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Abstract— Trust mechanisms are considered the logical protection of software systems, preventing malicious people from
taking advantage or cheating others. Although these concepts
are widely used, most applications in this field do not consider
affective aspects to aid in trust computation. Researchers of
Psychology, Neurology, Anthropology, and Computer Science
argue that affective aspects are essential to human’s decisionmaking processes. So far, there is a lack of understanding
about how these aspects impact user’s trust, particularly when
they are inserted in an evaluation system. In this paper, we
propose a trust model that accounts for personality using three
personality models: Big Five, Needs, and Values. We tested our
approach by extracting personality aspects from texts provided
by two online human-fed evaluation systems and correlating
them to reputation values. The empirical experiments show
statistically significant better results in comparison to nonpersonality-wise approaches.

I. I NTRODUCTION
Trust mechanisms are based on observations of people’s
behavior and the assignment of trust values to them.
These values are often used in decision-making processes
and are useful to indicate whether a person should interact or not with another. Differently from hard security,
which is based on policies, cryptography or access control;
trust mechanisms are related to soft security and are used
to prevent malicious people from deceiving others.
To construct systems upon trust mechanisms, researchers have developed trust and reputation models.
Such models are composed of a set of dimensions that
aim at: (i) extract information from the environment or
others (artificial agents or people), (ii) compute trust
values, and (iii) help in decision-making processes about
whether interacting or not with a particular partner. Most
of the existing models rely on the numeric or cognitive
paradigms, which are related to numerical aggregations
and mental states, respectively [1]. Therefore, there is
a lack of understanding of how trust is influenced by
affective aspects, particularly in information exchange
environments such as evaluation systems. This fact is also
1 INESC-ID
and
nico,
University

TécPortugal
jones.granatyr,joao.dias@gaips.inesc-id.pt,
of

Instituto
Lisbon,

Superior
Lisbon,

ana.paiva@inesc-id.pt
2 Department of Computer Science, University of Waikato, Hamilton,
New Zealand heitor.gomes@waikato.ac.nz
3 LTCI, Télécom ParisTech, Paris, France
4 PROCC,
University
of
Sergipe,
Sergipe,
Brazil

gutanunes@dcomp.ufs.br
5 PPGIa, Pontifícia Universidade Católica do Paraná, Curitiba, Brazil

scalabrin@ppgia.pucpr.br
6 Independent

Researcher,

fabiospak@gmail.com

IA

Expert,

Canoinhas,

Brazil

corroborated by [2], who argues that it is difficult to explain trust values in cognitive models since the parameters
are usually random (using only artificial simulations) and
trust values are often subjective.
The affective paradigm was introduced to fill this gap,
which uses affective data to aid in trust computation [3].
An example of this paradigm is presented by [4], where the
reputation of items (hotels and books) is calculated based
on the emotions extracted from text reviews. Based on
this, in this work we propose a trust model that considers
the personality bound given by the Five Factor Model [5] –
also called the Big Five Model [6], [7], Needs [8], [9], and
Values [10], [11]. In other words, the main contribution
of this paper is the usage of personality aspects to trust
prediction. We hypothesize that our model will achieve
higher correlation and accuracy when compared to purely
numeric models that do not account for affective aspects.
This new model can be applied to improve systems that
already have trust or reputation mechanisms, as well
as for systems that do not present such mechanisms.
It will be possible to build predictive trust systems to
indicate whether or not we can trust a person. Our
approach is evaluated by extracting personality aspects
from texts provided in two online human-fed evaluation
systems. Empirical results show significant correlation and
accuracy improvements with p < .05.
This paper is divided as follows. We start by discussing
trust (Sec. II). Later, we focus on personality (Sec. III
and how to perform their extraction from texts (Sec.
IV). Afterwards we introduce our model (Sec. V), which
was evaluated using several inductive machine learning
algorithms in two real-world datasets (Sec. VI). Finally, we
conclude this paper and state future work (Sec. VII).
II. T RUST
Trust has been approached in several fields, such as
Economy, Philosophy, Sociology, and Psychology [12], [13],
[14], [15]. There are many trust definitions in the literature,
and most of them are related to uncertainty about events,
risk, and beliefs regarding partners [16]. We refrain from
providing an extensive mapping of possible trust definitions since it has been surveyed in [1].
There are two types of trust: cognitive and affective.
Cognitive trust is quickly constructed and it relies on
opinions or knowledge about objects [16], [17]. Essentially,
it involves conscious decisions about trust partners based
on competence, responsibility, and dependence [18], [19],

[20], [21]. Conversely, affective trust is related to affective
content among individuals [22], [19], [3].
Although both influences the prediction of events [23],
cognitive trust concerns to reasoning mechanisms that enable probability-based predictions, thus, becoming easier
to build and update. On the other hand, affective trust is
grounded on affective aspects. It is claimed to be more
important since it is relevant during decision-making [4].
Finally, another concept related to trust is reputation,
which is defined as the collection of opinions about other
person and can be considered part of the user’s trust [24].

III. P ERSONALITY
Personality is the affective state with longer duration,
and it can last for years or even a lifetime [25], for
this reason, it is essential in long-term social interactions
since it contributes to consistent behaviors [3]. Regarding
computers, one of the most used personality theories is
the Big Five Model [7], which is composed of five traits:
extraversion, agreeableness, conscientiousness, neuroticism, and openness [6]. Extraverted people are friendly,
assertive, and inspired by social situations. Neurotics are
anxious, insecure, impulsive, and tend to feel negative
emotions. Agreeable people, in turn, are cooperative, pacific, optimist, and tend to avoid conflicts. Conscientiousness is a trait related to people responsible, organized,
and persistent. Finally, the openness trait regards the
following characteristics: curious, smart, imaginative, and
the tendency to look for new experiences. Each one of
these traits could also present facets, which are unique
and specific aspects of the personality traits [26]. Table I
shows the facets related to each Big Five personality trait.
Another personality model is the one based on Needs,
which states that several types of human needs are
universal and influence consumer behavior. This model
was developed considering the marketing literature described in [8] and used by [9]. This model is composed by twelve Needs: excitement, harmony, curiosity,
ideal, closeness, self-expression, liberty, love, practicality,
stability, challenge, and structure. The personality model
based on Values describes what is most important for an
individual and serves as a guiding principle of people’s
lives. Values include people’s behaviors considering people
attitudes, beliefs, norms and traits [10]. According to
Schwartz et al. [11] this model influences user’s behavior
as well as his/her decision-making process, and 19 basic individual Values compose it. However, as described
in [10], those 19 fundamental Values are mapped onto
four higher-level value dimensions: openness to change,
self-enhancement, conservation, and self-transcendence.
IBM Cloud [8] applied in the work of [9] 5 of those
19 values described as self-transcendence/helping others, conversation/tradition, hedonism/taking pleasure in
life, self-enhancement/achieving success, and open to
change/excitement.

IV. P ERSONALITY AND TEXTS
One of the first tools for personality extraction from
texts based on the Big Five Model was developed in
[27] and was called Personality Recognizer. Since then
other works have been developed, such as PR3 [28],
Sentic Persona [29], Indico [30], and [31], [32], [33], [34].
Beyond the Big Five, in [9] an analysis was conducted
to infer personality using the Need and Value models,
which afterwards led to the creation of the Watson IBM
Personality Insights [8]. All these works use linguistic features to aid in personality prediction, however, data from
the environment is also claimed to help in personality
estimation, specially social network information [35], [36],
[37], [38].
In this work, we focus our study to the English language
and personality extractors provided by public APIs or web
interfaces. Precisely, we used Personality Recognizer [27],
PR3 [28], Sentic Persona [29], Indico [30], and Personality
Insights [8]. Given an inputted text, these tools return a
value for each one of the personality aspects, depending
on the personality model they were developed to work
with. The first four tools are based only on the Big Five
Model, so they return one value for each one of the five
main traits. On the other hand, Personality Insights [8]
returns values related to the Big Five facets [26], Needs [8],
and Values [10] personality models.
According to Celli and Zaga [28], the performance of a
personality extractor is directed related to the texts, since
the most challenging datasets are the ones in which the
texts were not spontaneous. Authors in [39] and [40] claim
that texts can also vary given the writer gender, education,
social status, culture, and the text purpose. None of those
tools mentioned earlier consider such aspects. Personality
extractors from texts may present different correlation
coefficient for each one of the traits, so these tools can
work better for some traits and worst for others due to
bias.
V. P ROPOSED MODEL
Our approach computes the user’s trust (how trustful
a person is) using personality aspects extracted from
text based on affective models (Sec. I). To validate our
approach, we used benchmark datasets that included personality aspects and trust values, namely Trip Advisor and
eBay. We modeled these datasets as regression and classification problems and assess our approach performance
in terms of correlation and accuracy. In Trip Advisor users
are allowed to write reviews which are evaluated by other
users in the form of helpful votes. On the other hand,
in eBay users are also entitled to write reviews about
products, and additionally, they can write comments
about purchase and sale transactions, since eBay is an
e-commerce site. Trip Advisor dataset was extracted as
part of the Twin Persona Research Project [41], while eBay
dataset was obtained in September 2015 using crawler
techniques.

TABLE I
B IG F IVE PERSONALITY TRAITS AND FACETS [26]
Extraversion
Friendliness
Gregariousness
Assertiveness
Activity level
Excitement-seeking
Cheerfulness

Fig. 1.

Agreeableness
Trust
Morality
Altruism
Cooperation
Modesty
Sympathy

Conscientiousness
Self-efficacy
Orderliness
Dutifulness
Achievement-striving
Self-discipline
Cautiousness

Neuroticism
Anxiety
Anger
Depression
Self-consciousness
Immoderation
Vulnerability

TABLE III

Proposed model flowchart

E B AY INITIAL DATA .

Field
Number of evaluations

TABLE II
T RIP A DVISOR INITIAL DATA .
Field
Age
Gender
Reviewer badge

Total number of evaluations
Average utility votes per review
Total of classifications
Photos
Thumbs up photos
Percentage of world traveled
Number of visited cities
Total miles traveled

Reputation

Description
Age of the user, ranging from 13-17, 18-24,
25-34, 35-49, 50-64 to 65+
Male or female
One of the following categories: Reviewer,
Category, Passport, Helpful Votes, Explorer,
or Traveler’s Choice (provided by Trip Advisor)
Total number of restaurant reviews + Total
number of hotel reviews + Total number of
attractions reviews
An average calculated based on the utility
votes the user received
Total number of evaluations the user gave
to others
Total number of photos in user’s profile
Total number of photos on the first page of
user’s profile
Percentage of the world the user had traveled, calculated by Trip Advisor
Total number of cities the user had been to
Total number of miles the user had traveled, calculated by Trip Advisor
hr /(hr +nhr ), where hr is the total number
of reviews set as helpful by others users at
least once, and nhr is the total number of
reviews that were not set as helpful at least
once

A text corpus is compatible with our model if it contains: (i) data about users; (ii) texts written by these users;
and (iii) data that characterizes the user’s trust. Figure 1
presents our machine learning workflow. The first step
is to select attributes with the intent to maintain only
the attributes that represent useful data to model the
user’s trust. To illustrate the user’s data, we show in Tables
II and III sample data extracted from Trip Advisor and
eBay, respectively. We use these additional data because
according to [42], personality should be measured by the
sum of experiences, including personal variables such as
education, gender, number of close friends, among others.

Openness
Imagination
Artistic interests
Emotionality
Adventurousness
Intellect
Liberalism

Description
Total number of evaluations the user gave
to others

Number of reviews

Total number of reviews the user wrote
about products

Blacklist

Indicates if the user has already been to the
eBay’s blacklist

Reputation

Given by eBay’s own reputation system

The second step in Figure 1 is to select/create the meta
attribute, which is related to the definition of the trust
model. This attribute is used for inferences made by the
machine learning algorithms and reflects the user’s trust.
Some datasets already include this data, while others may
not present it explicitly, so the meta attribute needs to be
generated considering the attributes extracted at the first
step of the flowchart.
As Trip Advisor does not include a trust or reputation
system, we have defined the meta attribute using a utility
measure, which was based on the total number of reviews
and the helpful votes the user had received. In short, a
user’s trust is given by his/her reputation as a reviewer.
On the other hand, the user’s trust in eBay is provided by
the reputation value already presented in the system (both
attributes can be seen in Tables II and III, respectively).
Reputation on eBay is in the range of 0 and 100 with
the majority of the users presenting the value 100 and
the minority presenting other values. This is because eBay
uses a decay function, so if a user goes too long without
making transactions, his/her reputation can easily reach
zero. To test our model under a classification scenario,
we chose to apply classification rather than regression for
this dataset. The classes were defined as follows: users
with reputation greater than 50 belong to the “good”
reputation class, while the others belong to the “bad”
reputation class. This separation into only two classes was
defined because of the distribution of reputation values
as previously explained. It is also important to emphasize
that in our experiments we correlate trust values from
our model with actual reputation values. This was done
because reputation was the only available data on the
datasets, and as seen on the end of Sec. II, reputation
is part of a user’s trustworthiness.
The third step in Figure 1 is to group texts for each

TABLE IV

TABLE V

T EXT CORPUS STATISTICS .

D ATASETS AND EXTRACTORS ADOPTED. PI STANDS FOR P ERSONALITY

Number of texts
Number of characters
Average characters per text
Number of users
Average of texts per user
Minimum number of texts
Maximum number of texts

Trip Advisor
65.535
52.480.378
800
1.641
40
5
795

eBay
394.149
4.226.218
59
7.313
55
1
386

user, receiving as input texts from the initial dataset and
returning grouped texts. This stage is done because it is
necessary to extract personality from all texts written by
each user, so all reviews must be clustered. Additionally,
studies claim that different observations on personality are
needed since it is not a transitory factor [43]. For example,
the Personality Insights [27] needs at least 70 words to
compute personality aspects.
The fourth step is to extract personality aspects from
the clustered texts using a personality extractor from text,
as well as to add personality attributes returned by the
personality extractor on a new dataset called transformed
dataset. The transformed dataset contains the original
data presented in Tables II and III with the addition of
the personality aspects. As in our experiments we use the
Big Five Model [20], Big Five Facets [26] Needs [8] and
Values [10], we add in the transformed dataset all the
attributes that correspond to each one of these theories,
as seen on Section II.
Finally, the last step is to apply machine learning
algorithms receiving as input the transformed dataset and
the machine learning algorithms, returning user trust.
This step will be discussed on Sec. VI. Table IV presents
statistics about Trip Advisor and eBay datasets, and it is
possible to observe that there is a big difference between
the minimum and the maximum number of texts per
users because we used the max quantity of data to avoid
loss of useful information. The number of characters
in eBay is lower than in Trip Advisor, which can be
explained by the fact that in Trip Advisor the texts are
more spontaneous and the users are allowed to write
larger texts. We had initially 5.806 users in eBay (4.299 with
“good” reputation and 1.507 with “bad” reputation), but
as the dataset was unbalanced we applied the SMOTE [44]
technique to resample the original data, resulting in 7.313
users with the same quantity of rows per class. This is
an oversampling method which creates synthetic samples
from the minor class.
VI. A NALYSIS
In this section, we access the performance of our proposal with several inductive machine learning algorithms
in the task of predicting user’s trust using personality
aspects extracted from texts. In Table V we present the
description of the datasets used during our analysis, as
well as the features each one embeds, encompassing
only social network data (D1), to the adoption of all

I NSIGHTS AND BF FOR B IG F IVE
Extractor
Original data
Person. Recognizer [27]
PR3 [35]
Sentic Persona [29]
Indico [45]
PI BF [8]
PI BF Facets [8]
PI Needs [8]
PI Values [8]

D1
X

D2
X
X

D3
X

D4
X

D5
X

D6
X

D7
X

D8
X

D9
X

X
X
X
X
X
X
X

D10
X
X
X
X
X
X
X
X
X

possible features with personality (D10). The expected
result is that the datasets from D2 to D10 present a
higher correlation coefficient (Trip Advisor) and accuracy
(eBay) when compared to D1. This is plausible because
D1 is the only dataset that does not present personality
aspects. Therefore, if these datasets have higher results
with statistically significant differences, it is possible to
claim that personality extracted from texts impact on
user’s trust so that we can confirm our hypothesis. Besides
doing the experiments individually using the personality
extractor tools (in datasets from D2 to D9), we have also
created D10 which contains the data from all extractors, so
we can evaluate what the best features in trust prediction
are. In the following section, we state the experimental
protocol adopted, allowing a robust discussion of the
empirical results obtained.

A. Experimental Protocol
To test our hypothesis, the datasets described on the
last section were used to generate and evaluate models
given the following inductive learners: Linear Regression,
M5Rules, Random Forest, Multilayer Perceptron, Support
Vector Machines, JRip, and BayesNet. These algorithms
were chosen due to their usage in the machine learning
community, different biases, results obtained in various
applications, as well as different paradigm type.
Utility as goodness-of-fit is computed accordingly to the
correlation coefficient between the observed reputation y
values and the predicted reputation ŷ values. This method
is used for the Trip Advisor experiments, in which we
have a regression problem. On the other hand, for the
eBay dataset, we used the accuracy score metric since it
is a classification problem (number of correct predictions
divided by the number of predictions). Our evaluation encompasses 30 executions using cross-validation 10-folds,
therefore, diminishing the probability of overfitting. To
verify if there are significant statistical differences between
the usage of different subsets of features, we proceeded
with a combination of Friedman [46] and Nemenyi [47]
non-parametric hypothesis tests with a 95% confidence
level. All algorithms implementations are provided in
the Waikato Environment for Knowledge Analysis (WEKA)
framework [48] with their default parameters.

Fig. 2.

Nemenyi test in Trip Advisor dataset.

B. Discussion
In Table VI we present the correlation coefficients obtained in the experiments using Trip Advisor data. From
these results, one can see that there is no “one outperforms all” set of features, yet, D5 is the best ranked with
slightly improvements using the Random Forest learner.
We also can see that D2, D3, D4, D6, and D9 present better
results than D1, which corroborates our initial hypothesis
that personality aspects extracted from texts increase the
correlation of trust-based systems. The interesting point
is that D10 presented the worst results, which indicates
that the combination of all personality aspects does not
lead to better results in this particularly dataset.
As the correlation improvements in the Trip Advisor
dataset are quite small, Figure 2 shows the Nemenyi
graph to check if there are significant statistical differences
among the approaches. The calculated critical distance
(CD) is 2.473, so we can conclude that D5, D2, and D6
are statically better than D1 because the subtraction of
their rankings compared to D1 is higher than the CD
(6.13 – 2.17 = 3.96, 6.13 – 2.97 = 3.16, 6.13 – 3.30 = 2.83,
respectively). This analysis corroborates our hypothesis.
To check the importance of the attributes to trust
prediction, we used a measure of quality called average
impurity decrease [49] applied to the Random Forest algorithm. Table VII shows the first five best-ranked attributes
to D5, D2, and D6, therefore, the higher the value, the
more important the feature is. We can realize that the
average utility votes per review are the most important
attribute; anyway, the personality aspects are listed in all
datasets with similar importance as the purely numeric
attributes. It means that although its average impurity
decrease is not so high, these attributes can contribute
to the learning algorithm and aid in trust prediction.
Table VIII presents the accuracy scores obtained in the
experiments using eBay data. From these results, one can
see that the datasets from D2 to D10 outperforms D1 in all
executions using the Random Forest learner, which also
leads to the validation of our hypothesis that personality
aspects can help in trust prediction. Differently, from the
experiments using Trip Advisor data, we can see great
improvements comparing D10 and D1 and also, we can
realize that the combination of all personality aspects
leads to better results in this particularly dataset.

Fig. 3.

Nemenyi test in eBay dataset.

Figure 3 shows the Nemenyi graph to check if there are
significant statistical differences among the approaches.
The critical distance (CD) is 2.473, so we can conclude
that except D4 and D3 all other datasets are statically
better than D1. It happens because the subtraction of their
rankings compared to D1 is smaller than the CD (10.00 8.85 = 1.15, 10.00 - 8.15 = 1.85, respectively).
To check the importance of the attributes for the trust
prediction, we again used average impurity decrease [49]
applied to the Random Forest algorithm. Table IX shows
the first fifteen best-ranked attributes to D10. We can realize that the personality aspects from D2, D3, and D4 were
considered the best ones because they are listed in the
top positions of the ranking, outperforming the numeric
attributes. As stated in Sec. IV, personality extractors may
present different performance for each one of the traits.
When analyzing Table IX, we can see that the openness
trait in D4 (0.53) is better for the trust prediction than the
openness trait in D3 (0.43), so this analysis can be used
to choose the best set of attributes regarding the dataset.
It is important to emphasize that the features from the
other personality extractors present similar values from
the ones shown on Table IX, so they can also be relevant
for the trust prediction. A final discussion is that we also
did experiments using only personality aspects, instead of
combining them with the numeric features (Tabs. II and
III). The correlation coefficient for Trip Advisor (D5) and
Random Forest was only 0.0251. On the other hand, the
accuracy score for eBay (D10) and Random Forest was
70.1354. Based on these results, we argue that although
personality aspects are important, the combination with
the attributes of the environment leads to better results.
VII. C ONCLUSIONS
In this work, we proposed a personality bound trust
model based on the affective paradigm, which was tested
in the scenario of two real-world evaluation systems. To
validate and experiment our approach we used data obtained from Trip Advisor and eBay websites. Experimental
results confirmed our initial hypothesis that personality
aspects extracted from texts increase the correlation and
accuracy of trust-based systems with p < .05. The most
significant results were obtained using data from eBay.
We hypothesize that it happened because the reputation
value is already present in this dataset. Differently, in Trip

TABLE VI
C ORRELATION COEFFICIENTS OBTAINED DURING T RIP A DVISOR EXPERIMENTS .
Learner
Random Forest
M5Rules
Multilayer perceptron
SVM
Linear Regression

D1
0.7968
0.7039
0.6528
0.63
0.6169

D2
0.7999
0.7915
0.6529
0.6301
0.6143

D3
0.7987
0.7867
0.6552
0.6291
0.6161

D4
0.7972
0.7879
0.6469
0.6356
0.6229

D5
0.8011
0.7935
0.6588
0.6313
0.617

D6
0.7999
0.7906
0.6611
0.6303
0.6189

D7
0.7472
0.7637
0.6278
0.6384
0.619

D8
0.7931
0.7841
0.6386
0.6308
0.6154

D9
0.7991
0.7896
0.6364
0.6284
0.6124

D10
0.7365
0.7608
0.6244
0.6393
0.6143

TABLE VII
AVERAGE IMPURITY DECREASE FOR THE T RIP A DVISOR EXPERIMENTS .
D5
0.28 - Average utility votes per review
0.04 - Total reviews about restaurants
0.04 - Reviewer badge
0.04 - Openness
0.04 - Total miles traveled

D2
0.27 - Average utility votes per review
0.05 - Total reviews about restaurants
0.04 - Conscientiousness
0.04 - Reviewer badge
0.04 - Agreeableness

D6
0.28 - Average utility votes per review
0.04 - Total reviews about restaurants
0.04 - Reviewer badge
0.04 - Agreeableness
0.04 - Neuroticism

TABLE VIII
A CCURACY SCORE OBTAINED DURING E B AY EXPERIMENTS .
Learner
Random Forest
JRip
Multilayer perceptron
SVM
BayesNet

D1
63.4669
62.1405
60.4467
60.454
61.031

D2
69.5661
61.8579
60.4435
60.454
61.7713

D3
64.5171
62.0525
60.303
60.454
61.0383

D4
64.4414
62.2667
60.5255
60.3077
60.9704

TABLE IX
AVERAGE IMPURITY DECREASE FOR THE E B AY EXPERIMENTS .
D10
0.55 – Agreeableness D4
0.55 – Neuroticism D4
0.53 – Openness D4
0.50 – Conscientiousness D4
0.50 – Conscientiousness D3
0.49 – Neuroticism D3
0.48 – Extraversion D3
0.47 – Neuroticism D2
0.47 – Extraversion D2
0.45 – Agreeableness D3
0.44 – Conscientiousness D2
0.44 – Feedbacks
0.43 – Blacklist
0.43 – Openness D3
0.43 – Agreeableness D2

Advisor we had to create this attribute, and one hypothesis
is that this value may be not as accurate. As a pioneering
study in this field, we think that with the evolution of the
personality extractors from texts, the proposed model can
present better results without the need to use data from
the environment to trust prediction. It is a promising field
of research to predict trust using personality aspects.
Future work includes (i) a more sophisticated analysis
on feature selection, as well as more discussions about the
personality aspects and their importance to the model; (ii)
the usage of other datasets in order to test the model in
different scenarios; and (iii) the usage of others personality
extractors from texts.

D5
66.8627
62.2043
60.4079
60.454
61.6054

D6
68.0127
62.3497
60.4376
60.454
62.3014

D7
70.4822
61.8383
60.382
60.454
58.2775

D8
68.7155
61.9408
60.4663
60.454
61.0999

D9
67.54
62.8789
60.4417
60.454
60.8638

D10
72.8019
62.5521
61.8898
60.3077
59.9344

A CKNOWLEDGMENT
This work has been partially supported by national
funds through Fundação para a Ciência e a Tecnologia
(FCT) with references FCT: UID/CEC/50021/2019
R EFERENCES
[1] J. Granatyr, V. Botelho, O. R. Lessing, E. E. Scalabrin, J.-P. Barthès,
and F. Enembreck, “Trust and reputation models for multiagent
systems,” ACM Computing Surveys (CSUR), vol. 48, no. 2, p. 27,
2015.
[2] V. Carofiglio and F. De Rosis, “In favour of cognitive models of
emotions,” Virtual Social Agents, p. 171, 2005.
[3] J. Granatyr, N. Osman, J. Dias, M. A. S. N. Nunes, J. Masthoff,
F. Enembreck, O. R. Lessing, C. Sierra, A. M. Paiva, and E. E. Scalabrin, “The need for affective trust applied to trust and reputation
models,” ACM Computing Surveys (CSUR), vol. 50, no. 4, p. 48, 2017.
[4] J. Granatyr, J. P. Barddal, A. W. Almeida, F. Enembreck, and A. P.
dos Santos Granatyr, “Towards emotion-based reputation guessing
learning agents,” in 2016 International Joint Conference on Neural
Networks (IJCNN). IEEE, 2016, pp. 3801–3808.
[5] P. T. Costa and R. R. MacCrae, Revised NEO personality inventory
(NEO PI-R) and NEO five-factor inventory (NEO-FFI): Professional
manual. Psychological Assessment Resources, Incorporated, 1992.
[6] L. R. Goldberg, “An alternative" description of personality": the bigfive factor structure.” Journal of personality and social psychology,
vol. 59, no. 6, p. 1216, 1990.
[7] S. M. Srivastava and O. P. John, “The big-five trait taxonomy: History,
measurement, and theoretical perspectives,” 1999.
[8] “Personality-insights,” https://console.bluemix.net/docs/services/
personality-insights/, accessed: 2019-03-11.
[9] L. Gou, M. X. Zhou, and H. Yang, “Knowme and shareme: understanding automatically discovered personality traits from social
media and user sharing preferences,” in Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems. ACM, 2014,
pp. 955–964.
[10] S. H. Schwartz, “An overview of the schwartz theory of basic values,”
Online readings in Psychology and Culture, vol. 2, no. 1, p. 11, 2012.
[11] S. H. Schwartz, J. Cieciuch, M. Vecchione, E. Davidov, R. Fischer,
C. Beierlein, A. Ramos, M. Verkasalo, J.-E. Lönnqvist, K. Demirutku
et al., “Refining the theory of basic individual values.” Journal of
personality and social psychology, vol. 103, no. 4, p. 663, 2012.

[12] R. Marimon, J. P. Nicolini, and P. Teles, “Competition and reputation,” 1999.
[13] V. Buskens, “The social structure of trust,” Social networks, vol. 20,
no. 3, pp. 265–289, 1998.
[14] D. B. Bromley, Reputation, image and impression management.
John Wiley & Sons, 1993.
[15] M. Karlins and H. I. Abelson, “Persuasion: How opinions and
attitudes are changed,” 1970.
[16] S. Castaldo, “Trust variety–conceptual nature, dimensions and typologies,” 2003.
[17] D. H. McKnight, V. Choudhury, and C. Kacmar, “The impact of
initial consumer trust on intentions to transact with a web site: a
trust building model,” The journal of strategic information systems,
vol. 11, no. 3-4, pp. 297–323, 2002.
[18] J. K. Butler Jr, “Toward understanding and measuring conditions
of trust: Evolution of a conditions of trust inventory,” Journal of
management, vol. 17, no. 3, pp. 643–663, 1991.
[19] D. J. McAllister, “Affect-and cognition-based trust as foundations
for interpersonal cooperation in organizations,” Academy of management journal, vol. 38, no. 1, pp. 24–59, 1995.
[20] D. S. Johnson and K. Grayson, “Sources and dimensions of trust in
service relationships,” Handbook of Service Relationship, pp. 357–
370, 2000.
[21] J. D. Lewis and A. J. Weigert, “Social atomism, holism, and trust,”
The sociological quarterly, vol. 26, no. 4, pp. 455–471, 1985.
[22] C. Johnson-George and W. C. Swap, “Measurement of specific interpersonal trust: Construction and validation of a scale to assess trust
in a specific other.” Journal of personality and Social Psychology,
vol. 43, no. 6, p. 1306, 1982.
[23] K. H. Hanzaee and A. Norouzi, “The role of cognitive and affective
trust in service marketing: Antecedents and consequence,” Research
Journal of Applied Sciences, Engineering and Technology, vol. 4,
no. 23, pp. 4996–5002, 2012.
[24] Y. Wang and J. Vassileva, “Trust and reputation model in peer-topeer networks,” in Proceedings Third International Conference on
Peer-to-Peer Computing (P2P2003). IEEE, 2003, pp. 150–157.
[25] S. Soldz and G. E. Vaillant, “The big five personality traits and the
life course: A 45-year longitudinal study,” Journal of Research in
Personality, vol. 33, no. 2, pp. 208 – 232, 1999.
[26] J. A. Johnson, “Measuring thirty facets of the five factor model
with a 120-item public domain inventory: Development of the
ipip-neo-120,” Journal of Research in Personality, vol. 51, pp.
78 – 89, 2014. [Online]. Available: http://www.sciencedirect.com/
science/article/pii/S0092656614000506
[27] F. Mairesse, M. A. Walker, M. R. Mehl, and R. K. Moore, “Using
linguistic cues for the automatic recognition of personality in
conversation and text,” Journal of artificial intelligence research,
vol. 30, pp. 457–500, 2007.
[28] F. Celli and C. Zaga, “Be conscientious, express your sentiment!”
training, vol. 5747, no. 495, p. 5252, 2013.
[29] S. Poria, A. Gelbukh, B. Agarwal, E. Cambria, and N. Howard,
“Common sense knowledge based personality recognition from
text,” in Mexican International Conference on Artificial Intelligence.
Springer, 2013, pp. 484–496.
[30] “Indico api,” https://indico.io, accessed: 2019-03-15.
[31] X. Zuo, B. Feng, Y. Yao, T. Zhang, Q. Zhang, M. Wang, and W. Zuo, “A
weighted ml-knn model for predicting usersí personality traits,” in
2013 International Conference on Information Science and Computer
Applications (ISCA 2013). Atlantis Press, 2013.
[32] D. Xue, L. Wu, Z. Hong, S. Guo, L. Gao, Z. Wu, X. Zhong, and
J. Sun, “Deep learning-based personality recognition from text posts
of online social networks,” Applied Intelligence, vol. 48, no. 11, pp.
4232–4246, 2018.
[33] Y. Hernández, C. A. Peña, and A. Martínez, “Model for personality
detection based on text analysis,” in Mexican International Conference on Artificial Intelligence. Springer, 2018, pp. 207–217.
[34] D. Azucar, D. Marengo, and M. Settanni, “Predicting the big 5
personality traits from digital footprints on social media: A metaanalysis,” Personality and Individual Differences, vol. 124, pp. 150–
159, 2018.
[35] F. Celli, “Adaptive personality recogntion from text,” Ph.D. dissertation, University of Trento, 2012.
[36] S. Bai, T. Zhu, and L. Cheng, “Big-five personality prediction
based on user behaviors at social network sites,” arXiv preprint
arXiv:1204.4809, 2012.

[37] J. Philip, D. Shah, S. Nayak, S. Patel, and Y. Devashrayee, “Machine
learning for personality analysis based on big five model,” in Data
Management, Analytics and Innovation. Springer, 2019, pp. 345–
355.
[38] N. Ahmad and J. Siddique, “Personality assessment using twitter
tweets,” Procedia computer science, vol. 112, pp. 1964–1973, 2017.
[39] S. Argamon, S. Dhawle, M. Koppel, and J. W. Pennebaker, “Lexical
predictors of personality type,” in IN PROCEEDINGS OF THE JOINT
ANNUAL MEETING OF THE INTERFACE AND THE CLASSIFICATION SOCIETY OF NORTH AMERICA, 2005.
[40] F. Celli, “Mining user personality in twitter,” Language, Interaction
and Computation CLIC, 2011.
[41] A. Roshchina, J. Cardiff, and P. Rosso, “Twin: Personality-based
intelligent recommender system,” Journal of Intelligent & Fuzzy
Systems, vol. 28, no. 5, pp. 2059–2071, 2015.
[42] P. C. Bauer and M. Freitag, “Personality and the foundations of
social trust,” in American Political Science Association 2013 Annual
Meeting: EPSA 2013 Annual General Conference Paper, vol. 103,
2013.
[43] S. Gosling, Snoop: What your stuff says about you. Profile Books,
2018.
[44] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, “Smote:
synthetic minority over-sampling technique,” Journal of artificial
intelligence research, vol. 16, pp. 321–357, 2002.
[45] U. Krcadinac, P. Pasquier, J. Jovanovic, and V. Devedzic, “Synesketch:
An open source library for sentence-based emotion recognition,”
IEEE Transactions on Affective Computing, vol. 4, no. 3, pp. 312–
325, 2013.
[46] M. Friedman, “The use of ranks to avoid the assumption of normality implicit in the analysis of variance,” Journal of the american
statistical association, vol. 32, no. 200, pp. 675–701, 1937.
[47] G. W. Corder and D. I. Foreman, Nonparametric statistics: A stepby-step approach. John Wiley & Sons, 2014.
[48] M. Hall, E. Frank, G. Holmes, B. Pfahringer, P. Reutemann, and I. H.
Witten, “The weka data mining software: an update,” ACM SIGKDD
explorations newsletter, vol. 11, no. 1, pp. 10–18, 2009.
[49] G. Louppe, L. Wehenkel, A. Sutera, and P. Geurts, “Understanding
variable importances in forests of randomized trees,” in NIPS, 2013.

