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Preface 

This volume contains the papers presented at the 4th Workshop on Emotions and Personality in Personalized 
Systems (EMPIRE), hold as part of the 10th ACM Conference on Recommender System (RecSys), in Boston, 
MA, USA.  

RecSys is the premier international forum for the presentation of new research results, systems and techniques 
in the broad field of recommender systems. Recommendation is a particular form of information filtering, that 
exploits past behaviors and user similarities to generate a list of information items that is personally tailored to an 
end-user’s preferences. 

The EMPIRE workshop focuses on the usage of psychologically-based constructs, such as emotions and 
personality, in delivering personalized content. The 9 (5 long, 4 short) technical papers included in the 
proceedings were selected through a rigorous reviewing process, where each paper was reviewed by three PC 
members.  

The EMPIRE chairs would like to thank the RecSys workshop chairs, Elizabeth Daly and Dietmar Jannach, 
for their guidance during the workshop organization. We also wish to thank all authors and all workshops 
participants for fruitful discussions, the members of the program committee and the external reviewers. All of 
them secured the workshop’s high quality standards. 
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Adapt to Emotional Reactions In Context-aware
Personalization

Yong Zheng
Department of Information Technology and Management

School of Applied Technology
Illinois Institute of Technology

Chicago, Illinois, USA
yzheng66@iit.edu

ABSTRACT
Context-aware recommender systems (CARS) have been devel-
oped to adapt to users’ preferences in different contextual situa-
tions. Users’ emotions have been demonstrated as one of effective
context information in recommender systems. However, there are
no work exploring the effect of emotional reactions (or expressions)
in the recommendation process. In this paper, we assume that users
may give similar ratings even if they present different emotional
reactions or expressions on the movies. We further model the traits
of emotional reactions and incorporate them into context-aware
matrix factorization as regularization terms. Our experimental
results based on the LDOS-CoMoDa movie data set validate our
assumptions and prove that it is useful to take emotional reactions
into consideration in context-aware recommendations.

Keywords
context, recommendation, emotion, emotional reactions

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Information filtering,
Retrieval models; H.1.2 [Models and Principles]: User/Machine
Systems - human information processing

1. INTRODUCTION AND BACKGROUND
Recommender systems (RS) are an effective way in alleviating
information overload by tailoring recommendations to users’ per-
sonal preferences. Context-aware recommender systems (CARS)
take contextual factors (such as time, location, companion, occa-
sion, etc) into account in modeling user profiles and in generating
recommendations. For example, users’ choice on movies may be
very different if the user is going to watch the movie with children
rather than with his or her partner.

Context, is usually defined as, "any information that can be
used to characterize the situation of an entity. An entity is
a person, place, or object that is considered relevant to the
interaction between a user and an application, including the user
and applications themselves [12]". In CARS, we view the dynamic

EMPIRE 2016, September 16, 2016, Boston, MA, USA.
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attributes as the observed contexts which may change when the user
performs the same activity repeatedly [38]. For example, the time
and location may change every time when a user tries to watch a
movie. The season or trip type may change when a user is going to
reserve a hotel. In addition to these factors, users’ emotional states
are one of these dynamic variables. And emotions may change
anytime in the process of user interactions with the items or the
applications. These emotional information have been demonstrated
as effective and influential context in previous research [45, 44].

Emotional reactions or expressions are highly correlated with
the traits of user personalities. Personality accounts for the most
important ways in which individuals differ in their enduring emo-
tional, interpersonal, experimental, attitudinal and motivational
styles [24]. In the domain of recommender systems, personality
can be viewed as a user profile, which may be context-independent
and domain-independent. Both emotional information [18, 11,
34, 45] and user personality [31, 19, 35] have been successfully
incorporated into recommender systems by existing research.

Our previous research [45] has successfully utilized emotional
variables as contexts in recommender systems to improve recom-
mendation performance. Unfortunately, as far as we know, there
are no research on exploring the effect of emotional reactions
or expressions. We believe that users’ emotional reactions or
expressions are also useful to model users’ preferences or rating
behaviors in real practice. For example, two different users may
give high ratings on a same tragedy drama movie. One of them
indicated his or her emotional state as "happy" when finishing the
movie, because this user thought it was a really good movie. By
contrast, another user may express his or her feeling as "sad" since
the user was impressed or moved by the tragedy movie. As a result,
the two users have same rating behaviors on the movie but with
different emotional reactions or expressions. One of the potential
reasons is that different user personalities may result in different
ways or habits for users to express their emotions.

Therefore, the users’ rating profiles associated with different (or
even opposed) emotional reactions therefore could be useful to
assist recommendations. In this paper, we propose to incorporate
emotional reactions (or expressions) as regularization terms in the
context-aware matrix factorization approach, and further explore
its effect on the performance of context-aware recommendations.

The following sections are organized as follows: Section 2
introduces related work, including the background of context-
aware recommendation, and the role of emotions and personality in
recommender systems. Section 3 gives the preliminary description
of essential information, such as the LDOS-CoMoDa movie data
which contains emotional variables, and the introduction about
the CAMF technique. Section 4 discusses our methodology
that incorporates the emotional reactions as regularization terms
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into the CAMF approach. Section 5 describes our experimental
results and discussions, followed by Section 6 which concludes our
findings and discusses our future work.

2. RELATED WORK
One of the goals in the recommender systems (RS) is to assist
users’ decision making by providing a list of recommendations.
Due to the fact that users’ choice usually varies from time to time
and from context to context, context-aware recommender systems
(CARS) [2, 1] are promoted and developed to adapt to users’
preferences in different contextual situations.

In rating-based RS applications, such as movie or book ratings,
the standard formulation of the recommendation problem begins
with a two dimensional matrix of ratings, organized by user and
item: Users × Items→ Ratings. The key insight of CARS is that
users’ preferences on items may be also a function of the context in
which those items are encountered. Incorporating contexts requires
that we estimate user preferences using a multidimensional rating
function, Users × Items × Contexts→ Ratings [1].

In the past decade, several context-aware recommendation algo-
rithms have been developed. By additionally incorporating context
information, these algorithms have been demonstrated to be useful
to improve recommendation performance in numerous domains,
such as e-commerce [28, 15], movies [33, 26, 10], music [3, 16],
restaurants [30, 27], travels [39, 8], educational learning [37],
mobile applications [4, 6], and so forth. The context variables
adopted in those applications are domain-specific ones. And the
most widely used context information are the time of the day, the
day of the week, and location information which can be easily
captured from ubiquitous environment, such as Web logs, mobile
devices, sensors.

It is well known that human decision making is subject to both
rational and emotional influences [14]. The field of affective
computing takes this fact as basic to the design of computing
systems [29]. The role of emotions in recommender systems
was recognized by the research community as early as 2005 [23],
giving rise to research in emotion-based movie recommender
systems [18] and the impact of emotions in group recommender
systems [23, 11]. This results in the highlight of research on
affective recommender systems [34] which have been proved to be
useful on recommendation performance in several domains, such
as music [22, 32, 9] and movies [7, 25, 18].

Emotional states, accordingly, are also viewed and used as
contexts in recommender systems. Shi et al. [33] mined the mood
similarity to assist context-aware movie recommendation. Odic,
et al. [26] identified the significant contributions by emotional
variables compared with other contextual factors in the LDOS-
CoMoDa movie rating data. Mood information can also be used
for television and video content recommendation [36]. Baltrunas,
et al. [3] adopted mood as context to assist context-aware music
recommendation. The role of emotions in context-aware recom-
mendation is summarized in [45, 44] which helps additionally
discover insights about why and where emotional states play an
important role in the recommendation process.

Emotional states are usually dynamic and may change from time
to time. Based on the introduction about the affective recommender
systems [34], the emotional information in three stages may be
useful: entry stage (i.e., before the activity), consumption stage
(i.e., during the activity) and exit stage (i.e. after the activity).
In this case, emotional reactions can be captured across these
three stages. As introduced previously, users may present different
emotional reactions, but actually they leave the same or similar
ratings on the items. In this paper, we make the first attempt

to explore the effect of emotional reactions in the context-aware
recommendations.

3. PRELIMINARY
To further discuss the topics in the context-aware recommendation,
it is necessary to introduce some terminologies:

Table 1: Sample of a Context-aware Movie Rating Data Set

User Movie Rating Time Location Companion
U1 T1 5 Weekday Home Kids
U1 T1 3 Weekend Cinema Family
U2 T2 3 Weekday Cinema Partner
U2 T3 4 Weekday Home Kids
U3 T4 2 Weekend Home Partner

Table 1 shows an example of context-aware movie data which
contains five rating profiles given by three users on four movies
in different contextual situations. In our discussions, we will use
the term contextual dimension to denote the contextual variable,
such as "Location", "Time" and "Companion". The term contextual
condition refers to a specific value in a contextual dimension,
e.g. "Home" and "Cinema" are two contextual conditions for the
dimension "Location". Context or contextual situation therefore
refers to a combination of contextual conditions, e.g., {Weekday,
Home, Kids}.

Next, we introduce the LDOS-CoMoDa movie data 1 which is
a data set with multiple contextual dimensions including several
emotional variables. We also introduce context-aware matrix
factorization which is a popular algorithm in CARS and we use
it as a base algorithm in this paper.

3.1 LDOS-CoMoDa Data Set
In the domain of context-aware recommendation, there are very
limited number of data sets available for public research, not to
mention the data that contains emotional variables. The LDOS-
CoMoDa data set [21] introduced below is one of the data sets that
was collected from user surveys, and can be used for this type of
research in this paper. The data has 2291 ratings (rating scale is
1 to 5) given by 121 users on 1232 items within 12 contextual
dimensions. The description of the contextual dimensions and
conditions can be described by Table 2.

Table 2: List of Context Information in the LDOS-CoMoDa Data

Dimension Contextual Conditions
Time Morning, Afternoon, Evening, Night
Daytype Working day, Weekend, Holiday
Season Spring, Summer, Autumn, Winter
Location Home, Public place, Friend’s house
Weather Sunny / clear, Rainy, Stormy, Snowy, Cloudy
Companion Alone, Partner, Friends, Colleagues, Parents, Public, Family
endEmo Sad, Happy, Scared, Surprised, Angry, Disgusted, Neutral
domEmo Sad, Happy, Scared, Surprised, Angry, Disgusted, Neutral
Mood Positive, Neutral, Negative
Physical Healthy, Ill
Decision Movie choices by themselves or users were given a movie
Interaction First interaction with a movie, Nth interaction with a movie

Among these 12 contextual dimensions, there are three ones
that can be considered emotional dimensions: endEmo, domEmo
and mood. "endEmo" is the emotional state experienced at the
end of the movie (i.e., emotion in the exit stage). "domEmo" is
1LDOS-CoMoDa data set, http://www.ldos.si/comoda.html
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the emotional state experienced the most during watching (i.e.,
emotion in the consumption stage). "mood" is the emotion of
the user during that part of the day when the user watched the
movie (i.e., emotion in the entry stage). "EndEmo" and "domEmo"
contain the same seven conditions: Sad, Happy, Scared, Surprised,
Angry, Disgusted, Neutral, while "mood" only has three simple
conditions: Positive, Neutral, Negative.

Context selection is usually performed before we apply any
context-aware recommendation algorithms. We’d like to retain
the most influential context dimensions, since irrelevant ones may
introduce noises in the data and further hamper the recommenda-
tion accuracy. Based on the statistical selection method introduced
in [26], we only use 7 out of the 12 contextual dimensions in our
experiments: time, daytype, location, companion and the three
emotional variables.

The three emotional variables (i.e., mood, domEmo and en-
dEmo) describe users’ affective states during the user interactions
with the movies in terms of three stages respectively: entry stage,
consumption stage and exit stage as introduced in [34]. In other
words, mood can be viewed as current context before the user
starts watching the movie. By contrast, domEmo and endEmo can
indicate future emotional states during the user’s interactions with
the activity of movie watching. These future status can also be
viewed as contexts too if we interpret them as user intents. For
example, a user is feeling sad now, and he or she wants to select
a movie to watch in order to be happy. In this example, "sad" is
the current user mood, and "happy" can be viewed as user’s future
emotional state, such as in the domEmo or endEmo.

3.2 Context-aware Matrix Factorization
One of the most popular context-aware recommendation algo-
rithms is the one built upon matrix factorization, namely, the
context-aware matrix factorization (CAMF) approach [5]. There
are different variants of CAMF, here we introduce the CAMF_CU
approach which incorporate a user-personalized contextual rating
bias into matrix factorization. More specifically, the rating predic-
tion function by CAMF_CU can be described by Equation 1.

r̂uic1c2...cN = µ+

N∑
j=1

Bu,cj + bi + pTu qi (1)

Assume there are totally N contextual dimensions. c1c2..cN is
used to denote a contextual situation, where c1 indicates the value
of contextual condition in the 1st context dimension. r̂uic1c2...cN
therefore represents the predicted rating for user u on item i in
the situation c1c2..cN . The prediction function is composed of
four components: the global mean rating µ, item rating bias bi,

the aggregated contextual rating bias
N∑

j=1

Bu,cj , and user-item

interaction represented by the dot product of a user vector and item
vector, pTu qi. pu is the user vector represented by a set of latent
factors, and qi is the item vector represented by the same set of
factors. pu can tell how much the user u likes those latent factors,
while qi indicates how the item i obtains these factors. Therefore,
the dot product function is used to estimate how much the user will
like this item.

The term Bu,cj is the estimated contextual rating bias for user u
in context condition cj . It is used to denote how user u’s rating is
deviated in each contextual condition.

err = ruic1c2...cN − r̂uic1c2...cN (2)

min
B∗,b∗,p∗,q∗

∑
r∈R

1

2
err2 +

λ

2
(

N∑
j=1

B2
u,cj

+ b2i + ||pu||2 + ||qi||2)


(3)

Afterwards, the algorithm is able to learn the corresponding
parameters by minimizing the squared errors in prediction. The
loss function as shown in Equation 3 is a composition of squared
error and regularization terms which are used to alleviate the
overfitting problems, where ruic1c2...cN is the real and known
rating given by user u on item i in context c1c2..cN , and λ is the
regularization rate used in the optimization process. By stochastic
gradient descent, we are able to learn the parameters iteratively and
finally achieve the best performing CAMF_CU model.

CAMF is an effective algorithm and it is able to alleviate the data
sparsity to some extent. We choose CAMF_CU because we are
going to explore the correlation between users and their emotional
reactions, which requires a user-specific context-dependent model.
The same thing can also happen to other algorithms which explore
intersections or the dependency between users and contexts, such
as the CSLIM_CU approach [40].

In the next section, we will introduce how to incorporate the
emotional reactions as regularization terms to CAMF_CU.

4. METHODOLOGY
In this section, we introduce our methodology of how to incorpo-
rate emotional reactions into context-aware recommender systems.

4.1 Problem Statement
Recall that we assume that the different emotional reactions or
expressions can be used to model users’ rating behaviors. For
example, assume two users gave a high rating on a same tragedy
drama movie. One of them indicated his or her emotional state
as "happy" when finishing the movie, because this user thought
it was a really good movie. But another user may express his
or her feeling as "sad" since it is a tragedy movie. The same
thing may also happen to the domEmo in addition to the endEmo.
The emotional reactions or expressions in this paper, refer to the
different values in the dimension domEmo and/or endEmo in the
LDOS-CoMoDa data.

Figure 1 presents the distribution of rating counts in each
emotional state. Note that "Unknown" indicates the missing value
in the LDOS-CoMoDa. We can observe that Neutral and Happy
are the most two common emotional expressions in both domEmo
and endEmo.
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Figure 1: Distribution of Rating Counts in Each Emotional State

3



����������������	
	��
	
�
�������� ���������
�����	
��� ���	
�����	
���
���� !!�"�#$%&' ���(�� ���)��*�++	,����-�./.� *�++	,������-/.�

0��� !!�"�#$%&'
)��)�� �1�������	
�������-�./.� ���	
���������-/.�

2���34'$#$56�"�#$%&' 7)� 7�����
�������-�./.� ���
���������-/.�
8���96&�#$56�"�#$%&'

Figure 2: Distribution of Unusual Emotional Reactions in the LDOS-CoMoDa Data

Furthermore, we’d like to learn the unusual case to see whether
users present different emotional reactions in this data. An unusual
case could be two situations: 1). a user leaves a negative rating, but
expresses positive emotional states in either domEmo or endEmo;
2). a user gives a positive rating while he finally indicates a negative
emotion in either domEmo or endEmo.

To explore these unusual cases, we need to define which ratings
and which emotions are positive or negative. In our experiments,
we simply view a rating as a positive one if the rating is no less
than 4; otherwise, the rating is negative. In terms of the emotional
states, we only consider "Happy" and "Surprised" as positive ones,
while other emotional states are negative.

A simple statistics about unusual cases in this data can be
depicted by Figure 2. First of all, 66.5% of the ratings are positive
ones as shown in subfigure a). Based on the subfigure b), we
can observe that 36.9% of all the rating records are unusual cases
(i.e., the two situations mentioned above) based on the domEmo
variable, while it is 33.4% in the endEmo variable. This may tell
that domEmo could be more effective and useful than endEmo in
modeling users’ emotional reactions.

The subfigure c) and d) further describe the two unusual situa-
tions among the positive and negative ratings respectively. In the
piece of profiles with positive ratings, 43.4% of them are associated
with negative emotions in domEmo – many more than the cases in
endEmo. It is not surprising, since the theme or the genre of the
movie will affect user’s dominating emotions during the process of
movie watching. For example, users may feel horrible or scared
when watching a horrible movie, but finally leave a positive rating
since it is a good movie. On the other hand, in terms of the records
with negative ratings, there are no significant differences for the
unusual cases between domEmo (24%) and endEmo (25%) based
on the observations subfigure d). Recall that, there are many more
positive ratings than the negative ones in this data. Therefore, it
seems that users may express more unusual emotional reactions in
domEmo rather than in endEmo. We suspect that the emotional
reactions in domEmo may leave more influential impact on our
proposed recommendation models.

The underlying assumption in our proposed approach is that
user’s emotional reactions or expressions on the future emotional
states (e.g., domEmo and/or endEmo) can be used to improve rec-
ommendations, since they may indicate similar user tastes even if
the emotional reactions are different or even opposed. The research

problem can be summarized as how to incorporate these emotional
reactions into existing recommendation algorithms. More specif-
ically, we want to explore the approach to incorporate them into
the CAMF approach. There are three questions we are particularly
interested in:

• How to fuse this emotional reactions into CAMF?

• Does it work by providing improvements?

• Which emotional reaction is more effective? The reactions
based on domEmo or endEmo?

4.2 Regularization by Emotional Reactions
First of all, how the user reacts on the movies in terms of emotional
status is dependent with what type of movies the user is watching.
In this case, we additionally use movie genre information in the
LDOS-CoMoDa data and aggregated users’ ratings for each movie
type. A sample of the aggregated data can be shown in Table 3.

Table 3: An Example of Aggregated Rating Matrix

User Genre Rating Time domEmo endEmo
U1 Action 5 Weekday Sad Happy
U1 Drama 3 Weekend Sad Sad
U2 Cartoon 3 Weekday Happy Angry
U2 Drama 3 Weekday Angry Happy
U3 Action 2 Weekend Sad Sad

In Table 3, we replace the column of item by movie genre
to construct a new rating matrix. We will use the same 7
contextual dimensions introduced previously. Note that in the
LDOS-CoMoDa data we do not know what the movie genre is,
since the genre was encoded as numbers in this data.

Afterwards, we can fuse an emotional dimension (either endEmo
or domEmo) into the user dimension to create a two-dimensional
rating matrix. Let’s take the domEmo for example, the converted
rating matrix can be described by Table 4.

Specifically, we fuse the values in domEmo into the user column
to create new users. The new user is represented by a combination
of original user ID and value in the domEmo, and we name those
new users as emotional users. Meanwhile, we eliminate the other
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Table 4: Converted Two-Dimensional Rating Matrix

User, domEmo Genre Rating
U1, Sad Action 5
U1, Sad Drama 3

U2, Happy Cartoon 3
U2, Angry Drama 3

U3, Sad Action 2

contextual dimensions from the rating matrix. In this case, we can
build a matrix factorization model based on this converted two-
dimensional rating matrix. And then we are able to calculate the
similarity between emotional users based on the cosine similarity
of each two vectors which represent emotional users. For example,
we can measure how similar the "U1, Sad" to "U2, Angry" based
on their co-ratings on the movies with the same genre information.

Theoretically, we can use the item information (e.g., item
ID) instead of the movie genre in the rating matrix, but it will
increase data sparsity. We use movie genre information only for
two reasons: On one hand, using movie genre is based on our
assumptions that users’ different emotional reactions depend on
the movie genre and user’s emotional reactions, for example, user
may express as happy or sad on a tragedy movie. On the other
hand, it is able to alleviate the rating sparsity in the converted two-
dimensional rating matrix so that we can obtain more reliable user
similarities. We have tried to use item ID, but emotional users
have very few co-ratings on the items, which results in worse
recommendation performance compared with that when we use
genre information only. Note that we use domEmo as an example
in Table 4, while we can also have the same process based on the
variable endEmo.

In short, the emotional users should be similar if they have
similar ratings on the movies with same genre information, even
if the original users have different emotional reactions on domEmo
or endEmo. For example, the ratings given by "U1, Sad" and "U2,
Angry" are all 3-star on the drama movies shown in the Table 4.
Therefore, U1 with dominating emotion as "Sad" may share similar
user tastes with U2 with dominating emotion as "Angry" to some
extent.

Accordingly, we are able to create a regularization term based
on the similarity of contextual users. The new loss function can be
shown as Equation 4, where β is the regularization rate for the new
regularization terms.

min
B∗,b∗,p∗,q∗

∑
r∈R


1
2
err2 + λ

2
(
N∑
j=1

B2
u,cj

+ b2i + ||pu||2 + ||qi||
2)

+
β
2

∑
v,cm+∈K

Sim((v, cm+), (u, cm)) × reg_emo

 (4)

reg_emo = (Bu,cm − Bv,cm+
)
2 (5)

We will use the same function shown in Equation 1. In addition,
we incorporate a new regularization term in Equation 4 compared
with the loss function described by Equation 3.

More specifically, we use m to denote the index of an emotional
variable (i.e., either domEmo or endEmo). Take domEmo for
example, m indicates the position of domEmo in the list of
contextual dimensions, thus cm is used to express user’s emotional
state in domEmo. According, "u, cm" is the emotional user
(introduced as Table 4), and we use K to denote the top-K nearest
neighbor of emotional user "u, cm" based on the user similarity
calculated based on the matrix factorization model built upon the
converted two-dimensional rating matrix. Namely, "v, cm+" is one
of the identified top-K nearest neighbors. We use cm+ to denote

the emotional state in domEmo, since it is not necessary to be the
same value as cm. But they should be the contextual condition in
the same dimension (i.e., the mth dimension).

As mentioned previously, more similar two emotion users are,
their ratings on the items (with same genre) should be similar.
In our CAMF_CU model, it can be derived that user’s contextual
rating deviations in this emotional variable (i.e., themth contextual
variable) should be similar. Namely, Bu,cm and Bv,cm+ should be
very close. We add the squared difference of these two deviations
(e.g., Equation 5) as the regularization term in Equation 4.

Additionally, how close the two contextual rating deviations are
should be dependent with the similarity of two emotional users.
In this case, the regularization term is weighted by the similarity
between two emotional users. We name this term as "emotional
regularization term" in this paper.

Recall that our assumption is that the emotional users should
be similar because two difference users have similar ratings even
if their emotional reactions are different. It can also tell that the
two users actually share something in common, so we assume
there should also be a similarity between two users to some
extent. Therefore, we are able to additionally incorporate a
"user regularization term" to build a finer-grained recommendation
model, where the loss function can be shown in Equation 6. Again,
the user regularization is also weighted by the similarity between
two emotional users.

min
B∗,b∗,p∗,q∗

∑
r∈R


1
2
err2 + λ

2
(
N∑
j=1

B2
u,cj

+ b2i + ||pu||2 + ||qi||
2)

+
β
2

∑
v,cm+∈K

Sim((v, cm+), (u, cm)) × (reg_user + reg_emo)


(6)

reg_user = ||pu − pv||
2 (7)

Based on those two different loss functions, we are able to build
two new CAMF approaches by incorporating the emotional reac-
tions as the regularization terms. We can learn the corresponding
parameters based on the gradient decent accordingly. Note that the
performance of the models may also depend on the number of K-
nearest neighbors used in the algorithm. In our experiments, we set
different values to explore the best options in these parameters.

5. EXPERIMENTS
In this section, we introduce our evaluation settings and experimen-
tal results, as well as our findings.

5.1 Evaluation Protocols
We employ a 5-folds cross-validation on the LDOS-CoMoDa data
set. Namely, we split the rating profiles into 5 folds and perform
5 rounds evaluations. For each round, one of the fold will be used
as testing set, and the other 4 folds of data will be used as training
data. We build our recommendation models based on the training
set and evaluate the results according to the ground truth inferred
from the testing set.

We use CAMF_CU approach as baseline, and compete its
recommendation performance with the CAMF_CU models with
different regularization terms. We use the CAMF_CU approach
implemented in the open-source toolkit, CARSKit [41], to perform
the evaluations.

More specifically, we evaluate the recommendation performance
based on the rating prediction and top-10 recommendation tasks.
In the rating prediction task, we use mean absolute error (MAE)
as evaluation metric. We also further examine the statistical
difference of MAE among different algorithms based on paired t-
test at a 95% confidence level. In the top-10 recommendation, We
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Figure 3: Experimental Results on the Rating Prediction and Top-10 Recommendation Tasks

adopt precision as the relevance metric and Normalized Discounted
Cumulative Gain (NDCG) [20] as the ranking metric. More
specifically, precision is calculated as the ratio of relevant items
selected to the number of items recommended (i.e., 10 in our
experiment). NDCG is a measure from information retrieval, where
positions are discounted logarithmically.

5.2 Experimental Results
First of all, we present our results based on the rating prediction
task in Figure 3(a). We use CAMF_CU to denote the original
approach without emotional or user regularization terms. Our
approaches introduced in this paper are built upon CAMF_CU
approach and they can be generated based on either domEmo or
endEmo. We evaluate the performances by them individually.
We use "domEmo_B" to represent the model using domEmo for
emotional regularization, i.e., cm denotes the emotional state in
domEmo in Equations 4. By contrast, "domEmo_B, u" is used to
denote the finer-grained model described in Equation 6 which con-
tains both emotional and user regularization terms. Accordingly,
"endEmo_B" and "endEmo_B, u" are the two recommendation
models by using endEmo to generate the regularization terms.

Based on the results shown in Figure 3(a), our proposed ap-
proaches only using the emotional regularization term can help
obtain lower MAE. All of these improvements are statistically
significant based on the paired t-test. When we try to use both
emotional and user regularization terms, it is able to further
improve prediction accuracies. However, the improvement by
endEmo_B,u fails the paired t-test compared with the endEmo_B
approach. The best performing model in the rating prediction task
is domEmo_B,u, where we apply emotional and user regularization
terms at the same time, and these regularization terms are generated
based on the emotional reactions by domEmo.

We show the top-10 recommendation results based on precision
and NDCG in Figure 3(b). The bars present results based on
precision at top-10 recommendation, the curve tells the results
in NDCG. We can observe similar patterns shown in the rating
prediction task: first, we see that the CAMF_CU models with our
regularization terms are able to outperform the original CAMF_CU
approach in both precision and NDCG. This finding confirms that
incorporating emotional regularization terms inferred from users’
emotional reactions is helpful to improve performance of context-
aware recommendation.

Furthermore, we can observe the finer-grained model with addi-
tional user regularization term contributes to obtain more improve-
ments. For example, domEmo_B,u works better than domEmo_B
(19.6% improvement on precision, and 18.2% on NDCG), and

endEmo_B, u outperforms endEmo_B (30.1% improvement on
precision, and 18.5% on NDCG).

As mentioned before, the number of selected neighbors in
our models may impact the recommendation performance. We
present the impact by the number of neighbors in the finer-grained
CAMF_CU approaches with two regularization terms, as shown
by the Figure 4. Simply, we vary the number of neighbors from 10
to 80 with an increment of 10 on each step. The best number of
neighbors should be around 40 to 50 in this data set. It is essential
to examine different number of neighbors to find out the optimal
selection for each recommendation model.

Finally, the experimental results help us identify that the domEmo
is more useful and effective to be adopted than using endEmo. This
finding is consistent with our previous analysis on the unusual cases
shown in Figure 2. It makes sense since the emotional status during
the process of movie watching may be very different than their
emotions at the end. For example, a user may feel horrible if he
or she is watching an adventure movie, but finally he or she might
feel happy since it is a good movie.

5.3 Discussions
Why emotional reactions or expressions can be reused to improve
the recommendation performance? As we mentioned before, one
of the potential reasons is that the different emotional reactions
are caused by the traits in different user personalities – users may
express their emotional states or reactions in different ways. It
has been well studied that the emotional expression has strong
correlations with user personality, especially in the areas of psy-
chology and social science. For example, the correlation between
emotional expression and personality can be used to assist health
care [13]. Harker, et al. [17] found that individual differences in
positive emotional express were linked to personality stability and
development across adulthood. However, there are no applications
of using personality inferred from emotional reactions or expres-
sions to further serve real-world applications, such as recommender
systems. In this paper, we make our attempts to explore the impacts
of emotional reactions or expressions in the recommender systems,
especially in the context-aware personalization.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we believe that users may place similar ratings even
if they may have different emotional reactions or expressions. We
propose to incorporate the corresponding regularization terms in
the CAMF_CU approach to assist context-aware recommendation.
Our findings based on the experimental results over the LDOS-
CoMoDa movie data demonstrate that modeling user’s emotional
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Figure 4: Impact by the Number of Neighbors

reactions is helpful to improve recommendation performance. The
results also reveal that domEmo is better than endEmo to generate
the regularization terms in this data set. And the finer-grained
model by additionally incorporating user regularization is able to
offer further improvements.

One of our future work is to incorporate these regularization
terms based on different emotional reactions to more context-aware
recommendation models. It is interesting to examine the similar
approach in the similarity-based context-aware recommendation
algorithms [43, 42] so that we can learn the similarities of not only
the emotional users but also the emotion themsevles. We will also
try to explore the effect of emotional reactions in other applications
(such as music) rather than the movie domain.
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ABSTRACT 
Recommender systems provide suggestions for products, services, 
or information that match users’ interests and/or needs. However, 
not all recommendations persuade users to select or use the 
recommended item. The Elaboration Likelihood Model (ELM) 
suggests that individuals with low motivation or ability to process 
the information provided with a recommended item could 
eventually get persuaded to select/use the item if appropriate 
peripheral cues enrich the recommendation. The purpose of this 
research is to investigate the persuasive effect of certain influence 
strategies and the role of personality in the acceptance of 
recommendations. In the present study, a movie Recommender 
System was developed in order to empirically investigate the 
aforementioned questions applying certain persuasive strategies in 
the form of textual messages alongside the recommended item. 
The statistical method of Fuzzy-Set Qualitative Comparative 
Analysis (fsQCA) was used for data analysis and the results 
revealed that motivating messages do change users’ acceptance of 
the recommender item but not unconditionally since user’s 
personality differentiates the effect of the persuasive strategies.   

Keywords 
Persuasion, Persuasive Technologies, Personalization, 
Recommender Systems, Personality, Elaboration Likelihood 
Model. 

 

1. PERSUASIVE MESSAGE PROCESSING  
Persuasive Technologies utilize several techniques in order to 
shape, reinforce or/and change humans’ attitudes and behaviours 
without coercion or deception (Fogg, 2002). On the other hand, 
Recommender Systems represent a class of personalization 
technologies that aim to tailor products/information/services 
according to their users’ interests, preferences and needs. Thus, 
personalized recommendations can significantly strengthen the 
effect of persuasive interventions due to the inherent influence of 
personalized communication. Berkovsky et. al. (2012) suggest 
that most of the extant research examine personalization and 
persuasive technologies in isolation although “both personalized 
and persuasive technologies aim to influence user interactions or 
the users themselves”, acknowledging “…the huge untapped 
potential of personalization to maximize the impact of persuasive 
applications” (Berkovsky et. al., 2012). 

In information-theoretical terms, persuasion is modeled by the 
Elaboration Likelihood Model (Petty and Cacioppo, 1986), which 
suggests that individuals with low motivation or ability may not 
elaborate the information provided (e.g. through a 
recommendation) and therefore users’ neutral or negative 
behavioural response in recommendations (expressed in the form 
of low rating or non-selection of the recommended item) may not 
depict their actual intention towards the recommended item. In 
such cases, the utilization of additional peripheral cues 
(motivating elements) may increase the persuasive effect of 
recommendations by engaging users to further elaborate the 
provided information (Fogg, 2009) in order to investigate the 
potential to adopt the recommendation. In Recommender systems, 
explanations are typically used to provide users additional 
information that will support them in their decision making 
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process and can be eventually utilized as the means to pass users 
persuasive messages (Tintarev and Masthoff, 2011). 

Along the above lines, the first objective of this research is to 
investigate the persuasive effect of the influence strategies 
proposed by Cialdini (1993), namely Reciprocation, Consistency, 
Social Proof, Liking, Authority, Scarcity, which are implemented 
as persuasive messages in the form of recommendations 
explanations in a movie recommender system developed for the 
purposes of this study.   

Moreover, previous studies (e.g. Kaptein and Eckles, 2012) 
suggest that persuasive messages do not always achieve their goal 
to persuade users. Indeed, if users receive “wrong” messages (i.e. 
irrelevant or annoying) then negative behavioural responses may 
be generated. In this context, previous studies (e.g. Halko and 
Kientz, 2010) have demonstrated the significance of the 
individual’s personality in the (negative or positive) behavioural 
responses to persuasive messages. Following the above 
argumentation, the second objective of this study is to examine 
the role of personality in the acceptance of the recommendations 
and identify possible differentiations in the users’ response on the 
persuasive strategies that may attributed on their personality type.  

In this study, we focus on peripheral cues such as short persuasive 
messages, developed upon Cialdini’s (2001) six influence 
strategies, presented to user as recommendation explanations. We 
consider such messages as peripheral cues because they neither 
affect the quality of argumentation (i.e. how close to the users 
interests the recommended items are) nor change the 
recommended item but when users lack of motivation or ability, 
these peripheral variables influence users by triggering internal 
heuristic processing rules (Tam and Ho, 2005), which eventually 
would lead to persuasion 

The rest of the paper is organized in five sections. In Section 2 the 
hypothesis development. Our experiment is presented in Section 
3, while in Section 4 the experimental results are discussed. 
Discussion of the study’s findings and a discussion of areas for 
further research conclude the paper. 

2. HYPOTHESIS DEVELOPMENT  
2.1 Influence strategies as messages in 
recommendation explanations  
The mainstream of research in Recommender Systems has 
traditionally focused on designing and developing accurate 
recommendation algorithms (e.g. Xiao and Benbasat, 2007). More 
specifically, extant research indicates that the factor that mostly 
determines the success of a Recommender System is the provision 
of recommendations that are more close to consumer’s 
preferences. According to the ELM perspective, the accuracy of 
recommendation algorithms determines the quality of 
argumentation. In other words, if the recommended item is close 
to the user preferences, this will eventually lead to persuasion 
through the central route, i.e. through in-depth processing of the 
recommendation. ELM suggests that the alternative (peripheral) 
path may also lead to persuasion if appropriate cues are provided. 
Such peripheral cues may be implemented as motivating messages 
in the form of recommendation explanation (Herlocker, 2000). 

A recommendation explanation can be considered as any type of 
additional information accompanying a system’s output, having as 
ultimate goal to persuade users to try or purchase the item that is 
recommended (Tintarev and Masthoff, 2011). Tintarev and 
Masthoff (2012) indicate that explanations have an important role 

in Recommender Systems since an explanation is a mean through 
which a consumer perceives the value of the recommended item 
so as to decide whether is close to his/her interests or not. 
Explanations can operate like motivators and are being used by 
several systems such as MovieLens (Herlocker et al., 2000) and 
Social software items (Guy et al., 2009). However, there is no 
clear indication in extant literature about what would be the 
content of explanations (i.e. the message passed to users) that can 
actually lead to persuasion. For example, a description of how the 
recommendation has emerged (i.e. transparency of 
recommendations)  has been shown to be  associated with an 
increase of trust in recommendations (Herlocker et al., 2000)  
while still there is no enough empirical evidence that 
demonstrates what type of messages could lead to persuasion 
(Halko and Kientz, 2010).  

A number of persuasive (or influence) strategies have been 
proposed in the literature and can be eventually be utilized in the 
design of persuasive messages. For example, Fogg (2002) 
describes 42 persuasion strategies and Cialdini (2001) 6 influence 
strategies (also known as Six Weapons of Influence) In this study, 
we rely upon Cialdini’s influence strategies since they have been 
broadly used and verified there are evidences that if influence 
strategies are implemented in a system then they increase its 
persuasive effect (e.g.  Fogg, 2002). According to Cialdini (2001). 
Cialdini’s (2001) influence strategies are the following:  

 Reciprocity: humans have the tendency to return favors,  

 Commitment or consistency: people’s tendency to be 
consistent with their first opinion,  

 Social proof: people tend to do what others do,  

 Scarcity: people are inclined to consider more valuable 
whatever is scarce,  

 Liking: people are influenced more by persons they like and  

 Authority: people have a sense of duty or obligation to 
people who are in positions of authority. 

Cialdini (1993) suggested that when a compliance professional 
(e.g. salesperson) uses the above six influence strategies 
(Reciprocity, Commitment, Social proof, Scarcity, Liking and 
Authority) in his/her strategy then (s)he managed to influence 
more successfully the customer to consume a 
product/service/information. In the same vein, Kaptein et al. 
(2012) suggests that applying the influence strategies on text 
messages people get persuaded to reduce snacking consumption. 
We adopted Cialdini’s influence strategies because they have 
already been tested and validated in other domains such as in e-
commerce (Kaptein, 2011), use of credit cards (Shu and Cheng, 
2012). They also provide a solid framework in order to investigate 
the persuasive power of messages as peripheral cues in 
recommender systems. The above leads to following hypothesis 
of our study: 

H1: Influence strategies (applied as peripheral cues through 
messages in recommendations explanations) will have a positive 
persuasive effect on individuals’ disposition towards the 
recommended item. 

The examination of the above hypothesis will allow us to 
demonstrate (if validated) that when the preference matching level 
of the recommended item is low (i.e. when the recommended item 
is not close to the user’s preferences and interests), then 
enhancing the recommendation by applying influence strategies in 
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the form of short explanatory messages,   the user will be 
persuaded to use the recommended item, thus changing his/her 
original negative behavior towards the recommended item to 
positive intention to use item.  

Influence strategies rely upon different psychological principles 
that may lead to persuasion and therefore it is expected that they 
will present different degrees of persuasive effect on the recipients 
of the respective persuasive messages. Thus, the second 
hypothesis of our research is: 

 H2: Influence strategies lead to different degrees of persuasive 
effect on individuals’ disposition towards the recommended item. 

2.2 Personality 
Kaptein and Eckles (2012) in their study demonstrated that 
influence strategies do not always lead to persuasion. They 
indicate that in case a consumer receives a message with ‘wrong’ 
principle then this can bring undesired effects. The above suggests 
that there are also other factors that should be taken into 
consideration when a persuasive message is used, one of which is 
individual’s personality. A human’s personality is defined as ‘a 
dynamic organisation, inside the person, of psychophysical 
systems that create the persons’ characteristic patterns of 
behaviour, thoughts and feelings’ (Allport, 1961, p. 11).   

Given that, one of the major aims of a Recommender System is to 
help consumers in decision making processes, the fact that 
personality influences how people make their decisions (Nunes et 
al., 2012), consumer’s personality should be taken into 
consideration when a persuasive message is provided with a 
recommendation. Indeed, previous studies suggest a relationship 
between human’s preferences and tastes with their personality in 
different domains such as movies (e.g. Chausson, 2010), music 
and paintings (Rawlings et al., 2000).  

There is a variety of personality taxonomies one of which is Big 5 
Dimensions of Personality (John et al., 2008). The personality 
traits suggested by the Big Five taxonomy are: Extraversion, 
Agreeableness, Conscientiousness, Neuroticism and Openness. 
According to psychological research (Jang et al., 2012) the facets 
for each personality trait are: 

 Extraversion: Gregariousness, Assertiveness, Activity, 
Excitement-Seeking, Positive Emotions, Warmth. 

 Agreeableness: Trust, Straightforwardness, Altruism, 
Compliance, Modesty, Tender-Mindedness. 

 Conscientiousness: Competence, Order, Dutifulness, 
Achievement Striving, Self-Discipline, Deliberation. 

 Neuroticism: Anxiety, Angry Hostility, Depression, Self-
Consciousness, Impulsiveness, Vulnerability. 

 Openness: Ideas, Fantasy, Aesthetics, Actions, Feelings, 
Values.  

The first study that examined message-person congruence effects 
with a comprehensive model of personality traits is that of Hirsh 
et al. (2012). Since then message-person congruence effects have 
been examined in relation to a variety of psychological 
characteristics (Dijkstra, 2008). Hirsh et al. (2012) demonstrated 
that persuasive messages are more effective when they are 
custom-tailored to their interests and concerns. Moreover, 
Tintarev et al. (2013) demonstrated that people who are 
characterized from Open to Experience (one of the Big 5 
personality traits) tend to prefer diverse recommendations.  

Additionally, Halko and Kientz (2010) combined persuasive 
strategies with user’s personality using Big Five Dimensions of 
Personality and the results of their study revealed relationships 
between individuals’ personalities and persuasive technologies 
which means that not all people are affected from the same 
persuasive means. Finally, Smith et al. (2016) examined the 
impact of patients personality on Cialdini’s influence strategies in 
the form of reminders. The research indicated that  patient’s with 
high emotional stability seem to be more responsive to all 
strategies of persuasion, while patients with low agreeableness 
rated all Cialdini’s strategies higher than those with high. Finally, 
the research demonstrated that the reminders of “Authority” and 
“Liking” are the most popular. 

3. EXPERIMENTAL DESIGN AND 
PROCEDURE 

3.1  Design of Persuasive Explanation 
For the execution of the experiment we had first to design the 
persuasive explanations that would accompany each 
recommended movie. For this task we followed the methodology 
proposed by Kaptein et al. (2012). More specifically, a group of 
three researchers familiar with Persuasive Technology, created 
thirty (30) textual explanations, i.e. five (5) for each Cialdini’s 
influence strategies. The content of each explanation was 
developed in order to comply with the main purpose of each 
principle in the movie domain. For instance, for the influence 
strategy of Social Proof, the five possible persuasive explanations 
that were constructed are: (1) The 85% of this research’s users 
rated the recommended movie with four (4) or five (5) stars. (2) 
The recommended movie is on ‘to watch’ list of 85% of this 
research’s users. (3) Most of the users with the same age and sex 
as yours, rated the recommended movie with 4 stars! (4) The 
recommended movie’s video trailer on youtube has more than 
550,000 views. (5) The recommended movie’s video trailer on 
youtube has more than 1600 likes and only 200 dislikes.  

Seventeen (17) experts in the field of Information Systems and 
Marketing were invited in order to evaluate each explanation in 
terms of its compliance with the respective influence strategy. 
First, a brief presentation of the strategies was given to the 
evaluators so as to be more familiar with the influence strategies 
and then they were asked to evaluate the set of persuasive 
explanations. Each evaluator declared the compliance of each 
explanation to the respected influence strategy through a 1 to 5 
rating scale (from “Completely Disagree” to “Completely 
Agree”). The persuasive explanation with the highest average was 
considered as the best-matching explanation for this particular 
influence strategy.  

The six (6) best-matching persuasive explanations (one for each 
strategy), were chosen for the experiment are the following: 

Reciprocity: A Facebook friend, who saw the movie that you 
suggested him/her in past, recommends you this movie. 

Scarcity: The recommended movie will be available to view from 
15/1/2014 to 31/1/2014 on cinemas. 

Authority: The recommended movie won 3 Oscars! 

Social Proof: The 87% of users in this survey rated the 
recommended movie with 4 or 5 stars! 

Liking: Your Facebook friends like this movie. 
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Commitment: This movie belongs in the kind of movies you enjoy 
to watch.  

3.2 Experiment design and execution 
A within subjects experimental design was followed in this 
research. One of our main concerns in the execution of the 
experiment was to manage participants’ burden by avoiding 
extensive exposure to treatments and questionnaires (only the 
psychographic questionnaire consisted of 44 items) while 
preserving the validity of the experiment.  One option to deal with 
problem was to expose different groups to different cues (i.e. 
follow a between subjects design). However, this would 
significantly reduce the sample size within each group and also 
taking into account the anticipated low number different 
personality types represented in each of the groups it would have 
limited our ability to produce valid statistical results. Thus, we 
selected the within subjects design. 

At the first step of the experiment, a set of 20 movies where 
presented to participants (with no explanations besides the typical 
information provided by iMDB, such short description of the 
story, lead actors etc.), where they were asked to state (by 
checking the appropriate option) whether they have watched each 
movie and then provide their ratings (in 1-5 scale). Users were 
explicitly instructed to provide their intention to watch a movie 
(for all unwatched movies) in the form of a rating. For the movies 
they had already watched they provided their actual evaluation. 
Recommendations were drawn from the set of unwatched movies.  

The set of 20 movies was randomly selected from a pool of 60 
movies from different genres and presented to the participants 
along with the typical information for each movie (movie’s genre, 
its plot, and the starring actors). The first criterion for the 
inclusion of a movie in the pool of 60 movies was its genre 
(action, drama, romance, etc.). In the pool of 60 movies there 
were at least three movies from each genre, although most of the 
movies belong to more than one genre. The second criterion was 
the popularity of the movie, With the term popular movie is meant 
a movie with high average rating (above 8.0) from a large amount 
of users (above 1000 users).. Since popular movies are more 
likely to collect higher ratings while unpopular ones may not be 
known to the experimental participants (and therefore attract 
lower ratings), we included in the sample both popular and 
unpopular movies according to their iMDB ratings. Although that 
the number of 20 movies was large enough to ensure that at least 
some of them wouldn’t have been watched by the participant, the 
system was designed to select from the pool of 60 movies and 
present to participants alternative movies in the extreme case that 
all 20 movies have been actually watched by the user. 

At the second (recommendation) step of the experiment (see 
Figure 1), the (unwatched) movie for which the participant has 
expressed the lowest intention to watch (note that if more than one 
movie was rated with the lowest score, then the recommended 
movie was selected randomly from the above set of low-rated 
movies) was presented to the user exactly as the original 
presentation but enhanced with persuasive explanations. Selecting 
to present users with the lowest rated movie, is in alignment with 
our theoretical ELM foundations, which suggest that when the 
preference matching of the user with respect to the recommended 
item is low then the peripheral route will be followed. Moreover, 
this choice enable us to track more easily any changes in the 
user’s intention to watch the movie since in computational terms it 
is much easier to identify changes in intentions from the lower to 
the higher levels of the 1-5 scale. It must be noted that the rating 
expresses the users’ intention to watch (or not) the recommended 

movie is considered in our study as a measure of persuasion (i.e. 
acceptance of the recommendation), which is operationalized by 
computing the difference between the original and the final 
ratings. However, the exact meaning of the “acceptance the 
recommendation” depends on the business objectives of a site. For 
example, in some cases (as in e-commerce) the desired behaviour 
may be to request more information, or to purchase the product 
and so on.  

 

Figure 1. Second Step of the experiment. 

As mentioned above, the recommended movie was enriched with 
persuasive explanations, based on Cialdini’s Principles (i.e. the 
explanations designed in the first part of the experiment) and the 
participant was asked to assess the recommended movie in order 
to examine whether (and which) strategies influenced users in 
order to change their intention to watch the recommended movie. 
More specifically, the recommended movie was presented  with 
the same set of information as the first step (title, actors, etc.) 
while participants were asked to declare their intention to watch 
the recommended movie, taking into consideration one of the 6 
persuasive explanations each time, which were presented as a list 
below the recommended movie. The order of the persuasive 
explanations was appeared in a random way to each user but there 
were the same texts for all of them. For that reason the 
expressions that were used in the persuasive explanations were in 
a generic form, e.g. the wording ‘the recommended movie’ was 
used instead of the actual title of the recommended movie and so 
on.  

The absolute difference between the original and the final rating 
was used to measure the persuasive effect. As the “final” rating 
with respect to the first hypothesis (examining if there are 
differences before and after the application of the persuasion 
strategies) we used the highest rating that users provided 
(independently of the strategy that corresponds to that rating). For 
the evaluation of the second hypotheses (examining if there are 
differences among strategies with respect to their persuasive 
effect), the rating given by the users’ as evaluation of each 
strategy was considered as the “final” rating.  

At the third and last step of the experiment participants were 
asked to complete the psychographic questionnaire that was used 
to classify users into the Big 5 personality traits. The Big Five 
Inventory- 44 (BFI) was used, constitutes from 44 questions (John 
et al., 2008), and is already used in other studies (Bouchard and 
McGue, 2003;  Shiota et al., 2006). 

3.3 Sample 
The experiment participants were invited through posts in 
University’s Facebook groups (e.g. undergraduate, postgraduate 
and PhD students) and authors’ personal mailing lists to 
participate in this research. The invitation message was asking 
recipients to participate in a research in which they would be 
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asked to rate recommendations provided by an online application 
as well as to fill in a psychographic questionnaire. The link to 
access the system was provided and a clear suggestion concerning 
the anonymity of their participation was included in the message. 
The invitation did not specify that the research involved movies 
evaluation. The participants’ average scores for the items 
measuring the personality types in the 44-item psychographic 
questionnaire are (the standard deviation is included in the 
parentheses) Extraversion: 3.34 (0.49), Agreeableness: 3.47 
(0.42), Conscientiousness: 3.34 (0.42), Neuroticism: 3.30 (0.48), 
Openness: 3.24 (0.46). The above descriptives showcase that the 
sample does not exhibit certain personality types more (or less) 
than others.  

In total 117 users participated in our research. 61 (52%) 
participants of our sample were males while the rest 56 (48%) 
were females. Additionally, the 46% of the sample was aged 
between 18 and 24 years old, the 52% was between 25 and 34 
years old and the 2% at the age of 35-44 years old. 

3.4 Analysis Methodology 
This research employs the prescriptions of the fuzzy-set 
qualitative comparative analysis methodology (fsQCA) to explore 
which personality traits explain the effectiveness of each 
persuasion strategy. Opposed to variance-based statistical 
methods (e.g. structural equation modelling or partial-least 
squares based regression models) in which the independent 
variables ‘compete’ with each other to explain one or more 
dependent variables, fsQCA treats the hypothesized causal factors 
as conditions that may be related to the phenomenon under 
investigation either by themselves or in combination with one 
another (Rihoux and Ragin,, 2009; Rihoux et al., 2011). Hence, 
fsQCA does not compute a single, optimal, solution that attributes 
weights to the independent variables; instead, the methodology 
proposes multiple alternative solutions, which require the 
presence or absence of each hypothesized causal factor. This is a 
fundamental difference from variance-based statistical methods 
and calls for operationalization of the variables in the dataset. 

In effect, fsQCA employs fuzzy set theory and Boolean algebra to 
evaluate whether the cases in the dataset belong or not in a certain 
conceptual state. For example, in this research cases may be 
evaluated in order to assess whether an individual is extravert, 
open, agreeable, conscious, or neurotic. Likewise, the impact of 
each persuasion strategy on individuals’ attitude change may also 
be operationalized to capture the degree to which the strategy 
actually manifested a behavior change. Such operationalizations 
are captured through fuzzy set membership scores ranging from 0 
(non-membership to the set) to 1 (full membership to the set). In-
between scores indicate the distance of each case from the 
outbound scores. The researcher may transform the cases’ original 
values to fuzzy-set membership scores by using specialized 
fsQCA software. This process is coined with the term 
‘calibration’. In this research we used fsQCA 2.0 developed by 
the University of Arizona. The software was also employed 
throughout the remaining methodology stages.  

Fuzzy-set QCA identifies conditions or combinations of 
conditions that are necessary or sufficient to explain an outcome. 
In this research, a combination of conditions reflects the 
personality profile of an individual. Such profile would include 
specific membership values to each personality trait following the 
calibration procedure. As such, a value close to 1 in a particular 
personality trait implies that the individual exhibits this trait. In 
contrast, membership values close to zero imply that the 
individual does not exhibit the said personality trait.  Necessity of 

a condition implies that an outcome may not derive without the 
presence of the condition; nevertheless, the condition alone is not 
able to produce the outcome. Sufficiency of a condition implies 
that the condition alone is capable of producing the outcome. In 
practice, if a solution includes the presence of only one condition 
(i.e., a solution requires the presence or absence of only one 
personality trait),, then this condition is sufficient to produce the 
outcome. To estimate the sufficiency and/ or necessity of 
hypothesized conditions, fsQCA follows a Boolean minimization 
process based on truth table analysis. The outcome of this process 
includes the generic combinations of conditions that are sufficient 
for the outcome whilst remaining logically true. These are 
encapsulated in three solutions that differ based on their 
complexity, named as complex, intermediate, and parsimonious. 
Of interest is the parsimonious solution, which reduces the causal 
recipes to the smallest number of conditions possible. 

This research explores how individuals’ personality traits, in the 
form of five alternative dimensions, fit with different persuasive 
strategies. Nevertheless, an individual may not be exclusively 
categorized under a unique personality trait. Instead, individuals 
may exhibit elements of multiple traits, which collectively form 
their personality. Moreover, these personality traits are not fixed 
within all individuals; a particular persuasive strategy may be 
perceived as equally appropriate to individuals that exhibit 
completely dissimilar values on their fundamental personality 
qualities. As a result, we cannot assume that there is a single, 
universal, personality profile that explains the impact of a given 
persuasion strategy, which would call for the application of 
traditional statistical analysis methods based on regression 
models, but we need to examine how the different combination of 
the personality traits interweave in order to explain the suitability 
of a given persuasion strategy. The modus operandi of fsQCA 
covers this requirement, thus warrants us to adopt it as our guiding 
analysis methodology.  

4. RESULTS 
The first step of our analysis is involved investigating effect of 
each influence strategy on individuals’ attitude towards watching 
a movie that they, initially, were unmotivated to watch. We 
performed two different comparisons to examine the persuasive 
effect of the influence strategies. In the first test, we measured the 
difference between the maximum of the ratings that each user 
provided for the six influence strategies and the original rating. 
The t-test results suggested that on average there are significant 
differences (p< .001) between the original rating and most 
persuasive (for each user) strategy (original and final ratings 
average scores: 1.49 and 3.05 respectively with standard deviation 
0.50 and 1.23). In the second statistical test, we performed a t-test 
analysis that compares their initial beliefs and the ones formulated 
after the application of the strategy. The results suggest that all 
influence strategies were successful in increasing the likelihood of 
individuals to watch the movie (Table 1) nevertheless, this 
increase is marginal in absolute figures.. 

 

Table 1: T-test results. All comparisons are significant at 
p<.001 

Influence 
Strategy 

Mean (SD) T-statistic (Original rating 
– intention after influence 

strategy is applied) 

Original Rating 1.49(0.50) n.a 

Reciprocity 1.84(0.89) -4.707 (p<.001) 
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Scarcity 1.73(0.97) -2.953 (p<.001) 

Authority 2.57(1.16) -10.941 (p<.001) 

Social Proof 2.67(1.17) -12.349 (p<.001) 

Liking 2.07(1.04) -6.698 (p<.001) 

 

Moreover, a one-way ANOVA test between the attitude changes 
of individuals for each influence strategy (see Table 2). The 
results of this analysis indicate that there are statistical differences 
among the six strategies at the p<.05 level (F= 14.941, p= .000). 
To probe for differences between the strategies we performed a 
Games-Howell Post Hoc Test. Based on these results we accept 
H1. 

Table 2: ANOVA results (Sign. < 0.05) 

Persua
sive 

Strateg
y 

Recipro
city 

Autho
rity 

Scarc
ity 

Soci
al 

Pro
of 

Liki
ng 

Consist
ency 

Sign. .001 .001 .006 .001 .003 .007 

 

H2 was evaluated through the application of fsQCA methodology. 
We used the five personality traits as possible conditions that 
influence the acceptance of each influence strategy. As a first step, 
the prescriptions of fsQCA require for calibration of the cases into 
membership sets. Calibration was performed using the 
corresponding function provided by fsQCA 2.0 software. The 
function demands as input three threshold points; a full-
membership value, a non-membership value and a cutoff point.  
Because the dataset consists of subjective cases, we used cluster 
analysis following the k-means algorithm (k=3) to calculate the 
three membership sets. More specifically, high values are 
correlated with the full-membership set, medium values are 
correlated with the crossover point set and finally low values are 
correlates with the non-membership set.  

For the independent variables (personality traits) no cluster 
analysis was conducted due to the fact that the differences among 
the personality traits’ scores were imperceptibly small. Thus, for 
this case we calculated the independent variables (personality 
traits) through frequencies with cut points for 4 equal groups, in 
SPSS. The percentiles that emerged correspond to the full-
membership set for the high values, the crossover point set for 
medium values and finally the non-membership set for low 
values. 

The results of fsQCA indicate 3-7 alternative solutions per 
influence strategy comprising of alternative combinations of the 
personality traits that lead to high acceptance of each influence 
strategy. Black circles indicate the required presence of a 
personality trait in a solution. White circles indicate the required 
absence of a personality trait from the solution. Blank cells 
indicate that in that particular solution, the presence or absence of 
that personality trait is indifferent. Each solution is accompanied 
by two additional measurements of fitness, which express the 
‘predictive power’ of each solution, namely the consistency and 
coverage indexes. Consistency presents how consistent is the 
empirical evidence with the outcome which is investigated while 
coverage estimates the proportion of cases that address the 
outcome which is under investigation.  

Table 3 illustrates the results of fsQCA for the Reciprocity 
influence strategy. The methodology, identified four solutions 
leading to high influence of an individual by the application of the 
respective strategy. The results indicate that the absence of even 
one personality trait is sufficient to individuals in order to be 
influenced by the Reciprocity strategy 

 

Table 3: fsQCA results for the paths leading to high 
acceptance of Reciprocity. 

 Solutions leading to high acceptance of 
Reciprocity influence strategy 

Personality Traits 1 2 3 4 

Extraversion     
Agreeableness     

Conscientiousness     
Openness     

Neuroticism     
 

Consistency 0.672 0.636 0.644 0.70 
Coverage 0.578 0.624 0.572 0.639 

Overall solution 
consistency 

0.611 

Overall solution 
coverage 

0.970 

 

The methodology identified 6 alternative paths leading to high 
acceptance of the Scarcity influence strategy. The majority of 
paths require two personality traits to be present in an individual’s 
personality in order to be influenced by Scarcity strategy (Table 
4). For example, individuals that are both agreeable and 
conscious, but do not exhibit traits of neuroticism are likely to be 
influenced by the scarcity influence strategy (solution 6). 

Table 4:  fsQCA results for the paths leading to high 
acceptance of Scarcity. 

 

 

Solutions leading to high acceptance of 
Scarcity influence strategy 

Personality 
Traits 

1 2 3 4 5 6 

Extraversion       

Agreeableness       

Conscientiousness       

Openness       

Neuroticism       

 

Consistency 0.797 0.7 0.7 0.87 0.7 0.873 

Coverage 0.295 0.416 0.358 0.193 0.376 0.206 

Overall solution 
consistency

0.685 

Overall solution 
coverage

0.747 
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The remaining Tables present the different paths, consisting of 
combinations of personality traits, which lead to high acceptance 
of the remaining four influence strategies. These tables may be 
interpreted as an atypical personality profile of individuals (one 
per produced fsQCA solution) in order to be influenced by each 
strategy (Table 5 – Table 8). Similar to the previous solutions, 
each table should be interpreted as a combination of mandatory 
personality traits (indicated with black circles) coupled with the 
mandatory absence of one or more personality traits (indicated 
with white circles). Hence, each solution represents a unique 
combination of the personality traits that should exist in order to 
explain the acceptance of a persuasive strategy. 

Table 5:  fsQCA results for the paths leading to high 
acceptance of Authority. 

 Solutions leading to high acceptance of 
Authority influence strategy 

Personality 
Traits 

1 2 3 4 5 6

Extraversion       

Agreeableness       

Conscientiousness       

Openness       

Neuroticism       

 

Consistency 0.598 0.604 0.62 0.674 0.677 0.636 

Coverage 0.294 0.303 0.357 0.182 0.252 0.25 

Overall solution 
consistency 

0.566 

Overall solution 
coverage 

0.752 

 

Table 6:  fsQCA results for the paths leading to high 
acceptance of Social Proof. 

 Solutions leading to high acceptance of 
Social Proof influence strategy 

Personality 
Traits 

1 2 3 4 5 6 7 

Extraversion        

Agreeableness        

Conscientiousness        

Openness        

Neuroticism        

 

Consistency 0.698 0.645 0.619 0.604 0.581 0.698 0.637 

Coverage 0.31 0.25 0.303 0.317 0.250 0.31 0.190 

Overall solution 
consistency 

0. 713 

Overall solution 
coverage 

0. 577 

 

Table 7:  fsQCA results for the paths leading to high 
acceptance of Liking. 

 Solutions leading to high acceptance of 
Liking influence strategy 

Personality Traits 1 2 3 

Extraversion    

Agreeableness    

Conscientiousness    

Openness    

Neuroticism    

 

Consistency 0.47 0.48 0.64 

Coverage 0.41 0.31 0.192 

Overall solution 
consistency 

0. 456 

Overall solution 
coverage

0.643 

 

Table 8:  fsQCA results for the paths leading to high 
acceptance of Consistency. 

 Solutions leading to high acceptance of 
Liking influence strategy 

Personality Traits 1 2 3 

Extraversion    

Agreeableness    

Conscientiousness    

Openness    

Neuroticism    

 

Consistency 0.47 0.48 0.64 

Coverage 0.41 0.31 0.192 

Overall solution 
consistency 

0. 456 

Overall solution 
coverage

0.643 

5. DISCUSSION 
This research emphasizes on two elements of persuasive/ 
recommender systems. First, we empirically validate that the 
application of an influence strategy may indeed positively shift 
the attitude of an individual towards a specific recommended 
item. Nevertheless, not all influence strategies have the same 
persuasive effect. We attribute this deviation to the personality 
traits of the recommender system users. Hence, the second 
contribution of this study reflects on the development of 
personality profiles per influence strategy. Each profile, measured 
as a combination of personality traits that need to be present or 
absent from the personality mix, reflects the set of traits that fit 
most with each influence strategy (i.e., individuals sharing the 
same profile would indeed be persuaded following the application 
of the respective strategy). It must be noted that an important issue 
in utilizing recommendation explanations is that persuasive 
messages may be perceived as promotional ones and therefore 
impact users’ trust in the recommender systems. For this reason 
we used a control variable measuring (in an 1-5 scale) users’ trust 
in the system, which has shown that no such effect occurred (i.e. 
no significant differences were found between the trust levels 
before and after the presentation of the persuasive messages, 
which was on average 2.96 for the users with low intention to 
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watch the movie and 3.27 for the users with high intention to 
watch a movie).  

In effect, most studies in the field of recommender systems have 
primarily focused on the algorithmic perspective through the 
proposition of algorithms that provide recommendations tailored 
to users’ interests and preferences. In contrast, this study provides 
insights indicating that the provision of properly selected (i.e. 
taking into account users’ personality) motivating messages have 
a persuasive effect on users intention to “use” the recommended 
item, e.g. to watch a movie.  

According to the Elaboration Likelihood Model (ELM), when an 
individual has low motivation (or ability) to process a 
recommendation then she will not proceed through the central 
route of persuasion, i.e. he will not thoroughly assess the quality 
of argumentation in order to get persuaded. Instead, if appropriate 
peripheral cues are implemented (such as persuasive strategies 
applied in the form of messages, as suggested in our study) then 
she will eventually be influenced (i.e. motivated) to elaborate the 
recommendation following the peripheral route to persuasion. 
Such peripheral cues act as extra motivating triggers that 
influence a user by “diverting attention, reallocating cognitive 
resources, and evoking affective responses and behaviours” (Tam 
and Ho, 2005).  

Current recommendation applications typically disregard items 
with low degrees of fitness with the users’ current interests. The 
confirmation of the first hypothesis of this study indicate that even 
for such items, there is strong possibility that they may be 
favoured by the users if they are presented with the appropriate 
motivating peripheral cue. Moreover, not all people are influenced 
from the same persuasive messages. This study provides empirical 
evidence that there is a relationship between personality and 
Persuasive Strategies. People with specific combination of 
personality traits are affected more from particular persuasive 
messages.  

The results of the experiment that was conducted surfaced that 
motivating messages are not uniformly applied to all recipients of 
recommendations.  Users’ personality traits are an important 
factor that differentiates the effect of influence strategies applied 
as persuasive explanations.  More specifically, a person who is 
characterized by high extraversion seems to be influenced by all 
Six Persuasive Strategies. This is reasonable if we take into 
consideration that they enjoy interacting with the environment 
whilst such people have the tendency to seek for stimulation 
(Zhao and Siebert, 2006). Moreover, people with high 
extraversion have the tendency to be curious, novel, sociable, 
active, energetic (Costa and McCrae, 1992; Goldberg, 1992), and 
positive (Watson and Clark, 1997). Along this line, the fact that 
this type of people favour networking with others (Watson and 
Clark, 1997) make them more prudent to be influences by 
“Liking” strategies. 

Individuals with high agreeableness are eager to help other people 
(Costa and McCrae, 1992) while they have the tendency to be 
kind, generous, fair and unconditional (Goldberg, 1992), so 
people with high agreeableness tend to be motivated from the 
“Reciprocity” influence strategy. The fact that people with low 
agreeableness tend to be suspicious (Digman, 1990). 

People with high conscientiousness are dutiful (Major et al., 
2006). Ιn other words, they are careful to fulfil obligations, and 
thus when someone helps them they feel obligated so they become 
more motivated when a persuasive explanation implementing 

“Reciprocity” is presented to them. Despite our expectations, 
humans with low conscientiousness changed their intention to 
watch the movie influenced by the “Consistency” strategy rather 
than humans with high conscientiousness. This may be attributed 
to the fact that individuals with high conscientiousness avoid to 
take risks because that might make them feel uncertain or cause 
unexpected delays to their work (James and Mazerolle, 2002; Raja 
and Johns, 2004).  

On the other hand, people with high openness tend to be 
characterized by creativity, sophistication, and curiosity (Barrick 
and Mount, 1991). This might explain why in most cases, the trait 
of openness is absent from the solutions indicated by fsQCA. 
Finally, individuals with low neuroticism lack confidence. This 
may explain why the application of the “Social Proof” strategy on 
neurotics in most of cases depicts low neuroticism and Liking, 
because they tend to be influenced by people who they like or 
what the majority says. Additionally, neurotics are characterized 
by anxiety and typically they do not trust others (Raja and Johns, 
2004), so they tend to be consistent with their original thoughts in 
order to deal with their insecurity and therefore it is expected to 
get persuaded by the “Consistency” strategy.  

The findings of the study must be interpreted taking into account 
its limitations. The sampling frame (students) and the relatively 
low sample size restrict the possibility of having an actual 
representation of the population in the sample in terms of 
personality types. By extending the experiment, in future research, 
to a larger sample of users we would also have the opportunity to 
avoid possible self-selection bias as well as to follow a between 
subjects design, showing not only more movies to each user but 
most importantly avoiding the learning effect associated with the 
presentation of all six strategies to all experiment participants. It 
must be noted that we tried to control the learning effect bias by 
showing to users recommendations with persuasive explanations 
in a random way, i.e. the mix of recommendations representing 
different persuasive strategies was presented in varying order to 
each of the participants. It is clear that this study provides insights 
concerning the movie recommendation domain in which it was 
applied. The generalization of our findings would be enabled only 
if this research is extended to other application domains. In our 
future research plans, besides the extension of our research to 
other domains (e.g. e-commerce) we aim to investigate additional 
factors that may influence persuasive communication, as for 
example the need for cognition, which is a personality variable 
and reflects people’s intrinsic motivation to engage in and enjoy 
thinking (Cacioppo and Petty, 1982, p. 116).  
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ABSTRACT
In the last decade, new ways of shopping online have increased the
possibility of buying products and services more easily and faster
than ever. In this new context, personality is a key determinant
in the decision making of the consumer when shopping. A per-
son’s buying choices are influenced by psychological factors like
impulsiveness; indeed some consumers may be more susceptible
to making impulse purchases than others. Since affective meta-
data are more closely related to the user’s experience than generic
parameters, accurate predictions reveal important aspects of user’s
attitudes, social life, including attitude of others and social identity.
This work proposes a highly innovative research that uses a person-
ality perspective to determine the unique associations among the
consumer’s buying tendency and advert recommendations. In fact,
the lack of a publicly available benchmark for computational adver-
tising do not allow both the exploration of this intriguing research
direction and the evaluation of recent algorithms. We present the
ADS Dataset, a publicly available benchmark consisting of 300 real
advertisements (i.e., Rich Media Ads, Image Ads, Text Ads) rated
by 120 unacquainted individuals, enriched with Big-Five users’
personality factors and 1,200 personal users’ pictures.

CCS Concepts
•Information systems→ Computational advertising; Collabo-
rative search; Test collections;

Keywords
Recommender Systems, Computational Advertising, Ads Click Pre-
diction, Ads Rating Prediction, Personality Traits, Data Mining

1. INTRODUCTION
Nowadays, online shopping plays an increasingly significant role

in our daily lives [10]. Most consumers shop online with the ma-
jority of these shoppers preferring to shop online for reasons like
saving time and avoiding crowds. Marketing campaigns can create
awareness that drive consumers all the way through the process to
actually making a purchase online [16]. Accordingly, a challenging
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problem is to provide the user with a list of recommended adver-
tisements they might prefer, or predict how much they might prefer
the content of each advert.

Past studies on recommender systems take into account informa-
tion like user preferences (e.g., user’s past behavior, ratings, etc.),
or demographic information (e.g., gender, age, etc.), or item char-
acteristics (e.g., price, category, etc.). For example, collaborative
filtering approaches first build a model from a user’s past behav-
ior (e.g., items previously purchased and/or ratings given to those
items), then use that model to predict items (or ratings for items)
that the user may have an interest in by considering the opinions
of other like-minded users. Other information (e.g., contexts, tags
and social information) have also taken into account in the design
of recommender systems [5, 18, 20].

The impact of personality factors on advertisements has been
studied at the level of social sciences and microeconomics [2, 9,
35]. Recently, personality-based recommender systems are increas-
ingly attracting the attention of researchers and industry practition-
ers [6, 15, 33]. Personality is the latent construct that accounts for
“individuals characteristic patterns of thought, emotion, and be-
havior together with the psychological mechanisms - hidden or not
- behind those patterns" [12]. Hence, personality is a critical factor
which influences people’s behavior and interests. Attitudes, per-
ceptions and motivations are not directly apparent from clicks on
advertisements or online purchases, but they are an important part
of the success or failure of online marketing strategies. A person’s
buying choices are further influenced by psychological factors like
impulsiveness (e.g., leads to impulse buying behaviors), openness
(e.g., which reflects the degree of intellectual curiosity, creativity
and a preference for novelty and variety a person has), neuroticism
(i.e., sensitive/nervous vs. secure/confident), or extraversion (i.e.,
outgoing/energetic vs. solitary/reserved) which affect their motiva-
tions and attitudes [35].

To the best of our knowledge, the impact of personality factors
on advertisements has been largely neglected at the level of ad-
vert recommendation. There is a high potential that incorporat-
ing users’ characteristics into recommender systems could enhance
recommendation quality and user experience. For example, given a
user’s preference for some items, it is possible to compute the prob-
ability that they are of the same personality type as other users, and,
in turn, the probability that they will like new items [24].

Moreover, personality has shown to play an important role also
in other aspects of recommender systems, such as implicit feed-
back, contextual information [21], affective content labeling [34].
With the development of novel techniques for the unobtrusive ac-
quisition of personality (e.g. from social media [7, 28, 29]) this
study is meant to contribute to this emerging domain proposing
a new corpus which includes questionnaires of the Big-Five (BFI-
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10) personality model [25], as well as, users’ liked/disliked pictures
that convey much information about the users’ attitudes [7].

The ADS Dataset is a highly innovative collection of 300 real ad-
vertisements rated by 120 participants and enriched with the users’
five broad personality dimensions, which have been shown to cap-
ture most individual differences [4]. The user study is conducted by
recruiting a set of test subjects, and asking them to perform several
tasks. The subjects included in the corpus were recruited through
a public platform purely dedicated to recruiting participants. The
process was stopped once the first 120 individuals answered pos-
itively. The experimental protocol adopted for the data collection
has been designed to capture users’ preferences in a controlled us-
age scenario (see Section 2.1 for further details).

In this work we carry out prediction experiments performing two
different tasks: ad rating prediction or ad click prediction, with
the goal in mind to analyze the effect of using personality data
for recommending ads. Therefore, we propose Logistic Regres-
sion (LR) [8], Support Vector Regression with radial basis function
(SVR-rbf) [3], and L2-regularized L2-loss Support Vector Regres-
sion (L2-SVR) [8] as baseline systems for recommendation. We
then review a large set of properties, and explain how to evaluate
systems given relevant properties. We also survey a large set of
evaluation metrics in the context of the property that they evaluate,
and provide a library within one integrated toolbox.

Summarizing, the contribution of this work is two-fold:
Dataset: we collect and introduce a representative benchmark

for computational advertising enriched with affective-like metadata
such as personality factors. The benchmark allows to (i) explore
the relationship between consumer characteristics, attitude toward
online shopping and advert recommendation, (ii) identify the un-
derlying dimensions of consumer shopping motivations and atti-
tudes toward online in-store conversions, and (iii) have a refer-
ence benchmark for comparison of state-of-the-art advertisement
recommender systems (ARSs). To the best of our knowledge, the
ADS dataset is the first attempt at providing a set of advertisements
scored by the users according to their interest into the content.

Code library: we present two broad classes of prediction ac-
curacy measures, depending on the task the recommender system
is performing: “ad rating prediction” or “ad click prediction”, and
provide a code library, integrating the evaluation metrics with uni-
form input and output formats to facilitate large scale performance
evaluation. The code library and the annotated dataset are available
on the project page1.

The rest of the paper is organized as follows: in Section 2 we
present and describe the ADS Dataset. We perform a corpus anal-
ysis investigating on the linkages between buying habits, recom-
mendations, and personality. In Section 3, we survey a large set of
evaluation metrics in the context of the property that ARSs evalu-
ate. In Section 4 we conduct experiments for each scenario taken
into account in this work, investigating on the strengths and weak-
ness of using personality data as features for recommendation. Fi-
nally, in Section 5 conclusions are given, and future perspectives
are envisaged.

2. CORPUS ANALYSIS
The corpus includes 300 advertisements voted by unacquainted

individuals (120 subjects in total. Note, the data collection pro-
cess is still running). Adverts equally cover three display formats:
Rich Media Ads, Image Ads, Text Ads (i.e., 100 ads for each for-

1http://giorgioroffo.it/?ADSdataset

A B C

Figure 1: The figure shows three different examples for each
display format. (A) Shows Text Ads that received 26.5% of the
total amount of clicks. (B) Image Ads (32.7% of clicks), and (C)
Rich Media Ads (40.8% of clicks).

Class Labels Category Name % Clicks
1 Clothing & Shoes 6.2%
2 Automotive 3.3%
3 Baby 3.3%
4 Health & Beauty 6.0%
5 Media 6.6%
6 Consumer Electronics 9.2%
7 Console & Video Games 8.5%
8 Tools & Hardware 3.0%
9 Outdoor Living 5.6%

10 Grocery 7.3%
11 Home 4.7%
12 Betting 1.6%
13 Jewelery & Watches 5.9%
14 Musical instruments 3.6%
15 Stationery & Office Supplies 5.4%
16 Pet Supplies 3.1%
17 Computer Software 5.6%
18 Sports 5.0 %
19 Toys & Games 5.1%
20 Social Dating Sites 1.0%

Table 1: ADS Dataset provides a set of 15 real adverts cate-
gorized in terms of 20 product/service categories. The most
clicked categories are highlighted in green and the less clicked
in red.

mat). Participants rated (from 1-star to 5-stars) each recommended
advertisement according to if they would or would not click on it
(some examples are shown in the Fig.1). We labeled adverts as
“clicked” (rating greater or equal to four), otherwise “not clicked”
(rating less than four). The distribution of the ratings across the
adverts that were scored by the users turns out to be unbalanced
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Group Type Description References

Users’ Preferences Websites, Movies, Music, TV
Programmes, Books, Hobbies

Categories of: websites users most often visit (WB), watched
films (MV), listened music (MS), watched T.V. Programmes
(TV), books users like to read (BK), favourite past times, kinds
of sport, travel destinations.

[14, 18, 20]

Demographic Basic information
Age, nationality, gender, home town, CAP/zip-code, type of
job, weekly working hours, monetary well-being of the partici-
pant

[20]

Social Signals Personality Traits BFI-10: Openness to experience, Conscientiousness, Extraver-
sion, Agreeableness, and Neuroticism (OCEAN) [4, 25]

Images/Aesthetics Visual features from a gallery of 1.200 positive / negative pic-
tures and related meta-tags [7]

Users’ Ratings Clicks 300 ads annotated with Click / No Click by 120 subjects [14, 23, 37]

Feedback From 1-star (Negative) to 5-stars (Positive) users’ feedback on
300 ads [14, 23, 37]

Table 2: The table reports the type of raw data provided by the ADS Dataset. Data of the first and last group can be considered as
historical information about the users in an offline user study.

(4,841 clicked vs 31,159 unclicked).
Advert content is categorized in terms of 20 main product/service

categories. For each one of the categories 15 real adverts are pro-
vided. Table 1 reports the full list of the categories used with the
associated class annotations and the percentage of clicks received.
At the category level, the distribution of the ratings results to be
balanced (1,229 clicked vs 1,171 unclicked), where a category is
considered to be clicked whenever it contains at least one clicked
advert.

Inspired from recent findings which investigate the effects of per-
sonality traits on online impulse buying [2, 9, 35], and many other
approaches based upon behavioral economics, lifestyle analysis,
and merchandising effects [2, 19], the proposed dataset supports a
trait theory approach to study the effect of personality on user’s mo-
tivations and attitudes toward online in-store conversions. The trait
approach was selected because it encourages the use of scientifi-
cally sound scale construction methods for developing reliable and
valid measures of individual differences. As a result, the corpus in-
cludes the Big Five Inventory-10 to measure personality traits [25],
the five factors have been defined as openness to experience, con-
scientiousness, extraversion, agreeableness, and neuroticism, often
listed under the acronyms OCEAN.

Recent soft-biometric approaches have shown the ability to un-
obtrusive acquire these traits from social media [28, 29], or infer the
personality types of users from visual cues extracted from their fa-
vorite pictures [7] from a social signal processing perspective [36].
While not necessarily corresponding to the actual traits of an indi-
vidual, attributed traits are still important because they are predic-
tive of important aspects of social life, including attitude of others
and social identity.

As a result, the proposed benchmark includes 1,200 spontaneously
uploaded images that hold a lot of meaning for the participants and
their related annotations: positive/negative (see Table 2 for further
details). The images are personal (i.e., family, friends etc.) or just
images participants really like/dislike. The motivations for label-
ing a picture as favorite are multiple and include social and affec-
tive aspects like, e.g., positive memories related to the content and
bonds with the people that have posted the picture. Moreover, they
are provided with a set of TAGS describing the content of each of
them.

Finally, many other users’ preference information are provided.
Table 2 lists the raw data provided with the dataset, such as users’

past behavior selected from a pre-defined list (e.g., watches movies,
listen songs, read books, travel destinations, etc.), demographic
information (like age, nationality, gender, etc.). Note, all data is
anonymized (i.e., name, surname, private email, etc.), ensuring the
privacy of all participants.

For further analyses related to the adverts’ quality, this bench-
mark also provides the entire set of 300 rated advertisements (500
x 500 pixels) in PNG format.

2.1 Participant Recruitment
The subjects involved in the data collection, performed all the

steps of the following protocol:

- Step 1: All participants have filled in a form providing, anony-
mously, several information about their preferences (e.g., demo-
graphic information, personal preferences).

- Step 2: All participants have filled the Big Five Inventory-10 to
measure personality traits [25].

- Step 3: The participants voted each advert according with if
they would or not click on the recommended ad. Ads have been
displayed in the same order to all the participants.

- Step 4: The participants submitted some images that they like
(Positives) and some others that disgust or repulse them (Nega-
tives). Once they have uploaded their images, they also added some
TAGS that describe the content of each image.

2.2 The Subjects
This corpus involves 120 English native speakers between 18

and 68. The median of the participants age is 28 (µ=31.7, σ=12.1).
Most of the participants have a university education. In terms of
gender, 77 are females and 43 males. The percentage distribution
of household income within the sample is: 23% less or equal to
11K USD per year, 48% from 11K to 50K USD, 21% from 50K
to 85K USD, and 8% more than 85K USD. The median income is
between 11K and 50K USD.

In analyzing this complex data, one can observe that users’ pref-
erences are not independent of each other, they are likely to be
co-expressed. Hence, it is of great significance to study groups of
preferences rather than to perform a single analysis. This fact is
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Figure 2: Spider-Diagrams for O-C-E-A-N Big-Five traits. The percentage of Males (M) and Female (F) belonging to each cluster is
reported. We indicate in bold each instance where a statistacal significant effect (i.e., Pearson correlation at the 5% level) was found
between ranks and personality factors.

also true for personality factors, analyzing subsets of data yields
crucial information about patterns inside the data. Thus, clustering
users’ preferences can provide insights into personality of individ-
uals which share the same preferences. We performed a statistical
analysis of personality and users’ preferences, linking the 5 person-
ality factors and the most favorite users’ product categories (i.e.,
most clicked) by means of the affinity propagation (AP) clustering
algorithm [11].

AP is an algorithm that takes as input measures of similarity be-
tween pairs of data points and simultaneously considers all data
points as potential exemplars. We calculated a similarity input ma-
trix between each individual ui considering as feature vectors vi a
binary sequence of click/no-click (i.e., vi is 1×300). AP exchanges
real-valued messages between data points until a high-quality set of
exemplars and corresponding clusters gradually emerges. Hence,
the number of clusters is automatically detected, and when applied
on ADS data, AP grouped the data into 8 different clusters.

Figure 2 illustrates 8 spider-diagrams, one for each cluster. Each
diagram shows the average of the big-five factors regarding the sub-
jects within the group (reported in figure as O-C-E-A-N).

Then, we ranked the most clicked categories according with sam-
ples within the group in order to compare these two variables by
means of correlation obtaining interesting clues.

For instance, let us consider the cluster number 6 where 88.9%
of the members are females, and 11.1% males and the average of
the group members age is 28. The first 5 most clicked categories
are Baby, followed by Consumer Electronics, Stationery & Office
Supplies, Home, and Jewelery & Watches. This group is character-
ized by high neuroticism (see the diagram in Figure 2.(Cluster 6)),
those who score high in neuroticism are often emotionally reactive
and vulnerable to stress, high neuroticism causes a reactive and ex-
citable personality, often very dynamic individuals. This group also
share the highest levels of extroversion, high extraversion is often
perceived as attention-seeking, and domineering.

Cluster 5 shows a subset of individuals which scores low for all
the types (see the plot in Figure 2.(Cluster 5)). For instance, those
with low openness seek to gain fulfillment through perseverance,
and are characterized as pragmatic sometimes even perceived to
be dogmatic. Some disagreement remains about how to interpret
and contextualize the openness factor. The first 5 most clicked
categories are Clothing & Shoes, Health & Beauty, Jewelery &
Watches, Outdoor Living, and then Consumer Electronics. In this
case the average of the group members age is 68, and the cluster
contains 100% females.

Cluster Id Avg. Age r.1 r.2 r.3 r.4 r.5
1 32 6 15 13 19 4
2 31 6 5 7 10 17
3 22 1 7 10 4 6
4 57 6 9 10 2 1
5 68 1 4 13 9 6
6 28 3 6 15 11 13
7 20 7 6 10 11 17
8 52 3 9 19 7 4

Table 3: Top-5 ranked categories. For each cluster the table
reports the average age, and the ordered list of the most clicked
categories. We indicate in bold each instance where a statistical
significant effect (i.e., Pearson correlation at the 5% level) was
found between ranks and personality factors.

Cluster 7 is characterized by good levels of conscientiousness
that is the tendency to be organized and dependable, aim for achieve-
ment, and prefer planned rather than spontaneous behavior. This
cluster scores low in agreeableness, which is related to personal-
ities often competitive or challenging people. The openness fac-
tor (>2.5) reflects the degree of intellectual curiosity, creativity and
a preference for novelty and variety a person has. Interestingly,
among the most preferred categories there are Console & Video
Games, Consumer Electronics, Grocery and Computer Software.
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3. EVALUATION METHODOLOGY
Research in the ARS field requires quality measures and evalu-

ation metrics to know the quality of the techniques, methods, and
algorithms for predictions and recommendations. In this section
we review the process of evaluating an ARS on two main tasks:
(i) measuring the accuracy of rating predictions, and (ii) measuring
the accuracy of click predictions.

3.1 Scenario 1: Ad Rating Prediction
In most online advertising platforms the allocation of ads is dy-

namic, tailored to user interests based on their observed feedback.
In this first scenario, we want to predict the feedback a user would
give to an advert (e.g. 1-star through 5-stars). In such a case, we
want to measure the accuracy of the system’s predicted ratings.
Root Mean Squared Error (RMSE) is perhaps the most popu-
lar metric used in evaluating the accuracy of predicted ratings. The
system generates predicted ratings r̂u,a for a test set T of user-
advert pairs (u,a) for which the true ratings ru,a are known. The
RMSE between the predicted and actual ratings is given by:

RMSE =

√
1

|T |
∑

(u,a)∈T

(r̂u,a − ru,a)2. (1)

Mean square error (MSE) is an alternative version of RMSE,
the main difference between these two estimators is that RMSE pe-
nalizes more large errors, and MSE has the same units of measure-
ment as the square of the quantity being estimated, while RMSE
has the same units as the quantity being estimated. Therefore, MSE
is given by

MSE =
1

|T |
∑

(u,a)∈T

(r̂u,a − ru,a)2. (2)

Mean Absolute Error (MAE) is a popular alternative, given by

MAE =

√
1

|T |
∑

(u,a)∈T

|r̂u,a − ru,a|. (3)

As the name suggests, the MAE is an average of the absolute errors
erru,a = |r̂u,a − ru,a|, where r̂u,a is the prediction and ru,a the
true value. The MAE is on same scale of data being measured.

3.2 Scenario 2: Ad Click Prediction
In many applications the recommendation system tries to rec-

ommend adverts to users in which they may be interested. For
example, when items are added to the queue, Amazon suggests a
set of adverts on which the user would most probably click. In this
case, we are not interested in whether the system properly predicts
the ratings of these adverts but rather whether the system properly
predicts that the user will click on them (e.g. they perform a con-
version). Therefore, we then have four possible outcomes for a
recommended advertisement, as shown in Table 4.

Recommended Not recommended
Clicked True-Positive (tp) False-Negative (fn)
Not clicked False-Positive (fp) True-Negative (tn)

Table 4: Classification of the possible result of a recommenda-
tion of an advert to a user [22]

We can count the number of examples that fall into each cell in
the table and compute the following quantities:

Precision tp

tp+ fp
,

Recall (True Positive Rate) tp

tp+ fn
.

Recall in this context is also referred to as the True Positive Rate
(TPR) or Sensitivity, and precision is also referred to as positive
predictive value (PPV).

Other related measures used include true negative rate and accu-
racy:

False Positive Rate (1 - Specificity) fp

fp+ tn
,

Accuracy tp+ tn

tp+ tn+ fp+ fn
,

where true negative rate is also called Specificity. We can expect
a trade-off between these quantities; while allowing longer recom-
mendation lists typically improves recall, it is also likely to reduce
the precision. We can compute curves comparing precision to re-
call, or true positive rate to false positive rate. Curves of the former
type are known simply as precision-recall curves, while those of
the latter type are known as a Receiver Operating Characteristic
or ROC curves. A widely used measurement that summarizes the
ROC curve is the Area Under the ROC Curve (AUC) [1] which
is useful for comparing algorithms independently of application.

When evaluating precision-recall (or ROC curves) for multiple
test users, a number of strategies can be employed in aggregating
the results, depending on the application at hand. The usual man-
ner in which precision-recall curves are computed in the informa-
tion retrieval community [13, 27, 31, 32] is to average the result-
ing curves over users. Such a curve can be used to understand the
trade-off between precision and recall (or false positives and false
negatives) a typical user would face.

4. EXPERIMENTS AND RESULTS
In this section we show results obtained for the two types of sce-

narios introduced in Sec. 3. We conduct prediction experiments to
explore the strengths and weakness of using personality traits as
features for recommendation.

4.1 Evaluated Algorithms
Since a prediction engine lies at the basis of the most recom-

mender systems, we selected some of the most widely used tech-
niques for recommendations and predictions [14], such as Logistic
Regression (LR) [8], Support Vector Regression with radial basis
function (SVR-rbf) [3], and L2-regularized L2-loss Support Vector
Regression (L2-SVR) [8]. These methods have often been based
on a set of sparse binary features converted from the original cate-
gorical features via one-hot encoding [17, 26]. These engines may
predict user opinions to adverts (e.g., a user’s positive or negative
feedback to an ad) or the probability that a user clicks or performs
a conversion (e.g., an in-store purchase) when they see an ad. In
Section 4, we evaluate these methods while feeding them with and
without features coming from the psychometric traits.

4.2 Experimental Protocol
Let us say X = {x̄1, ..., x̄N} is the set of observations, where

the vectors x̄i correspond to features coming only from the group
“users’ preferences” as described in Table 2 and N = 120 stands
for the number of users involved in the experiment.

A feature is the user’s selection from a pre-defined list of choices,
hence, for each feature vector one element is 1 and the others are
0. Then, each column vector x̄i is obtained by stacking the features
on top of one another.
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Figure 3: Measuring ratings prediction accuracy: B5 stands for Big-Five features. We indicate with an asterisk each method where
B5 features, embedded into a baseline learner, shows a statistical significant effect over the baseline.

Regression is performed over the 20 product categories. The pre-
diction problem is solved using LR, L2-SVR, and SVR-rbf, while
feeding them with and without features coming from “personality
traits”. All experiments were performed using a k-fold approach (k
= 10). In k-fold cross-validation, X is randomly partitioned into
k’s equal sized subsamples (the folds are the maintained the same
for each algorithm in comparison). Of the k subsamples, a single
subsample is retained as the validation data for testing the model,
and the remaining k - 1 subsamples are used as training data. The
cross-validation process is then repeated k times, with each of the
k subsamples used only once as the validation data. The k results
from the folds can then be averaged to produce a single estimation.

Our experimental protocol includes feature selection, which rep-
resents an important pre-processing step given the sparse nature of
the input data. It allows to remove many redundant features by
reducing the dimensionality of the problem at hand. Hence, the
representation above serves as a basis for the feature ranking and
selection strategy. Ranking features allow us to detect a subset of
cues which is not redundant. Accordingly, we use the training data
obtained after the split as input of the infinite feature selection (Inf-
FS) [30] algorithm. By construction, the Inf-FS is a graph-based
method which exploits the convergence properties of the power se-
ries of matrices to evaluate the relevance of a feature with respect
to all the other ones taken together. Indeed, in the Inf-FS formu-
lation, each feature is mapped on an affinity graph, where nodes
represent features, and weighted edges the relationships between
them. In particular, the graph is weighted according to a function
which takes into account both correlations and standard deviations
between feature distributions. Each path of a certain length l over
the graph is seen as a possible selection of features. Therefore,
varying these paths and letting them tend to an infinite number per-
mits the investigation of the importance of each possible subset of
features.

Finally, the Inf-FS assigns a score to each feature of the initial
set; where the score is related to how much the given feature is a
good candidate regarding the regression task. Therefore, ranking
the outcome of the Inf-FS in descendant order allows us to perform
the subset feature selection throughout a model selection stage. In
this way, we reduce the amount of features, by selecting 75% of the
total. The selected features are: the number of favorite websites,
T.V. programmes, sports, past times, the most watched movies and
most visited websites, where we add the big-five personality traits.

4.3 Exp. 1: Ad Rating Prediction
In this section we report results for rating prediction showing

that traces of user’s personality can improve the prediction perfor-
mance of the evaluated methods significantly. Statistical evaluation
of experimental results has been considered an essential part of val-
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Figure 4: Comparison between LR and LR-B5: Curves show
the proportion of preferred items that are actually recom-
mended.

idation of machine learning methods. Given the user ui, labels are
assigned to each category by averaging the votes they gave to the
category items such as ui = {y1, ..., y20}, y ∈ [1− 5].

Figure 3 illustrates prediction results in term of RMSE, MSE
and MAE plots across the categories. This first analysis shows how
personality traits affect prediction performance. In order to assess
if the difference in performance is statistically significant, t-tests
have been used for comparing the accuracies. This statistical test
is used to determine if the accuracies obtained with and without
B5 are significantly different from each other (whereas both the
distribution of values were normal). The test for assessing whether
the data come from normal distributions with unknown, but equal,
variances is the Lilliefors test.

Results show a statistical significant effect of personality traits
while using L2-SVR (p-value < 0.05, Lilliefors Test H=0) and LR
(p-value < 0.01, Lilliefors Test H=0).

As for the SVR-rbf, even if improvements in terms of prediction
are not significant (B5 against no-B5), it is still interesting to no-
tice the performance loss on categories 6 and 8, where errors go
high significantly. In such a case, the B5 features do not seem to
have much predictive power, however, they seem to play the role
of a reliable stabilizer, but also that of an independent mediator and
supporter of the regression process.

4.4 Exp. 2: Ad Click Prediction
This section shows an offline evaluation of click prediction. Along

the lines of the previous experiment, a k-fold cross-validation is
used. The experiment is performed at the category level, in order to

23



Method ROC-AUC Precision Recall
L2-SVR 50.5% 39.2% 50.2%
L2-SVR B5 51.4% 39.9% 50.9%
LR 51.9% 40.3% 51.3%
LR-B5* 53.4% 41.2% 52.1%
SVR-rbf 48.3% 36.5% 48.8%
SVR-rb B5 50.1% 38.2% 50.2%

Table 5: Performance for ad click prediction. Big-Five features
systematically contribute to the overall performance. The as-
terisk indicate that the method overcomes all the others.

work on a balanced distribution over the classes (1,229 clicked vs
1,171 not clicked instances), whenever a user showed their interest
in a given category (i.e., the category contains at least one clicked
advert) we labeled the category as “clicked” (rating greater or equal
to four), otherwise “not clicked” (rating less than four). As a result,
for each user we obtained a list of 20 labels representing their pref-
erence to each category. We computed precision-recall and ROC
curves for each user, and then averaged the resulting curves over
users. This is the usual manner in which precision-recall (or ROC)
curves are computed in the information retrieval community [13,
31, 32]. Such a curve can be used to understand the trade-off be-
tween precision and recall and ROC a typical user would face.

Figure 4.(a) reports the precision-recall curves which empha-
size the proportion of recommended items that are preferred and
recommended. Figure 4.(b) shows the global ROC curves for LR
and LR-B5, which emphasize the proportion of adverts that are not
clicked but end up being recommended. The LR-B5 curve com-
pletely dominates the other curve, the decision about the superior
setting for LR is easy.

The Area Under the ROC Curve is calculated as a measure of ac-
curacy, which summarizes the precision recall of ROC curves, we
report AUC, precision and recall in terms of the harmonic mean of
precision and recall (F-measure) for all the methods in Table 5.

4.5 Discussions and Future Work
In this paper, we conducted a within-subject user study to inves-

tigate on the relations between users’ personality related to their
buying behavior and preferred item categories. A deeper analysis
may involve the use of bi-clustering methods. Comparing to tradi-
tional clustering methods biclustering is not a blackbox technique.
Comprehensibility is one of its main advantages, i.e. it is possible
to understand why objects ended up in the same cluster.

It is worth noting that the goal of these experiments is to show
how personality traits affect the prediction. In order to improve pre-
diction accuracy, specific feature designing processes are needed so
as to represent personality data and to standardize their definitions
to be used as input recommender data towards to improve recom-
mendations. In our experiments, we used a set of sparse binary
features converted from the original categorical features. More-
over, many other algorithms may be used for this tasks, like the one
proposed in [6, 15, 24].

For instance, the personality diagnosis [24] system is a collabo-
rative filtering algorithm, which can be thought of as a hybrid be-
tween existing memory- and model-based algorithms. PD is fairly
straightforward, maintains all data, and does not require a compi-
lation step to incorporate new data. It is based on a simple and
reasonable probabilistic model of how people rate titles.

Most of these recommender systems use to split each test user
profile into sets of observed items and hidden items. The former
is used as input for each recommender, the latter for performance

evaluation. In our experiments, we did not use any information
about the previous users’ clicks, which turns out to be a more diffi-
cult task. We decided on this solution to move the focus of attention
on personality data and not on other features like previous clicked
ads.

5. CONCLUDING REMARKS
In this paper, we presented the ADS Dataset, a collection of 300

real advertisements rated by 120 unacquainted participants. We
conducted a within-subject user study to investigate potential user
issues of the personality on their buying behavior and preferred
item categories.

The corpus has been collected with the main goal of studying
the possible achievable benefits of employing personality traits in
modern recommender systems. To obtain stronger and more rele-
vant results for this community, appropriate and high-level features
needed to be designed that carry important information for infer-
ence. In this paper, we only use raw data as sparse binary features
converted from the original categorical features. We used standard
techniques for recommending ads in order to show how personality
traits affect the prediction, and, at the same time, set a baseline for
future work.

We then reviewed a large set of properties, and explain how to
evaluate systems given relevant properties. We discuss how to com-
pare ARS based on a set of properties that are relevant for the ap-
plication. Therefore, we review two main types of experiments in
an offline setting, where recommendation approaches are compared
with different selections of features (i.e., with and without person-
ality traits) accordingly with our goal. We also discuss how to draw
trustworthy conclusions from the conducted experiments.

Future work includes, but is not necessarily limited to, (1) fea-
ture engineering and designing for ARSs, represent personality data
and standardize their definitions to be used as input recommender
data towards to improve recommendations; (2) inference of per-
sonality traits and novel approaches for mapping pictures tagged as
favorite into personality traits; and (3) identification of the underly-
ing dimensions of consumer shopping motivations and personality
factors.

We hope that this work motivates researchers to take into ac-
count the use of personality factors as an integral part of their future
work, since there is a high potential that incorporating these kind
of users’ characteristics into ARS could enhance recommendation
quality and user experience.
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vs. statistical detection. In In: Proc. of the 4th Workshop on
Context-Aware Recommender Systems (2011.

[22] D. L. Olson and D. Delen. Advanced Data Mining
Techniques. Springer Publishing Company, Incorporated, 1st
edition, 2008.

[23] A. C. P. and V. M. S. Click through rate prediction for
display advertisement. International Journal of Computer
Applications, 2016.

[24] D. M. Pennock, E. Horvitz, S. Lawrence, and C. L. Giles.

Collaborative filtering by personality diagnosis: A hybrid
memory- and model-based approach. In Proceedings of the
Sixteenth Conference on Uncertainty in Artificial
Intelligence, UAI’00, pages 473–480, San Francisco, CA,
USA, 2000. Morgan Kaufmann Publishers Inc.

[25] B. Rammstedt and O. P. John. Measuring personality in one
minute or less: A 10-item short version of the Big Five
Inventory in English and German. Journal of Research in
Personality, 2007.

[26] M. Richardson. Predicting clicks: Estimating the
click-through rate for new ads. In International World Wide
Web Conference. ACM Press, 2007.

[27] G. Roffo, M. Cristani, L. Bazzani, H. Q. Minh, and
V. Murino. Trusting skype: Learning the way people chat for
fast user recognition and verification. In Computer Vision
Workshops (ICCVW), 2013 IEEE International Conference
on, pages 748–754, Dec 2013.

[28] G. Roffo, C. Giorgetta, R. Ferrario, and M. Cristani. Just the
Way You Chat: Linking Personality, Style and
Recognizability in Chats, pages 30–41. Springer
International Publishing, 2014.

[29] G. Roffo, C. Giorgetta, R. Ferrario, W. Riviera, and
M. Cristani. Statistical analysis of personality and identity in
chats using a keylogging platform. In International
Conference on Multimodal Interaction. ACM, 2014.

[30] G. Roffo, S. Melzi, and M. Cristani. Infinite feature
selection. In IEEE International Conference on Computer
Vision (ICCV), 2015.

[31] B. Sarwar, G. Karypis, J. Konstan, and J. Riedl. Analysis of
recommendation algorithms for e-commerce. In ACM
Conference on Electronic Commerce. ACM, 2000.

[32] A. I. Schein, A. Popescul, L. H. Ungar, and D. M. Pennock.
Methods and metrics for cold-start recommendations. In
International ACM SIGIR Conference on Research and
Development in Information Retrieval. ACM.
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ABSTRACT
The paper discusses the challenges of user emotion elici-
tation in socially intelligent services, based on the exper-
imental design and results of the intelligent typing tutor.
Human-machine communication (HMC) of the typing tutor
is supported by the continuous real-time emotion elicita-
tion of user’s expressed emotions and the emotional feedback
of the service, through the graphically rendered emoticons.
It is argued that emotion elicitation is an important part
of successful HMC, as it improves the communication loop
and increases user engagement. Experimental results show
that user’s valence and arousal are elicited during the typing
practice, on average 18% to 25% of the time for valence and
20% to 31% of the time for arousal. However, the efficiency
of emotion elicitation varies greatly throughout the use of
the service, and also moderately among users. Overall, the
results show that emotion elicitation, even via simple graph-
ical emoticons, has significant potential in socially intelligent
services.

Keywords
affective computing, emotion elicitation, social intelligence,
human-machine communication, intelligent tutoring systems

1. INTRODUCTION
Bridging the gap between modern digital services and the

increasing demands and (often insufficient) capabilities of a
wide range of users is a challenging task. In recent years,
much focus has been given to user adaptation procedures in
socially intelligent services, including user modeling, recom-
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mender systems, human-machine communication (HMC),
among many others [10], [1], [11]. While there have been
substantial advances in many of these areas, the state-of-
the art technology still lacks satisfactory means to efficiently
meet various user needs and/or tailor to their capabilities.
As the potential for new users of technology supported ser-
vices is growing (e.g. groups of elderly users), so is the
digital divide [42]. This gap may manifest itself in many
forms. It may deprive a particular user group of efficient
use of a service (e.g., due to the lack of technological profi-
ciency), it may be limited in scope and only partially attend
to users needs (e.g., the use of multiple services for a series
of common, integrated tasks), or for some user groups of-
fer no accessibility to a service altogether (e.g., e-banking
for the elderly users). In general, it results in frustration
and increased cognitive load, requiring significant effort to
use a service (e.g. interaction, navigation, finding informa-
tion, etc.), instead of a service adapting to user needs and
capabilities.

One way to address these issues is to establish and sus-
tain efficient (close-to-human) communication level between
a user and a service, with HMC at the core of contextualiza-
tion and adaptation procedures. Whereas natural (human-
to-human) communication is innate and in general requires
minimal effort for the actors involved to sustain it, HMC
is void of both innateness and context, as well as of non-
verbal (auditory, visual, olfactory) cues. Thus, for a modern
digital service to be successful, it should be capable of ex-
pressing minimal social intelligence [45]. Another important
and inherent property of natural communication is its con-
tinuity in real-time. HMC should be able to exhibit some
level of social intelligence by generating and processing so-
cial signals in near-real-time.1 To sustain the feedback loop
the user should be at least minimally engaged, with non-
verbal (social) signals (such as emotions) elicited at a con-
tinuous (minimal delay) rate. Ideally, effective HMC should
minimize the user-service adaptation procedures and maxi-
mize the engagement and the intended use of a service. In
other words, a service is socially intelligent when it is ca-

1The maximal tolerated delay is about 0.5 seconds.
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pable of reading (measuring and estimating) user’s social
signals (verbal and/or non-verbal communication signals),
producing machine generated feedback on these signals, and
sustaining and adapting according such HMC.

In general, we believe it is possible to alleviate some of the
main obstacles towards more effective user-service adapta-
tion procedures by addressing the following:

• Non-intrusive user data acquisition. Some types of
user data (e.g., user’s emotion state) should be tracked
in near-real-time. The problem is users do not like ob-
trusive data gathering methods (e.g., to repeatedly fill
in questionnaires or use wearable sensors in everyday
situations). The state-of-the-art techniques for non-
intrusive user data acquisition are limited and can not
provide sufficient high quality user data for the efficient
user-service adaptation procedures;

• Contextualization. Contextualization refers to the def-
inition of circumstances relevant for specific user-service
adaptation. Effective user adaptation is highly context-
sensitive as user involvement, attention and motiva-
tion, as well as preferences, are to a large extent con-
text dependent. The emergent technologies of Internet
of things (IoT), wearable computing, ubiquitous com-
puting, and others, offer various building blocks to
model specific contextualization tasks, however, user
interaction data is typically not taken into account;

• Service functionality and content adaptation for the
user. Ideally, user adaptation procedure is success-
ful when the service is able to adapt to (and improve
upon) the user needs and preferences in near real-time.
As a result, the adaptation mechanisms of the ser-
vice need to go beyond generally applicable adaptation
procedures to address the specific task-dependent and
user-interaction scenarios.

The aim of the paper is to analyze the efficiency of emotion
elicitation in a socially intelligent service. The underlying
assumption is that emotion elicitation should be an integral
part of HMC, as it can greatly improve user-service adapta-
tion procedure. For this purpose, the experiment was con-
ducted using the socially intelligent typing tutor. The tutor
is a web-based learning service designed to elicit emotions
and thus improve learner’s attention and overall engagement
in the touch-typing training. Emotion elicitation is utilized
together with the notion of positive reinforcement, where
the learner is being rewarded for her efforts through the
emotional feedback of the service. Moreover, the tutor is
able to model and analyze learner’s expressed emotions and
measure the efficiency of emotion elicitation in the tutoring
process.

The paper is structured as follows. Section 2 presents
related work, while Section 3 discusses general aspects of
emotion elicitation in socially intelligent services and then
presents the socially intelligent typing tutor. Section 4 presents
the experimental results on emotion elicitation in the intelli-
gent typing tutor. The paper ends with a general conclusion
and future work.

2. RELATED WORK
The research and development of a fully functioning so-

cially intelligent service is still at a very early stage. How-
ever, various components that will ultimately enable such

services are under intensive development for several decades.
We briefly present them grouped according to the following
subsections.

2.1 Social intelligence, social signals and non-
verbal communication cues

There are many definitions of social intelligence applica-
ble in this context [23]. The wider definition used here is by
Vernon [44], who defines social intelligence as the person’s
”ability to get along with people in general, social technique
or ease in society, knowledge of social matters, susceptibility
to stimuli from other members of a group, as well as insight
into the temporary moods or underlying personality traits of
strangers”. Furthermore, social intelligence is demonstrated
as the ability to express and recognize social cues and be-
haviors [2], [6], including various non-verbal cues (such as
gestures, postures and face expressions) exchanged during
social interaction [47].

Social signals are extensively being analyzed in the field of
human to computer interaction [47], [46], often under differ-
ent terminology. For example, [33] use the term ’social sig-
nals’ to define a continuously available information required
to estimate emotions, mood, personality, and other traits
that are used in human communication. Others [31] define
such information as ’honest signals’ as they allow to accu-
rately predict the non-verbal cues and, on the other hand,
one is not able to control the non-verbal cues to the extent
one can control the verbal form. Here, we will use the term
social signal.

2.2 Socially intelligent learning services
Several services exist that support some level of social in-

telligence, ranging from emotion-aware to meta-cognitive.
One of the more relevant examples is the intelligent tutor-
ing system AutoTutor/Affective AutoTutor [15]. AutoTu-
tor/Affective AutoTutor employs both affective and cog-
nitive modelling to support learning and engagement, tai-
lored to the individual user [15]. Some other examples in-
clude: Cognitive Tutor [7] – an instruction based system
for mathematics and computer science, Help Tutor [3] – a
meta-cognitive variation of AutoTutor that aims to develop
better general help-seeking strategies for students, MetaTu-
tor [9] – which aims to model the complex nature of self-
regulated learning, and various constraint-based intelligent
tutoring systems that model instructional domains at an ab-
stract level [28], among many others. Studies on affective
learning indicate the superiority of emotion-aware over non-
emotion-aware services, with the former offering significant
performance increase in learning [37], [22], [43].

2.3 Computational models of emotion
One of the core requirements for socially intelligent ser-

vice is the ability to detect and recognize emotions, and
exhibit the capacity for expressing and eliciting basic affec-
tive (emotional) states. Most of the literature in this area
is dedicated to the affective computing and computational
models of emotion [26], [25], [34], which are mainly based
on the appraisal theory of emotions [48]. Several challenges
remain, most notably the design, training and evaluation of
computational models of emotion [20], their critical analysis
and comparison, and their relevancy for other research fields
(e.g., cognitive science, human emotion psychology), as most
computational models of emotion are overly simplistic [12].
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2.4 Physiological sensors
The development of wearable sensors enabled the acqui-

sition of user data in near-real-time, as well as the research
and estimation of user’s internal states (such as emotion and
stress level estimation) that started more than a decade ago
[5], [4]. Notable advances can also be found in the fields
of psychological computing and HCI, with the development
of several novel measurement related procedures and tech-
niques. For example, psychophysiological measurements are
being employed to extend the communication bandwidth
and develop smart technologies [18], along with the design
guidelines for conversational intelligence based on the en-
vironmental sensors [14]. Several studies deal with human
stress estimation [36], workload estimation [30], cognitive
load estimation [27], [8], among others, and specific learning
tasks related to physiological measurements [49], [21].

2.5 Human emotion elicitation
The field of affective computing has developed several ap-

proaches to modeling, analysis and interpretation of human
emotions [19]. The most known and widely used emotion an-
notation and representation model is the Valence-Arousal-
Dominance (VAD) emotion space, an extension of Russell’s
valence-arousal model of affect [35]. The VAD space is used
in many human to machine interaction settings [50], [40],
[32], and was also adopted in the socially intelligent typ-
ing tutor (see section 3.3.2). There are other attempts to
define models of human emotions, such as specific emo-
tion spaces for human computer interaction [16], or more
recently, models for the automatic and continuous analy-
sis of human emotional behaviour [19]. Recent research on
emotion perception argues that traditional emotion models
might be overly simplistic, pointing out the notion of emo-
tion is multi-componential, and includes ”appraisals, psy-
chophysiological activation, action tendencies, and motor ex-
pressions” [38]. Consequently, and relevant to the interpre-
tations of valence in the existing models, some researchers
argue there is a need for the ”multifaceted conceptualiza-
tion of valence” that can be linked to ”qualitatively different
types of evaluations” used in the appraisal theories [39].

Research of emotion elicitation via graphical user interface
is far less common. Whereas several studies on emotion
elicitation use different stimuli (e.g., pictures, movies, music)
[41] and behavior cues [13], none to our knowledge tackle the
challenges of graphical user interface design for the purpose
of emotion elicitation.

In the intelligent typing tutor, user emotions are elicited
by the graphical emoticons (smileys) via the dynamic graph-
ical user interface of the service. The choice of emoticons
was due to their semantic simplicity, unobtrusiveness, and
ease of continuous measurement – using pictures as a stimuli
would add additional cognitive load and likely evoke multiple
emotions. This approach also builds upon the results of pre-
vious research, which showed that human face-like graphics
increase user engagement, that the recognition of emotions
represented by emoticons is intuitive for humans, and that
emotion elicitation based on emoticons is strong enough to
be applicable [17]. The latter assumption is verified in this
paper.

3. EMOTION ELICITATION IN SOCIALLY
INTELLIGENT SERVICES: THE TYPING
TUTOR STUDY CASE

The following sections discuss the role of emotion elici-
tation in socially intelligent services and its importance for
efficient HMC. General requirements and the role of emotion
elicitation are discussed in the context of our study case –
the intelligent typing tutor. Later sections present the de-
sign of the intelligent typing tutor and its emotion elicitation
model.

3.1 General requirements for a socially intel-
ligent service

A given service is socially intelligent if it is capable of
performing the following elements of social intelligence:

1. Read relevant user behavior cues: human emotions are
conveyed via behaviour and non-verbal communication
cues such as face expression, gestures, body posture,
color of the voice, etc.

2. Analyze, estimate and model user emotions and non-
verbal (social) communication cues via computational
model: behavior cues are used to estimate user’s tem-
porary emotion state. Selected physiological measure-
ments (pupil size, acceleration of the wrist, etc.) are
believed to be correlated with user’s emotion state and
other non-verbal communication cues. These are used
as an input to the computational model of user emo-
tions and other non-verbal communication cues.

3. Integrate and model machine generated emotion ex-
pressions and other non-verbal communication cues:
for example, the notion of positive reinforcement could
be integrated into a service to improve user engage-
ment, taking into account user’s temporary emotion
state and other non-verbal communication cues.

4. Generate emotion elicitation to improve user engage-
ment: continuous feedback loop between user emotion
state and machine generated emotion expressions for
purpose of emotion elicitation.

5. Context and task-dependent adaptation: adapt the
service according to the design goals. For example,
in the intelligent typing tutor case study, the intended
goal is to improve learner’s engagement and progress.
The touch-typing lessons are carefully designed and
adapt in terms of typing speed and difficulty to meet
individual’s capabilities, temporary emotion state and
other non-verbal communication cues.

Such service is capable of sustaining efficient, continuous
and engaging HMC. It also minimizes user-service adapta-
tion procedures. An early-stage example of socially intelli-
gent service is provided below.

3.2 Typing tutor as a socially intelligent ser-
vice

The overall goal of the socially intelligent typing tutor
is to improve the process of learning touch-typing. For
this purpose, emotion elicitation is integrated into HMC to-
gether with the notion of positive reinforcement, to amplify
the attention, motivation, and engagement of the individual
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learner. In its current form, the rudimentary model of emo-
tion elicitation utilizes emoticon-like graphics via the graph-
ical user interface of the service, presented to the learner in
real-time (see section 3.3). The tutor uses state-of-the-art
technology (3.2.1) and is able to model, measure and analyze
emotion elicitation throughout the tutoring process.

3.2.1 Architecture and design
Typing tutor’s main building blocks consist of:

1. Web GUI: to support typing lessons and machine gen-
erated emotion expressions via emoticons (see Fig. 1);

2. Sensors: to conduct physiological measurements and
monitor user status (wrist accelerometer, camera, emotion-
recognition software to estimate user emotions, eye
gaze, pupil size, etc.);

3. Computational model: for measuring user emotions
and attention in the tutoring process;

4. Recommender system: for modelling machine gener-
ated emotion expressions;

5. Typing content generator: which follows typing lec-
tures designed by the expert.

Real-time sensors are integrated into the service to gather
physiological data about the learner. The recorded data is
later used to establish the weak ground truth of learner’s
attention and the efficiency of emotion elicitation. Both are
further estimated through the human annotation procedure,
based on the carefully designed operational definition and
verified using psychometric characteristics. The list of sen-
sors integrated in the tutor includes:

• Keyboard: to monitor cognitive and locomotor errors
that occur while typing;

• Video recorder: to extract learner’s facial emotion ex-
pressions in real-time;

• Wrist accelerometer and gyroscope: to trace the hand
movement;

• Eye tracking: to measure pupil size and estimate learner’s
attention and possible correlates to typing performance.

The intelligent typing tutor is publicly available as a client-
server service running in a web browser (http://nacomnet.
lucami.org/test/desetprstno\ tipkanje). Data is stored on
the server for later analyses and human annotation proce-
dures. Such architecture allows for crowd-sourced testing
and efficient remote maintenance.

3.3 Emotion elicitation in the intelligent typ-
ing tutor

The role of emotion elicitation in the intelligent typing
tutor is that of efficient HMC and reward system. The pos-
itive reinforcement assumption [29] is used in the design of
the emotion elicitation model. Positive reinforcement argues
that learning is best motivated by a positive emotional re-
sponses from the service when learners ratio of attention over
fatigue goes up, and vice versa. Here, machine generated
positive emotion expressions act as rewards, with the aim
to improve learner’s attention, motivation and engagement
during the touch-typing practice. The learner is rewarded

by a positive emotional response from the service when she
invest more effort into practice (the service does not support
negative reinforcement). According to the positive reinforce-
ment assumption, the rewarded behaviors will appear more
frequently in the future. Negative reinforcement is not used
for two reasons: there is no clear indication how negative
reinforcement would contribute to the learning experience,
and it would require an introduction of additional dimen-
sion, making the research topic of the experiment even more
complex.

3.3.1 Machine emotion model
The intelligent typing tutor uses emotion elicitation to re-

ward any behavior leading to the improvement of learner’s
engagement with the service. The rewards come as positive
emotional responses conveyed by the emoticon via graphi-
cal user interface. The machine generated emotion responses
range from neutral to positive (smiley) and act as stimuli for
user (learner) emotion elicitation. For this purpose, a subset
of emoticons from Official Unicode Consortium code chart
(see http://www.unicode.org/) was selected and emoticon-
like graphical elements were integrated into the newly de-
signed user interface of the service shown in Fig. 1.

Figure 1: Socially intelligent typing tutor integrates
touch-typing tutoring and machine generated emoti-
cons (for emotion elicitation) via its graphical user
interface.

Emotional responses are computed according to the learn-
ing goals of the tutor. To improve learner’s attention and
overall engagement in the touch-typing practice, the emo-
tional feedback of the service needs to function in real-time.
As mentioned above, the positive reinforcement assumption
acts as the core underlying mechanism for modelling ma-
chine generated emotions. At the same time such mecha-
nism is suitable for dynamic personalization, similar to the
conversational RecSys [24]. In order to implement it suc-
cessfully, the designer needs to decide on 1. which behav-
iors need to be reinforced to appear more frequently, and 2.
which rewards, relevant for the learner, need reinforcement.

3.3.2 User emotion model
User (learner) emotions are elicited via tutor’s graphical

user interface, based on the machine generated emotion ex-
pressions from (3.3.1). The VAD emotion model is used
for representation and measurement of learner elicited emo-
tions, similar to [16]. The VAD dimensions are then mea-
sured in real-time by emotion recognition software (see sec-
tion 4.1).2

2Here, we only discuss valence ΦuV and arousal ΦuA, the
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Two independent linear regression models are used to
model user emotion elicitation as a response to the ma-
chine generated emoticons. The models are fitted as follows:
the measured values of user emotion elicitation for valence
and arousal are fitted as dependent variables, whereas the
machine generated emotion expression is fitted as an inde-
pendent variable (Eq.1). The aim is to obtain the models’
quality of fit and the proportion of the explained variance
in emotion elicitation.

ΦuV = β1V Φm + β0V + εV , ΦuA = β1AΦm + β0A + εA,(1)

where Φm stands for one dimensional parametrization of the
machine emoticon graphics, ranging from 0 (neutral emoti-
con) to 1 (maximal positive emotion expression). Notations
β1V and β1A are user emotion elicitation linear model co-
efficients, β0V and β0A are the averaged effects of other
influences on user emotion elicitation, and εV and εA are
independent variables of white noise.

The linear regression model was selected due to the good
statistical power of its goodness of fit estimation R2. There
is no indication that emotion elicitation is linear, but we
nevertheless believe the choice of the linear model is justi-
fied. The linear model is able to capture the emotion elici-
tation process, detect emotion elicitation, and provide valid
results (see section 4.2). Residual plots (not reported here)
show that linear regression assumptions (homoscedasticity,
normality of residuals) are not violated.

To further support our argument for emotion elicitation
in the intelligent typing tutor, we statistically tested our
hypothesis that a significant part of learner’s emotions is
indeed elicited by the machine generated emoticons. We did
this with the null hypothesis testing H0 = [R2 = 0] (see
section 4.2), which demonstrated good power compared to
the statistical tests by some of the known non-linear models.

4. USER EXPERIMENT: THE ESTIMATION
OF USER EMOTION ELICITATION

The following sections give an overview of the user exper-
iment and results on emotion elicitation in the intelligent
typing tutor.

4.1 User experiment
The experiment consisted of 32 subjects invited to prac-

tice touch-typing in the intelligent typing tutor (see 3.2),
with the average duration of the typing session approx. 17
minutes (1020 seconds). The same set of carefully designed
touch-typing lessons was given to all test subjects. User data
was acquired in real-time using sensors (as described in sec-
tion 3.2), and used as an input to the computational model
of machine generated emotion expressions, and recorded for
later analysis. For the preliminary analysis presented here,
five randomly selected subjects were analysed on the seg-
ment of the overall duration of the experiment.3 The test
segment spans from 6 to 11.5 mins (330 seconds) of the ex-
periment.

The test segment used for the analysis is composed of the

two primary dimensions for measuring emotion elicitation.
3To simplify the presentation of the experiment results.
Note that similar results were found for the remaining sub-
jects.

following steps:4

1. Instructions are given to the test users: users are per-
sonally informed about the goal and the procedure of
the experiment (by the experiment personnel);

2. Setting up sensory equipment, start of the experiment:
a wrist accelerometer is put on, the video camera is
set on, and the experimental session time recording is
started (at 00 seconds);

3. At 60 seconds: machine generated sound disruption of
the primary task: ”Name the first and the last letter
of the word: mouse, letter, backpack, clock”;

4. At 240 seconds: machine generated sound disruption
of the primary task, ”Name the color of the smallest
circle”, in the figure (Fig 2). This cognitive task is ex-
pected to significantly disrupt learner’s attention away
from the typing exercise;

5. The test segment ends at 330 seconds.

Figure 2: Graphics shown during the second disrup-
tion (Step 4) at 240 seconds of the test segment

During the experiment, users’ emotion expressions are an-
alyzed using Noldus Observer video analysis software http:
//www.noldus.com. The recordings are in sync with the
machine generated emoticons, readily available for analysis
(see next section 4.2).

4.2 Experimental results
The analysis of the experimental data was conducted to

measure the effectiveness of emotion elicitation. The x-axis
times for all graphs presented below are relative in seconds
[s], for the whole duration of the test segment (330 seconds).
The estimation is based on the emotion elicitation model
(1) fitting. To detect the time when the emotion elicitation
is present, we conducted the null hypothesis testing H0 =
[R2 = 0] at risk level α = 0.05. The emotion elicitation is
determined as present where the null hypotheses is rejected,
and not present otherwise.

An example of valence and arousal ratings for a randomly
selected subject is shown in Fig. 3.

The model (1) is fitted using linear regression on the mea-
sured data for the duration of the test segment. The data is

4Due to limited space, the two disruption parts of the ex-
periment (Steps 3. and 4.) are not further discussed.
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Figure 3: Valence (black line) and arousal (ma-
genta, light line) ratings of learner’s emotional state
throughout the test segment.

sampled in a non-uniform manner due to the technical prop-
erties of the sensors (internal clocks of sensors are not suf-
ficiently accurate, etc.). The data is approximated by con-
tinuous smooth B-splines of order 3, according to the upper
frequency limit of measured phenomena, and uniformly sam-
pled to time-align data (we skip re-sampling details here).

To fit the regression models the 40 past samples from
the current (evaluation) time representing 4 seconds of real-
time were used. These two value were selected as an opti-
mum according to competitive arguments for more statisti-
cal power (requires more samples) and for enabling to detect
time-dynamic changes in the effectiveness of emotion elicita-
tion (requiring shorter time interval leading to less samples).
Note that changing this interval from 3 to 5 seconds did not
significantly affect the fitting results. Results are given in
terms of R2

V , R2
A representing the part of explained variance

of valence and arousal when the elicitation is known, and in
terms of a pV , pA-values testing the null hypothesis regres-
sion models H0V = [R2

V = 0], H0A = [R2
A = 0], respectively.

The time dynamics of emotion elicitation is represented by
p-values pA and pV on Fig. 4.

In order to estimate the effect of emotion elicitation, the
percentages were computed on the number of times the elic-
itation was significant. The analyzed time intervals were
uniformly sampled every 2 seconds. The results are shown
in Table 1. It turned out that the test interval sampling had
no significant impact on the results.

Table 1: Proportion q of the time when the mea-
sured emotion elicitation is significant. Notation
red. q stands for the reduced efficiency, which is
5% lower than the measured one. Measured for the
five selected test subjects.

Valence Arousal
User Id q % red. q % q % red. q %

1 47.7 45.3 43.2 41.1
2 68.3 65.0 72.2 68.6
3 60.0 57.0 61.3 58.2
4 51.6 49.1 60.6 57.6
5 62.3 59.4 61.9 58.8
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Figure 4: P-values for the null hypothesis testing
H0 = [R2 = 0] of emotion elicitation for a randomly
selected subject, separately for valence (top) and
arousal (bottom). The horizontal red line marks the
risk level α = 0.05, with p-values below the line indi-
cating significant emotion elicitation effect.

We also analyzed the reduced percentages. These are 5%
lower than the measured ones, since the significance testing
was performed at a risk level α = 0.05 and approximately
5% detections are false (type I. errors). Note that Bonfer-
roni correction does not apply here. However, we neverthe-
less computed the above given percentages using Bonferroni
correction and it turned out the percentages drop approxi-
mately to one half of the reported values.

The strength of emotion elicitation is shown in the linear
regression model R2 as a function of time (Fig. 5).
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Figure 5: Linear regression model R2 of emotion
elicitation for a randomly selected test subject, sep-
arately for valence (top) and arousal (bottom).

The strength of emotion elicitation effect is significant,
but also varies highly (Fig. 5). Similar results were detected
among all test subjects. However, it is too early to draw any
meaningful conclusions on the reasons for high variability
at this stage, as many of the potential factors influencing
emotion elicitation need further analysis.

To estimate the average strength of emotion elicitation,
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the average values of R2 were computed for the five se-
lected subjects (as in Table 1) – these values are part of
the explained variance for learner emotions when the ma-
chine generated emotion is known. The average value of R2

varies across test subjects from 18.3% to 24.5% for valence
and 19.7% to 31.4% for arousal, for all time intervals (when
significant or non-significant elicitation is present). If we
average only over the time intervals when the elicitation is
significant, the average value of R2 varies across test sub-
jects from 32.5% to 39.3% for valence and 36.3% to 44.9%
for arousal (see Table 2).

Table 2: Average values for the explained variance
for valence and arousal in %: for all time intervals
and for the time intervals when emotion elicitation
is significant. Measured for the five selected test
subjects.

Valence Arousal
User Id All int. Signif. int. All int. Signif. int.

1 18.3 32.5 19.7 36.3
2 19.4 33.8 27.4 39.2
3 24.5 39.3 31.4 44.9
4 19.8 33.3 23.9 39.9
5 21.7 35.4 26.8 40.2

Observe that there is considerably less variability among
the subjects in terms of elicitation strength (average R2),
compared to the proportions of time the elicitation is signif-
icant (see Table 1).

5. CONCLUSION AND FUTURE WORK
The paper discussed the efficiency of emotion elicitation in

socially intelligent services. The experiment was conducted
using the socially intelligent typing tutor. The overall aim
of the intelligent typing tutor is to elicit emotions and thus
improve learning and engagement in the touch-typing train-
ing. Emotion elicitation is utilized together with the notion
of positive reinforcement. The tutor is able to model and
analyze learner’s expressed emotions and measure the effi-
ciency of emotion elicitation in the process. Experimental
results show that the efficiency of emotion elicitation is sig-
nificant, but at times also varies highly for the individual
learner and moderately among learners.

Future work will focus on reasons for variations in emotion
elicitation by analyzing potential factors, such as the effects
of machine generated emotion expressions on emotion elic-
itation, learner’s emotional state, cognitive load, attention,
and engagement, among others.
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ABSTRACT 
As technology becomes more powerful, computer software and 
game designers have ever-expanding tools available to create 
immersive, emotional experiences. Until recently, designing 
emotional experiences was achieved by veteran designers relying 
on insights from film theory and intuitions developed through 
years of practice. We propose another approach: leveraging 
scientific knowledge of emotions to guide the design process. The 
approach can serve as a resource for fledgling designers trying to 
break into the field, but will hopefully provide a few new insights 
for veterans as well. In addition, it may interest emotion 
researchers and psychologists looking to expand their stimulus 
repertoire. As a necessary underpinning for the design process, we 
will discuss several theoretical psychological models of emotions. 
Classical theories largely treat emotions as basic, universal states 
that are invariantly evoked by specific stimuli. While intuitive and 
popular, these theories are not well supported by current evidence. 
In contrast, a psychological constructionist theory, called the 
Conceptual Act Theory [6] proposes that emotions are constructed 
when conceptual knowledge is applied to ever changing affective 
experiences. The CAT proposes that emotional states can exhibit 
strong variation across instances and individuals due to 
differences in situational factors, learning histories and cultural 
backgrounds. This theory better fits available data, and also 
provides a framework for modeling emotional changes that vary 
by situation, person, and culture. The CAT also fits better with the 
game design process, since it treats users holistically as 
individuals. During the course of a game, similar to real life, 
emotions emerge from evaluations of situations and can therefore 
not be deterministically dictated by a single stimulus. Using the 
CAT framework, we developed a process to create affective 
digital game scenarios. Our goal is to give game designers, a 
scientific framework to better guide the design process. 

CCS Concepts 

•  Human-centered computing →  Interaction design →  
Interaction design process and methods → Scenario-based design  

 

Keywords 
Emotion elicitation; Affect; Game design; Personalization; 
Psychology of affect; Conceptual Act Theory. 

1. INTRODUCTION 
Creating emotionally engaging experiences is an important 

goal of game design. Game designers and developers use many 
different design techniques to evoke emotions. The Mechanics, 
Dynamics, Aesthetics (MDA) model, for example, advocates for 
the development of mechanics (game rules) that lead to game 
dynamics (game systems) that achieve aesthetic goals. The goals 
are defined as states that include: sensation (games as sense-
pleasure), fantasy (game as make-believe), narrative (game as 
drama), challenge (game as obstacle course), fellowship (game as 
social framework), discovery (game as uncharted territory), 
expression (game as self-discovery) and submission (game as 
pastime) [74]. Several game design authors have proposed 
principles that describe the role of visual design, environment 
design and other physical properties of games and how they 
change over time as a way to evoke affect and a general sense of 
pleasure [75, 76]. The use of writing techniques to develop 
character and narrative in games that have emotional impact has 
received attention as well [28]. There have also been several 
works discussing the development of reward systems to encourage 
player achievement, competition or collaboration as a way to 
evoke emotions and sustain engagement (e.g. [78]). Virtual 
environment researchers have also acknowledged the potential 
and utility of adopting psychological theories of affect and 
emotions. One area where emotion theory has been used is in 
developing computational models of emotion elicitation for 
creating believable characters. Examples of this work include the 
Oz project, where the research group used scientific "appraisal" 
models of emotions [79] to develop expressive believable agents 
that can inhabit a virtual narrative world [50]. 

However, top designers see the game experience holistically. 
Thus the process of evoking emotions arises not just from 
characters that are expressive or believable, but from the complex 
interaction of all game elements: lighting, movement, sequences 
of events and user choices, and from the overall feel of the 
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According to the CAT ,there are at least five sources for the 
variations that occur in emotional episodes: (1) the behavioral 
adaptations that serve as initial, affective predictions about how to 
best act in a particular situation (e.g., it is possible to freeze, flee, 
fight or faint during fear), (2) the concepts that develop for 
emotion, (3) the vocabulary used for emotions, (4) the variation in 
the types of situations that arise in different cultures, and (5) 
stochastic processes.  As a result, there is variation within emotion 
categories, both within individuals and across people and cultures. 
Not everyone will experience the same emotion to the same 
stimulus, and even the same stimulus/person pairing can create 
different emotions at two different times. 

2.3 Utility of the Conceptual Act Model to the 
game design process 

Modern games contain complex, dynamic worlds that are 
well-suited to the application of the CAT for creating emotional 
experiences. Several key features of the CAT model are 
particularly relevant for game design: 

1) There is variability in how people will respond to stimuli. 
This can be due to participants’ past experiences, or contextual 
elements present in the situation that can be interpreted differently 
by different participants. 

2) The context is critical for the experience users will have. 
A snake may elicit fear in one context, but amusement in another.  

3) The sequence of events that lead to a specific situation is 
important when developing an emotional scenario.  

A user’s response is not solely determined by current 
conditions; it is also influenced by the preceding sequence of 
events. This is an important element of game design. Designers 
often use a “beat chart" to signify the sequencing of events or 
beats (single units of action) and their effect on the participant as 
they go through an experience. Using these three constructs, we 
will discuss in Section 4 a framework to guide the design process 
and show how these ideas can aid in developing and designing 
emotionally engaging scenarios. First, however, we briefly review 
current theory on designing for emotions. 

3. PREVIOUS WORK ON EMOTIONS IN 
DESIGN 
3.1 Computational Models of Emotions 

Computer scientists have attempted to model how emotions 
are elicited by modeling them using digital environments. 
Marsella, Gratch and Petta [51] summarized several 
computational models of emotions. Most of these models use 
classical appraisal theories as the theoretical foundation, with the 
goal of developing 'emotional' virtual characters used in games 
and simulation. Computationally-based appraisal models assess 
events in the surrounding environment, compare them to an 
internal belief system, and change their emotional state 
accordingly. For example, the EDA model [33, 35] parameterizes 
external events in terms of desirability and likelihood of 
happening, which are then used to map to specific emotions. For 
example, positive desirability with likelihood < 1 yields hope, 
while negative desirability with likelihood = 1 yields distress. A 
good example of customized internal beliefs is the bully agent in 
the FearNot! system [21], which interprets as desirable another 
agent having fallen on the floor and crying (having been pushed 
by the bully); accordingly, a gloating response is produced. 
Besides appraisal models, three other categories of affective 
modeling are dimensional, anatomical and rational. Dimensional 

models do not implement discrete emotional categories, but rather 
treat emotions as continuous variables (i.e. affect; see Figure 1). 
For example, WASABI [11] defines different emotions as ranges 
in arousal-valence-dominance space, appraises the current 
situation in the same space, and uses the distance between the two 
to calculate a likelihood of a given facial expression. Anatomical 
models [4] are built from the ground up based on neuroanatomical 
data and processes. As such, they tend to be focused on a single 
emotion (e.g., fear) and have received only limited attention from 
the computational community. Finally, rational models are in 
many ways the opposite of anatomical, eschewing psychology 
almost entirely in favor of a pure artificial-intelligence approach. 
A good example is Scheutz and Sloman [68], who use the simple 
affect “hunger” to modify the behavior of intelligent, sensing 
agents in a world populated by other agents, food and various 
lethal entities.  

Computational models of emotions are often put to use in the 
broader context of believable characters. Indeed, if computer-
controlled agents are ever to appear “human”, their ability to 
realistically express emotion is almost a requirement [10]. Once 
an agent has selected the appropriate emotion via an affective 
model, the agent needs to behave accordingly. An agent's 
emotional state can be conveyed visually by head position and 
facial expression [5, 22, 23] as well as body posture and 
movement [1, 3, 17, 60, 61]. The link to cognitively-driven 
behavior was recognized and exploited early on by the Oz project 
[72, 73], which developed an expressive artificial intelligence 
informed by emotional state. More recently, Hudlicka and 
colleagues [39, 40] modeled affect-induced changes in cognition, 
such as an increased threat response if the agent is anxious. Many 
of the researchers computationally modeling emotions use 
appraisal theory as a theoretical foundation for good reason. 
Appraisal theories focus on emotion elicitation - exactly what the 
researchers are attempting to model. For designers, such projects 
are interesting but leave out an important element: the actual 
experience of an emotion. Games seek to provide a holistic 
experience to the player, and since the above models do not 
include subjective experience they are of limited use to designers. 
Many game designers have therefore abandoned the use of 
emotion theory and instead adopted an alternative approach, either 
(a) creative methods that borrow techniques from other disciplines 
(e.g., film theory) and rely heavily on intuition, or (b) a more 
scientific approach where the design is still creative, but is tuned 
through the iterative process of testing, evaluating outcomes and 
modifying game variables as needed [2, 55, 54]. 

3.2 Creating Emotions in Interactive 
Experiences 

Artists, designers, directors and other content creators often 
seek to evoke or manipulate the emotions of those who experience 
their work. They are interested in the holistic experience of the 
user. Many design techniques were documented in the 1960s and 
70s, with the rise of film theory as an academic discipline. In 
films and television [13] as well as advertising [64], visual 
scenery and ambient light and color play a particularly important 
role. For example, according to Western cultural norms the color 
red often evokes violence or passion, while blue is methodical and 
cold [12]. Games are no exception [62], and may be even more 
effective conductors of emotion since they provide levels of 
control and immersion that are impossible using classic 
techniques [34, 56, 69]. One study [27] asked participants to 
navigate through versions of a virtual environment that differed 
only in some visual dimension (color, saturation, brightness or 
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5. FORMATIVE AND AFFECTIVE 
EVALUATION 

In order to validate our four scenarios, we performed two 
rounds of testing. The first battery of tests (with 3 subjects, two 
females, aged 20 and 21 and one male aged 20) was intended as a 
formative evaluation to assess usability and playability of the 
experience. Testers were recruited among students enrolled in the 
Game Design program at Northeastern University. After playing, 
they were assessed as to how well they could form a mental map 
of the locations and orient themselves in the designed worlds, as 
well as whether they could perform the actions required by the 
scenario. They were also informally queried on their emotional 
impressions. After testing, the design team made several 
modifications. For example, the Fear Cave had proved particularly 
difficult to navigate due to the dim lighting and slightly non-
intuitive layout, so to avoid disorientation the floor plan was 
adjusted and unique light emitters were placed at key junctions.  

For the second testing phase, our goal was to assess the 
effectiveness of the game at evoking affective responses. As 
mentioned above, there is no biological signature of emotions, 
though affect is much more reliably measured. Thus we used a 
multi-measurement approach, with both psychophysiology and 
retrospective verbal reports. While playing the four scenarios 
electrodermal activity (EDA) was measured as an index of 
arousal. EDA and other physiological signals are often used to 
evaluate some aspect of a user’s experience during gameplay [43, 
47, 58]. The testers were three subjects (one female/ two male) 
from the Interdisciplinary Affect Science Lab at Northeastern 
University who were not familiar with the project and had a 
variety of experience with video games. The subjects played the 
game in the physiology experiment space while their EDA was 
recorded. After completing play, they were asked to report their 
affective state during the game, questioned about their actions in-
game and asked to describe the atmosphere of each scenario.  

Although three subjects is too few to provide a reliable 
analysis of EDA data, the qualitative trends were nonetheless 
promising: the Fear Cave signals were consistently above 
baseline, while the Calm Valley and Sad Hotel were consistently 
below. These findings are consistent with our goal of the Fear 
Cave eliciting higher arousal and the latter scenario eliciting low 
arousal. The Exciting Casino was more variable, probably due to 
the fact that two of the three subjects had trouble executing the 
scenario task (we have since revised the in-game instructions) 
causing the onset of frustration that took precedence over any 
other affective state. Individual differences in game play were also 
visible in the data; the most striking example was a subject who 
accidentally removed the clothes from the dead refugee in the Sad 
Hotel and began laughing uncontrollably, yielding an EDA spike 
that persisted even after the scenario ended.  

Such examples illustrate that subjects who do not 
successfully complete the task at hand are likely to report very 
different emotional experiences. They also highlight the fact that 
aesthetic features alone are not sufficient to guarantee the desired 
affective state. The tasks to be performed and the action 
possibilities in each scenario are not just additional elements of 
the design that can be treated separately, but are a fundamental 
layer of the whole experience. Additionally, the critical 
importance of players’ interactions with their environment shows 
how game scenarios rather than video or audio stimuli can achieve 
deeper emotional impact, an observation of particular interest to 
affective scientists who wish to study powerful emotions in the 

lab. During the post-play reports, all of the subjects gave 
descriptive adjectives that almost exactly matched the 
development targets. Thus "scary" or "creepy" were used to 
describe the cave, "calm" or "relaxing" were used for the valley, 
"exciting" or "fun" the casino, and "depressing" or "sad" the hotel. 
Our goal is to use these scenarios in future research, modulating 
both the targeted affect and its intensity to explore individual 
differences in affective reactivity. 

6. CONCLUSIONS 
In this paper we discussed a theory driven approach to 

develop interactive experiences, especially games, which evoke 
affective responses from users. In particular, we argue for the 
holistic nature of designing emotional experiences, and thus 
propose using the CAT as a psychological model of emotions. 
The CAT acknowledges that individual differences, situational 
context, past experiences, mindset, and sequence of stimuli jointly 
influence participants’ affect and behavior. Based on the model 
we developed a generalized, systematic process for designing 
game scenarios to evoke emotional experiences, and used it to 
develop our own research tool. We hope this novel approach 
facilitates a new perspective on theory-driven design and leads to 
interactive experiences with more varied and vivid emotions 
within. 
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ABSTRACT
Diversifying recommendations has shown to be a good means
to counteract on choice difficulties and overload, and is able
to positively influence subjective evaluations, such as sat-
isfaction and attractiveness. Personal characteristics (e.g.,
domain expertise, prior preference strength) have shown to
influence the desired level of diversity in a recommendation
list. However, only personal characteristics that are directly
related to the domain have been investigated so far. In this
work we take personality traits as a general user model and
show that specific traits are related to a preference for dif-
ferent levels of diversity (in terms of recommendation sat-
isfaction and attractiveness). Among 103 participants we
show that conscientiousness is related to a preference for a
higher degree of diversification, while agreeableness is re-
lated to a mid-level diversification of the recommendations.
Our results have implications on how to personalize recom-
mendation lists (i.e., the amount of diversity that should be
provided) depending on users’ personality.

CCS Concepts
•Human-centered computing → Human computer
interaction (HCI); User models; User studies;

Keywords
Diversity; Recommender Systems; User-Centric Evaluation;
Personality

1. INTRODUCTION
Providing users with a diversified list of recommendations

has shown to have positive effects on the user experience.

EMPIRE 2016, September 16, 2016, Boston, MA, USA.
Copyright held by the author(s).

With an abundance of choices available nowadays, providing
diversity in the recommendations can counteract on the neg-
ative psychological effects that users may experience, such
as choice overload and choice difficulties [26]. These negative
effects are caused by recommender systems, which are orig-
inally designed to output recommendations that are closest
to the user’s interest. The closer to the user’s interest, the
higher the accuracy of the recommender system algorithm,
but also results in recommendations that are often too sim-
ilar to each other (e.g., same level of attractiveness to the
user). This does not only increase the chance of choice over-
load and choice difficulties to the user, but also increases
the possibility of not covering the full spectrum of the user’s
interest [3].

Although prior research has shown that recommendation
diversity has positive effects on the user experience, differ-
ences between diversity needs of users have not been given
a lot of attention. Domain expertise and prior choice pref-
erences have shown to play a role in the amount of diversity
desired by the user [2, 6, 26]. Others have shown that diver-
sity needs can also be related to cultural dimensions [8, 14].
In this work we consider personality traits as an indicator
of satisfaction and attractiveness on differently diversified
music recommendation lists.

The use of personality as a general model for users has
gained increased interest. Several works revealed personality-
based relationships with users’ behavior, preferences, and
needs (e.g., [10, 15, 25]), how to implicitly acquire per-
sonality traits of users from social media trails (e.g., Face-
book [1, 4, 12, 20], Twitter [16, 21], and Instagram [11, 13,
24]), and how personality traits can be implemented into
a personalized system [7, 9]. With our work we contribute
to the personality research by providing more insights into
personality-related diversity needs. We found among 103
participants that the conscientiousness and agreeableness
personality traits play a role in the desired amount of di-
versity in a recommendation list. While conscientious par-
ticipants showed a higher degree of satisfaction and attrac-
tiveness with the more diversified recommendations, agree-
able participants were more satisfied and found the list more
attractive with medium amount of diversity in the recom-
mendations.
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2. RELATED WORK
The positive effects of recommendation list diversity has

been shown by several researchers. Bollen et al. [2] and
Willemsen et al. [26] investigated the influence of diversity
on movie recommendations and found that diversity has a
positive effect on the attractiveness of the recommendation
set, the difficulty to make a choice, and eventually on the
choice satisfaction. Besides the positive effects of diversifica-
tion, also personal characteristics play a role on the attrac-
tiveness of the diversified recommendation list (e.g., strength
of prior preference or domain expertise [2, 23]). Bollen et
al. [2] found that expertise in the domain showed a positive
effect on the item attractiveness.

The personal characteristics that have been identified so
far are domain specific to the kind of recommendations.
However, a more general personal characteristic may be present
that influences the subjective evaluations with the diversified
recommendations. Personality has shown to be an enduring
factor, which can relate to one’s taste, preference, and in-
terest (e.g., [5, 10, 25]). Chen et al. [5] and Wu et al. [27]
showed relationships with personality and preference for di-
versification based on different movie characteristics (e.g.,
genre, artist, director). Ferwerda et al. [10] showed that
music preferences can be related to the personality of the
listener, whereas Tkalcic et al. [25] found relationships be-
tween personality traits and the preference of being exposed
to certain amounts of multimedia meta-information.

In this work we investigate whether personality traits can
be considered a personal characteristic that influences the
subjective evaluations of diversified recommendation lists.
To this end, we rely on the widely used five-factor model
(FFM), which categorizes personality into five general di-
mensions: openness to experience, conscientiousness, ex-
traversion, agreeableness, and neuroticism [19].

3. DATA PREPARATION & PROCEDURES
We created differently diversified music recommendation

lists in order to investigate the influence of personality traits
on the subjective evaluation of the recommendation lists.
Since we created the recommendation lists off-line, we sep-
arated the study in two parts. In the first part participants
were recruited and their complete Last.fm listening history
was crawled in order to create the recommendation lists.
After the lists were created, participants from the first part
were invited for the second part where they were asked to
assess the diversified recommendation lists.

We recruited 254 participants through Amazon Mechan-
ical Turk for the first part of the study. Participation was
restricted to those located in the United States with a very
good reputation (≥95% HIT approval rate and ≥1000 HITs
approved) and a Last.fm account with at least 25 listening
events. Furthermore, they were asked to fill in the 44-item
Big Five Inventory personality questionnaire [19] to measure
the FFM. Control questions were asked to filter out fake and
careless contributions. A compensation of $1 was provided.
We crawled the complete listening history of each partici-
pant and aggregated the listening events to represent artist
and playcount (i.e., number of times listened to an artist).

In order to prepare the music recommendation lists for
each participant, we complemented our data with the LFM-
1b dataset [22]. 1 This dataset consists of the complete lis-

1Available at http://www.cp.jku.at/datasets/LFM-1b/

tening histories of 120,322 Last.fm users from different coun-
tries. Since our participants were all located in the United
States, we only used the United State users of the LFM-1b
dataset to complement our dataset. This resulted in 10,255
additional users, which we also aggregated into artist and
playcount for each user. The final dataset consists of user,
artist, and artist playcount triplets with a total of 387,037
unique artists for the creation of the recommendation lists.

We used the weighted matrix factorization algorithm of [18]
on our final dataset to calculate the recommended items.
This algorithm is specifically designed to deal with datasets
consisting of implicit feedback (e.g., artist playcounts). We
optimized the factorization hyper-parameters by conduct-
ing grid-search and picking the setting that yielded the best
5-fold cross-validated mean percentile rank. Specifically, us-
ing 20 factors, confidence scaling factor α=40, regularization
weight λ=1000 and 10 iterations of alternating least squares,
we achieved the best 5-fold cross-validated mean percentile
rank of 1.78%. 2 Afterwards we factorized the whole user-
artist triplets using this set of hyper-parameters.

The recommended items were diversified as was done in [26]
by using the method of [28]. By using the latent features
as the basis of diversification instead of additional metadata
like genre information (as is done in content-based recom-
mender systems) guarantees that diversity is manipulated in
line with user preferences. Previous research demonstrated
that this way of diversifying recommendations is perceived
accordingly by users [26].

A greedy selection to optimize the intra-list similarity [3]
was run on the top 200 recommended artists (i.e., the 200
artists with highest predicted relevance) to maximize the
distances between item vectors in the matrix factorization
space. This algorithm starts with a recommendation set
consisting of the artist with highest predicted relevance. In
an iterative fashion items are added to the recommendation
set until it contains 10 items.

In each step of the iteration, for each candidate item i the
sum of all distances from its item vector to each item vec-

tor in the recommendation set is calculated: ci =
z∑

j=1

d(i, j),

where z is the number of items in the recommendation set
and d(i, j) is the Euclidean distance between two item vec-
tors i and j). All candidate items are ranked based on de-
creasing value of ci (Pci) and on predicted relevance (Pri).
A weighting factor β is introduced to balance the trade-off
between predicted relevance and diversity. For each candi-
date item the combined rank is calculated following w∗

i =
β ∗ Pci + (1− β) ∗Pri . The item with the highest combined
rank is added to the recommendation set and the next step
is taken until 10 items are selected.
β was manipulated to achieve different levels of diversifi-

cation. In the described implementation β=1 corresponds to
maximum diversity, β=0 corresponds to maximum predicted
relevance. We compared recommendation lists for different
values of β in terms of the sum of distances between the
latent features scores of items in the recommendation set
and their average range. The list for β=0.4 showed to fall
halfway between maximum relevance and maximum diver-
sity. Thus, the final β levels for diversification were set at
β=0 (low), β=0.4 (medium), and β=1 (high).

After the recommendation lists were created, emails were

2See [18] for details on the hyper-parameters and the defi-
nition of the mean percentile rank metric.
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sent out to all participants to invite them for the second part
of the study. We created a login screen so that we could
retrieve the personalized recommendation lists for each par-
ticipant. After the log in, the participant was sequentially
presented with a recommendation list for three times, with
each time a different level of diversity (i.e., low, medium, or
high). The order of presentation was randomized. Each rec-
ommended artist was enriched with metadata from Last.fm
(i.e., picture, genre, Top-10 songs with the number of listen-
ers and playcounts), which was shown when hovered over the
name in the list. Additionally, example songs were provided
by clicking on the artist name (new browser screen linked
to the artist’s YouTube page). Participants were asked to
answer questions about perceived diversity, recommenda-
tion satisfaction, and recommendation attractiveness 3 be-
fore moving on to the next list. These questions needed to
be answered for each of the three lists.

After the participant assessed all three recommendation
lists, we performed a manipulation check by placing the
three lists next to each other (randomly ordered) and asked
the participant to rank order the lists by diversity.

There were 103 participants who returned for the second
part of the study. We included several control questions to
filter out careless contributions, which left us with 100 par-
ticipants for the analyses. Age: 18-65 (median 28), gender:
54 male, 46 female, and were compensated with $2.

4. RESULTS

4.1 Manipulation Check
A Wilcoxon signed-rank test was used to test the per-

ceived diversity levels of the recommendation lists. Results
show an increase of perceived diversity by comparing the low
diversity (M=1.28) against the medium (M=2.05, r=.60,
Z=10.370, p<.001) and high condition (M=2.65, r=.80,
Z=13.784, p<.001). A significant diversity increase was also
found between medium and high (r=.45, Z=7.711, p<.001).

4.2 Measures
Items in the questionnaire were assessed using a confir-

matory factor analysis (CFA) with repeated ordinal depen-
dent variables and a weighted least squares estimator to de-
termine whether the questions convey the predicted con-
structs. After deleting questions with high cross-loadings
and low commonalities, the model consisting of three con-
structs showed a good fit: χ2(32)=108.6, p<.001, CFI=.99,
TLI=.98, RMSEA=.06. 4 The constructs with their items
are shown below (5-point Likert scale; Disagree strongly-
Agree strongly). The Cronbach’s alpha (α) and the average
variance extracted (AVE) of each construct showed good
values (i.e., α>.8, AVE>.5), indicating convergent validity.
Also, the square root of the AVE for each construct is higher
than any of the factor loadings (FL) of the respective con-
struct, which indicates good discriminant validity.

Perceived Diversity (AVE=.723, α=.887):
• The list of artists was varied. (FL=.858)

3Questions measuring perceived diversity and recommenda-
tion attractiveness were adapted from [26].
4Cutoff values for a good model fit are proposed to be:
CFI>.96, TLI>.95, and RSMEA<.05 [17].

• Many of the artists in the lists differed from other artists
in the list. (FL=.837)
• The artists differed a lot from each other on different as-

pects. (FL=.855)

Recommendation Satisfaction (AVE=.821, α=.932):
• I am satisfied with the list of recommended artists.

(FL=.927)
• In most ways the recommended artists were close to ideal.

(FL=.905)
• The list of artist recommendations meet my exact needs.

(FL=.885)

Recommendation Attractiveness (AVE=.771, α=.931):
• I would give the recommended artists a high rating.

(FL=.874)
• The list of artists showed too many bad items.

(FL=-.830)
• The list of artists was attractive. (FL=.914)
• The list of recommendations matched my preferences.

(FL=.893)

4.3 Analysis
We used a repeated measures ANOVA in order to inves-

tigate the influence of personality traits on the subjective
evaluations of the diversified music recommendation lists.
Below the results of personality traits on the different subjec-
tive evaluations are provided. The effects between diversity
levels are all compared against the low diversity condition.

4.3.1 Personality on Perceived Diversity
Results show that Mauchly’s test is not violated (χ2(2)=

.115, p=.944), so sphericity can be assumed, and there-
fore, no correction is needed. The results show that there
are no significant main effects of the different personality
traits on perceived diversity. However, a general difference
in perceived diversity can be assumed (F (2, 22)=51.029,
p<.001). Exploring the differences between the levels of di-
versified recommendation lists show that there is an increase
in perceived diversity when comparing the low diversified list
against the medium (F (1, 11)=11.596, p<.001) and the high
diversified lists (F (1, 11)=31.191, p< .001). This confirms
once more that our diversification was effective and was per-
ceived as such by the participants.

4.3.2 Personality on Recommendation Satisfaction
Mauchly’s test shows that sphericity is not violated (χ2(2)=

1.830, p=.401), and therefore no correction is needed. As-
sessing the effect of the different personality traits on the rec-
ommendation satisfaction, the following personality traits
show a main effect: conscientiousness (F (4, 22)=2.454, p<.05)
and agreeableness (F (4, 22)=3.886, p<.05). Additional anal-
yses by looking at the levels between the diversity levels
(i.e., low, medium, and high diversification) show that con-
scientious participants are increasingly satisfied when pro-
vided a higher degree of diversity: medium diversity (F (2,
11)=3.994, p<.05) and high diversity (F (2, 11)=4.036, p<.05).
However, the satisfaction differences for agreeable partici-
pants show a higher satisfaction for the medium diversifica-
tion (F (2, 11)=9.660, p<.05) than for the high diversifica-
tion (F (2, 11)=4.036, p<.05).
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4.3.3 Personality on Recommendation Attractiveness
Assessing Mauchly’s test shows that there is no violat-

ing of sphericity (χ2(2)= 1.860 p=.395). Also here, results
show main effects for the conscientiousness (F (4, 22)=3.157,
p<.05) and agreeableness (F (4, 22)=3.469, p<.05) person-
ality traits. By looking at the differences between the levels
of diversification, we found similar patterns as with satis-
faction. Results show that conscientious participants were
increasingly more attracted to more diversified recommen-
dation lists: medium (F (2, 11)=2.955, p<.05), high (F (2,
11)=7.866, p<.05). Participants scoring high on the agree-
ableness personality traits show to be more attracted to the
medium (F (2, 11)=5.933, p<.05) diversified list than to the
high (F (2, 11)=5.314, p<.05) diversified list.

5. CONCLUSION & DISCUSSION
Our results show that certain personality traits (i.e., con-

scientiousness and agreeableness) are related to the subjec-
tive evaluations of diversified recommendation lists. We
found that conscientious people judged a higher degree of
diversity more attractive and were more satisfied with it,
whereas agreeable people showed to have more interest (i.e.,
list attractiveness and satisfaction) in a medium degree of
diversity.

The relationships that we found can be used in personality-
based systems as proposed in [7]. With the increased con-
nectedness of applications, such as recommender systems,
with social networking sites, users’ personality can be ac-
quired without the need of behavioral data in the applica-
tion (e.g., via Facebook [1, 4, 12, 20], Twitter [16, 21], or
Instagram [11, 13, 24]). By identifying relationships with
users’ personality traits, such as in this work, cross-domain
inferences about users’ preferences and needs can be made
and implemented to provide a personalized experience to
users.
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ABSTRACT 
The field of computational intelligence has enjoyed much success 
in developing a variety of algorithms that emulate human 
cognition.  However, a framework to tie these algorithms together 
in a coherent manner to create a machines that possess the full 
spectrum of human-like personalities is still needed. To date, 
research on artificial personality synthesis has focused on using 
the Big Five model from the field of personality psychology. The 
overlooked Achilles heel of Big Five (BF) is that it is purely data-
driven model, and thus offers only marginal guidance on how a 
machine with a personality might actually be created. In this work 
an alternative computational personality framework is presented 
based on the work of Carl Jung. There are two key insights that 
suggest a Jungian type-based framework is suitable for 
synthesizing an artificial personality. First, the cognitive functions 
which form the building blocks of the Jungian personality model 
can be mapped to classes of algorithms used to emulate cognition. 
Second, the Jungian framework suggests that at any given time 
humans are only using one of the cognitive functions. This 
suggests that a human personality could be emulated using a state 
machine with each state implemented using the appropriate class 
of algorithms. 

CCS Concepts 
• Human-centered computing➝Interaction design theory, 
concepts and paradigms 

Keywords 
artificial personality synthesis; Carl Jung; affective computing.  

 

1. INTRODUCTION 
The advent of ubiquitous computing has increased interest in 

techniques for endowing a machine with a human-like 
personality. Vinciarelli [1] provides an overview of personality 
computing research which shows that since 2006 a marked 
increase in research papers with the word “personality,” included 
in the title. Vinciarelli makes one particularly interesting 
statement with regards to the nature of the work that has been 
undertaken thus far, “Trait based models are widely accepted in 
the computing community as well. All of the works surveyed in 

this article adopt personality traits (the BF in 76 cases out of 81) 
and, to the best of our knowledge, no other theories were ever 
adopted in computing oriented research. On one hand, this barely 
reflects the dominant position of trait based models in personality 
psychology. On the other hand, trait-based models represent 
personality in terms of numerical values, a form particularly 
suitable for computer processing. [1].” This statement raises an 
interesting question. Why has computational personality research 
thus far restricted itself to exploring trait-based models of 
personality? Vinciarelli points out a number of competing 
personality models including: psychoanalytic, cognitive, and 
behaviorist and biological. Arguably, personality models such as 
the biological model may currently not be adequately understood 
to be implemented on a computer, and as Vinciarelli points out, 
the numerical nature of trait-based models may be amenable to 
computer implementation to a degree. However, the nature of the 
Jungian type-based model also lends itself to implementation on a 
computer, but to the best knowledge of the author has not been 
explored to date. This work will outline how Jungian 
psychological type theory can be used as guidance to synthesize 
an artificial personality. 

This Jungian type-based framework possesses a number of 
attractive properties. First, a very large fraction of algorithms 
emulating cognitive processes can be utilized by the framework in 
a coherent manner. Second, the framework can arguably 
synthesize the full spectrum of human personalities. Third, 
Jungian-based personality theory is very popular among 
laypeople. Modern personality psychologists might argue that this 
is due to the cognitive bias known as the Barnum effect. From a 
Turing test perspective however this is irrelevant, and perhaps 
even an advantage because it would facilitate the illusion of a 
machine having a human-like personality For practical 
applications all that really matters is that the machine can 
convince a human that it has a personality. 

2. THE JUNGIAN PERSONALITY TYPE 
MODEL 
Carl Jung is probably most popularly known for introducing 
the concept of the “introvert,” and “extrovert.” Jung detailed 
his theory of psychological types in 1921 [2], [3]. Jung’s 
model for personality is based on the idea of “cognitive 
functions.” Jung identified two fundamentally different kinds 
of cognitive functions known as “perception,” and 
“judgement. [4]” Perception describes how a person takes in 
information, and judgment pertains to decision-making. Jung 
then broke these classes down further. Jung asserted that 
perception came in two main forms: “sensation” and 
“intuition.” Sensation is focused on physical reality:. It tends 
to focus on the present and past. Intuition is primarily focused 
on finding meaning, patterns, or possibilities in information. 

 
 
 
 
 
 
EMPIRE 2016, September 16, 2016, Boston, MA, USA. 
Copyright held by the author(s). 

48



The tendency is to focus more on the future [5]. Likewise, 
Jung identified two forms of judgement which he referred to 
as “thinking,” and “feeling.” Thinking refers to decision-
making processes that focus more on the application of basic 
truths/principles. It tends to impersonal in the sense that it 
resists allowing personal value judgements, or the value 
judgements of others influence decision making. Conversely, 
“Feeling,” puts significant weight on values. These values can 
be either personal or shared by a community. It tends to prefer 
decisions that will result in harmony [6]. Jung then further 
refined his cognitive functions by asserting that each of the 
four functions has an introverted and extroverted orientation. 
An introverted orientation implies a tendency towards a 
person’s interior world of thoughts, ideas, feelings and 
memories. An extroverted orientation focuses on people or 
experiences external to the self [4]. Jung’s clinical 
observations and reflection ultimately resulted in a total of 8 
cognitive functions. For completeness the eight cognitive 
functions are: 
 
 Extroverted Thinking (Te) 
 Introverted Thinking (Ti) 

Extroverted Feeling (Fe) 
Introverted Feeling (Fi) 
Extroverted Sensing (Se) 
Introverted Sensing  (Si) 
Extroverted Intuition (Ne) 
Introverted Intuition (Ni) 

 
For the sake of brevity, a full description of Carl Jung’s 8 
cognitive functions will not be provided in this document. 
Since Jung initially introduced the concept of cognitive 
functions, the language used to describe them has evolved as 
has an understanding of their nature. For the purpose of this 
work, the cognitive function descriptions provided in [4] will 
be used throughout this work. 
 
In 1923, Katherine Briggs and her daughter Isabel Briggs 
Meyers were exposed to the newly available English 
translation of “Psychological Types” [7], [8] At the time 
Katherine was in the process of developing her own 
personality theory motivated partially by a desire to 
understand the personality of her son-in-law. Upon reading 
Jung’s work they came to the conclusion that Jung’s theory 
was superior to their own and so decided to adopt and refine 
the Jungian model. Over the next 20 years the mother-
daughter team obsessively observed and documented human 
nature with regards to type. They eventually created a 
variation on Jung’s system with an associated sorting 
instrument known as the Myers-Briggs Type Indicator 
(MBTI). 
 
The evolution of Jung’s psychological type proposed by 
Myers and Briggs had a few important characteristics that are 
worth mentioning. First, Myers and Briggs observed that all 
people used all of the cognitive functions. The dissimilarity 
between different types of people was the preference with 
which they used the cognitive functions. In this model each 
person uses the cognitive functions in a hierarchical manner 
with a dominant cognitive function, followed by an auxiliary, 
tertiary and inferior cognitive functions. Classically, Meyer & 
Briggs focused on the first four cognitive functions. 
Furthermore, Myers & Briggs introduced very specific 
constraints on the hierarchical order the cognitive functions 

were allowed to assume. One of the constraints Meyers & 
Briggs introduced was that the hierarchy of cognitive 
functions had to alternate between introverted and extroverted 
orientations. It is worth noting that the writing of Carl Jung 
can be interpreted to indicate a different scheme for ordering 
the cognitive functions, and competing ordering systems are 
in existence. For the sake of clarity, the author tends to prefer 
the ordering system outlined in [4]. However, with regards to 
artificial personality synthesis, the framework outlined in this 
work is flexible enough to be adapted to any desired cognitive 
function ordering scheme. 
 
Ultimately, based on their imposed constraints on cognitive 
function order, Meyers & Briggs identified 16 unique 
personality types. These personality types were given four-
letter labels. The first letter is either E or I to indicate an 
introverted or extraverted orientation of the dominant 
cognitive function. The second letter is either S or N to 
indicate the dominant perception preference of sensation or 
intuition respectively, the third label is T or F to indicate the 
preferred judging cognitive function of either thinking or 
feeling, and the last letter is either J or P to indicate whether 
or not the preferred perception function has an introverted 
orientation (J) or an extroverted orientation (P). An example 
of a personality label from the use of this model would be 
ENTJ. This would indicate a personality who’s dominant 
function is extroverted thinking with introverted intuition as 
the auxiliary perceiving function. The constraints imposed by 
Meyers & Briggs on the cognitive function order would then 
further specify that the tertiary function is extroverted sensing 
and the inferior function is introverted feeling. 
 
There is a very widely held misconception that each of the 
four letters indicates a dimension of personality, like that 
found in the Big-5 model.  It cannot be stressed enough that 
the four letters used to provide a personality label are in no 
way representative of dimensions. It is more appropriate the 
think of each grouping of four letters as a label. The Jungian 
model is not based on the concept of dimensions in any way. 
It is based on the concept of cognitive functions and the 
hierarchical preference with which people with different types 
of personality use them. Another common misconception is 
that the Jungian/Meyers & Briggs model implies a binary 
distinction between -for instance- thinkers and feelers, or 
judgers and perceivers. The common criticism is that the 
model implies that a person solely uses only one class of 
cognitive function or the other. For example, that a person is 
either a thinker or a feeler. Once again this is not how the 
theory works. The theory indicates that all people have access 
to use all the cognitive functions. It is just that people have 
different orders of preference for different functions. 
Alternatively, Berens and Nardi [4] explain the preference in 
terms of energy expenditure. They describe the use of a given 
cognitive function as requiring the expenditure of more or 
less energy depending on a person’s personality type. 
Thinking of cognitive function use in terms of energy usage is 
a very convenient way to guide the selection of cognitive 
function to use in a given situation because it interfaces well 
with computational thinking on cost functions in optimization 
as well as with results in psychology that suggest that self-
regulation relies on glucose/energy levels [9].  
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Extroverted 
Feeling (Fe) 

The desire to 
connect/disconn
ect with others. 
Causes response 
to expressed or 
unexpressed 
needs of others. 
Takes on the 
feelings of 
others – 
Empathy 

 Use own 
embodiment as 
analog computation 
based on perception 
of external affect 

 Artificial Neural 
Networks 

 Resources allocated 
weighted towards 
communications/col
laboration with 
other agents 
(human, machine 
and otherwise) 

 State of health 
evaluation of other 
agents  

 Cost functions for 
optimization 
designed in such a 
way that rewards 
associated with 
group success 
outweigh individual 
rewards associated 
with individual 
success 

 Analysis of how 
actions will affect 
group well-being 

 

Introverted 
Feelings 

(Fi) 

A filter for 
information that 
matches what is 
valued, wanted, 
or worth 
believing in. 
Continual 
assessment of a 
given situations 
with respect to 
individual 
values. 

 Artificial Neural 
Networks 

 Techniques for state 
of health monitoring 
of self.   

 Cost functions for 
optimization 
designed in such a 
way that individual 
rewards for 
individual success 
outweigh group 
rewards associated 
with group success 

 Analysis of how 
actions will affect 
individual well-
being 

Extroverted 
Sensing 

(Se) 

Use of the 
concrete senses 
to become aware 
of the physical 
world in detail. 
An impulse to 
act on 
information in 
order to get 
immediate 
results. Active 
seeking of 
information until 
sources of input 
are exhausted or 
attention is 
captured by 

 Active learning 
 Active SLAM 
 Online Learning 
 Search based on 

maximum 
information gain  

 PID control 

alternative 
subject.

Introverted 
Sensing (Si) 

Storing 
experiences and 
information and 
comparing/contr
asting the 
current situation 
with similar 
prior 
experiences.  
The 
similarities/diffe
rences are 
registered as 
important input. 

 Supervised learning 
 Support Vector 

Machine 
Classification  

 Matched filtering 
 Narrowband 

filtering 
 Autocorrelation 
 Cross correlation 

 

Extraverted 
Intuition 

(Ne) 

Cross-
contextual, 
divergent 
thinking.  
Generates and 
explores a host 
of possible 
interpretations 
from a single 
idea.  The ability 
to entertain a 
variety of 
disparate ideas, 
beliefs and 
meanings 
simultaneously 
while 
maintaining the 
possibility that 
they are all true.  
Seeing things 
“as if.”

 Search Engines 
(web) 

 Compressive 
Sampling 

 Random Walk 
 Genetic Algorithms 

 

Introverted 
Intuition 

(Ni) 

Lays out how 
the future might 
unfold based on 
unseen trends 
and signs.  Can 
involve working 
out complex 
concepts or 
systems of 
thinking or 
conceiving of 
symbolic or 
novel ways to 
understand 
things that are 
universal.  

 Simulation/Predicti
on 

 Design of 
Experiment 

 Autocomplete 
 System ID 
 Interpolation/Extrap

olation 
 Bayesian Inference 

 
The introverted and extroverted feeling judging functions 
merit additional discussion. The feeling judging functions are 
often associated with emotional response. The author 
currently likes to think of emotional decision-making in 
general to be similar to an artificial neural network in the 
sense that an artificial neural network can often take many 
complicated inputs and learn relationships between the inputs 
that can be used to quickly make decisions, however it is not 
always clear how exactly those decisions are made. The 
author also prefers to think of the emotional cognitive 
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functions as being partially the results of an embodied 
intelligence. Feeling judgements can be thought of as using 
the body as an analog computer to perform simulations and 
make decisions. Work by Nummenmaa [10] on mapping the 
sensation of emotions felt in the human body lends some 
support for this perspective. 
 
As an example of the application of the framework, a machine 
endowed with an ENTJ personality using the Markov chain in 
Figure 1, we might employ the A* algorithm to perform the 
dominant extroverted thinking (Te) cognitive function to form 
a plan to move through an environment. After the plans are 
generated they might be analyzed in the introverted intuition 
(Ni) state using an appropriate simulation that corresponds to 
the environment and task of interest.  If the simulation 
verifies that the plan is acceptable the plan may be executed 
by the extroverted Sensing function. In many cases the 
machine may totally ignore the introverted feeling state and 
proceed directly to execution, but when it does go into the 
introverted feeling state it may use a neural network trained to 
look out for the machine’s own well-being to decide whether 
or not to actually execute the task based on whether or not the 
machine “feels,” it will advance the machine’s self-interests. 
 
It is also worth noting that creating the ability to endow 
robots with personalities may also have application in human 
machine teaming applications. Much as diversity in teams of 
humans tends to lead to better results [4], endowing teams of 
robots with different personalities may also lead to more 
robust robotic teaming. For example, a team consisting of 
humans could be augmented with machines endowed with 
personalities different from the existing team members in 
order to enhance the overall team diversity.  Teams consisting 
only of robots could be designed in such a way that individual 
team members are endowed with complimentary 
personalities, thus enhancing the overall robustness and 
performance of the machine team.   

4. ADDRESSING SOME CONCERNS 
WITH THE JUNGIAN MODEL 
Since the MBTI was developed more than 10,000 companies, 
2500 colleges/universities and 200 U.S. government agencies 
have used the test [11]. It is estimated that more the 50 
million people have used the instrument since 1962. Jungian 
personality theory has had a great influence on corporate 
America as well as popular culture. For instance, Carl Jung 
popularized the terms introvert and extrovert. Despite the 
popularity of Jungian personality theory in industry and 
among laypeople, academia tends to discount it. One common 
criticism against the MBTI is that it lacks test-retest 
reliability [12]. The current perspective of the author is that 
this criticism is probably valid. At this time the instrument 
itself appears to have problems. The reason for the lack of 
reliability with the current instruments may be that the 
instrument is based on the analysis of a self-report inventory. 
This type of instrument may be suitable if a Cartesian model 
of personality is used, but the Jungian model is better 
described as a dynamic system. Ultimately enhanced versions 
of projective tests such as those suggested by Ottley [13], and 
Brown’s [14] work may be better able to characterize human 
personality. Another common criticism is that some Jungian 
advocates made the claim that MBTI score distributions 
assumed bimodal distributions, thus lending support to the 
misunderstanding of Jungian theory that people fell into one 

of two groups with respect to each letter in the Meyers-Briggs 
labels. Some research suggests this bimodal distribution was 
an artifact of the analysis techniques used [15]. The problem 
with the original argument was that it was not necessarily 
respecting the Jungian model as a dynamic system and was 
making the assumption that the Jungian model could be 
represented with a four dimensional Cartesian coordinate 
system.  It is not clear what type of distribution a personality 
consisting of cognitive functions as building blocks should 
generate when evaluated using a self-report inventory.  A 
central limit theorem argument could be made to suggest it 
come out as a Gaussian, but to really make a definitive 
statement a more rigorous analysis should be undertaken. 
Ultimately when synthesizing an artificial personality, the 
most important criteria for most applications is that the 
personality be convincing to humans. As long as the machine 
can pass a Turing-like test it is probably an acceptable 
solution. The fact that the Jungian model is so widely popular 
suggests that it may have a low barrier to acceptance among 
the majority of the population. 
 

5. JUSTIFICATION FROM A 
NEUROSCIENCE PERSPECTIVE 
A number of interesting results have come out of the 
psychology and neuroscience communities that lends some 
support for the idea of using the Jungian type model as 
outlined in this work.  The idea that humans can effectively 
only use one cognitive function at a time gains support from 
the results of Watson [16] that suggest 98% of humans are 
incapable of multitasking. Jack’s analysis of fMRI 
measurements of the human brain suggested that there are 
physiological constraints on our ability to simultaneously 
engage two distinct cognitive modes. In this case they found 
humans could not attend to tasks that require social cognition 
and physical reasoning simultaneously [17]. Grondin (2015) 
[18] found neuroanatomical differences between Agentic 
(achievement-oriented) and Affiliative (sociable) extroverts. 
From a Jungian perspective the concept of an agentic 
extroverts corresponds very well with personality types with a 
dominant extroverted thinking preference (ENTJ, ESTJ) and 
affiliative extroverts correspond strongly with personality 
types with a dominant extroverted feeling preference (ENFJ, 
ESFJ). 

6. CONCLUSIONS 
Personality from a Jungian perspective can be thought of as a 
zero sum game. Humans only have limited cognitive 
resources, and our personality is based on how we tend to 
choose to use those resources.  This proposed framework is 
particularly attractive because it uses established algorithms 
as building blocks for personality.  Because the building 
blocks are algorithms, and in some cases learning algorithms, 
the machine is ultimately able to learn and adapt to 
experiences.  The personality framework provides a genotype 
so to speak but the ultimate phenotype of the machine 
depends on the experiences it encounters throughout its span 
of existence.  This framework allows for great diversity in 
resulting perceived personality phenotype.   

An interesting implication of the Jungian type-based 
personality framework is that it might help in the 
development of robust, high-performance human-machine 
teams consisting of members with diverse personalities. 
Observations on the personality diversity of teams and their 
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performance suggest that teams consisting of members with 
diverse personalities tend to perform better [19]. A team 
consisting of humans could be augmented by machines 
endowed with personalities that enhance the team’s overall 
personality diversity. Alternatively, teams consisting solely of 
machines could consist of members who provide each other 
with different perspectives of the world they are interacting 
with. 

Experience has shown that data science problems often benefit 
from the use of a combination of many heterogeneous models. 
The Netflix prize provides a good example of showing the 
advantages associated with simply combining different 
approaches [20]. However contemporary computational 
personality research is dangerously homogeneous in the sense that 
all computational personality research is currently using a trait-
based paradigm [1]. The field would benefit from competing 
models and approaches. Furthermore, from an engineering/Turing 
test perspective it really does not matter whether or not the 
approach used to generate an artificial personality accurately 
models what is occurring in the human mind. It is only necessary 
to convince the person interacting with it that it is a human-like 
personality. In fact, the widespread popularity of Meyer’s Briggs 
in business settings and with the general public suggests that an 
artificial personality based on the Jungian model may perform 
well with respect to convincing other people of the machine’s 
personality. 

Artificial personality synthesis is at a similar point in 
development as the airplane was at the time of the Wright 
Brothers. You do not need to understand how a bird flies in 
order to build a transatlantic aircraft, and you do not need to 
understand how the human mind works in order to build a 
machine that has a recognizable personality. Finally, it is 
interesting to note that while the Jungian perspective on 
artificial personality synthesis presented here is very different 
from the mainstream views on the topic that center on the use 
of Big-5 theory, this paradigm is not any more controversial 
than the Freudian paradigm advocated for by Marvin Minsky 
[21]. The Jungian paradigm presented in this work is worth 
consideration in future artificial personality synthesis. It is 
attractive in the sense that it can leverage a variety of existing 
algorithms to implement the personality. It also has the 
property that an artificial personality made with this 
framework should exhibit the full range of human personality 
as described by Jung. 
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ABSTRACT
This article describes a preliminary study on considering in-
formation about the target user’s personality in music rec-
ommender systems (MRSs). For this purpose, we devised
and implemented four MRSs and evaluated them on a sam-
ple of real users and real-world datasets. Experimental re-
sults show that MRSs that rely on purely users’ personal-
ity information are able to provide performance comparable
with those of a state-of-the-art MRS, even better in terms
of the diversity of the suggested items.

Keywords
Personality; music recommendation; evaluation

1. INTRODUCTION
Music plays an important role in entertainment and leisure

of human beings. With the advent of Web 2.0, a huge
amount of music content has been made available to millions
of people around the world. This has provided new oppor-
tunities for researchers working on music information with
the aim of creating new services that support navigation,
discovery, sharing, and the development of online communi-
ties among users. Music recommender systems (MRSs) aim
to predict what people like to listen to. A recent research
field in music recommendation explores the possibility of
harnessing information on the target user’s personality in
the recommendation process.

The goal of the research work described in this paper is
to assess the potential benefits of such integration. To this
end, we implemented and compared with each other different
MRSs, three of them based on users’ personality inferred
from explicit and implicit feedbacks, and one that does not
consider users’ personality.

2. RELATED WORK
In the research literature, there exist several works that

EMPIRE 2016, September 16, 2016, Boston, MA, USA.
Copyright held by the author(s).

reveal how information about a user’s personality can help
infer her music preferences and contribute to a more accu-
rate recommendation process [31]. Therefore, several note-
worthy MRSs considering the active user’s personality have
been proposed. Among others, Ferwerda and Schedl [12]
propose an approach where users’ personality and emotional
states are implicitly extracted by analyzing their microblogs
on Twitter. The authors make use of the extraction tech-
niques described by Golbeck [14] and Quercia et al. [30],
also trying to combine them for better predictions. Hu and
Pu [18] compare a personality test-based MRS with a classic
rating-based one. The authors point out that users are more
inclined to results returned from the former. According to
Hu and Pu, the active user perceives less effort and less
time to use the personality test-based MRS. They further
claim that users show a strong intention to use such MRS
again and an unexpected surprise in its results, as they feel
that the personality-based approach is able to reveal their
hidden preferences, thereby improving the recommendation
process. Also Tkalc̆ic̆ et al. [34] show that recommenders
based on Big Five data can outperform rating-based recom-
menders. In [19], Hu and Pu consider again their previous
results, exploring the use of personality tests for creating
psychological profiles of user’s friends as well. They enable
the MRS to generate recommendations for users and their
friends too. They also suggest that personality-based MRSs
are preferred by no music connoisseurs, which do not know
their music preferences in depth.

3. PERSONALITY
Generally speaking, an individual’s personality can be de-

fined as a combination of characteristics and qualities that
make up the way she thinks, feels, and behaves in different
situations [33]. Personality and emotions shape our every-
day life, having a strong influence on our tastes [32], deci-
sions [29], purchases [6], and general behavior [7]. It has
been shown that people with similar personalities turn out
to have similar preferences [8]. However, giving a more rigor-
ous definition of personality can be challenging, so different
theories have been formulated to specifically make easier the
comprehension of self and others [9]. Each of these theories
differently addresses the problem of representing and charac-
terizing the human personality. We are interested in theories
that would allow us to differentiate people from each other
through measurable traits. The subject of the psychology
of personality traits is the study of the psychological differ-
ences between individuals and relies on empirical research.
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Initially, it was studied and defined by Gordon W.Allport [1,
2], which specified 17953 specific traits to describe an indi-
vidual’s personality. Then, particular effort was devoted to
the attempt of limiting the number of traits that would oth-
erwise be unmanageable. This led to the definition of the
well-known Big Five Model [11]. After several revisions, the
Big Five factors were finally labeled as follows [24]:

• Extraversion;

• Agreeableness;

• Conscientiousness;

• Neuroticism;

• Openness (to experience).

In spite of several criticisms (e.g., [21]), such model is widely
adopted in various fields, ranging from Medicine to Business.
From the computer science point of view, personality traits
include a set of human characteristics that can be modeled
and implemented, for example, in personalized services. Pre-
diction of personality traits can be accomplished explicitly
(e.g., by administering personality tests), or implicitly (e.g.,
by monitoring the user’s behavior).

3.1 Explicit Acquisition
Nowadays, questionnaires are the most popular method

for extracting an individual’s personality. They consist of
a more or less large number of different questions, which
are directly related to the granularity of the traits to be de-
termined. Nunes et al. [28] show that the number of items
influences the accuracy of measurements of traits. As ex-
pected, the higher the number of items, the more accurate
the traits extracted. In particular, personality tests based on
the Big Five Model are numerous and varied. A reasonable
trade-off between accuracy and ease of use is represented
by the Big Five Inventory (BFI) [4]. The 44-item BFI has
been developed to create a brief questionnaire for efficient
and flexible inference of the five factors, without the need to
define more individual facets [21].

3.2 Implicit Acquisition
An individual’s online behavior has long been the subject

of many studies in the social sciences [3, 7, 25]. Results in
cognitive psychology show that the general factors of per-
sonality can predict the aspects of the Internet use [25]. In
fact, personality traits can be reflected in users’ actions and
ways of surfing the Web [3, 10, 27]. There are also studies
that investigate the possibility of inferring the user’s person-
ality by user-generated content on social networks such as
Facebook and Twitter. For instance, Gao et al. derive users’
personality traits from their microblogs [13]. Golbeck et al.
identify users’ personality traits by analyzing their Facebook
profiles, including peculiarities of language, business, and
personal information [15]. Moreover, Golbeck et al. [14] and
Quercia et al. [30] predict users’ personality from Twitter,
by examining their tweet content and observing their char-
acteristics (e.g., popularity, influential users, etc.). Kosinski
et al. [23] show that likes on Facebook can be used to auto-
matically and accurately predict a set of personal attributes,
including personality traits. For instance, the accuracy of
prediction of the Openness factor is similar to the accuracy
that can be obtained through a classic personality test, with

the advantage of not having to force the user to answer a
significant number of questions. Along this direction, the au-
thors developed the Apply Magic Sauce (AMS)1 that allows
for the prediction of users’ personality from the analysis of
their activities on Facebook. Such application, developed at
the University of Cambridge Psychometrics Centre, relies on
over six million social media profiles and determines person-
ality traits through psychometric evaluations, as described
in [23]. The model is based on the dataset of myPersonality
project 2.

4. USER STUDY
In this section, we describe the dataset, the setup, and the

results of the experimental evaluation.

4.1 Dataset
The experimental tests were performed on the Last.fm 3

music listening data kindly provided by the researchers of
myPersonality project [22] and Liam McNamara [26]. From
this data, we extracted 1,875 Last.fm users with related
information about personality tests and listening histories.
The user’s preferences were inferred from the playcount at-
tribute, which denotes how many times the user listened to
that particular song. The final value is obtained by normal-
izing it between 1 and 5.

4.2 Users
The users who took part in the experimental trials were

65, all of them with an active Facebook account. Their
characteristics in terms of gender, age, occupation, and ed-
ucation are illustrated in Tables 1, 2, 3, 4, respectively.

Table 1: Gender
Female Male

27 38

Table 2: Age
0-18 19-24 25-29 30-35 36-45 46-55 56-65

2 25 26 2 5 4 1

Table 3: Occupation
None Student Employee Professional Housewife

6 35 21 2 1

Table 4: Education
Primary Secondary Bachelor Master PhD

6 29 18 10 2

1http://applymagicsauce.com/
2www.mypersonality.org
3http://www.last.fm/
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4.3 Setup
For presenting the user with the suggested playlists we

designed a simple interface that allows for a quick and easy
use of the system. Furthermore, we made us of the Spo-
tify APIs 4, which offer a preview of 30 seconds of each
song in the playlist. We deemed such time enough for the
user to understand whether a given song is to her liking or
not. Moreover, listening to the whole playlist is short, thus
avoiding that the user will get bored and stop listening to
the recommended songs. In this way, the user will be able
to express a well-founded opinion.

Each user was required to test all MRSs and evaluate the
returned playlists. MRSs were proposed in a random order
and with the user completely unaware of their details. Rat-
ings expressed by users in the evaluation phase were related
to novelty, serendipity, diversity, interest, and future use. To
this end, each user was asked to provide an assessment in
relation to the following five statements:

1. “I found new songs by artists already known to me.”
(novelty)

2. “I found songs by artists that I did not know and, as
of now, will begin to listen to.” (serendipity)

3. “I found songs by artists of different music genres.”
(diversity)

4. “I found the suggested playlist interesting.” (interest)

5. “I would use this MRS again in the future.” (future
use)

For each of these statements the user could express a numer-
ical value in a Likert 5-point scale (i.e., 1: strongly disagree,
5: strongly agree). In addition, the user could leave a feed-
back as well.

4.4 Music Recommender Systems
In this section, we introduce the music recommender sys-

tems (MRSs) developed as part of our research work.

4.4.1 MRS based on Relations between Explicit Per-
sonality and Music Genres

The first MRS acquires information on the target user’s
personality explicitly, by administering a personality test.
We chose the 44-item Big Five Inventory test introduced in
Section 3.1, as its length represents an appropriate trade-off
between compilation time and results accuracy. Such test is
proposed to the target user through a web interface. Once
the test is completed, the system analyzes the responses and
computes the Big Five factors. In [8], the relations between
users’ personality types and their preferences in multiple
entertainment domains are investigated. The authors derive
a set of association rules that connect the Big Five factors
with music genres. Based on those rules, this MRS returns
the resulting playlist to the user.

4.4.2 MRS based on Explicit Personality and Neigh-
bors

Even the second MRS relies on the user’s personality ex-
plicitly inferred through the use of the questionnaire. The
recommendation mechanism, however, is different. More

4https://developer.spotify.com/web-api/

precisely, this MRS identifies the most similar users to the
target one within a dataset containing information related
to personality and music habits of a group of Last.fm users.
The user u’s personality is compared to that of each user v
in the dataset by computing the cosine similarity applied to
the Big Five factors, which is defined as follows:

simp(u, v) =

∑5
k=1 p

k
u × pkv√∑5

k=1(pku)2
√∑5

k=1(pkv)2
(1)

where pku expresses the value of the Big Five factor k of the
user u. Based on such values, the system selects the ten
Last.fm users most similar to the user u and generates a
playlist from their listening histories.

4.4.3 MRS based on Implicit Personality and Neigh-
bors

The implicit personality acquisition can be carried out by
analyzing the user’s behavior on the Web, especially on so-
cial networks. To this end, we used the APIs of the Apply
Magic Sauce (AMS) application introduced in Section 3.2.
In order to infer the user’s personality, AMS analyzes how
she assigns likes on Facebook. For such reason, the system
allows users to login via Facebook. In this way, AMS en-
ters the user profile, extracts the required information, and
returns the predicted information, such as age, intelligence,
life satisfaction, interest in specific areas, and her personality
traits. Based on such features, the MRS identifies the most
similar users to the target one within the Last.fm dataset by
computing the similarity function 1. From the information
related to the music such users listen to, the MRS builds the
personalized playlist for the active user. However, this MRS
has a drawback: it is necessary that the user has inserted a
sufficient number of likes in her profile. Otherwise, the AMS
application is not able to predict the user’s personality and,
as a result, the MRS is not able to deliver any playlist.

4.4.4 MRS based on Music Preferences
This MRS does not exploit information about the user’s

personality, and has been realized as a baseline to be used
in the experimental evaluation. The recommender works as
follows. The user is presented with a screenshot of the im-
ages of ten songs belonging to the Last.fm top track, and
is asked to choose her favorites. Alternatively, the user can
enter the title of some of her favorite songs. After that, the
system leverages the Last.fm APIs to retrieve songs similar
to those chosen by the user and includes them in the sug-
gested playlist. Even though the actual algorithm underly-
ing the Last.fm recommender is unknown, it is reasonable
to assume that it mostly relies on collaborative filtering and
tagging activity.

4.5 Results
Experimental results are shown in Table 5. In the descrip-

tion of the experimental results, the implemented MRSs are
denoted as follows:

I: MRS based on relations between explicit personality and
music genres;

II: MRS based on explicit personality and neighbors;

IIII: MRS based on implicit personality and neighbors;

IV: MRS based on music preferences.
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Table 5: Results in terms of mean and standard deviation of user ratings
MRS # of Users Novelty Serendipity Diversity Interest Future Use

I 65 2.5 - 1.0 2.5 - 0.8 3.0 - 0.9 3.0 - 0.8 3.4 - 0.8
II 65 2.4 - 0.9 2.6 - 0.8 2.8 - 0.8 3.2 - 0.7 3.3 - 0.8
III 43 2.2 - 0.7 2.2 - 0.6 3.2 - 0.9 2.4 - 0.7 2.8 - 0.9
IV 65 2.9 - 0.8 2.4 - 0.9 1.7 - 0.5 3.5 - 0.6 3.5 - 0.6

The reason for the smaller number of users who experienced
the third MRS (i.e., the one based on implicit personality
and neighbors) was that not all testers had a sufficient num-
ber of likes on Facebook to enable the AMS application to
predict their personality. It can be noted that the first three
systems received very similar assessments, as regards nov-
elty, serendipity, and diversity. Precisely, novelty values are
not high, because we asked users if new songs by known
artists were in the suggested playlists, not if new artists were
in the playlists. Serendipity shows similar values to novelty.
Diversity values are quite high, which is obviously positive,
since in this way the user can broaden her music knowledge,
having a more varied set of possible music listening. The
playlist was judged interesting for each system, a bit less for
the third one. Users also showed some interest in the reuse
of MRSs, a bit less for the third, where the result revealed
some skepticism, due to the lower interest in the returned
playlist. Different results emerged from the user evaluation
of the last system. As expected, the results were higher than
the others, except for serendipity (in line with the others)
and diversity (lower). In fact, for such MRS the target user
directly inserts her preferences. As a result, she was more
interested in the suggested playlist and showed higher inten-
tion in reusing that recommender. These results may also
be related to the difficulty that users appreciate new songs
on the first listening and nourish curiosity in music genres
different from their usual ones.

5. CONCLUSIONS AND FUTURE WORK
The research work presented here analyzed the effects of

integrating the target user’s personality in music recom-
mender systems (MRSs). To this end, four different MRSs
were developed. Three of them were only personality-based,
the fourth did not take into account users’ personality at all.
The experimental results show that the personality-based
ones had performance almost similar to that of a classic
MRS. They also prove that the former ones are able to rec-
ommend songs with higher diversity than those suggested
by the latter one.

This research effort is just beginning, so the possible fu-
ture developments are manifold. Among others, the exten-
sion of the type and number of MRSs to be compared with
each other, and the inclusion of music preferences and sen-
timents extracted from music reviews [16, 17] in the user
model. Furthermore, as regards the experimental proce-
dure, we intend to broaden the number of involved users
and tested datasets, and to develop a layered evaluation for
distinguishing the contributions of the user model from those
of the user interface.
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ABSTRACT
In this work we directly incorporate user personality pro-
files into the task of matrix factorization for predicting user
ratings. Unlike previous work using personality in recom-
mender systems, we use only the presence of written re-
views by users. Other work that incorporates text directly
into the recommendation framework focuses primarily on in-
sights into products/categories, potentially disregarding im-
portant traits about the reviewers themselves. By using the
reviews to determine the users’ personalities directly, we can
acquire key insights into understanding a user’s taste. Our
ability to create the personality profile is based on a super-
vised model trained on the MyPersonality dataset. Leverag-
ing a set of linguistics features, we are able to create a predic-
tive model for all Big 5 personality dimensions and apply it
to the task of predicting personality dimensions for users in
a different dataset. We use Kernelized Probabilistic Matrix
Factorization to integrate the personality profile of the users
as side-information. Lastly, we show the empirical effective-
ness of using the MyPersonality dataset for predicting user
ratings. Our results show that combining the personality
model’s raw linguistic features with the predicted personal-
ity scores provides the best performance. Furthermore, the
personality scores alone outperform a dimensionality reduc-
tion of the linguistics features.

CCS Concepts
•Human-centered computing → Collaborative filter-
ing; Empirical studies in collaborative and social computing;
Social networks;

Keywords
Human-Centered Computing; Collaborative Filtering; Rec-
ommender Systems; Social Networks

1. INTRODUCTION
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Recent work [20, 2, 1] has shown the effectiveness of in-
corporating user reviews into the matrix factorization frame-
work. Unfortunately, the information derived from the re-
views is primarily used to understand items/item categories,
as opposed to users. Given that it is the users who pro-
vide the reviews, we believe that there could be important
information about the reviewers lost in these methodolo-
gies. Even if the methodologies were modified slightly to
glean insight into the users themselves, the representations
learned by these methodologies still require manual inspec-
tion to fully understand their meaning. Alternatively, when
it comes to understanding users, personality can be an im-
portant concept to leverage – the intersection of personality
and linguistics dates back decades [8, 33, 14]. Given that
personality is a well-researched topic, it is an interpretable
aspect to attempt to derive from written reviews. Further-
more, we believe it can be effective side-information that can
be used to produce more accurate predictions.

More specifically, we will use the MyPersonality dataset
[18] to build a predictive model to attain the Big 5 Per-
sonality traits [13] for reviewers (users). The dataset pro-
vides status updates from Facebook users along with users’
personality scores that are based on the users taking sep-
arate psychological tests. Thus, the personality scores in
this dataset are grounded in proven psychological research.
We will then take advantage of the Kernelized Probabilistic
Matrix Factorization (KPMF) framework to incorporate the
personality scores as side-information.

To further motivate the idea of personality profile as an
added signal for user rating prediction, take as an example
the following excerpts from two different movie reviews for
the film ‘Inception’. Both of the reviewers rated the movie
10 out of 10, but observe how each user begins his/her re-
view. One reviewer writes:

“My sister has been bothering me to see this
movie for more than two months, and I am re-
ally glad that she did, because this movie was
excellent, E-X-C-E-L-L-E-N-T, EXCELLENT!”

Whereas the other reviewer notes:

“So far, Christopher Nolan has not disappointed
me as a director, and ‘Inception’ is another good
one.”

While the two users have given the same numerical rating to
the movie, we can obtain deeper insight into the users them-

60



selves by examining what they wrote. The first reviewer ap-
pears to be a more casual moviegoer, seeing movies people
recommend, and finding pleasure in them. The second re-
viewer, in contrast, appears to be more of a movie aficionado.
The reviewer immediately identifies who the director is, and
indicates that he/she is familiar with the director’s work.
Such an analysis can indicate that their ratings for other
items could diverge substantially.

The rest of this paper is organized as follows. Section 2
provides an overview of the related work on matrix factoriza-
tion, as well as at the intersection of recommender systems
and natural language processing (NLP). Section 3 describes
the KPMF methodology. In Section 4, we explain how the
predictive model for the Big 5 personality traits was built, as
well as how it is incorporated as the side-information format
for KPMF. Section 5 describes our experimental design for
predicting user ratings that incorporate personality. Finally,
in Sectons 6 and 7, we present and discuss our results, as
well as future research directions based on this work.

2. BACKGROUND
In this section, we will give a brief review of the history

of recommender systems using matrix factorization over the
course of the past decade, as well as then discuss examples of
previous work where NLP methods have been used to create
recommender systems.

2.1 Matrix Factorization Systems
The Netflix Challenge that commenced in 2006 marked a

seminal event in the field of recommender systems. As [3]
notes, The state-of-the art system that Netflix was using,
Cinematch, was based on a nearest-neighbor technique. The
system used an extension of Pearson’s correlation, which the
system produced by analyzing the ratings for each movie.
The system then uses these correlation values to create neigh-
borhoods for the movies. Finally, the system uses these
correlations in multi-variate regression to produce the final
rating prediction.

The team that ultimately took home the million dollar
prize, however, relied on a fundamentally different tech-
nique: latent factors via matrix factorization [17]. Rather
than calculating neighborhoods for items and/or users, ma-
trix factorization models users and items as latent vectors.
Stacking these vectors into two separate matrices, one for
users and one for items, produces the latent matrices that
represent users and items. The models predict ratings sim-
ply by taking the dot-product of the latent vectors of the
user and item for which it is desired, or simply multiplying
the two matrices to predict all ratings.

During the course of the Netflix Challenge, researchers
developed probabilistic extensions of standard matrix fac-
torization [26, 27] that could adapt well to large, sparse
matrices that are generally representative of rating matri-
ces. These models assume a generative process of probabil-
ity distributions for the latent user/item vectors, as well as
the ratings themselves. Our technique for rating prediction
follows the methodology of KPMF, detailed by [36]. KPMF
builds upon a probabilistic framework and we will explain
the model in full detail in Section 3.

2.2 Recommender Systems and NLP
Various researchers have already completed NLP-related

tasks in the overall goal of constructing an effective rec-

ommender system. [28] combines topic modeling on plot
summaries with probabilistic matrix factorization to predict
user ratings for movies. Their paper proposes an expanded
generative process for rating prediction that can incorpo-
rate the models of Correlated Topic Modeling [5] and Latent
Dirichlet Association [6]. In similar fashion, [35] combines
topic modeling on the text of scientific article with proba-
bilistic matrix factorization in the effort of recommending
relevant articles/papers to researchers. In an example of a
non-matrix factorization approach, [29] uses sentiment anal-
ysis on movie reviews for movie recommendations. Here,
the researchers use a recommendation technique more akin
to nearest-neighbors by defining a similarity measure among
users and items based on how users rate items and how items
are rated. Once the similarity is measured, the researchers
use the result of the sentiment analysis to produce their final
recommendations. In [10], the authors mine users’ written
reviews to understand both generalized and context-specific
user preferences. These two aspects are then combined into
a linear regression-based recommendation system. [11] pro-
vides a thorough presentation of the intersection between
NLP and recommender systems.

In recent years, researchers have established methodolo-
gies that integrate the content of text reviews directly into
the matrix factorization framework. In [20, 2], the authors
fuse together topic modeling with matrix factorization, al-
lowing models to learn representations of users and items, as
well as topical distributions related to items and categories.
More recently, in [1], the authors add the modeling of dis-
tributed language representations to the matrix factoriza-
tion framework. This allows the authors to learn individual
word representations as well as a general language model for
the categories in their dataset.

The work that closely resembles ours is that of [25]. In
their work, the authors create a personality-based recom-
mender algorithm for recommending relevant online reviews.
The authors train their personality model on a corpus of
stream-of-consciousness essays, that include an accompa-
nying personality score for each writer [24]. The authors,
unfortunately, do not detail what accuracy their person-
ality model scores on a supervised cross-validation of the
dataset. Our own efforts to create a classification model
from the same data using similar features produced an ac-
curacy below 60%, which we do not deem accurate enough
for use in further applications. Once the authors predicted
the users’ personalities, they clustered the results together
in order to provide recommendations for users. While the
approach is relevant, the authors are unable to test their
recommendations against a gold-standard. Furthermore, in
the effort of generating recommendations, matrix factoriza-
tion has shown to be more accurate than nearest-neighbor
approaches.

2.3 Recommender Systems with Personality
Aside from [25], several other researchers have integrated

personality profiles into recommender systems. For exam-
ple, [31] and [22] both use user personality profiles in the
process of generating recommendations. However, the im-
portant difference between our work and the work of these
researchers is that their methodology requires the explicit
completion of personality tests by users. The researchers
then derive personality scores directly from these tests. Such
requirements make it inconceivable to use these systems in
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a large-scale, applied nature. Our work is unique in the fact
that we derive personality scores purely from an analysis
of the users’ written reviews. We require no further action
from users aside from allowing them to express their opin-
ion through ratings and reviews. Because of this, we contend
that our methodology has the potential for large-scale ap-
plication.

3. MATRIX FACTORIZATION
As we have previously mentioned, we use the technique of

KPMF to incorporate the information that we generate by
analyzing a given user’s written reviews. What we generate
from the analysis is a personality profile for a given user.
We conjecture that by including this information of user
personality in our model, we can ultimately produce more
accurate movie ratings. We acknowledge that the choice
of KPMF to incorporate side-information into the matrix
factorization framework is somewhat arbitrary, and the work
of [7, 15] could potentially be used instead.

3.1 KPMF
For the purpose of this paper we will explain the specifics

of KPMF. To understand probabilistic matrix factorization
in general and how KPMF is unique in this area, we encour-
age the reader to refer to the previously cited papers. In
KPMF, we assume that the dimensions for the latent vec-
tors representing items and users are drawn from a Gaussian
Process (GP). Although in this GP we assume a zero mean
function, it is the formulation of the covariance function that
allows us to integrate side-information into our model. This
covariance function – or covariance matrix in our application
– dictates a ‘similarity’ across the the users and/or items.
Our notation will follow the notation the original authors
provided. Here is the notation we will use:

R — N × M data matrix
U — N × D latent matrix for rows of R
V — M × D latent matrix for columns of R
KU — N × N covariance matrix for rows
KV — M × M covariance matrix for columns
SU — N × N inverse of KU

SV — M × M inverse of KV

A — number of non-missing entries in R
δn,m — indicator variable for rating Rn,m

The generative process for KPMF is as follows (refer to Fig-
ure 1 for plate diagram):

1. Generate U:,d ∼ GP(0,KU ) for d ∈ {1,...,D}

2. Generate V:,d ∼ GP(0,KV ) for d ∈ {1,...,D}

3. For each non-missing entry Rn,m, generate Rn,m ∼
N (Un,:V

T
m,:,σ), where σ is constant

The likelihood of the data matrix R given U and V over

σ2

Rn,m

U:,d V:,d

KU KV

A

D D

Figure 1: The generative process for KPMF.

the observed entries is:

p(R|U,V,σ2) =
N∏
n=1

M∏
m=1

[N (Rn,m|Un,:V
T
m,:, σ

2)]δn,m (1)

Where the prior probabilities over U and V are:

p(U |KU ) =
D∏
d=1

GP(U:,d|0,KU ) (2)

p(V |KV ) =
D∏
d=1

GP(V:,d|0,KV ) (3)

Combining (1) with (2) and (3), the log-posterior over U
and V becomes:

log p(U,V |R,σ2,KU ,KV )

= − 1
2σ2

N∑
n=1

M∑
m=1

δn,m(Rn,m −Un,:V
T
m,:)

2

− 1
2

D∑
d=1

UT
:,d SUU:,d − 1

2

D∑
d=1

VT
:,d SV V:,d

−Alogσ2 − D
2

(log|KU |+ log|KU |) + C (4)

Where |K| is the determinant of K and C is a constant that
does not depend on U and V.

3.2 Learning KPMF
To learn the matrices U and V we can apply a MAP esti-

mate to (4). The result is optimizing the following objective
function:

E = 1
2σ2

N∑
n=1

M∑
m=1

δn,m(Rn,m − Un,:V
T
m,:)

2

+ 1
2

D∑
d=1

UT
:,d SUU:,d + 1

2

D∑
d=1

VT
:,d SV V:,d (5)

[36] provides implementations of both gradient descent and
stochastic gradient descent to minimize E. For our experi-
ments we used regular gradient descent, as gradient descent
achieved the highest accuracy in the original work and our
rating matrix is a manageable size. We will note that in
the authors’ work, the accuracy of stochastic gradient de-
scent was less than that of regular gradient descent by only
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a small margin and its speed was hundreds of times faster.
The partial derivatives for our objective function are the

following:

∂E
∂Un,d

= − 1
σ2

M∑
m=1

(Rn,m − Un,:V
T
m,:)Vm,d

+ 1
2
eT(n)SUU:,d (6)

∂E
∂Vm,d

= − 1
σ2

N∑
n=1

(Rn,m − Un,:V
T
m,:)Un,d

+ 1
2
eT(m)SV V:,d (7)

where e(n) represents an N - dimensional vector of all zeros

except for the nth index, which is one.
The update equations for U and V are as follows:

Ut+1
n,d = Ut

n,d − η( ∂E
∂Un,d

) (8)

Vt+1
m,d = Vt

m,d − η( ∂E
∂Vm,d

) (9)

where η is the learning rate of the algorithm.
This completes our detailing of KPMF. In the next section

we describe our approach for creating the covariance matrix
for the users, KU .

4. CREATING PERSONALITY PROFILES
Since we are using KPMF as our recommendation model,

any vector representation of the written reviews (for a given
user, across all users) would suffice to create KU . However,
it is best to generate covariance across a numeric represen-
tation that we can interpret. Since personality scores have a
long history of analysis, which we will detail in this section,
personality profiles are an optimal representation for KU .
In this section we cover two topics: first, how we create the
personality profile for a given user. Second, how we use this
personality profile to generate the user covariance matrix.

4.1 MyPersonality
In 2013, [9] held a workshop on computational personal-

ity recognition. For this workshop, the organizers released
a subset of the data collected by the MyPersonality project
[18]. The dataset for the workshop consists of the Face-
book activity for 250 users, roughly 10,000 status updates
from all users. Along with the status updates, the dataset
includes information about the users’ social networks. For
each user, the dataset includes a personality score as well as
a binary classification as to whether the user exhibits a given
personality trait. The personality scores/classifications for
each user have five dimensions, one for each trait in the Big 5
personality model. The five traits in the model are openness,
conscientiousness, extraversion, agreeableness, and neuroti-
cism. Analysis of lexicon and personality has a long-standing
tradition [8, 33, 13], and it is [14] who brought the current
model to prominence.

The approaches to the dataset in the workshop are varied.
[32] focus on predicting a single personality trait, conscien-
tiousness. The authors exploit an analysis of event-based
verbs in the status updates to produce features for their
model. [34] create an ensemble model for predicting person-
ality traits. In their base model, the authors use most fre-
quent trigrams as features. The authors then use the predic-
tion of the baseline model to generate their final predictions.

[12] and [19] have similar approaches: using a general textual
analysis combined with social network attributes to create
features for their predictive models. However, Markoviki et
al. report a higher precision/recall for their model, so we
will use their approach to feature selection as the guide for
our model for personality prediction.

4.2 Personality Model
In their paper, Markoviki et al. detail a fined-grained fea-

ture selection for each personality trait, including social net-
work features. Since, for our recommendation experiment,
we will not have social network information, we do not in-
clude these features in our model. While most authors who
used the MyPersonality data sought to create a classification
model for personality prediction, we will predict personal-
ity score. We believe having a continuous output from our
model will make for a better translation into user covari-
ance. Based on an analysis of correlation between features
and personality traits in Markoviki et al., we use the follow-
ing features in our personality model (and we encourage a
review of the original work for a thorough discussion of the
effectiveness of these features):

Punctuation Count: We count the frequency of the fol-
lowing punctuation marks in a user’s status updates: . ? !
- , <> / ; : [ ] { } ( ) & ’ ” ?

POS Count: We count the frequency of verbs and adjec-
tives appearing in a user’s status updates. We used the POS
tagger available in NLTK [4].

Affin Count: We count the frequency of words appearing
in a user’s status updates that have an emotional valence
score between -5 and 5 [21].

”To” Count: We count the number of times the word ”to”
appears in a user’s status updates.

General Inquirer Tags: We process the text using the
General Inquirer (GI) tool [30]. This tool has 182 categories
for tagging words in a text. We use the frequency of these
tags for our feature set.

While Markovikij et al. produced their best results when
using a different subset of the GI tags for each personality
trait, as well as Affin words only of a particular score, we did
not find that this fine-grained breakdown produced the best
results for our own experiments. Instead, we use the same
feature space for all the personality traits, which included all
GI tags and all words with any recorded Affin score. Lastly,
all count features are normalized by the total word count
(for a given user), and punctuation count is normalized by
the total character count.

The personality scores are in a continuous range from 1
to 5 for users in the MyPersonality dataset . Thus, linear
regression is a natural choice to train our model. We use
the Ridge Regression algorithm available from scikit-learn
[23]. Ridge Regression implements standard linear regres-
sion with a regularization parameter. The optimization task
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is:

min
w
‖Xw − y‖22 + α‖w‖22 (10)

Where w is the weight vector, X is the data matrix, y is the
vector of scores and α is the regularization parameter. The
algorithm in scikit-learn performs automatic cross-validation
on the regularization parameter by allowing us to define a
list of α’s for the input. While the feature space for each
personality trait is the same, we train a different model for
each trait. To be clear, we are not testing the personality of
a single status update, but rather of a given user, which is
the amalgamation of his/her status updates.

To test the utility of our models, we divide the set of
Facebook users into a 80%/20% training/test split. Also,
we normalize the matrices we use in our models by, for each
feature dimension, subtracting the mean and dividing by the
standard deviation. We randomly shuffle the set of users and
record the root-mean-square error (RMSE) of the resulting
trained model on the held-out test set. That is, given a
predicted personality score for user i, ŷi, and the true per-
sonality score yi, we calculate the RMSE of all users in the
test set. Table 1 shows the accuracy of our model averaged
across 5 different times shuffling the dataset. This model
is compared to a baseline, which is the average user rat-
ing for personality scores in the training set. When creating
the models that we will apply to predicting personality traits
from movie reviews, we included all the Facebook users when
training the models.

Personality Trait Model Baseline
Extraversion 0.785 0.833
Neuroticism 0.738 0.767
Agreeableness 0.635 0.661
Conscientiousness 0.767 0.799
Openness 0.529 0.563

Table 1: RMSE for personality model trained on
Facebook statuses, as well as baseline model.

4.3 User Covariance Matrix
Once we have trained the personality models on the Face-

book data we apply it to the movie reviews written by a
given user to determine his/her personality profile. We pre-
process the movie reviews just as we did for the Facebook
data to create the same feature space. The result is a 5-
dimensional vector, which we will denote pi, for user i. For
users i and j, we calculate entry i, j of KU as follows:

KUi,j =
CS(pi,pj)−α

β−α ∗ γ (11)

Where CS(x, y) denotes the cosine similarity between vec-
tors x, y, calculated as follows:

CS(x, y) = xyT

‖x‖‖y‖ (12)

α and β are minimum and maximum values from our com-

puted cosine similarities, across all possible user pairs:

α = min
i,j

CS(pi, pj) (13)

β = max
i,j

CS(pi, pj) (14)

γ controls the ceiling of the normalization: KUi,j ∈ [0, γ].
We set γ = 0.4. To compute cosine similarity we use the co-
sine similarity method provided in scikit-learn. Note β will
always be 1, as CS(pi, pi) = 1.

This, however, is not the final covariance matrix we will
use in our recommender system. Since all the personality
scores are in the range [1,5], the cosine similarity between
personality vectors pi and pj is very close to one. To ac-
centuate the differences in personality profile, we create a
regularized covariance matrix, KU , as follows:

KU = KU
n (15)

Where n is a hyperparameter we hand-tune. The proper
value of n can greatly influence the accuracy of the model.
We take KU as the covariance matrix in our experiment
when we use personality profiles to produce the user covari-
ance matrix, but we still refer to it as KU to avoid confusion.

5. EXPERIMENTAL DESIGN
Our goal is to integrate the information contained in the

reviews written by a user into a recommender system, and in
particular, investigate whether user personality, as reflected
in the text generated by that user, would allow us to improve
the accuracy of predicted ratings. We crawled IMDB to
collect a dataset of scores and written reviews for multiple
IMDB users. Our dataset consists of 2,087 users and 3,500
movies. Each user has rated/reviewed as little as 4 movies
and as many as 210, with 54 being the average number of
ratings/reviews for the users. The total rating matrix is
1.55% dense, which reflects the typical sparsity of this type
of dataset [16].

We randomly split the ratings by each user into training,
evaluation, and test sets, each comprising 3/5, 1/5 and 1/5
of the data, respectively. We randomly shuffle the full set
of ratings to produce five different training/evaluation/test
splits, and report the results averaged over five runs. We use
the ratings from these sets to create the appropriate matrices
in our methodology. The training matrix is equivalent to R
in our notation.

In all the experiments, we use a diagonal item covariance
matrix, KV . Thus, in our model, we are not assuming any
covariance across items. Following the results of Zhou et al.
we let D = 10 and σ = 0.4. We use gradient descent to
learn the latent matrices U and V . We use the proportional
change in RMSE on our evaluation matrix as the stopping
criteria for gradient descent. Once the algorithm converges,
we calculate the RMSE on our test matrix. When calculat-
ing RMSE, we only do so for non-zero entries, i.e. δn,m =
1.

6. RESULTS
For each run, we train five different models and calculate

their RMSE on a held-out test set: (1) KPMF with KU cal-
culated according to user personality profile, (2) KPMF with
KU calculated using a user’s text-generated feature space for
(10) as our p vector in equation (11), (3) KPMF with KU
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as a diagonal matrix (no similarity across users), (4) ma-
trix factorization (MF) without trying to optimize U and V
according to an objective function, and (5) KPMF with a
PCA-reduction of the text-based feature space as p. Aside
from providing a tangible vector representation of user re-
views, the Big 5 personality model also acts as a guided
dimensionality reduction of the textual feature space we use
to generate personality scores. Therefore, we have compared
the 5-dimensional output of our personality model to the re-
sult of using PCA to compute a reduction of the text-based
feature space to 5 dimensions. We used the PCA implemen-
tation from scikit-learn. The RMSE values averaged over
five runs for each model are shown in Table 2. For the pur-
poses of RMSE calculation, the rating values in our data,
which were originally 1-10, have been normalized to fall in
the interval [0.1, 1].

Model RMSE
KPMF with Personality 0.2006
KPMF with Personality Model Features 0.1980
KPMF Personality and Model Features 0.1901
KPMF with Diagonal Matrix 0.2122
KPMF with PCA Feature Reduction 0.2087
MF 0.2262

Table 2: RMSE predicting user ratings.

7. DISCUSSION
As we expected, the KPMF models performed better than

the non-optimized MF model, lowering the RMSE by 16.0%,
12.5%, 11.3%, 7.7% and 6.2% respectively. Comparing the
KPMF models together, the personality model improves
upon the diagonal model by 5.5%, however we see that a
more accurate model is achieved by applying the textual
personality features directly, and the most effective model
uses a combination of the textual features and the predicted
personality scores. It is important to note the percent differ-
ence along with RMSE, especially when the baseline metric
performs well. When comparing the two models of ’dimen-
sionality reduction’, the personality model performs better
than the PCA-model. This would dictate that the personal-
ity scores do capture a stronger signal of user similarity, as
opposed to an arbitrary reduction of the raw text features.
The the personality scores on their own do not perform as
well as the raw textual features. We will discuss shortly a
major added benefit for using personality scores, aside from
testing accuracy.

One immediate question that arises is whether a more ac-
curate personality predictive model actually does correlate
to a more accurate KPMF model when using the personality
profile. While our personality predictive model scores rea-
sonably well, it is inconsistent across the personality traits.
Future work can have a renewed focus on the MyPersonality
data now that the recommendation framework has a solid
foundation. Furthermore, as we have previously stated, rep-
resenting users as personality profiles provides a gateway
to a number of interesting analyses relating personality to
product recommendation. For example, in our current rec-
ommendation model, each personality trait is given equal
weight when we use the personality model to generate the
covariance matrix. However, it is interesting to imagine a

model where each personality trait should be weighted dif-
ferently. For example, similarity in user conscientiousness
might be more important than similarity in user agreeable-
ness when determining overall similarity in user preference.
We can create a new variable Q, a 5-by-5 diagonal matrix
where each entry Qi,i is the weight for a given personality
trait. If we stack the personality vectors to form a M × 5
matrix P , the covariance matrix KU becomes:

KU = PQPT (16)

We can learn the diagonal entries of Q along with U and V
in our model. The final values of Q would provide a novel
outcome as to how important each personality trait is for
predicting movie ratings. We leave this approach for future
work.
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