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Abstract—Nowadays one way of subjective evaluation of games
is through game reviews. These are critical analysis, aiming
to give information about the quality of the games. While the
experience of playing a game is inherently personal and different
for each player, current approaches to the evaluation of this
experience do not take into account the individual characteristics
of each player. We firmly believe game review scores should take
into account the personality of the player. To verify this, we
created a game review system, using multiple machine learning
algorithms, to give multiple reviews for different personalities
which allow us to give a more holistic perspective of a review
score, based on multiple and distinct players’ profiles.

Index Terms—digital game, machine learning, player model,
review system

I. INTRODUCTION

A. Motivation

Nowadays, digital games make up a 100 billion U. S. dollars
global industry1. Back in 2015, there were already 1.8 billion
people playing digital games worldwide2. While more and
more games are coming to the market, it is a hard task for
players when the time comes to choose a suitable game [1].

This being said, we believe the game review industry is
an important way to disseminate the income of new games
and help players selecting them [1]. This industry is not a
new thing and there are hundreds of digital game review
websites all over the world [1]. However a search was made
and most of them are mere scores and none of them takes into
account the personality of the user or any of their preferences.
With this work, we present a simple, but innovative, system
where we give personalized game reviews according to each
player’s personality. Usually game reviews are made on a
single scale from 0 to 103, 0 to 1004, 1 to 55, or by giving
like/dislike reactions6. Those review scores are the same for
all the other people also searching for the same game. This
can lead to disappointment when people invest their time and
money buying an expensive new game they think they will like
because of the review7. Often it happens because the industry
of game reviews is giving high reviews scores to that specific
game, but when they try it, they notice that game do not cover

1https://www.history.com/topics/inventions/history-of-video-games
2https://blogs.intel.com/technology/2015/08/the-game-changer
3https://pt.ign.com
4http://metacritic.com
5https://play.google.com
6https://store.steampowered.com
7https://culturedvultures.com/lets-talk-gaming-embargoes

their personal expectations. This occurs because we know that
different people will like the same game for different reasons
so we propose a system where each person reports his player
profile and according to it will be provided with a distinct
game review scores for each one [2]. Keeping these factors in
mind, we think this proposal is a new interesting approach in
the area.

B. Problem

Recommending games for players is a well known industry,
and what it does is to attribute a score to a game to advise
a person if they should spend their time and money on that
game or not8. However, all these scores are based on subjective
opinions and are made by other people with a different way of
thinking. Moreover, nowadays game reviews do not take into
account the tastes or even the personality of each player. All
of the reviews are made by producing numbers which can be
very volatile; review scores are not dogmas.

So, the problem is to develop a system to give personalized
game reviews, for selected digital games.

C. Hypothesis

Assuming we know the personality of each person a priori,
using a player profile model for the player and for the game,
we will be able to provide game reviews scores more adequate
to each user. This being said, our intention is to find out if,
using a player profile model, it is possible to create a review
system to recommend games to players with diverse profiles.
Doing game reviews less general and subjective this way, since
they will be personalized for each player.

II. RELATED WORK

A. Game Reviews

Game Reviews are one kind of review. What we understand
by review, also called critical analysis, is the study of a particu-
lar sector in relation to its pre-established requirements, aiming
to give objective information on the same based subjective and
personal appreciation. The purpose of the reviewers is usually
to help with the decision making about how to spend money,
time, or other resources. Moreover, the aim of game reviews
is also to help users by leading them to games that make them
happy [3]. In fact, a well-written game review can attract new
players [1].

8https://medium.com/mode-b/the-problem-with-video-game-reviews-
838933f94224



Nowadays there are hundreds of game review companies,
websites or magazines and most of them work with similar
methods9. A search was made and found that they only vary
in the scale used that can be from 0 to 10, 0 to 100, 1 to 5,
like/dislike, and others scales to evaluate the game, never tak-
ing into account the personality of the person who is evaluating
it. There are several well known cases of online game reviews
such as GameSpot10 and Imagine Games Network11 (IGN) that
work as entertainment websites that do reviews by themselves.
On the other hand, GameRankings12 and Metacritic13 use a
wider approach because they do not do reviews, they work
as aggregators from other known websites and magazines that
do reviews. Here, certain websites as Metacritic weight the
individual review scores based on the source. Moreover, there
is another way of doing game reviews and it is made by videos
in Youtube channels as Angry Centaur Gaming14 (ACG) and
UnfairReviews15. Finally, App Store16 and Google Play17 work
as platforms for digital mobile distribution whereas Good Old
Games18 (GOG) and Steam19 work as digital distribution for
computers. Although all these last four cases have one thing in
common, all work only with common users’ reviews instead of
professional ones. Regardless of not all distribution platform
provides with user reviews, this is the current trend.

B. Game Genres

The idea of digital games categorization by genre has
not been without difficulties, such as the definition of what
exactly constitutes a genre, overlaps and boundaries between
genres, and the fact that genres are always in flux as long
as new works are being produced [4]. In our work we
analyzed different digital game genres in order to obtain a
wider spectrum of games and its relation with the players’
profiles. The digital game genres we consider in our work,
were Action, Adventure, Battle Royale, First-Person Shooter,
Hack & Slash, Location-Based Game, Racing, Real-Time
Strategy, Role-Playing Game, Simulation, and Sport. We only
considered these game genres because were the ones present
on the selected games of our work.

C. Personality Models

Each person has a different taste for everything in the world,
and so, we assume different people have different personality
and each one have their particular needs. We did a research on
two psychological theories, The Five Factor Model [5] (FFM),
and Myer-Briggs Type Indicator [6] (MBTI), that we consider
relevant to our work and which served as a basis for some

9http://www.metacritic.com/faq
10https://www.gamespot.com
11https://ign.com
12https://www.gamerankings.com
13http://metacritic.com
14https://www.youtube.com/user/AngryCentaurGaming
15https://www.youtube.com/user/UnfairReviews
16https://www.appstore.com
17https://play.google.com
18https://www.gog.com
19https://www.pcgamer.com

work done on personality in digital games [7]. The FFM is
a model that divides a person’s personality into five different
dimensions that are openness to experience, conscientiousness,
extroversion, agreeableness, and neuroticism. On the other
hand, MBTI is one of the most widely used personality model,
and it led to the development of the Demographic Game
Design model, the forerunner of the BrainHex model used in
this research. It classifies people according to four dimensions
each one composed by two sub-dichotomies which lead to
sixteen different types of personalities.

D. Player Models

Players tend to have preferred game genres and usually
play games which contents are in accordance with their likes
[8]. Their likes derive from the type of players they are, and
consequently derive from their player personality [9]. So we
know the player’s personality is strongly related to the games
they like the most. We did a research on four player models,
the Bartle Player Types, Quantic Foundry’s Gamer Motivation
Profile, Demographic Game Design, and BrainHex, that we
consider relevant to our work. The Bartle Player Types is a
study by Richard Bartle that brought us one of the first and
most consistent player models, classifying a player’s actions
in relation to his personality [10]. According to this study,
by analyzing the interaction patterns, four different types of
players were found [11]. These pattern types are Achievers,
Killers, Explorers, and Socialisers, which are relevant to Mas-
sive Multiplayer Online games but not always to other game
genres. Quantic Foundry was founded in 2015 by Nick Yee and
Nicolas Ducheneaut who came up with an empirical Gamer
Motivation Profile (GMP), by gathering data over time from
more than three hundred thousand English-speaking gamers
from many geographic regions [12]. In this model, there are
three high-level motivations, namely Extraversion, Conscien-
tiousness, and Openness, but these can be divided into six
middle-level motivations which are Action and Social, Mastery
and Achievement, Immersion and Creativity. Then each one of
these can be divided into two low-level motivations, based on
factor analysis of how they cluster together. The Demographic
Game Design (DGD) model proposed by Chris Bateman is
an adaptation of Myers-Briggs typology to games and it is
focused on market-oriented game design [13]. In this model,
the players are organized into four categories, namely Con-
queror, Manager, Wanderer, and Participant. The fourth, and
last, player model that we studied was the BrainHex model.
This was the successor model of the DGD and DGD2, and
was the model used in our work. This player model illustrates
gameplay behaviour in terms of seven different archetypes in
the human nervous systems and is the one we used in our
research to get our player’s personality data20. These seven
dimensions of the BrainHex model are Achiever, Conqueror,
Daredevil, Mastermind, Seeker, Socialiser and Survivor.

20http://blog.brainhex.com



Fig. 1. Two approaches to give personalize review scores.

E. Explored Machine Learning Algorithms

In our system we worked with numerical and continuous
attributes so we only analyzed algorithms that performed
with this conditions. Besides, we used the software Waikato
Environment for Knowledge Analysis (WEKA), which is a
machine learning and data preprocessing workbench [14].
WEKA uses as input a single relational table named Attribute-
Relation File Format (ARFF) [15]. We reserved a certain
amount of data for testing and used the remainder for train-
ing. Specifically, we used 70% of the data for training and
the remaining 30% for testing [16]. As a model validation
technique, we used cross-validation.

Instance-Based Algorithms: The idea of Instance-Based
algorithms is that each new instance is compared with existing
ones and assigned to the closest ones. In our research we
worked with the K-Nearest Neighbors algorithm [17].

Regression Algorithms: The idea of the Regression algo-
rithms is to express the class as a linear combination of the
attributes, with predetermined weights. The aim is to come up
with good values for the weights that make the model match
the desired output. In our work we worked with the Linear
Regression and Multilayer Perceptron algorithms [16].

Tree Algorithms: The idea of the Tree algorithms is to
build a decision tree that is fast and produce intelligible output
that is often accurate [18]. The tree data structure is composed
by nodes, branches, and leaves. In our work we worked with
the M5Prime algorithm [19].

III. METHODS AND PROCEDURES

A. Approaches

In our work we considered two approaches to give person-
alize review scores, as can be seen in Fig. 1. The first one,
named Review System (RS), takes into account each player’s
BrainHex model, and is applied for each game individually.
The second approach, named General Review System (GRS),
receives as input the players’ BrainHex model and the games’
BrainHex models, and could be applied to any game.

B. Methodology

Our methodology was to follow a 6-stage pipeline, com-
posed by an User Questionnaire, Game Filtering, Dataset
Filtering and ARFF Preparation, Algorithm Filtering, Review
System and Review System Validation, as can be seen in Fig. 2.
Each stage will be detailed in the next sections.

Fig. 2. Flow chart of the six methodology steps.

C. User Questionnaire

In order to get the personality of the players and their own
evaluation on selected digital games, we created a survey on
Google Forms. That allow us to distribute and disseminated it
to two university from different continent. During the creation
of this questionnaire, we passed through some development
cycles until we reached the final version. These cycles were
aimed at validating the adequacy of the set of games that would
be used in the survey. This questionnaire was anonymous, took
around 10 minutes to fill, and was divided into three distinct
sections. In the first part we collect the demographic data of
the players. Secondly, we asked the players to give their own
review score, an integer value between 1 and 10, to the selected
digital games. Furthermore in this part of the survey, it had a
section for users to add reviews for a maximum of 3 games
that were not explicitly in the questionnaire. Lastly, the third
section begun by giving a link to the BrainHex test where the
players had to fill their survey and report their results. With
that, we obtained their personal BrainHex model used to build
the review system models.

D. Game Filtering

We chose a list of digital games, from different genres, and
for the most diverse kinds of systems. We decided to consider
only recent games, with maximum of 4 years from their
launch, in order to get game reviews from recent memories. It
is of interest to us to analyze a set of selected games in order
to cover all seven archetypes of the BrainHex model that we
are using. This way we try to cover all the space of the model,
and have games for all the players’ profiles. Additionally,
our hypothesis is that digital games can be represented by



a BrainHex model, that evaluates their content in terms of the
behavior they promote. So, in order to obtain the BrainHex
model of each selected game, we decided to reproduce the
BrainHex’s survey in Google Forms, and to ask people that
played those games. The questionnaire would replace the user
desires by what the game offers in terms of gameplay. This
questionnaire was anonymous, took around 5 minutes, per
game, to fill. We decided that each player would answer up to
three games, to have more diverse opinions on the model of
the games, and limit the amount of time each user will need
to fill the questionnaire.

Our aim with this survey was to get the BrainHex model for
each selected game, and to analyze if the players had similar
opinions about what the games offer. So, after we got all the
dataset and the values for each dimension, we compared how
different those opinions were.

After we got all these opinions, we had to decide which of
those we would use in our model. First, we chose randomly,
from the opinions we had, the values for each archetype. Then,
for each dimension where the opinions differed for more than
15%, we tested all possible combinations using the Linear
Regression algorithm in WEKA, validating it with tenfold
cross-validation technique in the GRS model. We studied
which values had less Mean-absolute Error (MAE) and we
chose them.

E. Dataset Filtering and ARFF Preparation

Our data was filtered in four main steps. First, we took
a careful look at the obtained data to remove the instances
that had all the user’s BrainHex dimensions with the same
value, or the instances the users gave a review score but did
not answer how many hours they played. We considered that
these instances contained erroneous information and it was
indispensable to remove them.

After that, we eliminated all instances of the users that
played the selected games for 1 hour or less. In our opinion, 1
hour is not enough time to get a consistent idea of the selected
games.

Afterwards, we divided the data into training and test sets,
such that 70% of the instances were used for training, and
the other 30% were used for testing. This division was done,
separately, for each digital game.

Lastly, we imposed another restriction on our training
dataset to identify and remove outlier instances, and improve
the predictive performance of our review system. We consider
outlier instances those reviews that got very different scores
compared to the other reviews that had similar player types.
This data constraint was applied only for the training set
because we did not want to get previous knowledge of the
testing datasets. The elimination of outliers was done by
starting the observation from the review scores with more
extremes values (1 and 10). Observing these instances, if the
number of instances of that specific review score was less
than 5% of the total instances, and the next score number also
had less than 5%, then, the review scores with the number
we were observing first were classified as outliers. Finally,

for each outlier, we look to the other users whose BrainHex
model does not differ more than 10% from this one; and if,
in average, they had a review score 15%, or more, different to
this one, the identified outlier was eliminated from our input
dataset model. Otherwise, no instance were removed from our
dataset. We took this approach in order to not throw away
valid information, since our hypothesis was that people with
different personalities, will like different games. This way, we
identified isolated outliers from the training dataset, that gave
very different review scores but had no significant different
personality to the other users.

In this pipeline stage, we created the correspondent ARFF
files for both training and testing datasets from the Excel
file generated by Google Forms, when recollecting the users
answers. This being said, we built one ARFF file for each
selected game, for both training and testing datasets. Moreover,
we also built other ARFF file for the training dataset and
another for the testing dataset, with all the games together, to
build the GRS. The Header part of these two files contained
seven more attributes, the seven BrainHex dimensions of the
games.

F. Algorithm Filtering

Based on the continuous nature of our data, we explored
the four following machine learning algorithms to model our
data:

• Instance-Based Algorithm: KNN.
• Function Algorithms: LR and MLP.
• Tree Algorithm: M5P.

G. Review System

During this part of our methodology pipeline, we had
the aim to preprocess, process and analyze the results of
our training datasets, using WEKA, and with that create the
respective review system models.

H. Review System Validation

In the last step of our methodology pipeline, our goal was to
evaluate each one of our developed review systems. To achieve
that, we used the software WEKA to evaluate the accuracy
of our review system models, previously obtained from the
training data files. Lastly, we presented the obtained results
from this evaluation process.

Metrics

When we analyzed and validated the accuracy of our review
system models, based on our training datasets, we used tenfold
cross-validation. In our work, that evaluation of the system’s
success was made with one of the most commonly used
measure metrics, the MAE [16].

IV. RESULTS

A. Demographic Results

The demographic answers we obtained, from our user’s
questionnaire, were mostly from people with engineering
background, since we distributed the link via email to the



engineering students of Pontifı́cia Universidad Católica del
Perú and the information and software engineering students of
Instituto Superior Técnico. Besides, the survey’s link was also
distributed in the Facebook closed group named Comunidade
Gamer Portuguesa, and other people contacted personally with
diverse backgrounds. In total, we got 300 users answering our
questionnaire. Often people answered to more than one game,
which led us to a total of 1254 instances that we used as our
dataset.

We started our questionnaire by asking their gender, where
we got 84.3% male individuals and 15.7% female answers.
Then, we asked their age, where we got 9.0% of the answers
from people under 18 years old, 54.3% within the range from
18 to 23 years old, 23.3% from 24 to 29 years old, 10.3% from
30 to 39 years old and 3.0% above 39 years old. Afterwards,
we asked how often they play digital games, in order to know
how they would see themselves as players. Here we divided
into not gamer if they answered that do not play digital games,
casual gamer if the answer was they play occasionally when
the opportunity presents itself, and hardcore gamer if they
answered they make some time in their schedules to play
digital games. The results in this question showed 56.0% of
the users were classified as hardcore gamer, 41.7% as casual
gamer, and 2.3% as not gamer.

B. Game Filtering Results

The selected digital games were obtained through an iter-
ative process where, with the open answers of the first 50
questionnaires, we noticed that the games Clash Royale and
Rocket League were being reviewed frequently, so we decided
to add them to the study. On the other hand, we observed
that the digital games Civilization VI, Gran Turismo Sport
and Resident Evil VII that firstly were in the study, were
not considered anymore for this research because we got few
reviews from the players, and we needed games with several
reviews to build more stable and consistent review systems.

A list with the final chosen digital games, with their
correspondent BrainHex’s dimension scores, can be seen in
Table 1.

Digital Game AC CO DA MA SE SO SU
CoD Black Ops III 16 8 6 17 10 14 13

Clash Royale 8 12 6 6 -8 9 -8
Dark Souls III 14 19 2 14 18 9 7

FIFA 18 2 18 6 -2 -6 14 -8
Fortnite -2 17 15 8 6 18 1

God of War 4 15 14 2 16 6 -10 4
Grand Theft Auto V 14 5 8 -2 14 10 5

Pokemon GO 19 12 -6 0 4 14 -8
Rocket League 2 14 11 3 -4 14 -1

The Elder Scrolls V 17 9 6 9 20 -10 -2
The Sims 4 14 0 -4 10 4 8 -4

The Witcher 3 16 15 -3 12 20 -10 0
TABLE I

THE 12 SELECTED DIGITAL GAMES WITH THEIR 7 BRAINHEX’S
ARCHETYPES SCORES. MEANING: ACHIEVER (AC), CONQUEROR (CO),

DAREDEVIL(DA), MASTERMIND (MA), SEEKER (SE), SOCIALISER (SO),
SURVIVOR (SU).

In order to obtain the BrainHex model for each selected
game, we developed a second user questionnaire. For the
purpose of understanding the agreement between the players’
opinions about what the game has to offer, we analyzed the
opinion deviation for each BrainHex dimension, by subtracting
the lower value from the higher one and normalize it to
[0, 1] and express it as a percentage. We did this process
game by game, and registered those overall opinion deviations.
We analyzed the obtained values for all selected games, and
obtained a percentage average of opinion deviations of 12.3%.

After collecting all these opinions and analyzing their
similarity, we had to decide which of those scores we would
use in our model. First, we chose randomly the values for each
archetype, from the opinions we had. Then, for each dimension
where the opinions differed by more than 15%, we tested all
possible combinations using the Linear Regression algorithm
in WEKA, validating it with tenfold cross-validation technique
in the GRS model. We studied which values had the lowest
MAEs and we chose them.

C. Review System Training Results

We developed and explored our review system models using
the training dataset files in the software WEKA. We now
present and analyze all these results, organized by machine
learning algorithm.

Linear Regression Algorithm Training Results

The first algorithm used in our study was the Linear
Regression algorithm. The result obtained from this type of
algorithm is an expression of a class as a linear combination
of the attributes with their predetermined weights.

In order to analyze the changes of applying the restrictions
to our training datasets, we used the tenfold cross-validation
technique in three distinct dataset phases. The first phase
was the dataset without restrictions, by this we mean all
877 training instances (without the erroneous instances). The
second phase includes all previous instances, except those
which users answered that played the selected digital games
for one hour or less, where it gave us a total of 843 instances.
In the third, and last phase, we added a restriction to the dataset
to exclude the identified outliers described in the section
before, which gave us a total of 809 instances.

We could observe that, with few instances removed, the
constraints imposed to the dataset improved the prediction
performance of the system for the training dataset. The first
constraint imposed to the system, improved the performance of
nine out of thirteen review systems, which is considered to be
positive. Besides, the second restriction was even more notable
because it improved all review systems, and so, we consider
them to be our final review systems for all selected games
and for the GRS. Although that with these constraints we
built a model more fitted to the training dataset, we may have
produced an overfitted model of our data. This may happen
because we did an extensive analysis on the training data,
which can therefore fail to fit the testing dataset.



In order to analyze the accuracy of our obtained GRS model,
we decided to test it using the training instances of each game,
separately. When we compared the results obtained from this
approach, we could observe that the GRS model was generally
better than the singular game review system models. This
being observed, there seems to be an indication that the GRS
is at least as good as the individual systems. We consider this
an important achievement of our research, since it helps to
support our belief that an relevant aspect of a digital game in
terms of its review score can be modeled by BrainHex player
model.

K-Nearest-Neighbor Algorithm Training Results
The instance-based algorithm used in our study was the K-

Nearest Neighbors algorithm. The result obtained from this
type of algorithm is the average of the values of its most
common nearest neighbors. In our exploration, we used the
euclidean distance.

In order to decide the number of neighbors to use in our
system, we tested with 5%, 10%, 15%, 20% and 25% of the
total of the instances of the system. We used the tenfold cross-
validation technique in the training datasets, with 1/d distance
weighting method, for both 12 games and the GRS. Here we
verified that the 10% obtained less MAE for more review
systems than the other percentage options. So, we decided
to use a number of neighbors of 10% of the total instances in
the following phase.

Besides the selection of the number of neighbors, we
analyzed three distinct weighting approaches to calculate the
importance of each neighbor. Those three weighting distance
methods were 1-d, and 1/d, and 1 (d euclidean distance). Here
we noticed that the approach with best results was 1/d. We
also analyzed the other combinations of using the different
distance metrics with the different percentage of neighbors,
and the results confirmed our choice.

Multilayer Perceptron Algorithm Training Results
The second function algorithm used in our study was the

Multilayer Perceptron Algorithm with back-propagation.
To analyze the number of hidden layers to use in our review

systems, we tested two distinct approaches. The first approach
was to use a sigmoid function as activation function and only
one hidden layer. The second approach we tested, was built
on three fully connected hidden layers, each layer with a
number of nodes equal to the number of attributes of the
review system.

When we analyzed the results of these two approaches using
tenfold cross-validation technique in the training dataset, we
verified that the one hidden layer approach had less games with
better result, although it had a better result with the GRS. This
means that when we increase the number of hidden layers,
the gain is not relevant because not all systems improve their
results, and for those which improve, the gain is around 1%.

M5Prime Algorithm Training Results
The tree algorithm used in our work was the M5Prime algo-

rithm. The result obtained from this algorithm is the generation

of a conventional decision tree with linear regression model
at the leaves. Here we also used the tenfold cross-validation
technique in the training datasets and registered the obtained
MAEs.

D. Review System Validation Results

As a last step of our methodology pipeline, we validated
our developed review systems using the 30% correspondent
testing dataset files. In the next subsections we present and
analyze all these results, for each algorithm.

Linear Regression Algorithm Validation Results

In this phase, we analyzed and compared the MAE obtained
from the training and testing datasets for the selected games
and for the GRS, in the case of the Linear Regression
Algorithm.

As expected, the testing results got higher MAEs in the
majority of the selected games, although the training results
had higher MAE in three of them. While comparing the GRS
with the singular games, by subtracting the MAEs obtained
on the testing results and training results, we can say that
the GRS worked well because it had a Mean-Absolute Error
Difference (MAED) of 0.285, and the other games had an
Average Mean-Absolute Error (AMAE) of 0.223.

K-Nearest-Neighbor Algorithm Validation Results

In this phase we analyzed and compared the MAE obtained
from the training and testing datasets for the selected games
and for the GRS, using the K-Nearest-Neighbor Algorithm.
Here we used the 1/d weighting distance method and a number
of neighbors of 10% of the total instances of the respective
review system.

The training results got lower MAEs in the majority of the
selected games, although the testing results had lower MAE
in three of them. When we compared the results of the GRS
with the singular games, on the testing and training results,
we can say that it worked well because it had a MAED of
0.240, and the other games had an AMAE of 0.166. Moreover,
since these results have the same magnitude as the Linear
Regression algorithm, we consider that this last is a better
option to consider since it is simpler to compute.

Multilayer Perceptron Algorithm Validation Results

In this phase we analyzed and compared the MAE obtained
from the training and testing datasets for the selected games
and for the GRS, using the Multilayer Perceptron Algorithm.
Here we used three fully connected hidden layers, each layer
with a number of nodes equal to the number of attributes of
the file.

In this algorithm, the testing results got higher MAEs in nine
out of the twelve selected games. While comparing the GRS
with the singular games, on the testing and training datasets,
we can say that it worked well because it had a MAED of
0.275, and the other games had an AMAE of 0.194. Similar
to the previous algorithm, since these results have the same
magnitude as the Linear Regression algorithm, we consider
that this last is a better option to consider due to its simplicity.



M5Prime Algorithm Validation Results

In this phase we analyzed and compared the MAE obtained
from the training and testing datasets for the selected games
and for the GRS, using the M5Prime Algorithm.

In this algorithm, the training results got higher MAEs in
two of the selected games. Also, we can say that the GRS
worked well, compared to the singular games, because it had
a MAED of 0.258, and the other games had an AMAE of
0.200. Moreover, since these results and the results of the K-
Nearest-Neighbor and Multilayer Perceptron algorithms have
the same magnitude as the Linear Regression algorithm, we
consider that the latter, is the best option to consider since it
is simpler to compute.

Algorithms Validation Results Discussion

The validation results of the training datasets, after applying
all restrictions explained before, with the testing datasets, for
all selected algorithms, can be seen in Table 2. It is possible
to observe the selected digital games and the GRS, with the
respective number of instances and MAEs.

The Linear Regression algorithm was the best algorithm in
six out of the twelve selected games. The M5Prime algorithm
obtained better results in three of those games, whereas K-
Nearest-Neighbors was the best in two games and Multilayer
Perceptron in one game. Although, the K-Nearest-Neighbors
was the best algorithm for the GRS, followed by Linear
Regression, then M5Prime, and finally Multilayer Perceptron.

To conclude, we noticed that the obtained selected algorithm
results had the same magnitude. Although, we can say that the
Linear Regression Algorithm seems to be the best option due
to its simplicity.

V. CONCLUSIONS

This research was an exploratory study that presents initial
efforts in the use of personalized game reviews. With this
work, we developed a simple review system where we give
personalized game reviews according to each player’s person-
ality.

A. Discussion

Nowadays there are different types of game reviews, how-
ever, these approaches do not consider that each player has
a different personality, and thus, they give equal reviews to
everyone. Since we hypothesized that there is a connection
between the player’s personality and the game review, we
developed a system to give personalized game reviews that
applies to everyone and to every digital game.

In order to develop it, we used the BrainHex player profile
model whose questionnaire adapted well to our purpose. We
believe the formal description that the industry makes of the
games has not enough information, and so, we decided to
obtain the BrainHex model for each selected game, by asking
some players their opinion on what the games offer. It is
important to mention, that it might be different games from
the ones included in this work. In this case, the developed
General Review System (GRS), has the ability to be applied

to every game by inserting the personality of the player and
the BrainHex dimensions of the game.

We selected and used four machine learning algorithms that
were Linear Regression (LR), K-Nearest-Neighbor (KNN),
Multilayer Perceptron (MLP), and M5Prime (M5P), and val-
idated the obtained review systems with the 30% testing
datasets, and the obtained results were similar for all four se-
lected algorithms. Although, we can say that the LR algorithm
seems to be the best option due to its simplicity. The adequacy
of the LR algorithm should not appear as totally surprising as
the approach was build on the individual dimensions of the
BrainHex model.

From every point of view, a personalized game review
benefits the user. Since our approach helps the player to decide
if they should spend their money and time in a determined
game, there will be less frustration and more confidence in
their purchases.

Finally, we expect our model to have low maintenance costs,
since adding a new game to the GRS is simply asking a few
users to create a BrainHex model for the game and add it to
the system.

B. Future Work and Application

For future research, we suggest to replicate the methods
used in our research with other player models, such as Bartle
Player Types, or Gamer Motivation Profile; or even to use
personality models as the described Five Factor Model, or
the Myer-Briggs Type Indicator. Besides, we suggest using a
different review scale, or even to use a nominal scale, similar
to the Angry Centaur Gaming game reviews. Moreover, we
think it would be an interesting addition to this work if future
studies to take into account more personal information of the
players such as gender, age, favorite game genres, and also
their background.

Furthermore, we firmly believe our model could be offered
through a web service containing a database of BrainHex
model for a series of games. The users would enter their
BrainHex profile and the web service would provide them
with personalized game reviews. Additionally to their pre-
dicted game review score, the users would have access to the
predicted and real review scores of their friends. Fig. 3 shows
a possible example. In this example, Miguel has a preview
score of 7.8 out of 10 listed along the predicted (circle) and
real (hexagon) review scores of his friends. The highest (green)
and lowest (red) scores of the BrainHex model of each user is
also highlighted. The values presented in Fig. 3 were obtained
using our data (the names used are fictional). Besides that, a
review system powered by the players themselves, could be
generated, in such a way that the model is self-generated, in
order to remain up to date to the latest releases. As such, we
would like to end by highlighting that this review system has
potential market value.
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