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intelligent information filtering tool to help users effectively
identify information items of interest from such an overwhelming
set of choices and provide personalized services [25]. At the same
time, recommender systems are considered to be a critical tool for
boosting sales in e-commerce websites [2]. Therefore, variations
of recommendation algorithms have been widely studied and
incorporated in a wide range of online commercial websites [1].

ABSTRACT
Recommender systems help users more easily and quickly find
products that they truly prefer amidst the enormous volume of
information available to them. Collaborative filtering (CF)
methods, making recommendations based on opinions from “most
similar” users, have been widely adopted in various applications.
In spite of the overall success of CF systems, they encounter one
crucial issue remaining to be solved, namely the cold-start
problem. In this paper, we propose a method that combines human
personality characteristics into the traditional rating-based
similarity computation in the framework of user-based
collaborative filtering systems with the motivation to make good
recommendations for new users who have rated few items. This
technique can be especially useful for recommenders that are
embedded in social networks where personality data can be more
easily obtained. We first analyze our method in terms of the
influence of the parameters such as the number of neighbors and
the weight of rating-based similarity. We further compare our
method with pure traditional ratings-based similarity in several
experimental conditions. Our results show that applying
personality information into traditional user-based collaborative
filtering systems can efficiently address the new user problem.

Collaborative filtering (CF) is one of the most successful
recommendation technologies. The basic idea behind this method
is that it gathers the opinions of other users who share similar
interests with a target user (referred to as the “active user”) and
assists this active user to identify items of interest based on these
neighbors’ opinions. These social information filtering
approaches automate a process of "word-of-mouth"
recommendations [29]. Compared to other recommendation
technologies (e.g., content-based filtering), CF provides some
prominent advantages to information filtering: (i) the capability to
filter items whose content is not easily analyzed by automated
processes; (ii) the ability to provide serendipitous
recommendations; and (iii) support for social factors by taking
into account the interests of like-minded users [10, 17].
Consequently, CF has been becoming popular in both academy
and industry fields with great speed.

Categories and Subject Descriptors

Despite the overall success of CF systems, they suffer one serious
limitation, namely the cold-start problem [1]. It includes two
major aspects: new user and new item. Before a recommender
system can present a user with reliable recommendations, it
should know about this user’s preferences/interests, most likely
from a sufficient number of behavior records, e.g., ratings or logarchives [11]. Therefore, a new user, having few records in a
system, normally cannot get satisfied recommendations. Similar
to the new user problem, new items which have not been rated
could not be recommended, which is referred to as new item
problem. In our study, we will focus on the new user problem. It
is a key issue that determinants the initial success of e-retailers,
since more accurate recommendations for new users could make
these new users stay rather than pushing them to the competitors’
sites.

H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval – information filtering; H.1.2 [Models and
Principles]: User/Machine Systems – human information
processing
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1. INTRODUCTION
The ubiquity of the web brings an explosive increase of accessible
information. Recommender systems have emerged as an

To address the new user problem, most studies present hybrid
recommender systems that combine both content information and
ratings data [22, 27, 28] to circumvent the problem, where
content-based similarity is used for new users or new items. In
most currently used systems, demographic information is used as
users’ attributes to calculate similarity among users. For example,
Pazzani [23] uses the gender, age, area code, education, and
employment information of users in the restaurant
recommendation application.
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Recently, many studies have tried to incorporate human
personality into recommender systems [6, 12, 13, 16]. Studies
show that personalities influence human decision making process
and interests [24]. Drawing on the inherent inter-related patterns
among users’ personalities and their interests/behaviors,
personality-based recommenders were developed to provide
personalized services. Empirical studies further revealed a
significant user acceptance of such recommenders [12].
Additionally, research has suggested that human personality
characteristics have the potential ability to lessen the cold start
problem associated with commonly adopted collaborative filtering
recommender systems [6]. However, few works have empirically
verified this hypothesis.

Ahn [2] addresses this problem by proposing a new similarity
measure called PIP (Proximity-Impact-Popularity) which utilizes
domain specific interpretation of user ratings by considering
proximity, impact and popularity factors when comparing two
ratings. Different from other solutions, this method attempts to
make better use of the limited amount of ratings data so as to
address the new user problem and improve recommendation
performance. However, it cannot address the difficulty of
recommending items for completely new users with no ratings.
Some studies follow the idea of associating any new user with a
stereotype among a set of predefined ones from learning processes
[20]. For example, Pazzani [23] utilizes user’s demographic
information (e.g., age, gender, education) to identify stereotypes
of users that like a certain object. When any new user comes,
he/she is associated with one stereotype based on his/her
demographic data and gets tailored recommendations. In this
work, the demographic information is taken from new users’
homepages automatically without extra user effort.

As mentioned in [6], one apprehension of few researchers
venturing into the personality-based recommender systems might
be due to perceived difficulty in obtaining personality
characteristics. However, it can be foreseen that social network
sites have the capability of facilitating the personality acquisition
processes. The primary functionality of Social Web is to help
people socialize or interest with each other throughout the World
Wide Web. During the forming of social community, personality
is considered as one of the users’ identities. On the other hand,
personality profiles can be helpful to suggest more connections or
enhance the relationships among friends, such as seeking friends
with similar personality. Due to the particularity of the social web,
people have a strong interest to do personality tests and share such
information with their friends. One evidential observation is that
there are a range of personality test applications at facebook.com
and an amount of users are involved.

Alternatively, other researchers have suggested that further
improvements dealing with cold start in CF systems can be
achieved by leveraging user characteristics, specially detailed
characteristics [15]. Even though few studies have been done on
this topic, existed research has shown its promise [e.g., 15, 18,
20]. Particularly, personality is considered as a consistent
behavior pattern and intrapersonal processes originating within
the individual [24]. It is relatively stable and predictable.
Therefore, it is reasonable to suppose that it is possible to address
the cold start problem and possibly improve prediction in current
CF systems by incorporating personality characteristics.

The main objective of our work is to investigate the performance
of utilizing personality information in user-based CF systems to
address the new user problem. We first propose a personalitybased similarity measure and a general model which takes both
the traditional rating-based similarity and the personality-based
similarity into account to find the neighbors of an active user. We
compared our method with the pure rating-based CF systems in
different cold-start settings. The results positively support the
advantage of the personality-based similarity in improving
recommendation quality, at least in the case of sparse dataset, for
new users.

2.2 Personality-based Recommender Systems
Recently, personality characteristic information has been
integrated into recommendation techniques. Lin and Mcleod [16]
proposed a temperament-based filtering model incorporating
human factors, especially human temperament, into information
recommendation service. They empirically demonstrated that the
accuracy and effectiveness of the temperament-based information
filtering system surpassed those of pure content-based filtering.
Nunes et al. [21] proposed one personality-based recommender by
incorporating personality traits into user profiles for the social
matching applications. Their system was designed under the
scenario of the “Elections for President in France”. The system
recommends one president candidate to a user by matching the
candidates’ social reputation profiles (summarized personality
profiles from all participates) with the personality profile of the
user’s ideal president. Their method obtains a high prediction
accuracy.

The remainder of this paper is organized as follows. Section 2
provides a brief overview of some related research work. Section
3 describes the algorithm of traditional user-based CF systems.
The section following presents our proposed personality-based
similarity in detail. Section 5 describes our experimental work,
including experiment design, evaluation metrics, dataset,
experimental results and discussion, followed by the section on
conclusions.

Hu and Pu [13] developed a personality-based music
recommender system based on the psychological findings of the
correlations between human personality characteristics and
musical preferences. For example, individuals who are inventive,
have active imaginations, value aesthetic experiences, consider
themselves to be intelligent, tolerant of others, and reject
conservative ideals tend to enjoy listening to reflective and
complex music (e.g., blues, jazz, classical and folk). Their results
from an in-depth user study revealed the user acceptance of this
personality-based system under the scenarios of making
recommendations for active users and their friends. This work
mainly emphasizes on user subjective perception of this emerging
personality-based music recommender system.

2. RELATED WORK
In this section, we briefly view some of the research literature
related to our work.

2.1 New User Problem
A crucial concern of CF is the new user problem, which refers to
difficulties encountered by recommender algorithms when a new
user enters into a system. Various approaches have been proposed
in previous studies. Most of them leverage hybrid
recommendation approaches, which combine content meta-data
and ratings to circumvent this problem [1, 7, 22].
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In this paper, we focus on investigating how personality
characteristics can be integrated in the commonly used CF
framework and how its performances is compared to the
traditional user-based CF systems, especially relative to the new
user problem.

3.2 Rating Prediction

To predict the value of unknown rating   , CF systems make an
aggregation of the ratings from some other (usually, the # most
similar) users for item . More specially, the predicted unknown
rating $  can be calculated as,
$

3. USER-BASED COLLABORATIVE
FILTERING

where * denotes the set of # users that are the most similar to
user  and who have rated item . Various aggregation strategies
are designed and applied based on different applications, such as,
averaging the ratings, or using similarities as weights while
aggregating. In this paper, we adopt a more general aggregation
function,

User-based Collaborative Filtering has been studied in-depth
during the last decades. It is one of the most successful and widely
used recommendation technologies, owing to its compelling
simplicity and excellent quality of recommendations. It assumes
that if a group of users have similar interests in their previous
behaviors, they will express similar interests on other more items
in the future. Its basic idea is to find a group of users, who have a
history of agreeing with an active user (i.e., they either gave
similar ratings or purchased similar items). Once a neighborhood
of users is formed, opinions from these neighbors are aggregated
to produce recommendations for the active user.

$
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As described above, traditional collaborative filtering systems find
“neighbors” based on the ratings they gave in common. However,
in practice, the item-user matrix 1 is always sparse. That is, the
number of ratings already obtained is usually significantly small
compared to the number of the ratings that need to be predicted. It
is crucial to effectively predict ratings from a small number of
examples. If one user has rated some items which few users have
been rated, it will be not possible to find a sufficient number of
neighbors and to make good recommendations. This situation
especially happens when a new user enter into a system with few
and no rating records. In order to address this problem, we
proposed a new similarity measure method based on users’
personality characteristics.

The most important step in CF recommender systems is
computing the similarity between users which is used to form a
proximity-based neighborhood between a target user and a
number of like-minded users. The neighborhood finding process
is in fact the model-building or learning process for a
recommender system algorithm. Various approaches have been
used to compute the similarity   between user  and
user  [1, 2, 26]. The letter  means the similarity is calculated
based on rating data, distinguishing from the personality-based
similarity measure proposed later. The most commonly used
similarity calculation method is Pearson correlation coefficient
[2, 26]. More specifically, the proximity between user  and  is
measured as,


+ , -

4. PERSONALITY-BASED SIMILARITY
4.1 Personality-based Similarity Measure

3.1 Similarity Measure

 



where multiple - serves as a normalizing factor and is usually
selected as - /0 ()   , and + is the average rating
of user. This aggregation function takes into account the fact
that different users may use the rating scale differently. For
example, user  thinks a rating 3 in a 5-point rating scale means
that this item is ok, while user  might thins a rating 3 represent a
negative score. Therefore, the weighted sum uses the deviations
from the average ratings instead.

Various algorithms for user-based CF can be grouped into two
classes: memory-based (or heuristic-based) and model-based [1].
Memory-based algorithms essentially are heuristics that make
rating predictions based on the entire collection of previously
rated items. In contrast to memory-based methods, model-based
algorithms use the collection of ratings to learn a model, which is
then used to make rating predictions. In this paper, we concentrate
on memory-based algorithms. In order to simply, the term CF
mentioned in the following represents user/model-based CF,
except particular specification.

 

%&&'()  ,(3)



We treat users’ personality characteristics as a vector. For user ,
his/her personality descriptor 2  23 ,2  , 4 ,2 5 6 is a 7 dimension vector, and each dimension stands for one
characteristic consisting in his/her personality. For example, if
users’ personalities are measured by Big Five Factor model [8]
which describes human personality along major five traits, 2 is a
five-dimension vector and each dimension corresponds to one of
the five personality traits (details see Section 4.2). Consequently,
the personality similarity between two user  and  can be
computed as the Pearson correlation coefficient of their
personality descriptors.

, (1)

where   denotes the rating value which user  gave to item . 
is the average rating value of user .  is the set of items that user
 has rated.

2 

In order to penalize similarity scores that are based on a small
number of overlapping items which reflects a lack of confidence,
a modified similarity score ƍ  is yielded as follows [22]:
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To consider both rating-based and personality-based similarity
measures at the same time, we combine them together and
intuitively generate the following model,

where
controls the required number of overlapping items
between two users for similarity calculation. We adopt this
modified correlation-based similarity score in our evaluation
experiment and set
".

where ƍ  represents the item-based simialrity between
user  and  , and 2  represents the personality-based
similarity. < is a weight parameter which controls the percentage

ƍ 
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< ! ƍ  , /  < ! 2  ,(6)

of rating-based similarity contributed into the final similarity
measurement.

5.2 Evaluation Metrics
We adopt two kinds of evaluation metrics in our evaluations. One
takes into account the ability of accurately predict ratings in the
case of individual item-by-item recommendations. The other
considers the recommendation filtering task as a two-class
classification, like or dislike. In this case, evaluation metrics
measures how effectively positive and negative items are
classified correctly.

4.2 Personality Model and Measurement
One of the most widely used and extensively researched
personality models within psychology is known as Big Five
Factor personality model [5, 8]. This model categorizes human
personality traits into five bipolar dimensions:
•

•

•
•

•

Openness to Experience: appreciation for art, emotion,
adventure, unusual ideas, curiosity, and variety of
experience.
Conscientiousness: a tendency to show self-discipline, act
dutifully, and aim for achievement; planned rather than
spontaneous behavior.
Extroversion: energy, positive emotions, urgency, and the
tendency to seek stimulation in the company of others.
Agreeableness: a tendency to be compassionate and
cooperative rather than suspicious and antagonistic towards
others.
Neuroticism: a tendency to experience unpleasant emotions
easily, such as anger, anxiety, depression, or vulnerability.

5.2.1 Predictive Accuracy Metric
First, we try to measure how close the predicted ratings generated
by various algorithms are to user real ratings. Mean absolute error
(MAE) is the most prominent and broadly adopted predictive
accuracy metric in information retrieval and recommender
community [9]. It is calculated as the average of the differences
between predicated ratings $ , and users’ real ratings  . More
specially, MAE is formulated as:
=>?

5 $
@3 

7
where 7 is the number of tested items.

  

,

Even though it is important to measure the ability of accurately
predicting ratings for a recommendation algorithm, we can
observe that the majority of users only care about whether a
recommended item is interesting or not, rather than exact rating
values. In these cases, filtering is considered as a binary
classification and the predicted rating errors might not really
reflect the filtering performance. For example, if a rating of 3.5 is
considered as the cut-off between good and bad, a one-star error
that predicts a 4 as 5 and one that predicts a 3 as 4 are totally
different. The former makes no difference to users, while the
latter erroneously classifies a bad item as a good item. Therefore,
we utilize decision-support accuracy metrics as well in our
evaluation.

In literature, several rating instruments have been developed to
measure the Big-Five dimensions, from well-established multiitem instruments (e.g., NEO Personality Inventory, or Revised
NEO-PI-R [5]) to extremely brief ones (e.g., 5-Item Personality
Inventory (FIPI) or 10-Item personality Inventory (TIPI) [8]).
Even though the comprehensive instruments have the superior
capability of assessing finer facets within each personality
dimension, they require more user effort to accomplish it than the
brief ones. In the context of online system, users would be
unlikely to dwell at the website for a long time to complete a
multi-item questionnaire [21]. In our implementation, therefore,
TIPI developed by Gosling et al. [8], is utilized. In each Big Five
dimension, there are two items which attributes in the two poles of
this dimension. Each item consists of two descriptors, separated
by a comma, for example, “Extraverted, enthusiastic” in the
positive direction of extraversion dimension. Each item was rated
on a 7-point scale ranging from 1 (strongly disagree) to 7
(strongly agree). The TIPI personality acquisition process takes
about 2-3 minutes to complete.

5.2.2 Decision-Support Accuracy Metrics
Decision-support accuracy metrics (also called classification
accuracy metric [9]) evaluate a recommender system based on
whether it makes correct or incorrect decision outcome, i.e.,
whether it correctly predicts that an item might be interesting for
an active user [7]. To evaluate recommendations generated by
different similarity methods, we use two metrics widely used in
the information retrieval (IR) community namely, recall (also
called sensitivity) and specificity. However, we slightly modify
the definition of them to fit in our all-but-one experiment design.
We first defined the rating 3.5 as our cut-off threshold on a 5point rating scale from 1 to 5. That is, all ratings which are greater
than 3.5 are considered as “good” (or “relevant”), others as “bad”
(or “irrelevant”).

5. EMPIRICAL ANALYSIS
In this section, we first describe the experiment setup, including
experiment design, evaluation metrics and used dataset. Then, we
present experimental results and discussions. Our main goal is to
explore the possibilities of combining different similarity
measures to formulate an efficient recommendation algorithm.

5.1 Experiment Design

We define the collection of all tested items for user  in A (l = 20,
in our experiment) runs of our experiments as check set (in order
to distinguish from the test set used in the evaluation of top-B
recommendation list [19, 26]) C , which contains all items to be
predicted for this user. Furthermore, C can be divided into two
sets: relevant set 1?D containing all relevant items and irrelevant
set 11?D containing all irrelevant items. All hits, items in the
set of 1?D are predicted to be good as well, are include in the hit
set EC . All avoids, items in the set of 11?D are predicted to
be bad as well, are include in the avoid set >F .

In this experiment, we try to compare the predictive accuracy of
the three similarity measures on a sparse dataset. The dataset is
split into a training set and a test set. We adopt the all-but-one
protocol considering the high sparsity of our dataset [4]. That is,
we randomly select one of the rating entries of each user to be the
tested item, and use the remaining entries for training.
Consequently, as much data as possible from each test user can be
used to train the recommenders. It is meaningful when we
evaluate the effects of the parameters in our general model.
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We define recall as the ratio of hit set size to the relevant set size.
More specifically, considering the average of all 7 tested users, it
is formularize as:

Table 1. Statistical characteristics of our ratings data set.

EC 
1?D 
,
GHIAA 
7
where 7 is the number of users tested. A recall value of 1.0
indicates that the commendation algorithm was able to retrieval
all relevant items, whereas a recall vale of 0.0 indicates that the
recommendation algorithm was not able to recommend any of the
relevant items.

Size

Sparsity

Along with recall, specificity is defined as the proportion of
irrelevant items which are correctly identified. More specifically,
it is formalized as:

Rating
Distribution

>F 
11?D 
2GHJHKL 
;
7
A specificity value of 1.0 indicates that the all irrelevant items are
successfully eliminated from recommended items, whereas a
specificity vale of 0.0 indicates that all irrelevant items are
incorrectly classified as good ones and might be recommended to
users.

.

The statistical characteristics of this data set are shown in Table 1.

5.4 Experiment Results
In presenting our evaluation experimental results, we firstly
investigate the influences of various parameters in the general
model. Then, we compare the performances of rating-based
similarity (RBS), personality-based similarity (PBS) and their
hybrid (RPBS) in different start-up settings.

http://www.movielens.org
http://www.research.compaq.com/SRC/eachmovie

3

http://www.imdb.com

sparsity level

96.604%

Ave. #ratings per user
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Ave. #ratings per item

3

#ratings on the value of 1

254

#ratings on the value of 2

470

#ratings on the value of 3

747

#ratings on the value of 4

585

#ratings on the value of 5

423

One parameter in the combined similarity model, <, is used to
control the extent to which the rating-based similarity
measurement can contribute. To study the sensitivity of the
recommendation algorithm on this parameter, we performed a
sequence experiments in which we varied < from 0.0 (pure
personality-based CF) to 1.0 (pure rating-based CF) in increments
of 0.1. Figure 2 shows the results of MAE, recall and specificity
for different values of <. The higher recall and specificity values
and lower MAE value indicate better performance. Note that these
results were obtained by assigning the number of neighbor #
90.

The traditional user-based recommendations are computed using a
model that utilizes the ratings from # most similar users to predict
the unknown items for the active user. To evaluate the sensitivity
of the different algorithms on the value of #, we performed an

2

2479

5.4.2 Influence of Weight

5.4.1 Influence of Model Size

1

#ratings

Figure 1(b) and (c) respectively shows the recall and specificity
results under different neighbor sizes. Along with the results on
MAE, the quality for the rating-based CF method increases in the
beginning, but remains on one value when the number of
neighbors reaches 50 and 40 respectively, while other two
methods still increase their recall and specificity until the size
increases to the point around 90. Therefore, in our later
experiments, we assign the number of neighbors to be 90.

3MNOPQ'PR
NQOQ%SPQ'PR

646

Figure 1(a) shows the MAE results regarding different neighbor
sizes. As we can see, MAE results for rating-based CF reaches the
minimal value when # 40 and keeps it while the number of
neighbors increases. It happens in traditional user-based CF when
the item-user matrix 1 is sparse. Even thought the threshold of the
number of neighbor is designed to be high, the actual neighbors
can be found in the dataset is few due to the small overlap of
ratings. However, the personality-based similarity has not this
restraint. The similarity can be calculated only if the personality
characteristics vectors of two users are known. Therefore, the
MAE values for the other two algorithms can keep decreasing in
the tested range until the number of neighbors reaches 90 where
the improvement become gently.

Currently, most available test datasets only contain user rating
records (e.g., the MovieLens dataset1 and the EachMovie dataset2)
or contents of items (e.g., IMDB3). To the best of our knowledge,
none of the available datasets contains both users’ personality
information and their ratings. Therefore, we can only conduct our
experiment on a music data set that we have accumulated in our
previous study [13]. In that study, users were asked to answer a
personality questionnaire based on the Big Five Model and rate
the recommended songs. This dataset includes 1,581 songs (1956
– 2009) covering 14 genres in four musical preferences. We only
considered users who rated 20 or more songs. Therefore, the
reduced data set include 113 users and 646 songs that were rated
by at least one of the users. Each user has a 5-dimensional
personality descriptor along five traits as well. We compute the
sparsity level of the dataset as [26],


113

experiment in which we let # take the values from 5 to 110 in
increments of 5. Note that these results were obtained using the
value of parameter < 0.5 for the hybrid similarity measure. The
results are shown in Figure 1.

5.3 Dataset

2IKLAGGA

#users
#items
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(a) MAE
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(c) Specificity

Figure 1. The influence of the number of neighbors.
this section, we will compare the three different similarity
measures in different start-up settings with training sets of varying
degrees of sparsity. As our previous experiment setup, we
randomly choose one item for each one user as the test item, and
others are used as training data. Differently, we further randomly
select parts of the ratings from the original set with the percentage
of T to form our training sets of different degree of sparsity. We
increase T from 10% to 100% in increments of 10%, so that we
have 10 start-up settings for each T. When sampling, we keep all
new training sets have the same distribution in each rating scale
(from 1 to 5) as the original set, as did in [3]. We perform 20 runs
for each test item. The average results are shown in Figure 3.

The results in Figure 2 show that the hybrid similarity can achieve
the best recommendation quality on MAE, recall and specificity
when the value of < is around 0.5. However, as we can see, the
performance is not highly sensitive to the changes of < in this
setting, as long as< is less than 0.9. It might because we choose a
big size of neighbors for displaying best performance for each
method. However, the number of actual neighbors in rating-based
method cannot reach this value due to the sparsity of the dataset.
In this case, personality-based similarity will play a dominate role
no matter which value < is chosen to be except the value “1”. In
our later experiments, we assign the parameter < to 0.5 to
investigate the recommendation performance on different start-up
settings.

The result shows superior performance of the personality-based
similarity and the hybrid similarity measures over the traditional
rating-based one in the situation of sparse user-item matrix,
especially when the sizes of training sets are small. To specifically
show the improvements, we present the results under the settings
of T  50% and T  100%, considering RBS as the baseline.
When the training sets include 50% of all the ratings, there is an
improvement of 11% for both PBS and RPBS on MAE. The
increases of recall are 74% and 77% for PBS and RPBS
respectively, and the increases of specificity are 117% and 111%.
When training sets include 100% of the overall ratings (In this
setting, there are 20 training ratings on average for each user), we
get a 7% decrease on MAE for PBS and an 8% decrease for RPBS.
At the same time, there are improvements of 30% and 37% on
recall for PBS and RPBS respectively and 52% on specificity for
both PBS and RPBS.

5.4.3 Influence of Training Size
The main objective of our work is to evaluate the performance of
personality-based similarity in addressing new user problem. In
MAE

Recall

Specificity
0.7

1.1
1.08

0.6

1.06

MAE

1.02

0.4

1

0.3

0.98

0.2

Recall & Specificity

0.5

1.04

0.96
0.1

0.94
0.92

0
0

0.1

0.2

0.3

0.4

0.5
Į

0.6

0.7

0.8

0.9

1

Along with the results shown in the previous sections, the
performance of personality-based similarity is somewhat similar
to that of the hybrid method. It is because we choose a large size
of neighbors and our testing dataset is sparse.

Figure 2. The recommendation quality on different values
of parameter Į from 0.0 (personality-based) to 1.0
(rating-based).
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Figure 3. The comparison of recommendation quality in different start-up settings. X-axis represents of percentage of training set
sizes.
PBS has 7% improvement on MAE, 30% improvement on recall
and 52% improvement on specificity. With respect to RPBS, there
are at least 8% improvement on MAE, 37% on recall and 52% on
specificity. In addition, our results from different start-up settings
positively support that the personality-based similarity measure
can effectively address the new user problem adhere to the
traditional user-based CF recommender systems.

5.5 Limitations
Firstly, the experimental data set is relatively small. It only
contains 113 users, 646 songs and 2479 ratings. The statistical
results might be sensitive to the distribution of the used dataset.
More experiments using larger data sets are needed to verify the
findings of this work. Secondly, we didn’t evaluate the
performance of each similarity measure using a dataset whose
user-item matrix has a higher density. In that situation, users have
more co-rated items so that the rating-based similarity measure
could work more effectively. It is interesting and valuable to
compare these three similarity measures in such situations so as to
find out how personality-based similarity could work there.
Finally, we only used a music dataset in our current evaluation
experiment. It is still unclear how results would become if these
similarity measures are used in other domains. Music is a special
product domain, since the relationship between musical
preferences and human personalities has been revealed. It is still
an open issue whether the personality-based similarity measure
can perform as well in other domain as it does in music domain.
More works are needed to deal with these issues in the future.

However, since the dataset used in our current experiment is
relatively small, more evaluation studies in bigger datasets are
needed to verify our findings. Additionally, it is meaningful to
investigate the performance of the personality-based similarity
measure in a dense dataset where users have many co-rated items
and to explore the possibility of generalizing to other item
domains.
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