has been based on the 
hypothesis that the user’s difficulty preferences can be to some 
extent predicted by some of their in-game actions. A casual 
mobile game containing a User Testing part has been developed 
for this purpose and played by 56 participants. The extracted 
results offer some insights on various gamers’ demographic 
groups behaviors and some indications that the intended 
prediction is feasible. 
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1. INTRODUCTION 
Due to the wide spread of mobile phones and other portable 
devices, a huge market has been formed around mobile 
applications, within which mobile games hold by far the biggest 
share. Some statistics that illustrate this fact are the following: In 
February 2014, 41.2% of all Google Play app installations were 
games with the second biggest app category being 
Communication with 7.6% [1]. In January 2015 in the App Store 
21.14% of the active apps were games, while the second biggest 
category was Educational apps holding 10.10% [2]. 

 

1.1 The Difficulty Balancing Problem 
The level of difficulty of a mobile game constitutes a crucial 
aspect of its UX (User Experience) part as it is one of the core 
elements of how engaging the game is [3,4]. Of course other such 
elements, for example the concept, the graphics and the story, 
could yet be determinant as well for the game’s success. As far as 
the difficulty is concerned, users want to be challenged through 
their achievements into the game in order to have a satisfactory 
experience but not as much as to feel incapable. If the difficulty 
level is outside these limits for a user, then the user will probably 
abandon the game no matter how good the concept and 
implementation is. As an extended impact, this fact may also be 
negative to the game’s commercial performance, which is based a 
lot on users’ reviews. So, the identification of this balance is very 
important for the success of the game and a very challenging task 
as it involves a lot of subjectivity. This subjectivity may emanate 
from the various psychological states that a human may be in, 
which may also alternate over time for the same person and from 

the fact that each user has their own subjective preferences, 
gaming experience and learning pace. For example Gilleade, Dix, 
and Allanson have shown that casual players enjoy more games 
with low levels of difficulty, while experienced players feel more 
satisfied with games of higher difficulties [5]. As the players’ 
demographics expand to older aged people and more female users 
and consequently so does the range of users’ abilities, this task 
becomes even more crucial. An indicative number supporting this 
demographic expansion is the quantity of female gamers age 50 
and older which increased by 32% from 2012 to 2013 [6]. 

The questions that proceed from all the aforementioned and 
constitute the subject of the present study are:  

• Which is the optimal level of difficulty for a user? 

• How can the game difficulty be discreetly adjusted to a 
specific player?  

The optimal level of difficulty is the one that leads to the 
maximum engagement of the user. This engagement corresponds 
to the mental state of operation in which a person performing an 
activity is fully immersed in a feeling of energized focus, full 
involvement, and enjoyment in the process of the activity. Named 
by Mihály Csíkszentmihályi, this state of consciousness is in 
positive psychology commonly referred as “flow” [7] (also known 
as “zone”). Figure 1 illustrates Csíkszentmihályi’s model. 

 

  

 

Figure 1. Csíkszentmihályi’s flow model. The graph shows 
the relationship between the perceived challenges of a task 
and one’s perceived skills. 



1.2 Traditional Solutions 
One way to deal with the problem of difficulty balancing is to 
perform various user tests such as A/B tests based on win/lose 
ratios and the user’s satisfaction, comparing pairs of different 
difficulty versions of the game. According to this testing, either 
one static universal level of difficulty appropriate for the 
“average” player or a few discrete ones (e.g. easy, medium, hard) 
could be specified. Another approach to the problem is to 
dynamically adjust during a game session the level of difficulty 
(DDA: Dynamic Difficulty Adjustment) according to the player’s 
performance or even according to their psychological state 
[16,17].  

The main drawbacks of the static approach of the aforementioned 
problem lie to the fact that there is a fair amount of approximation 
in the discrete difficulty modes, as they are presented as few finite 
states in the constant scale of the variable “difficulty”. This means 
that not all the user cases of difficulty preferences are covered, but 
only a few of them predefined by the developers, on which the 
users have to adjust themselves. In addition to that they include 
some inevitable loss of information because the various difficulty 
modes can in the best case be nothing more than descriptive. But 
descriptive characterizations are subjective and words such as 
“easy” and “hard” can never be perceived in the exact same way 
by all individuals. Finally, the variability of users’ difficulty 
preferences are not taken into account in the static approach. 

The dynamic approach on the other hand involves a few 
drawbacks as well, which can mainly be summarized to the fact 
that the user should not become aware that the dynamic 
adjustment is occurring. This is because they would probably lose 
interest in the game as they would feel that they do not achieve 
fairly their goals or probably try to take advantage of this 
adjustment. Moreover, even if a DDA method manages to 
perfectly adjust the game difficulty to the player’s ability, it is yet 
not sure that the player likes to be challenged all the time or any 
time at the maximum of their abilities, i.e. even if a player seems 
to be dealing well with a high difficulty mode, it can never be 
certain that this mode is also the most enjoyable for them. 

In a casual mobile game with fixed level designs, it is quite 
difficult for a dynamic adjustment to be performed discreetly 
enough as the levels are small with very limited parameters which 
are more easily memorized by the user (compared for example to 
a big 3d game). As a result a DDA in such a game includes the 
risk of being confusing when parameters change over time and 
appear different than the user has already memorized them even if 
the changes are towards the direction of “easiness”.  

 

1.3 Aim of the Project 
The present project is attempting a new approach of the problem 
which combines both a static and a dynamic aspect and aims to 
take advantage of some benefits of both. The static aspect 
includes the specification of several static levels of difficulty 
optimized for specific players’ profiles through user tests. On the 
other hand the dynamic aspect includes an estimation of the 
player’s gaming profile and an adjustment of the difficulty in 
accordance with this estimation. Nonetheless, this adjustment is 
not clearly a DDA, as it is being made only once at the early 
stages of the game and is not based on the player’s quantitative 
performance (how well they perform in terms of score). On the 
contrary this estimation is based on rather qualitative information, 
which is extracted from some in-game decisions that the user 

chooses among several options designed to imply various players’ 
profiles. These option designs may be based on physiologic, 
social or psychological characteristics of various users’ profiles. 

To sum up, the present approach is similar to a static approach of 
the problem where the player chooses between several discrete 
difficulty modes (such as “easy”, “medium”, “hard”). What 
differentiates it from that traditional approach though is the fact 
that the user is not aware that they make this choice. Therefore, 
the basic aims of the project are the following: 

1. The development of a casual mobile puzzle game 
consisting of short fixed levels. 

2. A fine tuning of these levels through a user testing 
process in order to achieve an optimal static level of 
difficulty for each user profile. In conjunction with this 
process, some trends of various users’ demographic 
groups’ behavior will be examined. 

3. The exploration of how the difficulty preferences of 
every user can be related to some of their in-game 
decisions and thus to some extent predicted. 

 

2. RELATED WORK 
2.1 Video Games Difficulty 
As the sense of “difficulty” is one of the core concepts in this 
study, it is considered appropriate to make a reference on its 
meaning. While difficulty in video games has mostly been a 
subjective variable without any clear and commonly accepted 
definition, Aponte, Levieux, and Natkin propose a measurable 
definition of it [8]. According to them, it is the ratio of 
successfully completed challenges to the total number of attempts 
at these challenges. Similarly, Hagelback and Johansson in their 
study define difficulty as win/lose ratio [14].  

In the crucial question of which is the optimal difficulty, the latter 
ones answer that the optimal enjoyment of a 2-player game is 
being achieved when the opponents are of equal skills, which 
means that the optimal winning rate for each one is 50%. Their 
conclusions also state that users who play against the computer as 
an opponent prefer them to adjust their skills to be equal to their 
own. Guillaume Chanel, Cyril Rebetez, Mireille Bétrancourt and 
Thierry Pun suggest that in order to maintain users’ engagement, a 
game’s difficulty should vary over time [15]. Aponte, Levieux, 
and Natkin agree to this view but additionally they place great 
importance in the difficulty scaling during a game, because 
players’ skills improve with playing and so the difficulty should 
follow [8]. This importance is also analyzed by Jesper Juul [9]. 

A lot of other previous studies examine the difficulty adjustment 
of a game in relation to the user’s performance [10,11] assuming 
that the performance is directly related to the user’s satisfaction. 
However, even if a reasonably good performance of the user has 
some effect to their enjoyment, this is not always the only or most 
prevalent factor. Significant variations on users’ enjoyment can 
also be dependent on their previous gaming experience or their 
classification in so-called “casual” or “experienced” players. 
Justin T. Alexander, John Sear and Andreas Oikonomou showed 
that casual players tend to enjoy more the easier modes of a game, 
while for experienced players the more challenging games are, the 
more enjoyable they are [12]. Another important remark of this 
study is that the players’ enjoyment is not always related to their 
playing skills. So, a difficulty adjustment method should not aim 
at following their ability but their needs. James Fraser, Michael 



Katchabaw and Robert E. Mercer found that a small amount of 
factors affect the performance of nearly all users, while some 
other factors affect only specific target groups of players. The last 
ones also claim that when players focus on a bonus task, their 
overall performance drops [13]. 

In contrast to the above studies Changchun Liu, Pramila Agrawa, 
Nilanjan Sarkar and Shuo Chen present a different interesting 
approach to the problem which is an “affect-based” DDA 
mechanism instead of a performance-based DDA mechanism 
which is most usually utilized [16]. This means that they give a 
stronger emphasis on how the player’s psychology is being 
affected during a game session rather than the player’s 
performance and they suggest that the players’ experience is 
enhanced when the difficulty is being balanced according to their 
emotions rather than their performance. These results are being 
supported by Chanel, Rebetez, Bétrancourt and Pun as well, who 
classified “boredom”, “engagement” and “anxiety” as three 
emotional states corresponding to “easy”, “medium” and “hard” 
difficulty levels of a game [17]. 

 

2.2 Demographic Groups’ Behaviors 
As expected and as indicated by many studies [19,20,21,22] there 
are differences in gaming preferences, motivation and behavior 
depending on gamers’ basic demographic characteristics, such as 
age and sex. Even though behavior trends change constantly as 
the mobile games market is rapidly growing, these studies suggest 
that users within the same demographic group share some 
common attributes that allow some classifications to be done. In 
the present study such a classification is also being investigated, 
in addition to how certain in-game decisions of a user can reveal 
information about their difficulty preferences. In order to 
accomplish this connection between demographic characteristics, 
difficulty preferences and in-game decisions, certain levels of the 
user testing phase of the game have been designed based on the 
following medical-biological studies: 

Abramov, Gordon, Feldman and Alla Chavarga in the first part of 
their study on vision differences based on the subject’s sex, 
conclude that males have greater sensitivity to fine detail and 
rapidly moving stimuli [28], while in the second part they reveal 
that females have higher perception in discriminating between 
colors [29] (the designs of levels 1 and 2 of the second phase of 
the user testing part have been based on the above remarks). 

Ball, Karlene K., et al. have shown that the field of peripheral 
vision is being narrowed in older aged people [30] (the designs of 
level 3 of the second phase of the user testing part have been 
based on the above remarks). 

Yuki Yamada has concluded that the way randomness in visual 
patterns is being perceived differs among humans and this 
perception can be correlated to their age and sex [25]. According 
to his study people above 60 years old compared to younger 
people and male compared to female, showed significantly lower 
estimates of randomness. Markus Staudinger with Gereon R. 
Fink, Clare E. Mackey, and Silke Lux have also suggested 
differences in perception of visual patterns according to the 
viewer’s age [26], as well as Judith La Marchea, William 
Dobsonb, Nancy Cohna and Robert Dustman who state that the 
visual system of older females is unusually more responsive to 
patterned stimuli [29] (the design of level 4 of the second phase of 
the user testing part has been based on the above remarks). 

 

3. METHOD 
The project can be divided into three parts: The development of 
the game, the user testing and the result analysis. Each part is 
being described below separately. 
 

3.1 Game Development 
As the goal of this study is to extract some conclusions around the 
overall gamers’ behavior in the current rapidly changing mobile 
games market, the developed and analyzed game had to be as well 
as generic as possible. The type of mobile games that are usually 
labeled as “casual” games is the most universal one, as these 
games refer by definition to the broadest possible target audience. 
According to Newzoo, a games market research and predictive 
analytics firm, 87% of all 145M US gamers of ages between 10 
and 65 play casual or social games [23]. The universal character 
of these games lies in their simple gameplay and the fact that they 
do not require high and long term devotion or any special skills by 
the user. Along these lines of simplicity and low user 
requirements, the following concept has been specified and 
implemented. 
The game developed for the study’s purposes is a casual puzzle 
mobile game. It takes place in a 2d “top view” environment with 
no gravity, comprised of separate independent levels. The main 
characters are particles of different colors and either a plus or 
minus sign. These particles can be either static or constantly move 
in linear orbits and bounce on walls encountered. In every level 
the user’s goal is to bring in contact as many particles of the same 
color and opposite sign as possible. Each level needs three pairs of 
particles to be matched, in order to be considered as fully 
completed. 
 

 
Figure 2. In state (a) particle 1 is moving horizontally, 
constantly bouncing between walls M and N. In state (b) 
where the user draws wall K, the particle 1 bounces on wall K 
and matches with particle 2. 
 



The user's part in the game is to draw linear walls by dragging 
their finger (or cursor) from the first to the second point that 
define a line. The walls serve as obstacles that let the particles 
bounce on them and respectively change their course. Figure 2 
illustrates the main mechanics, gameplay and goals of the game as 
described above. 
The game’s programming part has been composed in GameSalad 
[18], an authoring system for prototyping and high level game 
development. The project, in order to offer realistic conclusions, 
needs to create an overall User Experience as close to a high 
standards commercial mobile game as possible, rather than a 
rough prototype version. It is also very important that it is 
appealing not only to the core gamers but also to the casual ones. 
For these reasons its graphical environment and its artwork theme 
have been thoroughly designed in Adobe Flash Professional and 
Adobe Photoshop. See screenshots of the final form of the game 
as it was released in the app stores in Appendix A. 
 

3.2 User Testing 
For the User Testing purpose, which is the central part of this 
study, the game described above has been implemented as a 
mobile application, within which the User Testing design is 
embodied. This application has been designed to offer users’ 
feedback to be at a later time utilized in a full game 
implementation. In order to reach to an as wide gaming audience 
as possible the application was released under the name “Cell 
Mates Prologue” as a free app in the Google Play Store, the Apple 
Store and the Amazon Games Store. Users’ data that were of 
interest of the study were sent and collected through the backend 
application “Appformative” [24]. The application has been 
developed and released in association with the software company 
“Hopscotch Entertainment” [31]. 
The User Test Application consists of three phases. In the 
beginning of each phase, that are in the form of game “worlds” or 
sets of levels, written instructions are presented to the user. The 
first phase of the session is comprised of four preparatory-tutorial 
levels with some extra in-game explanatory text so that the 
subjects can learn and familiarize with the game’s goal, controls 
and mechanics. These levels are also designed to serve as 
introductory levels in the potential full game implementation. 
The second phase is comprised of four more levels solvable in 
more than one possible way without any guidance, that aim to 
classify the player in one specific gaming behavior group which 
will be later attempted to be correlated to their difficulty 
preferences. The level designs of this phase are based on remarks 
of previous studies mentioned in the ‘Related Work’ section, that 
suggest differences in visual perception related to a subject’s age 
and sex. More specifically, some levels are designed to offer 
insight on whether a user chooses to interact with a rapidly 
moving particle instead of a slow one [28], whether they choose 
solutions that demand some pattern recognition [26] and whether 
they choose solutions that demand a better peripheral vision [30]. 
Additionally the following hypotheses have been embodied in the 
examined decisions: whether the users show some consistent 
preference on specific colors and whether they choose a male 
rather than a female character (the applied artwork theme presents 
positive/negative particles as female/male characters) to interact 
with. See Appendix B for a detailed list of all these possible 
choices to solve the levels. The subjects are instructed that this 
part includes some more familiarizing gaming sessions and are 
unaware of the real purpose of it. These levels are also intended to 

be included in the potential full game development right after the 
introductory ones. 
The third phase is the main part of the experiment and is 
comprised of 8 levels of the full game that were selected as 
representative to be optimized in terms of difficulty by the user 
testing participants. In each of these levels two factors of their 
design were selected as significantly related to their difficulty. 
These factors were always the speed and the distance of specific 
particles or walls, but were particularized and customized 
accordingly to each level’s unique context. Once these factors 
were defined, two values for each one, one low and one high, 
were also defined. The low value corresponded to an unarguably 
easy mode of the level and the high value to a very difficult, 
sometimes barely solvable mode. The subjects are consciously in 
control of these speed and distance factors through two easily 
accessible multi-state toggle buttons for each level that were the 
controllers of the difficulty states (the two extremes and two more 
in-between linearly interpolated values). ‘Difficulty Mode 3’ was 
the default setting. When the subjects feel that their difficulty 
settings make their gaming experience the most enjoyable, they 
move on to the next level and their final settings are being 
collected and sent to the server for further analysis. 
Right after the written instructions of the third phase are presented 
and the user selects to play the first level of this phase, a form 
appears for collecting some basic qualitative data which are the 
demographics of the subject, sex, age (they had to choose between 
four age groups: below 18, 19-25, 26-45, above 46 years old) and 
whether they consider themselves “casual” or “core” players. The 
user has to complete this information, which is also collected for 
further use in the result analysis part, in order to continue playing 
the game. This point was chosen as the most strategic to feature 
this form because usually people are unwilling to reveal personal 
information and if this form was featured in one of the early 
stages of the session, users would be more likely to terminate or 
not even start playing with the application. On the other hand if 
the form was featured at the end of the session, users would not 
have any motivation at all to complete it. Contrarily the highest 
motivation to complete and continue with the game is most 
probably right before the third phase, which is the main part of the 
session and the user would have already familiarise with the game 
enough to have at least the curiosity to see that main phase. 

 

3.3 Result Analysis 
The raw data as already mentioned were sent and collected 
through the backend application “Appformative” [24]. This raw 
form, in order to be further analyzed, was transformed into Excel 
sheets where the data were sorted and filtered according to the 
study’s needs.  
In the final result analysis only the data from the users who have 
completed the whole testing process have been included. The 
subjects who fulfilled this requirement were 56 (25 male and 31 
female | 43 casual and 13 core players | 2 of the first age group, 12 
of the second, 37 of the third and 5 of the fourth). The collected 
data are for each subject an undefined number of qualitative 
values according to how many of the possible in-game decisions 
they took, 3 qualitative (demographic data) and 16 quantitative 
values: 

• Decision L1-A1, decision L1-B1, decision L2-A1, 
decision L2-B1, decision L2-B2, … ect (from the 
second phase of the process, see Appendix B) 



• Sex, age, casual/core player (from the beginning of the 
third phase) 

• 1st level’s speed setting, 1st level’s distance setting, 2nd 
level’s speed setting, 2nd level distance setting, … , 8th 
level’s speed setting, 8th level’s distance setting (from 
all 8 levels of the third phase) 

The first set of collected data that has been extracted from the 
second phase of the user testing process refers to the users’ 
behavior, which means it is focused on the question “what in-
game decisions is the user making?”. All of these potential 
decisions that are probable to be correlated with the user’s 
demographic profile have been listed and divided in two 
categories. The first category includes the very first actions that 
the users take when they firstly confront a level (they are 
indicated with the letter A). The second category (indicated with 
the letter B) includes the actions that the users take on their final 
attempt when they successfully complete the level (see Appendix 
B for a detailed list of all the possible actions). More than one of 
the possibilities may be true at the same time. Figure 3 illustrates 
the second phase’s second level of the User Testing App as an 
example of the potential in-game decisions. All the particles in 
this level move by default in horizontal orbits (left and right 
bouncing between the grey walls). Each of them has its own 
unique attributes, i.e. color, sex speed and geometrical parameters. 
Consequently, some of the examined in-game decisions that could 
differentiate users’ behavior are: interacting first with a 
red/fast/male particle, interacting with two fast/slow particles, two 
orange particles, three female particles, etc. 
 

 
Figure 3. Default state of the User Testing App’s second 
phase’s second level. 

The second extracted set of data is the basic demographics 
received without any further processing.  
The third and final extracted set of data is the preferred settings of 
each subject (four available speed and four available distance 
mode options). Out of these 8 speed and 8 distance preferred 
settings (1 speed and 1 distance value for each level), only the 
average speed and the average distance value for each subject 
have been used in the analysis.  

All the aforementioned data after being processed from the raw 
backend format into Excel sheets are being summarized in Table 
1. This table is just a sample of the full results table (it displays 
only 8 out of the 56 subjects) as an example of the form of the 
processed data. It can be interpreted as follows: Subject 1 is male, 
in the third age group, casual player, has taken in-game decisions 
L1-A1, L1-B3, L2-A2, L2-A5, L3-A1, L3-A2, L3-B1, L4-A2, his 
preferred average speed setting is 2.9 and his preferred average 
distance setting is 2.1. Following subjects’ information can be 
read similarly. 

 

Table 1. The form of the processed data for a sample of 8 
subjects (one for each numbered column). The “x” marks 

indicate the in-game decisions that each subject took 
 1 2 3 4 5 6 7 8 

D
em

o-
gr

ap
hi

cs
 Sex M M M F F M M M 

Age group 3 3 2 3 3 2 3 3 

Casual/ 
Experienced 

C E C C C E C C 

Po
ss

ib
le

 d
ec

is
io

ns
 

L1-A1 x x x x x x x x 
L1-A2         L1-B1  x  x   x x 
L1-B2         L1-B3 x    x    L1-B4         L2-A1    x   x x 
L2-A2 x x   x  x  
L2-A3    x   x  
L2-A4  x      x 
L2-A5 x    x x   
L2-B1   x x   x x 
L2-B2 x  x x x   x 
L2-B3    x     
L2-B4    x  x x  
L2-B5    x  x  x 
L2-B6  x  x x x   
L3-A1 x x x x x x x x 
L3-A2 x        
L3-B1 x x x x x x x x 
L3-B2         L3-B3       x  
L3-B4   x      
L4-A1  x x x  x x  
L4-A2 x    x   x 
L4-A3         L4-B1   x x x x x  
L4-B2        x 
L4-B3  x       

Pr
ef

er
re

d 
Se

tti
ng

s Speed 2.9 4 3 2.9 3 4 3 2.8 

Distance 2.1 1 3 1.6 2.9 4 3.4 3.1 

 



The next step in every stage of the data processing was to rid them 
of all the data that cannot offer any insightful information. All the 
actions that were taken by everyone/nearly everyone or by 
none/nearly none could not offer any unique and distinctive 
information for a group of users. As a result all the rows fully 
marked with x or not at all marked with x were deleted (for 
example the first two rows, L1-A1 and L1-A2).  
After that, the subjects were divided in four groups, one of those 
who had chosen slow speeds (slower than the default ‘mode 3’) 
consisted of 9 subjects, one of those who had chosen fast speeds 
(faster than ‘mode 3’) consisted of 14 subjects, one of those who 
had chosen short distances consisted of 19 subjects and one of 
those who had chosen long distances consisted of 5 subjects. 
These opposed two pairs of groups were examined in terms of 
their behavior in order to investigate whether some of their in-
game decisions could be correlated to their speed/distance 
preferences. 
The percentages of the subjects that took each in-game decision 
were also examined towards each demographic group in order to 
investigate possible correlations between in-game decisions and 
demographic characteristics. For example what percentage of the 
subjects that took a specific decision were female, what 
percentage were in the 2nd age group (19-25 years old), etc.  
Finally, the difficulty settings data were examined towards the 
various demographic groups. This analysis aimed to offer some 
general insights on the preferences of each demographic group on 
the game’s speed and distance attributes, which express to some 
extent its overall difficulty. 
 

4. RESULTS 
 

4.1 Taken Decisions and Difficulty 
Preferences Correlation 
The most important aim of the project is to identify some users’ 
actions that imply their difficulty preferences. Therefore, the 
subjects have been sorted by these preferences and divided in 
those who chose low values and those who chose high values. It is 
obvious that the choices of these two groups are opposing one 
another, which means that they can’t be both true at the same 
time. Therefore, a decision is mostly indicative of the speed or 
distance preference of the player when one value of these pairs is 
low and the other is high. So, the highest the absolute value of the 
difference of these pairs is, the more probable it is for this 
decision to indicate a clear preference. Tables 2 and 3 summarize 
those taken decisions with the highest absolute differences 
between subject’s percentages who chose high and those who 
chose low values (differences above 25) and thus the most crucial 
ones for judging difficulty preferences. 
The first line of Table 2 can be read as follows: 77.8% of the 
subjects who chose slow speeds took the action L2-A1, while only 
35.7% of the subjects who chose high speeds took the same 
action. This means that this action is the strongest indication that 
the player who takes it prefers slow speeds and the player who 
does not take it prefers the opposite. The lines that follow present 
the five next more crucial decisions that could be indicators of 
high or low speed preferences.  
In a similar way the seven more indicative decisions about 
distance preferences can be extracted from Table 3. 

Table 2. The six most crucial decisions that indicate users’ 
speed preferences 

Decisions 
taken 

Percentage 
of subjects 
who chose 

slow speeds 

Percentage 
of subjects 
who chose 
fast speeds 

Slow Speed - 
fast Speed 

percentages 

L2-A1 77.8 35.7 42.1 
L2-B6 33.3 71.4 -38.1 
L3-B4 33.3 71.4 -38.1 
L2-B4 55.6 21.4 34.1 
L2-B1 66.7 35.7 31.0 
L4-B3 22.2 50.0 -27.8 

 
Table 3. The seven most crucial decisions that indicate users’ 

distance preferences 

Decisions 
taken 

Percentage of 
subjects who 
chose short 
distances 

Percentage of 
subjects who 

chose long 
distances 

Short distance - 
long distance 
percentages 

L4-B3 19.0 71.4 -52.4 
L3-B4 47.6 85.7 -38.1 
L4-B2 38.1 0.0 38.1 
L1-B1 38.1 71.4 -33.3 
L1-B3 28.6 0.0 28.6 
L3-A1 71.4 100.0 -28.6 
L3-A2 28.6 0.0 28.6 

 
Based on Tables 2 and 3 we can examine a user’s decisions 
profile and attempt to judge their difficulty preferences. For 
example Subject 2 (from Table 1) out of all the crucial decisions, 
has taken decisions L2-B6, L4-B3, L1-B1 and L3-A1. The profile 
of subject 2 can be summarized in a table as displayed in Table 4. 
 

Table 4. Difficulty Preference profile of Subject 2 

 
% Probability to prefer: 

Crucial 
decisions taken 
by Subject 2 

Slow 
speeds 

Fast 
speeds 

Short 
distances 

Long 
distances 

L2-B6 33.3 71.4 - - 
L4-B3 22.2 50 - - 
L1-B1 - - 38.1 71.4 
L3-A1 - - 71.4 100 
Average value 27.8 60.7 54.8 85.7 

 
According to Table 4, Subject 2 is in average 27.8% probable to 
prefer slow speeds and 60.7% probable to prefer fast speeds, 
54.8% probable to prefer short distances and 85.7% probable to 
prefer long distances. 
 

4.2 Taken Decisions and Demographic 
Groups Correlation 
Tables 5 and 6 and summarize the in-game decisions and the 
percentages of the users who made these decisions in every 
demographic group for each level of phase 2. Cells with a 50% 
value have no fill color. As the values move towards 0% or 100%, 
their cell fill color becomes more opaque red. This means that the 
more opaque red the cell is, the more consistent is the particular 
decision within the specific demographic group. As a result these 
decisions can be utilized for extracting conclusions on the 
demographic information of a player who makes these decisions 
during the game. 



 
Table 5. Percentages of each demographic group (as for sex 

and gaming experience) that took each in-game decision 
Decisions 
taken 

Male % Female % Casual % Core % 

L1-B2 24.0 12.9 23.3 0.0 
L1-B3 16.0 22.6 14.0 38.5 
L2-A1 40.0 41.9 34.9 61.5 
L2-A4 20.0 38.7 27.9 38.5 
L2-A5 28.0 12.9 16.3 30.8 
L2-B1 44.0 29.0 32.6 46.2 
L2-B2 40.0 29.0 39.5 15.4 
L2-B3 28.0 12.9 25.6 0.0 
L2-B5 28.0 12.9 23.3 7.7 
L2-B6 72.0 48.4 62.8 46.2 
L3-A1 92.0 61.3 72.1 84.6 
L3-A2 8.0 38.7 27.9 15.4 
L3-B1 92.0 67.7 76.7 84.6 
L3-B2 4.0 19.4 11.6 15.4 
L3-B4 56.0 38.7 37.2 76.9 
L4-B2 24.0 19.4 25.6 7.7 
L4-B3 36.0 22.6 23.3 46.2 

 
Again in the above demographic characteristics, the attributes 
male/female and casual/experienced are opposing one another. 
Therefore, a decision is mostly indicative of the sex or gaming 
experience of the player when one value of these pairs is low and 
the other is high. The difference of each of these pairs expresses 
the probability of the player who makes the particular decision 
being male/female or casual/experienced player.  
An analysis of these data in pairs of male/female and 
casual/experienced, reveals that the decisions that are most 
probably indicative of the user’s sex are mainly L3-A1 (pair 
values difference 30.7) and L3-A2 (pair values differences -30.7). 
L3-B1 and L2-B6 seem to be to some extent also indicative (pair 
values differences 24.3 and 23.6 respectively). As far as the 
gaming experience is concerned, the most probable to be 
indicative are L3-B4 (pair values difference 30.7), L2-A1 (pair 
values differences -26.6) and L2-B3 (pair values difference 25.6). 
 
Table 6. Percentages of each demographic group (as for age) 

that took each in-game decision 
Decisions 
taken 

19-25 years 
old % 

26-45 years 
old % 

L1-B1 33.3 62.2 
L1-B3 33.3 18.9 
L2-A2 8.3 48.6 
L2-A4 41.7 27.0 
L2-A5 16.7 24.3 
L2-B1 50.0 35.1 
L2-B3 8.3 24.3 
L3-A1 66.7 81.1 
L4-A1 91.7 45.9 
L4-A2 8.3 54.1 
L4-A3 0.0 0.0 
L4-B1 83.3 40.5 
L4-B2 0.0 27.0 
L4-B3 16.7 29.7 

 
According to Table 6 the decisions that are most probably 
indicative of the user’s age are L4-A1 (pair values difference 
45.7) and L4-A2 (pair values differences -45.7). L4-B1 and L2-
A2 seem to be to some extent also indicative (pair values 

differences 42.8 and -40.3 respectively). The first age group 
(below 18 years old) and the forth one (above 46 years old) have 
not been included due to a very limited number of subjects, which 
did not allow safe results. 
 

4.3 Difficulty Preferences and Demographic 
Groups Correlation 
Table 7 presents the average values of the speed and distance 
settings per each attribute of the demographic groups as chosen 
during phase 3 of the User Testing. The standard deviations have 
also been included to offer an overview of the consistency of each 
group’s choices. Again the first and fourth age groups have not 
been included. The blue color scale indicates the speed settings’ 
standard deviations and the green color scale indicates the 
distance settings’ standard deviations. The more opaque the color 
is in the standard deviation columns, the lower the standard 
deviation is for the particular setting and therefore it can be more 
safely correlated to the specific demographic group.  
 

Table 7. The average chosen settings and their standard 
deviations among each demographic group 

 

Average Standard deviation 
Speed Distance Speed Distance 

Male 3.36 2.76 0.50 0.83 
Female 3.10 2.52 0.36 0.77 
Casual 3.14 2.62 0.39 0.69 
Core 3.45 2.64 0.53 1.13 
19-25 years old 3.24 3.24 0.46 1.00 
26-45 years old 3.26 3.26 0.47 0.78 

 
The above information can also be visualized in a chart. Figure 3 
below embodies them in a bar chart. The length of the bars 
represents the average value that the respective demographic 
group has chosen. The color hue expresses weather the setting is 
speed related, which is blue or distance related, which is green. 
The opacity of the colors represents once again the standard 
deviation. The more opaque the color is, the lower the standard 
deviation is. 
 

 
Figure 3. Average speed and distance preferences per each 
demographic group. The more opaque is the color of a bar the 
lower is its standard deviation. 
 
According to the above results, the most consistent choices with 
the lowest overall standard deviations are those of the female 
players (0.36 for speed and 0.77 for distance related settings)  and 



those of the casual players (0.39 for speed and 0.69 for distance 
related settings). Male players have also made relatively 
consistent choices with standard deviations of 0.50 for speed and 
0.83 distance related settings. Core players show a quite clear 
preference in higher speeds (standard deviation is 0.53) compared 
to the casual ones but they seem to be highly unpredictable as far 
as distance preferences are concerned with the highest standard 
deviation (1.13). Female players prefer lower speed/distances 
compared to male which means lower overall difficulties.  
 

5. DISCUSSION 
5.1 Method 
The main general advantage of the present Difficulty Balancing 
approach is that it combines all the benefits of a static approach, 
some of which are technical and some related to User Experience, 
plus it simplifies the User Interface as it reduces the difficulty 
setting choices on the part of the user. Additionally, since there is 
no difficulty choice anymore, there is no risk of the users who 
cannot deal with the hard modes feeling of inadequate skills. In 
general the whole playing experience moves more towards 
intuitiveness with a smoother flow of the gaming process.  
However, a weak point of this method is that the connection 
between the aforementioned in-game decisions and the difficulty 
preferences that they may imply, includes a lot of subjectivity. 
Even on its own, the concept of “difficulty” is not easy to define 
and parameterize. As the possible game concepts are infinite and 
even levels within the same game may be completely different 
from one another, the factors that are probably crucial for its 
difficulty are not at all obvious. As a result, the insertion of this 
in-game decisions connection process adds further complication 
to an already complicated problem. The investigation of the in-
game decisions that may imply some difficulty preference of the 
user lies on an extremely broad spectrum of research fields, as its 
explanation may be in physiological, psychological, cultural or 
other reasons. Even if this reasoning is not of this study’s interest, 
it might be useful to refer to these scientific fields in order to spot 
this connection between actions and preferences that is being 
attempted here. In addition some of these decisions have probably 
been made for very different reasons than the ones the initial 
experiment design suggested. Such a reason may have been 
simply the placement of specific particles on the screen. For 
example an extremely high frequency has been observed in users 
choosing to interact first with a particle placed closer to the upper 
left corner of the screen. This users’ behavior does most probably 
not reveal anything about the attributes of the specific particle 
(speed, color, sex) which might make the particle more inviting to 
interact with, but only that people are used to visually scan a new 
screen starting from the upper left corner. 
The main weakness of the experimental method that was used is 
the fact that the user tests have been conducted in a totally 
uncontrolled environment. As a result there is a significant 
number of users (more than 50%) who abandoned the session 
before it was completed, something that would be less likely to 
happen under laboratory conditions where the process would have 
a more “official” status and thus a higher participants’ 
commitment. However the main consequences of the unattended 
nature of the experiment are that it is uncertain whether the 
subjects actually read and attended to the written instructions and 
executed them correctly, as well that it is equally uncertain 
whether they answered honestly about their demographic 
information. 

As far as the concept of the game is concerned, the general poor 
performance of the players that is being revealed by the results, 
indicates that the overall difficulty of the game was high for the 
vast majority of them. The gameplay was probably counter 
intuitive and demanded a long time of familiarization that made 
the app less appealing than it should be. A generally easier game 
with a more conventional gameplay would probably offer better 
results both in quantity and in quality. 
 

5.2 Results 
The purpose of releasing the User Testing application as a casual 
mobile app in the most popular App Stores was to reach a wide 
audience. However, the amount of the collected data is yet not 
adequate for safe results (only 56 subjects met the requirements 
for being included in the final result analysis). The first and fourth 
age groups for example, as mentioned before, had a very low 
number of representatives in the subjects’ sample (2 of the first 
and 5 of the fourth age group) that did not allow any result 
analysis on them.  
Nonetheless some of the resulted correlations of the difficulty 
preferences to the various demographic groups seem to agree with 
the previous studies mentioned above, as it is confirmed that 
casual players tend to enjoy lower difficulties while core players 
prefer the opposite [12]. Another finding extracted from the same 
correlations is that males show a clear preference to higher speeds 
than females do. This suggests an interesting connection to the 
finding that males are more sensitive to rapidly moving objects 
than females [28]. 
Similarly, another confirmation of previous studies, even though 
not indisputably clear, lies in the in-game decision L4-B3 that was 
designed to indicate people who do not choose a pattern based 
solution in the specific level. Indeed 29.7% of the third age group 
did not choose a pattern based solution, while only 16.7% of the 
second age group did the same. This seems to agree with the 
finding that older people have a reduced ability to recognize 
patterns than younger ones [25,26]. 
Another interesting finding is that the two most indicative in-
game decisions of the player’s sex, reveal that more male players 
have chosen to interact with female in-game characters, while 
more female players have chosen to interact with male characters. 
Finally, some of the crucial players’ in-game decisions do not 
seem to be negligible indicators of these players’ difficulty 
preferences. However the possible ways to combine and interpret 
the received data are too many and thus there is room for a very 
long further analysis. For example the considered in-game 
decisions could have been examined in combinations, which 
could probably offer some even stronger indications. Spotting 
such combinations would of course require a more advanced 
analysis as the 29 considered in-game decisions can produce a 
very large number of combinations. 
The overall low standard deviations of the users’ selected speed 
and distance settings (especially speed) probably suggest that the 
range of the given options were not adequately wide (the slowest 
speed mode has not been chosen by any participant in any level).  
 

5.3 Future work 
The implementation of a full version of the game is of course 
outside the scope of this project, it is however directly connected 
to it, as all of its conclusions should be applicable to a full game. 



A full game should be a potential expansion of the current User 
Testing Application that would embody the difficulty method 
developed in this project.  

According to the correlations that emerge from the User Testing 
results, the programming of the game should be readjusted. The 
difficulty of the levels featured in the third phase of the User 
Testing Application will be quantized in four speed and four 
distance modes. These modes will be inducted to all the full 
game’s levels. The levels of the second phase of the User 
Application are designed to serve as a discreet difficulty selector. 
The full game should connect these second phase levels to the 
difficulty modes through a new algorithm that will automatically 
set the difficulty of the whole game based on the users’ crucial 
decision on the second phase levels. For example, the speed for a 
user who takes decision L2-B6 and not L2-A1 (see Table 2), 
would automatically be set to a fast mode. 

Apart from this aspect of the method presented here that is very 
open to further research and new approaches, there is a lot of 
flexibility in it that could be examined in the future. For example 
the in-game decisions that are related to the difficulty choice 
could not occur only in the early stages of the game but also in 
several stages of the game in a form of confirmation whether or 
not the user still agrees to the present difficulty.  
Finally, even if the present project has not been able to offer a 
strictly defined methodology applicable to any game genre, it may 
trigger further research on such “hybrid” approaches of the game 
difficulty balancing problem. In addition it may encourage some 
further intersection of the fields of computer games with research 
fields like psychology, sociology, medical science and others. 

 

6. CONCLUSION 
A game’s optimal level of difficulty is a very subjective concept 
as the preferences of every gamer are unique, which is indicated 
by the wide range of these preference results found in this study. 
Such an optimal level can be suggested by each individual player 
for themselves but since it would be totally personalized, some 
generalization is needed. The results of this project support results 
of previous studies that suggest that such classifications and 
behavioral trends within various demographic groups are 
achievable. Some basic conclusions on which is the optimal 
difficulty for various demographic groups have been presented 
above. 

A new hybrid method which stands in between the two traditional 
Difficulty Balancing methods (Static and Dynamic) has been 
suggested for discreetly adjusting the difficulty to the player’s 
needs. This discreet adjustment is being attempted through an 
estimation of the user’s difficulty preferences extracted by some 
of their in-game actions. The final results offer some indications 
that such an estimation is feasible. However, the process of 
identifying these actions is a very complicated task that involves a 
lot of subjectivity and interdisciplinary knowledge in designing 
the potential actions that the user might take and an extensive user 
testing process and advanced data analysis to identify them. 
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APPENDIX 
A. The graphical theme 

 

Below are two screenshots of the game with its graphical theme applied as it was released in the Google Play, Apple Store and 
Amazon Games Store. 

 

  
 

  



 

B. In-game Decisions 
 
The data collected from each level of the second phase are divided in two categories 
A. The very first particle that the player moves 
B. The actions included in the player’s final successful attempt 
 
Below all the possibilities that have been examined are being listed. The first part of the possible decisions’ code number indicated the 
number of the level (L1 means Level 1, L2 means Level 2 etc.). The possible players’ decisions that correspond to their first action are 
being numbered in the second part of their code number as A1, A2, etc. The possible actions included in their final solution of a level are 
numbered as B1, B2, etc. More than one of the possibilities may be true at the same time. By “interact” is meant the particle that first 
comes in contact with the wall that the player draws. 
 
 
Possible decisions:  
 
Level 1 
L1-A1. Interact with the fast red 
L1-A2. Interact with the slow red 
 
L1-B1. Interact with all the fast ones 
L1-B2. Interact with two fast ones and one slow 
L1-B3. Interact with two slow ones and one fast 
L1-B4. Interact with all the slow ones 
 
Level 2 
L2-A1. Interact with a fast one 
L2-A2. Interact with a male 
L2-A3. Interact with a red 
L2-A4. Interact with an orange 
L2-A5. Interact with a purple 
 
L2-B1. Interact with two fast ones 
L2-B2. Interact with two reds 
L2-B3. Interact with three males 
L2-B4. Interact with two oranges 
L2-B5. Interact with three females 
L2-B6. Interact with a purple 

Level 3 
L3-A1. Interact with the fast female purple 
L3-A2. Interact with the slow male purple 
 
L3-B1. Interact with the fast female purple and the fast female 
orange 
L3-B2. Interact with the slow male purple and the slow male 
orange 
L3-B3. Interact with the green to match with the left low green 
L3-B4. Interact with the green to match with the right top green 
 
L4-Level 4 
L4-A1. Interact with the blue 
L4-A2. Interact with the green 
L4-A3. Interact with the red 
 
L4-B1. Use only one wall 
L4-B2. Use only two walls 
L4-B3. Use all three walls 
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