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Abstract—Friend recommendation system (FRS) is an essential
part of any social network system. With the popularity of social
network sites, many FRSs have been proposed in the past few
years. However, most of them are homophily based systems.
In other words, these systems recommend people that share
common features. Homophily based FRS is accurate when the
common feature is a physical or social feature, such as age, race,
location, job, or lifestyle. However, this is not necessarily the
case with personality types. Having a given personality type does
not necessarily mean that a person is compatible with people
having the same personality type. Therefore, this paper presents
and evaluates an FRS based on the Big-Five personality traits
model and hybrid filtering, in which the friend recommendation
process is based on personality traits and users’ harmony rating.
To validate the proposed system’s accuracy, a personality-based
social network site named PersoNet is implemented. User rating
results show that PersoNet performs better than a collaborative
filtering (CF)-based FRS in terms of precision and recall.

Index Terms—Big five, five-factor model (FFM), friend recom-
mendation system (FRS), hybrid filtering, personality computing,
social computing, social networks.

W ITH more than 3 billion active users around the
globe [1], social networking sites (SNSs) have be-

come the main method of making new friends. It had been
proven that friendship in SNS can better describe self-report
friendship compared to friendship created by frequent physical
encounters [2]. Each one of these social networks relies on a
friend recommendation system (FRS) that is used to detect
common features between two people and, consequently, con-
nect them to each other. Many FRS have been proposed in
the past few years, but most of them are based on homophily
(the propensity of people to associate and bond with similar
others). In other words, these systems will recommend people
that have a common feature with you as friends. Homophily
based FRS is adequate when the common feature is a physical
or social feature, such as age, race, location, job, or lifestyle.
However, when it comes to personality types, things are
different. Personality-based FRS brings up a very old psy-
chological debate about the personality similarities between
friends. While most of the mainstream researchers argue that
there is no similarity in personality between friends [3], [4].
Recent researchers have suggested that friends and couples
indeed are similar in their personality [5]. In addition to
that, a major challenge for FRS is known as the cold-start
problem, where the recommendation system does not have
enough information about the new user, and the missing
information is crucial in the recommendation process. In this
case, personality information can help to alleviate the cold-
start problem.

For the above-mentioned reasons, in this paper, we present

and evaluate an FRS based on the big-five personality traits
model and hybrid filtering, in which the friend recommen-
dation process is based on personality traits and users’ har-
mony rating. To validate the proposed system’s accuracy, a
personality-based social network site that uses the proposed
FRS named PersoNet is implemented. The proposed system
not only enhances the prediction accuracy of recommendation
systems but also alleviates the cold-start problem of the legacy
collaborative filtering (CF) systems. To compare PersoNet with
the legacy FRSs, we have implemented three recommendation
systems and compared them based on their precision and recall
values: 1) FRS based only on personality matching; 2) FRS
based only on CF; and 3) the proposed system PersoNet, which
is based on personality traits and hybrid filtering. Users’ rating
results show that PersoNet performs better than the other two
FRS in terms of precision and recall. Our contributions can
be summarized as follows.

1) Propose a personality-based FRS based on big-five per-
sonality traits and hybrid filtering.

2) Implement the proposed system in a social network site.
3) Conduct an online experiment using the implemented

site to validate the robustness of PersoNet.
The rest of this paper is organized as follows. In Sec-

tion II, we present preliminaries about the topic’s background.
Section III reviews the recent related works. In Section IV,
we present the system modeling details. While in Section V,
experiment details of PersoNet are presented. In Section VI,
we discuss and evaluate the performance of PersoNet. Finally,
in Section VII, we conclude this paper and give some future
research directions.

I. BACKGROUND

In this section, we present some preliminaries about person-
ality trait theory, as well as a recommendation system.

A. Human Personality

There is no general theory that defines the human personal-
ity. Nevertheless, many theories have elaborated the concept of
human personality from different perspectives, including the
cognitive perspective, biological perspective, learning perspec-
tive, humanistic perspective, psychodynamic perspective, and
trait perspective [6].

Trait theory (also known as dispositional theory) is the
most adapted personality theory. The trait theory suggests
that human personality can be identified by the measurement
of personality traits. Trait theorists define personality traits
as habitual patterns of behaviors, thoughts, and emotions
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[7]. Personality traits are relatively stable over time, differ
across individuals, relatively consistent over situations, and
they influence human behaviors. There are two major methods
used in trait theory to measure personality traits, Eysenck
Personality Questionnaire (EPQ) also known as the three-
factor model and big-five personality traits also known as the
five-factor model (FFM).

The big-five traits are based on common language de-
scription of personality, which make trait theory an ideal
model for computing technologies, such as natural language
processing, machine learning, and semantic technologies. FFM
is widely used for various purposes, such as job recruitment
or mental disorders diagnosis. The model defines the five
factors as openness to experience, conscientiousness, extraver-
sion, agreeableness, and neuroticism, often represented by the
acronyms OCEAN or CANOE, in Table I, the five factors
along some of the associated characters are presented.

TABLE I
BIG-FIVE TRAITS AND ASSOCIATED CHARACTERS

Personality Trait Related Characters
Openness to Experi-
ence

Artistic, Curious, Imaginative, Insightful,
Original, Wide interests

Agreeableness Trusting, Generous, Appreciative, Kind,
Sympathetic, Forgiving

Conscientiousness Efficient, Organized, Planful, Reliable,
Responsible, Thorough

Extraversion Energetic, Outgoing, Active, Assertive,
Talkative

Neuroticism Anxious, Unstable, Tense, Touchy, Wor-
rying, Self-pitying

There are many methods to measure one’s personality; ques-
tionnaires where subjects answer with Likert scale questions
about how they describe themselves are the most common
personality measurement method. There are many well-known
personality questionnaires with different lengths (items count).
NEO Personality Inventory-Revised (NEO-PI-R, 240 items)
[8] is one of the most adopted long personality questionnaires.
For medium-size questionnaires, the NEO five-factor inventory
(NEO-FFI, 60 items) [8], and the big-five inventory (BFI, 44
items) [9] is used frequently. Some other short questionnaires
are much faster to fill (5–10 items), such
as BFI-10 [10], short questionnaires retain only the most
correlated items with each personality traits.

B. Recommendation Systems

A recommendation system is an information filtering system
that is used to match a subject (e.g., user) with the best items
(e.g., product and friend) that is suitable for its “needs” and/or
“preferences.” An FRS is a special case of recommendation
system where the items are a set of users (potential friends).
There are three main recommendation approaches as follows.

1) Content filtering [Fig. 1(a)] recommends items that are
similar to those that a user (liked/bought/viewed) in the
past (or is examining in the present). Particularly, various
candidate items are compared with items previously
(liked/bought/viewed) by the user and the best-matching
items are recommended.

2) CF [11] [Fig. 1(b)] is based on the hypothesis that peo-
ple who agreed in the past will agree in the future, and
that they will (like/buy/view) be the same (or similar)
items as they have (liked/bought/viewed) the same (or
similar) items in the past.

3) Hybrid filtering is a combination of content filtering and
CF.

II. RELATED WORKS

Many recent works have discussed the applications of
human personality in computing systems. In this section, we
review the related works about FRS in general and personality-
based FRS specifically.

A. Friend Recommendation Systems

In the literature of social networks, many FRSs have
been proposed, Wang et al. [12] proposed the Friendbook,
an FRS that is based on semantic technologies, Friendbook
recommends friends to users based on their lifestyles rather
than social graphs. Friendbook identify users’ lifestyles from
user smartphone sensor data, after detecting their lifestyles,
it recommends friends that have similar lifestyles. On the
other hand, Yu et al. [13] presented GeoFriends, an FRS that
recommends geographically related friends by social network
structures analysis through combining GPS information. On
the other hand, Silva et al. [14] developed an
algorithm that analyses the subgraph formed by a user and
all the others connected users separately by three degrees of
separation. Nevertheless, only users separated by two degrees
of separation are candidates to be suggested as a friend.
Hamid et al. [15] proposed a friend-recommendation system
based on cohesion. They analyzed the cohesive subgroup on
an augmented network formed by the physical connection
network with the information of common interests and inter-
actions. Bian and Holtzman [16] and Bian et al. [17] designed
and implemented Matchmaker, a CF system that recommends
friends to users on Facebook by matching and comparing
user’s online profile with the profiles of TV characters. For
example, if Facebook user X is similar to TV character 1, and
Facebook user Y is similar to TV character 2, and character
1 and character 2 are friends in the same TV show, then the
Matchmaker system recommends user X to become friends
with user Y.

However, none of the aforementioned works have incorpo-
rated personality traits in the friend recommendation process.

B. Personality and Social Networks

Many researchers have proved that the user’s personality
can be revealed by analyzing his social networks profile.
Vinciarelli and Mohammadi [18] have surveyed the field of
personality computing and its impact on the social computing
system. While Kaushal and Patwardhan [19] surveyed the
literature on automatic personality recognition from SNS data.
Different works have used different methods for personality
measurement using SNS data. The works in [20]–[22] have an-
alyzed the language usage patterns and preferences to measure
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Fig. 1. (a) Content filtering. (b) CF.

the user’s personality, this was done by extracting linguistic
features such as Linguistic Inquiry and Word Count, (Medical
Research Council) Psycholinguistics Database, and parts-of-
speech (POS). While the works in [23] and [24] discussed
the relationship between social networks photographs and the
user’s personality. On the other hand, other works have found
a positive relationship between the user’s personality and
other activities, such as online gaming [25]–[27] and online
behaviors [28]. Ning et al. [29] discussed the relationship
between excessive use of social networks and personality
disorders.

C. Personality and Recommendation Systems

Personality traits have been used to enhance the recom-
mendation systems in many domains, Tkalcic et al. [30]
proposed a new approach for measuring the user similarity
for CF recommender systems that are based on the big-five
personality model in the context of product recommendation.
Similarly, Hu and Pu [31] addressed the cold-start problem by
incorporating human personality into the CF framework, they
have tested the proposed system with movies and music public
data sets. Ferwerda et al. [32], Ferwerda and Schedl [33], and
Kleć [34] discussed the impact of personality traits on the
accuracy of music recommendation systems. While Golbeck
and Norris [35] have proved the positive correlation between
personality and users’ movie preferences. Using surveys and
analysis of system data for 73 Netflix users, they have shown
the correlations between personality and preferences for spe-
cific movie genres. Dhelim et al. [36] proposed a smart home
architecture that incorporates the residents’ personality traits
into the smart home service recommendations.

Fig. 2. PersoNet’s system design.

However, in the context of FRS, as far as we know, we are
the first that propose and implement a personality-based FRS.
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Fig. 3. Personality traits and hybrid filtering-based recommendations.

III. SYSTEM MODEL

The system design of the proposed system is presented
in Fig. 2. After joining the network, the user must answer
a personality measurement questionnaire. As the user has
no preferences at this moment (cold start), to overcome this
situation, the initial recommendation is based on personality
similarity between the user and his neighbors (users with sim-
ilar personality traits). In other words, the system recommends
users that have identified as harmonic friends with neighbors
of the new user. When the user passes the cold-start period, the
recommendation will be gradually enhanced by incorporating
the user’s harmony rating preferences. As shown in Fig. 3, at
the second stage, the recommendation is based on personality
similarity and hybrid filtering approach (CF in terms of rating
similarity with neighbors, and content filtering in terms of
personality trait similarity between the previously rate friends
and the potential friends).

A. Notations

For the sake of readability, the list of notations used in this
paper is explained in Table II.

B. Similarity Measure

Similarity measure is the main component of any rec-
ommendation system and is used to measure the similarity
between two entities (e.g., users and items) based on
a similarity factor (e.g., product ratings, browsing history,
product category, and so on), in the context of recommendation
systems, a precise similarity measurement enables the system
to predict the future behaviors of the targeted entity based
on the behaviors of its similar entities (neighbors). Many

TABLE II
NOTATIONS AND SYMBOLS

Symbol Meaning
U = {u1, u2, . . . , un} The set of all the users
Fx = {f1, f2, . . . , fi} User ux’s friends
−→
Px = {p1x, p2x, . . . , pix} User ux’s personality traits vector
SimP(ux, uy) Similarity between ux and uy based on their

personality traits
rx,y Harmonic rating given by ux to uy
Rx =
{rx,1, rx,2, . . . , rx,n}

The set of all harmonic rating given by ux

SimR(ux, uy) Similarity between ux and uy based on their
given harmonic rating

Mx,i The average of daily exchanged messages
between ux with ui−→

Mx The mean of average of daily exchanged
messages between ux with his friends Fx

SimM(ux, uy) Similarity between ux and uy based on their
average daily exchanged messages

Nx,u The set of users (neighbors) that their har-
monic ratings are similar to ux and have
previously rated their harmony level with the
potential friend uu

F̃x The set of recommended friends for target
user ux

α The weight parameter that control the con-
tribution of personality-based similarity in
the overall similarity measure for neighbor
formation procedure

β The minimum rating similarity threshold
γ The minimum personality similarity thresh-

old
δ The minimum neighbor formation threshold
ε Neighbor formation threshold

similarity measures have been proposed in the literature [37],
[38]. In this paper, we have used the Pearson correlation
coefficient, as it is one of the most commonly used similarity
measures [39]. In this paper, we are interested in two kinds of
similarity between the users as follows.

1) Personality Traits Similarity (SimP): In this, we will
measure the similarity between two users based on their
personality trait (similarity factor). SimP is computed
using the Pearson correlation coefficient as shown in (1)

SimP(ux, uy) =

∑
i(p

i
x − px)(piy − py)√∑

i(p
i
x − px)2(piy − py)2

(1)

where px and py are the average value of the personality
traits vector for user ux and uy , respectively, and pix is
the ith trait in the personality traits vector.

2) Harmony Rating Similarity (SimR): In this, we will
measure the similarity between two users based on their
harmony rating to other users. SimR is computed using
Pearson correlation coefficient as shown in the following
equation:

SimR (ux, uy) =

∑
i∈Rx∩Ry

(rx,i − rx) (ry,i − ry)√∑
i∈Rx∩Ry

(rx,i − rx)2 (ry,i − ry)2

(2)
where rx,i and ry,i are the harmony rating given by ux
and uy to ui, respectively, and rx and ry are their mean
harmony rating.
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C. Recommendation System

There are two major steps in the recommendation proce-
dure, the first step is neighborhood formation, in which the
neighbors (most similar) of the targeted user are determined
[see (3)], and the second step is friend prediction

Nx,u = {uy ∈ U : SimR (ux, uy) > β ∧ uu ∈ Ry} (3)

where ux is the targeted user, uu is the potential friend, and β
is the minimum rating similarity threshold. Nx,u is the list of
users (neighbors) that are similar to ux and have previously
rated their harmony level with the potential friend, see Fig. 3.

To investigate the influence of personality traits on FRSs, we
have proposed three recommendation systems with different
recommendation algorithms as follows.

1) Birds-of-Feather: We have named this recommendation
system based on the famous idiom “birds of a feather
flock together.” Birds-of-feather (BOF) is the simplest
personality-based FRS, BOF will recommend people
that have similar personality traits as friends, as shown
in the following equation:

F̃x = {uu ∈ U : uu /∈ Fx ∧ SimP (ux, uu) > γ} (4)

where uu is the potential friend and γ is the minimum
personality similarity threshold.

2) Collaborative Filtering: In this system, the recommen-
dations are based only on the harmony rating that
users provide after the data collection phase and do not
consider the personality traits of both sides, as shown in
the

Fig. 4. Evaluation phases

following equation:

F̃x = {uu ∈ U : uu /∈ Fx ∧ |Nx,u| > δ} (5)

where Nx,u is the set of targeted user’s neighbors, uu is the
potential friend, and δ is the minimum neighbors threshold.

3) PersoNet: In PersoNet, the recommendations are com-
puted based on many factors.

1) The personality traits similarity between the user and his
neighbors.

2) The personality traits similarity between the potential
friend and the previously rated users (content filtering).

3) The rating similarity between the user and his neighbors
(CF).

PersoNet’s similarity measure is computed using the following
equation:

Sim(ux, uy)

=

{
SimP(ux, uy), |Fx ∩ Fy| < ε

α× SimP(ux, uy) + (1− α)× SimR(ux, uy), |Fx ∩ Fy| ≥ ε
(6)

where α is the weight parameter that control the contribution
of personality-based similarity in the overall similarity mea-
sure (1 ≥ α ≥ 0.5). To solve the cold-start problem where the
user has not giving its rating yet, the similarity will depend
completely on personality similarity (α = 1). Progressively,
the more neighbors with common previous harmony rating,
the less personality-based similarity contribute in the overall
similarity. The group of recommended friends F̃x for target
user ux is computed using the following equation:

F̃x

= {uu ∈ U : uu /∈ Fx ∧ |Nx,u| > δ ∧ SimP(pi∈Fx(rx,i>β), uu) > γ}
(7)

where pi∈Fx(rx,i>β) is the mean of personality traits vector
of friends that their harmony rating given by the target user
is greater than the minimum rating threshold β, and γ is the
minimum personality similarity threshold.

V. EXPERIMENT DETAILS

The main phases of the experiment are presented in Fig. 4.

A. Data

To validate the proposed system’s accuracy, we have con-
ducted an online experiment, in which we have created an
SNS named PersoNet.1 The participants have used the site

Fig. 5. PersoNet social network.

1www.personet.online
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TABLE III
PARTICIPANTS’ DEMOGRAPHICS

Parameter Value
Number of volunteers 149
Number of active participants 123
Countries 12
Male 91 (61%)
Female 58 (39%)
Average age 23 years

for a period of 3 months. The experiment duration is divided
into two phases. The first is the data collection phase, and it
lasted for 2 months, in which each participant was befriended
with a set of friends that have different personality traits. The
recommendation at this stage was based only on neighbors’
personality traits. At the end of this phase, participants were
asked to rate the harmony level with their friends. The second
phase is the testing phase, and it had lasted for 1 month, in
which the participants were giving a chance to communicate
with the recommended friends. To measure the recommenda-
tion system’s accuracy, at the end of the experiment, given
the list of friends that were recommended by the system,
the participants were asked to rate the correctness of these
recommendations.

B. Participants

To conduct the experiment, a total of 149 participants
were solicited, most of them were undergraduate/graduate
international students from different Chinese universities, and
the other few were Chinese students. The benefit of using
international students for this study is to conduct a holocultural
study, as the participants were of different countries and even
from different continents with different languages and cultural
backgrounds. However, we have ensured that all participants
can speak English fluently. In addition, the participants were
of different ages and genders. Table III details the participants’
demographics. The participants were volunteers and no com-
pensation was made. From a total of 149 participants, only
123 active participants were considered in the later steps of
the experiment, as the other 26 participants did not meet the
minimum requirement of the experiment, because they did
not use the system regularly, including such inactive users
in neighbor formation process would negatively affect the
accuracy of the recommendation.

D. Personality Measurement

After registering on the site, the users were asked to take
(International Personality Item Pool Representation of the
NEO PI-R)-60 personality questionnaire, and their big-five
traits scores were recorded. The IPIP-NEO-60 is ideal for our
situation. First, because it is open access, and second, because
we did not want the volunteers to feel bored by answering
a long questionnaire such as NEO-PI-R. Similarly, we have
avoided using short questionnaires (five to ten questions) like
BFI-10 [10]. Although they are easier to fill, their measure-
ments are usually inaccurate, simply because the taker may
underestimate the answer of one of the ten questions.

E. Data Collection Phase

In the data collection phase, during 2 months, the partici-
pants were befriended with 30 people with different dominant
traits, 6 people from each trait. The participants were encour-
aged to chat with their default friends as much as possible; the
chat was done via PersoNet’s integrated messaging system.
To ensure that the participants’ harmony rating is based on
personality traits and to reduce the influence of homophily,
the participants were asked not to reveal their real identities
or any other information that would influence their rating
later on, such as location, religion, age, sex, and political
views. However, the participants were strongly recommended
to discuss their views about other topics.

F. Harmony Rating

After 2 months of the data collection phase, the participants
were asked to rate the harmony level of their friends. Each
participant was asked, based on his knowledge of a given
friend, whether their personality types are matched and his
desire to see people like him in his recommendations. The
harmony rating was scaled as Likert scale [40]. These ratings
were used to determine the user’s neighbors.

G. Friend Recommendations

After all participants finished the harmony rating of their
friends, all participants’ usernames were changed, and each
participant is friended with 30 friends, the top five most
recommended users by BOF, CF, and PersoNet (a friend might
be recommended by more than one system), in addition to
these recommendations, each participant is also friended with
the top five least recommended users.

H. Testing Phase

The second phase is the testing phase, and it lasts for 1
month, in which the participants were giving the chance to
communicate with the recommended friends. To measure the
robustness of the three recommendation systems, at the end
of the experiment, the participants were asked to rate the
correctness of the recommendations. The participants did not
know any details about the used recommendation systems.
Based on the recommendation correctness ratings that were
given by the participants, PersoNet, BOF, and CF systems were
evaluated.

IV. PERFORMANCE EVALUATION

In this section, we present the evaluation that we conducted
to validate the proposed system.

A. Implementation

To validate the proposed system’s accuracy, a personality-
based SNS that uses the proposed FRS named PersoNet was
implemented, in which the online experiment was conducted to
study users’ satisfaction about the site’s recommendation sys-
tem. PersoNet was implemented using PHP, and the database
management using MySQL, and the front-end interface using
the bootstrap framework, see Fig. 5.
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B. Evaluation Metrics

As shown in [41], recommendation systems are evaluated
based on their ability to identify the relevant items for a
given user from all available items. Four groups of decisions
are yielded from the confusion matrix that lists the correct
and incorrect recommendations: 1) true positives (TPs): the
recommended friends that were rated as successful recom-
mendations; 2) true negatives (TNs): the least recommended
friends that were rated as unsuccessful recommendations; 3)
false positives (FPs): the most recommended friends that
were rated as unsuccessful recommendations; and 4) false
negatives (FNs): the least recommended friends that were rated
as successful recommendations. We have evaluated the three
systems based on the following metrics.

1) Precision (P): It is the fraction of confirmed recommen-
dations among the total recommended users by the recommen-
dation system and is computed using the following equation:

P =
TP

TP + FP
. (8)

2) Recall (R): It is the fraction of confirmed recommenda-
tions over the total confirmed recommendations by all systems
and is computed using the following equation:

R =
TP

TP + FN
. (9)

3) F-Measure: A combination of precision and recall in a
single numerical value, it is also known as F-score and is
computed using the following equation:

F =
2PR

P +R
. (10)

4) Result Discussion: The mean values of precision, recall,
and F-measure of the three systems are presented in Fig. 6.
As we can see, BOF has the worst performance in terms
of precision (0.55) and recall (0.58), as it considers only
personality trait similarity measurement and ignores the user’s

Fig. 6. Systems evaluation with rating-based similarity.

previous harmony ratings, while CF scores are much better
than BOF with precision (0.78) and recall (0.79). However,
PersoNet has the highest precision and recall values among

the three systems, with precision (0.81) and recall (0.82),
that is, because it incorporates personality traits in similarity
measurement without neglecting the user’s preferences.

Fig. 7. Systems evaluation with message-exchange-based similarity

While harmony rating can be a strong indicator of how the
friends are matched. However, to further validate the proposed
system, we have analyzed the text exchanges between friends
regarding their personalities. In this regard, we have computed
the neighbor set based on the exchanged messaged between
the participants rather than the harmony rating that was given
by the users; the text exchange similarity is computing using
the following equation:

SimM(ux, uy) =

∑
i∈Fx∩Fy

(Mx,i −Mx)(My,i −My)√∑
i∈Fx∩Fy

(Mx,i −Mx)2(My,i −My)2

(11)
where Mx,i and My,i are the average of daily exchanged
messages between ui with ux and uy , respectively. Mx and
My are the mean of average of daily exchanged messages
between ux and uy with their friends Fx and Fy , respectively.

The precision, recall, and F-measure of the three systems
when similarity computed based on exchanged messages are
presented in Fig. 7. As we can observe, BOFs precision (0.557)
and recall (0.582) are the same as harmony rating-based
similarity, that is, because BOF depends only on personality
similarity between the potential friend and previous friends
(content filtering). Although CF performs better than BOF
in terms of precision (0.776) and recall (0.782), however,
PersoNet still has the upper hand with precision (0.798) and
recall (0.810).

V. CONCLUSION

In this paper, a novel FRS based on the big-five personality
traits model and hybrid filtering was presented and evaluated,
in which the friend recommended process is based on person-
ality traits and users’ harmony rating. To validate the proposed
system’s accuracy, a personality-based social network site that
uses the proposed system named PersoNet was implemented.
The experimental results have proved that PersoNet performs
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better than the legacy CF-based system in terms of precision
and recall. However, many aspects that could improve the
effectiveness of Personet have not been discussed in this paper,
such as follows.

1) In this paper, the subjects’ personality traits measure-
ment was done through questionnaires. However, Per-
soNet could be further improved by implementing auto-
matic personality recognition scheme, which measures
the user’s personality traits based on its posted content,
without the need for personality test.

2) The effectiveness of PersoNet was evaluated based on
the recommendations accuracy that was validated by the
users’ rating. Extending the experiment by comparing
PersoNet’s recommendations accuracy to other schemes,
such as graph-based and semantic-based recommenda-
tions, is our future direction.

3) The proposed recommendation system is based on the
big-five personality traits model. Extending the model
to incorporate other personality traits models such as
Myers–Briggs type indicator is one of the future works.

4) The population of the experiment is relatively small
(n = 126). Conducting the experiment on a large size
population (n > 1000) across all ages is a future
direction.
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