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Abstract—Music is an integral part of our life. People listen
to music everyday as per their taste and mood. With the
advancement and increase in volume of digital content, the choice
for people to listen to diverse type of music has also increased
significantly. Thus, the necessity of delivering the most suited
music to the listeners has been an interesting field of research
in computer science. One of the important measures to deliver
the best music to listeners could be their personality traits. In
order to determine the personality traits of a person, social
media like Facebook can be a useful platform where people
express their views on different matters, share their opinions
and thoughts. This paper first describes the use of Naive Bayes
classifier to determine the standard Big Five Personality Traits
of a person based on their status updates on Facebook profile
using basic natural language processing techniques, and then
proceeds to present the use of thus obtained information about
personality traits to enhance the widely implemented user-to-user
collaborative filtering techniques for music recommendation.

Index Terms—Recommender System, Collaborative Filtering,
Personality Traits, Naive Bayes, Music

I. INTRODUCTION

A. Background

On the Internet, where the number of choices is over-
whelming, there is need to filter, prioritize and efficiently
deliver relevant information in order to alleviate the problem of
information overload, which has created a potential problem to
many Internet users. Recommender systems solve this problem
by searching through large volume of dynamically generated
information to provide users with personalized content and ser-
vices. Besides, these days social networks have become widely
used and popular medium for information dissemination as
well as the facilitators of social interactions. User contribu-
tion and activities provide a valuable insight into individual
behavior, experiences, opinions and interests. Considering that
personality, which uniquely identifies each one of us, affects a
lot of aspects of human behavior, mental process and affective
reactions, there is an enormous opportunity, for adding new
personality based qualities in order to enhance the current
collaborative filtering recommendation engine.
The Big Five Model or Five Factor Model of personality di-
mensions has emerged as one of the most well-researched and
well-regarded measures of personality structure in recent years
[2]. The model five domains of personality: Openness, Con-
scientiousness, Extroversion, Agreeableness and Neuroticism,
were conceived by Tupes and Christal [3] as the fundamental
traits that emerged from analyses of previous personality tests.
McCrae, Costa and John [4] continued five factor model
research and consistently found generality across age, gender
and cultural lines. The Big Five Model traits are characterized
by the following:

1) Openness to Experience: Openness is a general ap-
preciation of art, emotion, adventure, unusual ideas,
imagination, curiosity, and variety of experience.

2) Conscientiousness: Conscientiousness is a tendency
to display self-discipline, act dutifully and strive for
achievement against measures or outside expectations.

3) Extraversion: Extraversion is characterized by breadth of
activities, surgency from external activity/situations and
energy creation from external means.

4) Agreeableness: The agreeableness trait reflects individ-
ual differences in general concern for social harmony.

5) Neuroticism: Neuroticism is the tendency to experience
negative emotions, such as anger, anxiety or depression.

B. Literature Review

The inception of recommender systems goes back to the
90’s with introduction of applications that provided personal-
ized advice for users about products or services they might be
interested in [9].

In 2005, Gonzalez [8] proposed a first model based on psy-
chological aspects, he uses Emotional Intelligence to improve
on-line course recommendations.

In 2008, Recommender System based on personality traits
[10] was published, experimenting on recommender system
with the personality. The basically tired to recommend a
person, in a voting scenario. Here recommendation was based
on those psychological aspect of candidates and an imaginary
person who they dreamed as ideal candidate. System used 30
facets of big 5 personality traits and only big 5 personality
traits as the psychological measures of the users.

In 2014, Improving Music Recommender System. What can
we learn from research on music tastes? [5] was published
which discuss about the music tastes from psychological point
of view and uses psychology of music to identify the correlates
of music tastes and to understand how music tastes are formed
and evolve through time. It reveals the importance of social
influences on music tastes and provides a basic suggestion for
the design of music recommender system.

Also in 2014, Enhancing Music Recommender System with
Personality Information andEmotional States [6] was pub-
lished, that researches to improve the music recommendation
by including personality and emotional states. The proposal
offers a great insight on how a recommendation engine can
be improved with the personality via the series of steps.

In 2016, A Comparative Analysis of Personality Based
Music Recommendation System [7] was published which de-
scribes a preliminary study on considering information about
the target user’s personality in music recommendation system.
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It proposes a five different kind of models for the personality
based music recommendation system.

This paper continues further with the experimentation of
A Comparative Analysis of Personality Based Music Recom-
mendation System whereby, the effects of personality based
system on collaborative filtering has been studied rigorously.

II. METHODOLOGY

A. Identification of Personality Traits

1) Data Collection: In order to predict the personality
in terms of Big Five Model, dataset for training the Naive
Bayes classification model was obtained from myPersonality
website[1]. It consisted of collections of status updates of
Facebook users along with their personality classification
scores in terms of big five personality traits. This trained
model would then use status updates from users’ Facebook
profile to determine their personality traits. Facebook Graph
API has been implemented to collect status updates from user’s
Facebook profile.

2) Data Preprocessing: Data preprocessing included con-
verting the status updates into vector representation with the
use of bag-of-word model. The preprocessing tasks performed
are depicted in figure 1.

Fig. 1: Preprocessing tasks

3) Classifier Model: Naive Bayes classifier was used
for the classification of the status update text. It was of
multinomial type since the frequency of occurrence of each
feature in the feature vector is important and distribution of
the feature is in discrete form. In order to understand how
Naive Bayes classifier [12] work, briefly understanding the
concept of Bayes’ rule is important.
Given the set of features (x1, x2, x3, · · · , xn),
Mathematically Bayes theorem can be written as:

P (Ck|x) =
(P (Ck) ∗ P (x|Ck)

P (x)
(1)

where,
P (Ck|x) is the posterior probability of class ’c’ given the
attributes x
P (Ck) is the prior probability of class
P (x|Ck is the likelihood which is the conditional probability
of attributes being in the given class Ck.
P (x) is called evidence
k is used to denote the class label
Naive Bayes makes the independence assumption, so that 1

can be written as:

P(Ck|x) = argmax (P (Ck)∗P (x1|Ck)∗P (x2|Ck)∗...∗(P (xn|Ck)
P (x) ≈

(P (Ck) ∗ P (x1|Ck) ∗ P (x2|Ck) ∗ ... ∗ (P (xn|Ck)

(2)

which is the required equation of Naive Bayes used for the
classification of text.

a) Additive Smoothing: In statistics, additive smoothing,
also called Laplace smoothing is a technique used to smooth
categorical data. Give an observation x = (x1, x2, · · · , xd)
from a multinomial distribution with N trials and parameter
vector θ = (θ1, θ2, · · · , θd), a smoothed version of data given
the estimator:

θi =
xi + α

N + αd
(3)

When α = 1 in 3, it’s called add one Laplace smoothing which
has been used as the smoothing technique in this research in
order to cancel out the effect of zero term by assigning them
a small probability.

b) Underfitting: Underfitting [12] in the Naive Bayes
Classifier, can occur if the probabilities result from conditional
and prior are very small, in this case in order to prevent the
model from underfitting resulting from the multiplication of
the very small terms, log can be used in 2, after which final
equation becomes:

P (Ck|x) = log p(Ck) +

k∑
i=1

log(x|Ck) (4)

which is the final equation used in the research for the
classification of user’s status update texts into the personality
traits.

c) Overfitting: In order to reduce the overfitting and find-
ing the best model for the classifier, 5th-fold cross validation,
technique has been used. The major advantage of this method
is that all observations are used for both training and testing
and each observation is used for testing exactly once.

d) Optimization: Naive Bayes classifier, as seen in 2,
classifies features set into a class via the multiplication of
the prior and conditional probability which requires their
computation each time the classifier tries to classify the feature
into class. In order to solve this problem, conditional and prior
probability is precomputed and stored in “HashTable” [12],
where the conditional probability of each feature set is stored,
which can be easily be retrieved and used for the classification.

4) Classifier Output: The final output of the Naive Bayes
classifier are the probabilities of the input status update text
to fall under each of the five classes of personality traits.

B. Recommendation Engine

The main purpose of this research is to understand how
personality impacts on the collaborative filtering (CF) model
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and compare it with some popular models. All together, 8
different recommendation models were created as shown in
the figure 2.

Fig. 2: Recommendation models studied

1) Global Baseline Algorithm: Global Baseline algorithm
provides a mechanism to compute the unknown rating with
baseline (i.e “global effects”) estimates of corresponding users
and items. Mathematically, Suppose µ be the system wide
average rating, bx be the overall user rating deviation from
system average and bi be the deviation in rating for a music
i then global base line algorithm rates a music i for an user
x as:

GlobalBaselineEstimate[Rx,i] = µ+ bx + bi (5)

2) User to User collaborative filtering:
a) User to Rating matrix computation:: User-rating ma-

trix is computed with rating data of different users. For the
purpose of the research, this data was generated manually.

b) Normalization of the rating:: It is done in order to
make the average rating of the system zeros so that the
unknown values can be padded with zeros. Mathematically,
Suppose µx be the average rating of the user x and Rx,i

represents a rating of user x on music i then normalized rating
for an user x on music i can be computed as:

NormalizedRating[NRx,i] = Rx,i − µ (6)

c) Computing similar users:: In order to compute
similar users, two metrics has been used: similarity based
on the rating matrix of the user and similarity based on
the personality. In both of the cases, the similar users
are computed with the help of cosine similarity after
the normalization of the rating. Mathematically, Suppose
ra = [ra1, ra2, · · · , ran] be the user rating matrix of the user
a and rb = [rb1, rb2, · · · , rbn] be the user rating matrix of
user b, then cosine similarity between user a and b can be
obtained as:

similaritya,b = ra1∗rb1+ra2∗rb2+···+ran∗rbn√
ra12+ra22+···+ran2∗

√
rb12+rb22+···+rbn2

(7)
Similarly, users with similar personality are computed with the
help of personality vector.

d) Rating prediction:: A rating for user x on music i with
the help of N neighbor is computed by taking the weighted
average rating of the neighbors.

rx,i =

∑N
y=1 sx,y ∗ ry,i∑N

y=1 sx,y
(8)

e) Recommendation:: After prediction of the rating, top-
N items can be recommended to the users.

3) Combination of Global Baseline and User to User
collaborative filtering: The equation 5 and 8 can be combined
as use together as:

rx,i = baselinex,i +

∑N
y=1 sx,y ∗ (ry,i − baseliney,i)∑N

y=1 sx,y
(9)

where,
rx,i is the rating on music i by user x
baselinex,i is the baseline estimate on music i by user x
baseliney,i is the baseline estimate on music i by user y
sx,y is the similarity between user x and y
N is the total neighbors used for the recommendation

4) Matrix Factorization: Matrix factorization [16] involves
in a factorization of a matrix to find out tow or more matrices
such that when factors are multiplied together, original matrix
in obtained. In recommender system, the matrix factorization
is employed to predict the missing ratings such that the values
would be consistent with the existing rating in the matrix.
The intuition behind using matrix factorization, is that it is
assumed there should be some latent features that determine
how a user rates a music. For example two users would give
high rating to a certain music if they both like the singer of
the music or if the music is of same genre. Hence, if these
latent features can be discovered, we should be able to predict
a rating with respect to a certain user and a certain music,
because the features associated with the user should match
with the features associated with the music.

III. RESULT AND ANALYSIS

A. Evaluation of Naive Bayes Model

The followings tables show the confusion matrix of Naive
Bayes for Big Five Personality classes:

TABLE I: Confusion Matrix of Openness class

N =50 Predicted:Yes Predicted: No
Actual:Yes 3 12
Actual:No 8 27

TABLE II: Confusion Matrix of Conscientiousness class

N =50 Predicted:Yes Predicted: No
Actual:Yes 9 15
Actual:No 4 22

TABLE III: Confusion Matrix of Extraversion class

N =50 Predicted:Yes Predicted: No
Actual:Yes 20 11
Actual:No 12 7
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TABLE IV: Confusion Matrix of Agreeableness class

N =50 Predicted:Yes Predicted: No
Actual:Yes 12 11
Actual:No 13 14

TABLE V: Confusion Matrix of Neuroticism class

N =50 Predicted:Yes Predicted: No
Actual:Yes 20 10
Actual:No 15 5

The following table shows f-measure of the Naive Bayes
model for Big Five Personality classes:

TABLE VI: f-measures for Big Five Personality classes

Class f-measure
Openness 0.2308

Conscientiousness 0.4865
Extraversion 0.6349

Agreeableness 0.5000
Neuroticism 0.6154

B. Evaluation of Recommendation System

The following table shows RMSE of various
recommendation models:

TABLE VII: RMSE of Recommendation System Models

Recommendation Model RMSE
User to User Collaborative Filtering with User
Rating Matrix with combination of Global Baseline 4.72
User to User Collaborative Filtering with User
Rating Matrix 3.89
User to User Collaborative Filtering with User
Personality Matrix 3.20
User to User Collaborative Filtering with Weighted
Average of User Personality Matrix and User Rating Matrix 3.2
User to User Collaborative Filtering with User
Personality Matrix with combination of Global Baseline 3.10
User to User Collaborative Filtering with Weighted
Average of User Personality Matrix and User rating Matrix
with combination of Global Baseline Algorithm 3.04
Global Baseline Algorithm 2.86
Matrix Factorization 0.88

The following figures show effects of change in number of
nearest neighborhood in the different collaborative filtering
models.

Fig. 3: RMSE of Collaborative Filtering with User Rating Matrix

Fig. 4: RMSE of Collaborative Filtering with similarity in terms of
Personality Matrix

Fig. 5: RMSE of Collaborative Filtering combined with Global
Baseline with User Rating Matrix

Fig. 6: RMSE of Collaborative Filtering combined with Global
Baseline with User Personality Matrix
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Fig. 7: RMSE of Collaborative Filtering with User Rating and
Personality Matrix

Fig. 8: RMSE of Collaborative Filtering with User Rating and
Personality Matrix combined with Global Baseline

1) Latent Factor: The following figure shows the RMSE
of matrix factorization when number of iterations is varied:

Fig. 9: RMSE of Matrix Factorization vs Number of Iterations

The following figure shows the RMSE of matrix factoriza-
tion when k is varied with number of iterations is fixed at
1000:

Fig. 10: RMSE of Matrix Factorization vs Number of Latent Factors

Comparing the above models, it can be seen that the result
of user to user collaborative filtering with the personality has
slightly better result than the user to user collaborative filtering
with the user Rating matrix but the matrix factorization out-
performs them all. Besides, the result of weighted average of
user similarity matrix with rating and personality also performs
better than only a rating matrix but has a comparable result
with the user to user collaborative filtering with personality to
compute the similarity.

IV. CONCLUSION AND FUTURE ENHANCEMENT

The paper presented the classification models that take
Facebook user’s status as input and classifies their person-
ality based on big five personality traits. This information
about personality traits is used by user to user collaborative
filtering to find out similar users and recommend music to
them. This recommendation model performs better than the
user to user collaborative collaborative filtering with rating
matrix but not as good as the matrix factorization. Besides,
the recommendation model developed with personality has
comparable result to weighted average of similarity using
rating matrix and personality matrix. Hence, with reference
to current scenario of the research, it can be concluded
that personality traits of the user can be used to enhance
existing user to user collaborative filtering that computes the
similarity with the user rating matrix. The future directions of
this research could be focused towards the consideration of
emojis in texts and some demographic information about the
users in case of personality classification. Besides, the current
recommendation engine as a whole suffers from cold start
problem in case of music i.e. item ramp up problem. This
can be solved with the content filtering method in order to
create a profile of music. In addition, stability vs plasticity
issue still prevails in user to user collaborative filtering with
rating matrix and can be solved by giving low weights to the
old rating of the users.
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