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a b s t r a c t

In the recent past, a considerable research has been devoted to trust and reputation mechanisms to sim-
plify complex transactions for open environments in social networking, e-commerce, and recommender
systems (RS). In real life, we come to know about others through our social circle according to their rep-
utation which is a public view. However, it is not always adequate to depend solely on the public view
and therefore a trust measure is required to give a personalized view of the future encounters with a spe-
cific partner. In this paper, we propose fuzzy computational models for both trust and reputation con-
cepts. Reciprocity and experience are used for trust modeling while the proposed reputation model is
a fuzzy extension of beta reputation model. A two-level filtering methodology is proposed to benefit to
a large extent from both the concepts separately. In order to justify the proposed models, we compared
them with the existing reputation models for movie RS. The experimental results show that the incorpo-
ration of trust and reputation concepts into RS indeed improves the recommendation accuracy and estab-
lish that our models are better than beta and the popular eBay reputation models.

� 2008 Elsevier B.V. All rights reserved.
1. Introduction

The emerging online environment let people buy and sell goods,
play, and recommend products for each other without knowing the
remote partner. All of these encounters are only possible if part-
ners trust each other. Consequently they can delegate tasks and
decisions to an appropriate person and therefore improving the
quality of online markets [1,2]. However, insufficient trust in e-
commerce could lead to users ‘staying away’ from the technology
altogether. Despite obvious importance of trust and reputation,
transferring them to computer science is still a challenging prob-
lem. Computer scientists from many areas, e.g., security, semantic
web, and e-commerce, are still working on the transfer of these
concepts to be used in computer mediated transactions. It is often
hard to assess the trustworthiness of remote partners in the com-
puter mediated transactions and processes because familiar styles
of interaction are still far from being computationally modeled eas-
ily. Actually, physical transactions and traditional forms of com-
munication like body language, gestures, and facial expressions
allow people to assess a much wider range of cues related to trust-
worthiness than the current computer mediated communication
can do.

Amongst different areas of computer science, e-commerce
seems to be the most benefitted area from the trust and reputation
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concepts. Recently, very big electronic communities have been
established and grown very fast. Unfortunately, a major weakness
of e-markets is the raised level of risk associated with the loss of
the notions of trust and reputation. The consumer is usually forced
to accept the ‘risk of prior performance’, i.e. to pay for services and
goods before receiving them, which can leave him in a vulnerable
position. On the other hand, the service provider has much more
information about the product quality than the customer, as long
as he will receive payment before shipment in most cases. The re-
search work in the recent past [1,3–8] shows that this information
asymmetry can be mitigated through trust and reputation con-
cepts. The idea is that even if the consumer cannot try the service
in advance, he can be confident that it will be what he expects as
long as he trusts the service provider.

Various definitions have been given in the literature to both
trust and reputation concepts. For example, Ruohomaa and Kutvo-
nen [7] defined trust as the extent to which one partner is willing
to participate in a given action with another partner, considering
the risks and incentives involved. On the other hand, the reputa-
tion is defined by Mui et al. [8] as a perception a partner creates
through past actions about his intentions and norms. Although
the way of incorporating trust and reputation concepts in e-com-
merce varies from system to system but they provide an incentive
for good behavior and a punishment for bad behavior. However,
trust and reputation concepts are social fuzzy concepts thus fuzzy
computational models for both the concepts would reflect their ac-
tual value for enhancing the system accuracy.

The rest of this paper is organized as follow: trust and reputa-
tion concepts in literature are given in Section 2. The proposed
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fuzzy computational models for trust and reputation are presented
in Section 3 and are employed for movie RS in Section 4. Computa-
tional experiments and results are given in Section 5. Finally, the
last section concludes the paper and gives some future research
directions.

2. Trust and reputation in literature

Trust and reputation concepts get much attention due to the
need for reliable automatic tools for Web services. The traditional
cues of trust and reputation of physical encounters are missing in
Web interactions. As a consequence, electronic substitutes are re-
quired for these concepts so that the quality of online services
can improve especially for e-commerce and entertainment ser-
vices. However, trust and reputation are quite challenging to define
as they manifest themselves in many different forms. The litera-
ture on trust and reputation is also quite confusing because these
terms are being used with a variety of meanings [2,3,5,7–10]. As
indicated by the recent survey of the developments in this area
[1], there is considerable confusion around the terminology used
to describe trust and reputation concepts, and therefore a consis-
tent terminology is required. However, the following properties
[2] are regularly assigned to trust, and are relevant when transfer-
ring it to computer science.

� Trust is subjective and therefore asymmetric. The levels of trust
that two partners place on each other may not be necessarily the
same.

� It is context dependent.
� It is dynamic, meaning it can increase with positive experience

and decrease with negative experience. Thus trust is non-
monotonic.

There is a conflict about trust transitivity in the literature that
arises from the way of treating trust as a global or a subjective
property. For those who treat trust as a global property it is transi-
tive while it is not for those who treat it as a subjective property.
For example, Marsh [10] pointed out that trust is not transitive.
It is not transitive also as a global property over arbitrary long
chains, since this will end in conflict regarding distrust. The re-
search in this field report three main stages, namely modeling,
management and decision making [2]. McKnight and Chervany
[9] categorize trust into personal trust, impersonal trust, and dis-
positional trust. Personal trust describes trust between people
while impersonal trust is not bound to a person but arises from so-
cial or organizational situation. Dispositional trust is the person’s
general attitude towards the world. This paper focuses on model-
ing of reputation as a global property and personal trust as a sub-
jective property and therefore trust is not transitive. Moreover,
trust and reputation are classified according to the information
sources that they take into account for computing trust and repu-
tation values. Accordingly, in the following we will touch three
main points, namely trust and reputation definitions, information
sources, and the previously proposed models.

2.1. Reputation and trust definitions and information sources

Different disciplines handle trust differently according to their
own perceptions and what fits their specific goals. Accordingly,
the existing trust definitions span different disciplines like, Psy-
chology, Sociology, Philosophy, Marketing, E-Commerce, and Com-
puter Science [5]. For example Gambetta [11] stated that ‘trust is
the subjective probability by which an individual A expect that an-
other individual B performs a given action on which its welfare de-
pends’. On the other hand, Ostrom’s work [12] stated that

‘Reputation is the perception that an agent creates through past ac-
tions about its intentions and norms’. Sometimes the two concepts
are used interchangeably. However, recent researchers have
pointed out that there is a clear difference between them without
ignoring that there is some correlation between the two concepts
in some cases [1,3]. This is in agreement with the ground basics
of these concepts in sociology. Accordingly, two distinct definitions
are tried out for trust and reputation concepts.

Two main sources of information [1,3] are frequently used for
trust and reputation modeling, namely direct information and word
of mouth information (witness information). The direct information
is the experience based on the direct interactions with a specific
partner while witness information is the information comes from
other members of the community. We believe that trust and reci-
procity are one-to-one relationship (personal relation) while repu-
tation is a many-to-one relationship (public relation). Therefore,
the direct information is suitable for trust and reciprocity modeling
while the witness information is appropriate for reputation model-
ing to reflect the community’s opinion in general. This agrees with
almost all recent literature which treats reputation as a global
property shared by all the observers but they are varying in reflect-
ing this opinion in their models. In this case, the reputation score
reflects the past interactions of the community with the individual
being evaluated. This score is globally available to all members of
the community and updated each time a member issues a new
evaluation of an individual. On the other hand, trust is a personal
and subjective property assessed particularly by each individual.
That means you cannot trust anybody before you get a direct con-
tact with him. There are special cases when the witness informa-
tion is used but this is when there is a lack of direct information
and that should be related to reputation not trust. In this direction,
we have to talk about the trust of a partner ax from the point of
view of a partner ay.

2.2. Previous reputation and trust models

Many computational trust and reputation models have ap-
peared [4,5,8,10,13–16] in the last few years. In the computer sci-
ence literature, Marsh [10] is among the first to introduce a
computational model for trust in the distributed artificial intelli-
gence community but he did not model reputation in his work.
As he has pointed out, several limitations exist for his simple trust
model. Marsh model takes into account direct information and dif-
ferentiates three types of trust, namely basic trust, general trust,
and situational trust. Moreover, Marsh introduces the notion of
‘‘reciprocation” as a modifier for trust measures. Actually, the pre-
vious models vary according to the information sources and the
constituting properties of each concept. Some authors treat reputa-
tion as a property of trust or vice versa while others not. For exam-
ple some authors treats reputation as a means to build and update
trust after a certain number of successful transactions [7,15] while
Mui et al. [8] assumed that trust, reputation and reciprocity rein-
force each other. However, trust and reciprocity are personal prop-
erties and therefore can reinforce each other while reputation is a
global property that can be overridden by personal experience
which is the main source for trust and reciprocity modeling. Some
people could say ‘we trust you because of your good reputation’
while others could say ‘we trust you despite your bad reputation’.
In the later case, the personal experience and intimate relations
override reputation [1]. This variability of opinions cannot be cap-
tured if we model reputation based on trust or vice versa. By build-
ing separate models according to separate sources of information,
we can maintain the validity of both cases, reinforcement between
the two concepts if both values are high or trust overrides reputa-
tion if the trust measure is high. The unclear separation between
both concepts leads Zacharia [13] to design Histos system to
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overcome the lack of personalization that Sporas system has about
reputation scores. Histos system takes into account both direct and
witness information sources.

In this paper we concentrate on centralized reputation systems
where the reputation centre collects ratings from all community
members. The reputation scores are computed according to many
ways and are regularly updated as a function of the received rat-
ings. For example, eBay – the popular e-commerce site with a com-
munity of over 50 millions registered users (eBay.com) – used a
simple summation such that the running total reputation score
of a given partner is the sum of positive ratings minus the sum
of negative ratings. Other alternatives to simple summation are
average of ratings (Amazon.com) and weighted average to put
more emphasis on the most recent transactions or to highlight
some factors more than others. A more complex system is the beta
reputation system [16] which provides a theoretically sound basis
for computing reputation scores. The beta family of distributions is
a continuous family of distribution functions indexed by two
parameters a and b. The beta probability distribution function de-
noted by beta(p|a,b) can be expressed using the gamma function,
C, as below [16,17]:

betaðpja;bÞ ¼ Cðaþ bÞ
CðaÞCðbÞp

a�1ð1� pÞb�1 ð1Þ

where 0 6 p 6 1;a > 0;b > 0, p 6¼ 0 if a < 1, and p 6¼ 1 if b < 1. The
probability expectation value of the beta distribution is:

EðpÞ ¼ a
aþ b

ð2Þ

If the number of positive observations is N+ and the number of neg-
ative observations is N� then a ¼ Nþ þ 1 and b ¼ N� þ 1 As a conse-
quence, the beta reputation function becomes:

f ðpjNþ;N�Þ ¼ CðNþ þ N� þ 2Þ
CðNþ þ 1ÞCðN� þ 1Þ

pNþ ð1� pÞN
�

ð3Þ

Based on the most natural way to define the reputation score as a
function of the expectation value, Jøsang and Ismail [16] defined
reputation score by the following:

repðaiÞ ¼ 2ðEðf ðpjNþ;N�ÞÞ � 0:5Þ ¼ Nþ � N�

Nþ þ N� þ 2
ð4Þ

This can be interpreted as saying that the relative frequency of a po-
sitive outcome in the future is somewhat uncertain, and the most
likely value is Eðf ðpjNþ;N�ÞÞ. Formula (4) will be used later for
deriving the reputation scores between partners. To take into ac-
count multiple sources G, N+ and N� are computed as [16]:

Nþ ¼
X
j2G

Nþj and N� ¼
X
j2G

N�j ð5Þ

where Nþj and N�j are the positive and negative observations for
source j, respectively.

3. The proposed fuzzy computational models for trust and
reputation concepts

The basic idea of trust and reputation systems is to let partners
rate each other after the completion of an encounter. The system
then aggregates these ratings for a given partner to derive a per-
sonalized trust measure or a global reputation score [1]. However,
either trust or reputation are usually used as crisp attributes. That
does not effectively reflect the social meanings of these two con-
cepts where most of human perceptions are fuzzy. Our attempt
in the following section is to discuss definitions for trust, reciproc-
ity and reputation concepts based on their social meanings and
accordingly propose fuzzy computational models for them.

3.1. Trust, reputation and reciprocity definitions

Despite obvious usefulness of trust and reputation, conceptual
gaps exist in current models about them. In real life we come to
know about others through our social circle through their reputa-
tion. However, to what extent the piece of information obtained via
third party is correct and as a result there is uncertainty in the rec-
ommendation. This motivates us to differentiate between trust and
reputation concepts and use a consistent terminology to define
both concepts according to their social meaning and usage as close
as possible. Accordingly fuzzy computational models are built
based on these definitions. Firstly, the appropriate definition for
trust is [8]:

Definition 1 (Trust). Trust is a subjective expectation a partner
has about another’s future behavior based on the history of their
encounters.

Obviously, this definition treats the trust as a subjective prop-
erty computed based on the two partners concerned in a dyadic
encounter. The term ‘subjective expectation’ is used to emphasize
that trust is a personalized summary that an individual has toward
another based on a number of former encounters between them.
Secondly, the concept of reciprocity is closely related to that of
trustworthiness. The social dictum ‘‘Be nice to others who are nice
to you” seems to be well permeated in our society for encouraging
social reciprocation. This social dictum reflects exactly the concept
of reciprocity as studied by evolutionary biologists. This paper uses
the following definition for reciprocity [8]:

Definition 2 (Reciprocity). Reciprocity is the mutual exchange of
deeds (such as favor or revenge).

Thus the reciprocity is a symmetric property while the trust is
an asymmetric property. This indicates that there is another prop-
erty that should introduce asymmetry into the trust measure if we
treat reciprocity as the symmetric part of trust. Finally, the Concise
Oxford dictionary gives a definition for reputation [1] which is in
agreement with the social network researchers’ point of view.

Definition 3 (Reputation). Reputation is what is generally said or
believed about a person’s or thing’s character or standing.

Thus reputation exists only in a community which is observing
its members in one way or the other. Accordingly, reputation is the
collected and processed information about one partner’s former
behavior as experienced by others. The evolved score is the aggre-
gation and is globally visible to all members of the network. Thus
the reputation score reflects a global view of each individual and
therefore suffers from a lack of personalization, unlike trust mea-
sure. Something that is bad for me could be acceptable for others
and the other way around [3]. By including both concepts sepa-
rately in our work we maintain the advantages of both concepts.
Thus, high trust measure could override even high reputation
scores based on the past direct experience with the others.

3.2. The proposed fuzzy computational models for trust and reputation

Trust and reputation systems are rating systems where each
individual is asked to give his opinion after completion of each
encounter in the form of ratings. More formally, let
A = {a1,a2, . . .,aM} be the set of all partners (users), where M is the
number of partners in the system. We assume each partner will
rate the other after completing the encounter. An encounter
ek 2 E is an ordered pair, ekðai; ajÞ ¼ hrek

ai
ðajÞ; rek

aj
ðaiÞi, where rek

aj
ðajÞ

is the rating partner ai has given to partner aj for an encounter
ek. The rating scale Z can take different forms, for example
ZeBay ¼ f�1;0;þ1g; Zbeta ¼ f�1;þ1g; and ZMovieLens ¼ f1;2;3;4;5g.
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Binary ratings are considered insufficient to capture various de-
grees of judgment, therefore Z should give more than one choice
for positive/negative ratings besides a neutral rating. As a conse-
quence, ratings can be easily assigned and understood by human
users and therefore a more accurate judgment can be obtained
[2]. For example, ZB ¼ f�2;�1;0;þ1;þ2g can be translated into
discrete form as very bad, bad, average, good, and very good,
respectively. The set of ratings partner ai has given to partner aj

is Sai
ðajÞ ¼ frek

ai
ðajÞjek 2 Eg and the whole past history of partner ai

is Hi ¼ fSai
ðajÞj8ajð6¼ aiÞ 2 Ag. It is to be noted that usually

jSai
ðajÞj ¼ jSaj

ðaiÞj and when both partners do not rate each other,
i.e. if ai has no encounters at all with aj and vice versa then
Sai
ðajÞ ¼ Saj

ðaiÞ ¼£, where £ denotes an empty set.

3.2.1. Fuzzy computational model for trust
Trust is a complex concept that constitutes many properties.

Amongst these properties one is symmetric whereas the other is
asymmetric. The most appropriate property to define the symmet-
ric part is the reciprocity while the partner’s experience defines the
asymmetric part. The reciprocity is the mutual favor or revenge
and therefore to model it, we need to find the agreement (both
individuals are satisfied or unsatisfied) and disagreement (only
one of them is unsatisfied) between two partners. To do so, we
can define two fuzzy subsets on each partner’s ratings (universe
of discourse), namely satisfied and unsatisfied. The membership
values of satisfied and unsatisfied fuzzy subsets for a given encoun-
ter always sum up to one, for example, 70% satisfaction indicates
30% unsatisfaction. From these two fuzzy sets we can find the
agreement and disagreement between the two partners. The satis-
fied and unsatisfied fuzzy subsets for partner ai are defined as
below:

satisfiedðaiÞ ¼ fsatai
ðekÞjek 2 Hig ð6Þ

unsatisfiedðaiÞ ¼ funsatai
ðekÞjek 2 Hig ð7Þ

where satai
ðekÞ and unsatai

ðekÞ are membership values of ai’s ratings
for ek in the fuzzy subsets satisfiedðaiÞ and unsatisfiedðaiÞ, respec-
tively. Fig. 1 gives a simple triangle membership functions for
satisfiedðaiÞ and unsatisfiedðaiÞ fuzzy subsets that are given by the
following:

satai
ðekÞ ¼

0 rek
ai
ðajÞ ¼ z�

ðrek
ai
ðajÞ�z�Þ

z��z�
z� < rek

ai
ðajÞ < z�

1 rek
ai
ðajÞ ¼ z�

8>><
>>: ð8Þ

unsatai
ðekÞ ¼ 1� satai

ðekÞ ð9Þ

where z� and z� are the minimum and the maximum possible rat-
ings for a given system with ZB ¼ fz�; . . . ;0; . . . ; z�g.

The possible combinations of satisfied and unsatisfied fuzzy
subsets define four values for any two partners, namely satis-

fied–satisfied SSðai; ajÞ, unsatisfied–unsatisfied UUðai; ajÞ, satis-
fied–unsatisfied SUðai; ajÞ, and unsatisfied–satisfied USðai; ajÞ.

SSðai; ajÞ ¼
jsatisfiedðaiÞ \ satisfiedðajÞj
jsatisfiedðaiÞ [ satisfiedðajÞj

ð10Þ

UUðai; ajÞ ¼
junsatisfiedðaiÞ \ unsatisfiedðajÞj
junsatisfiedðaiÞ [ unsatisfiedðajÞj

ð11Þ

SUðai; ajÞ ¼
jsatisfiedðaiÞ \ unsatisfiedðajÞj
jsatisfiedðaiÞ [ unsatisfiedðajÞj

ð12Þ

USðai; ajÞ ¼
junsatisfiedðaiÞ \ satisfiedðajÞj
junsatisfiedðaiÞ [ satisfiedðajÞj

ð13Þ

Fuzzy sets literature describes many alternatives for union and
intersection of crisp sets. The popular one is min for intersection
and max for union. The min–max alternative and the definition of
fuzzy set’s cardinality as given by Zadeh in [18] yield the following:

jsatisfiedðaiÞ \ satisfiedðajÞj ¼
X

ek2Hi\Hj

minðsatai
ðekÞ; sataj

ðekÞÞ ð14Þ

jsatisfiedðaiÞ [ satisfiedðajÞj ¼
X

ek2Hi\Hj

maxðsatai
ðekÞ; sataj

ðekÞÞ ð15Þ

There are many possible ways to compute the agreement and dis-
agreement values based on Formulae (10)–(13). However, this pa-
per uses the following definition:

Definition 4 (Agreement and Disagreement). For a rating trust
system, the agreement and disagreement values between any
two partners ai and aj are given by the following formulae:

agrðai; ajÞ ¼
SSðai; ajÞ þ UUðai; ajÞ

2
ð16Þ

disagrðai; ajÞ ¼
SUðai; ajÞ þ USðai; ajÞ

2
ð17Þ

Now we can express reciprocity mathematically in terms of
agrðai; ajÞ and disagrðai; ajÞ as follows:

recðai; ajÞ ¼ ð1� disagrðai; ajÞÞagrðai; ajÞ ð18Þ

The mutual exchange of deeds is represented by agrðai; ajÞ value
(both partners are satisfied or unsatisfied). On the other hand,
disagrðai; ajÞ value represents the conflict both partners have. The
reciprocity becomes high if the disagreement is low and vice versa.
Accordingly, Formula (18) gives disagreement the priority, i.e. when
disagrðai; ajÞ becomes one, the reciprocity value is zero whatever be
the agrðai; ajÞ value. Moreover, Formula (18) depends only on the
degree of agreement and disagreement between the two partners
to judge reciprocity. However, how reliable is the computed value?
A reliability measure (to be discussed later) should be introduced to
weight the reciprocity value. A more accurate formula for reciproc-
ity would be:

recipðai; ajÞ ¼ reliabðai; ajÞ � recðai; ajÞ ð19Þ

The asymmetric part of trust could be the experience of the other
partner and the confidence you have on that experience. The
robustness of rating systems relies on the number of encounters
the partner has made in the past which is in turn defines the part-
ner’s experience. However, in social life you cannot trust anyone
more than yourself if he has less experience than you. Mathemati-
cally this can be expressed by multiplying experience value by a
confidence factor. In our model the confidence factor partner ai

has in partner aj and the experience of partner aj are:

confai
ðajÞ ¼

nj

maxðni; njÞ
ð20Þ

exðajÞ ¼
nj

maxðn1; . . . ;nMÞ
ð21Þ

unsatisfied satisfied

rai

*z*z

ek aj

Fig. 1. Membership functions of satisfied and unsatisfied fuzzy subsets.

40 K.K. Bharadwaj, M.Y.H. Al-Shamri / Electronic Commerce Research and Applications 8 (2009) 37–47



where ni ¼ jHij, the cardinality of Hi and M is the number of partners
in the system. The experience value of aj as seen by ai is:

Experai
ðajÞ ¼ confai

ðajÞ � exðajÞ ð22Þ

Now, trust as a function of reciprocity, experience, and confidence
is:

trustai
ðajÞ ¼

2� Experai
ðajÞ � recipðai; ajÞ

Experai
ðajÞ þ recipðai; ajÞ

ð23Þ

It is to be noted that reciprocity is a symmetric property while expe-
rience is asymmetric and therefore the resulting trust measure will
be asymmetric. As you can see, the past history is the basis for trust
and therefore you cannot trust anybody unless you have had inter-
action with him before, but you can rely on his reputation as an
alternative to the lack of personal experience. This is exactly what
we target by separating trust and reputation concepts. Throughout
this paper we used the harmonic mean to aggregate some values
because it is robust to large differences between the inputs so that
a high value will only be possible if both inputs are high.

3.2.2. Fuzzy computational model for reputation
Jøsang et al. [1] pointed out that there seems to be a lack of

coherence in the existing work on trust and reputation models.
Authors often propose new systems from scratch without trying
to extend or enhance previous proposals. Amongst the existing
reputation models, beta reputation model provides a mathemati-
cally sound basis for computing reputation scores. This model uses
the beta probability density function to represent probability dis-
tributions of binary events (positive and negative encounters).
However, two modifications could be possible. Firstly, there is no
clear differentiation between a single individual’s opinion and a
group of individuals’ opinion. The way of computing the reputation
score for a target entity is the same except that the summation of
positive and negative encounters for the whole group is used in the
later case instead of individual numbers in the former case (see
Formula (5)). We think that a good reputation model should differ-
entiate clearly between the way of computing a reputation score
for a target entity from an individual and the overall reputation
score from the community. According to Definition 3, the whole
community where the partner resides has the final word of how
much reputation he deserves. Therefore, to compute the reputation
for a given partner, each member of the community has to give him
a reputation score based on their previous encounters and this
score from an individual should be independent of the others opin-
ions. The overall reputation score is the aggregation of all individ-
uals’ scores. The second point is that the individual reputation
score needs to be associated with a reliability measure. This will
measure how reliable is the score received from a given individual.
Thus to make beta reputation model more accurate, the following
points need to be taken into account.

� The rating scale should give a flexible range of choices (for
example, ZB).

� The beta reputation model is appropriate to compute the repu-
tation scores from individuals while Ordered Weighted Averag-
ing (OWA) [19] operator guided by an appropriate fuzzy
linguistic quantifier is the appropriate choice to aggregate all
individuals’ scores to capture the fuzzy nature of the social
aggregation process.

� Each individual reputation score should be associated with a
reliability measure.

The eBay and beta reputation models assume binary ratings.
However, the system granularity is achieved if a range of ratings
is used to reflect a wide range of preferences and judgment. The

system can simply use a numerical scale for ratings that can be
mapped easily into binary ratings as required for the beta reputa-
tion model. Let us assume that the ratings scale is divided equally
around the neutral rating (for example ZB scale), i.e. for each scale
point in the positive side, there is a corresponding scale point in
the negative side. Thus each pair of points represents binary rat-
ings and therefore we can find the reputation score according to
beta reputation model over all the pairs. For clarity let d-pair = {�d,
+d} represents the partner ratings rek

ai
ðajÞ ¼ �d and rek

ai
ðajÞ ¼ d (for

ZB scale, there are two d-pairs, {�1, 1} and {�2, 2}). Hence a mod-
ified version of Formula (4) to compute the reputation score part-
ner ai has given to partner aj, Rai

ðajÞ, is:

Rai
ðajÞ ¼

1
jDj

X
d2D

Nþd
i;j � N�d

i;j

Nþd
i;j þ N�d

i;j þ 2
ð24Þ

where D is the set of all d-pairs, Nþd
i;j and N�d

i;j are the number of po-
sitive and negative d ratings partner ai has given to partner aj,
respectively.

Nþd
i;j ¼ jfrek

ai
ðajÞ ¼ þdjek 2 Sai

ðajÞgj

N�d
i;j ¼ jfrek

ai
ðajÞ ¼ �djek 2 Sai

ðajÞgj
ð25Þ

The reputation score given by Formula (24) is based mainly on the
number of positive and negative encounters. However, there are a
number of neutral encounters. This gives rise to a question like
how reliable is the computed score? A reliability measure needs
to be introduced to make the derived score more reliable (it will
be discussed later). Thus the final reputation score from individuals
is:

repai
ðajÞ ¼ reliabðajÞ � Rai

ðajÞ ð26Þ

The overall reputation score of partner aj as seen by the whole com-
munity is:

repðajÞ ¼ aggrðrepa1
ðajÞ; . . . ; repaj�1

ðajÞ; repajþ1
ðajÞ; . . . ; repaM

ðajÞÞ
ð27Þ

The definition of reputation states ‘‘generally said or believed” to de-
scribe the partner’s standing in the community. This can be inter-
preted in fuzzy logic by using an appropriate fuzzy linguistic
quantifier to guide the aggregation process of reputation scores
coming from the community members. OWA operators were origi-
nally introduced by Yager [19] to provide a means for aggregating
scores associated with the satisfaction of multiple criteria, which
unifies in one operator the conjunctive and disjunctive behavior:

OWAðx1; x2; . . . ; xnÞ ¼
Xn

j¼1

wj � xrðjÞ ð28Þ

where r is a permutation that orders the elements under consider-
ation: xrð1Þ 6 xrð2Þ 6 � � � 6 xrðnÞ. The weights are all non-negative
ðwj P 0Þ and their sum equals one, i.e.

Pn
j¼1wj ¼ 1. In our model,

the linguistic quantifier ‘usually’ is used to derive the weights of
OWA aggregation. ‘Usually’ is a proportional linguistic quantifier
Q which can be represented as a fuzzy subset over I = [0,1], i.e.
Q(r) indicates the degree to which any proportion r 2 I satisfies
the concept ‘usually’. Moreover, ‘usually’ is a regular increasing
monotone quantifier [19] which satisfies the following conditions:

� Q(0) = 0 and Qð1Þ ¼ 1.
� If x P y then QðxÞP QðyÞ

The weights for this type of quantifiers [19] are:

wj ¼ Q
j
n

� �
� Q

j� 1
n

� �
ð29Þ
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This type of aggregation also protects the reputation system from
being adversely affected by malicious parties who provide false or
misleading information ‘‘ballot stuffing” [1].

3.2.3. A reliability measure
As we mentioned earlier the computed values of reciprocity and

individual reputation scores are not always reliable and therefore a
reliability measure is required to answer the question of how reli-
able is the computed value? An answer can be found based on
Dempster–Shafer Theory (DST) which deals with the inherited
ignorance/uncertainty in knowledge. Actually, DST was first intro-
duced by Dempster in the 1960s [20] and subsequently extended
by Shafer in 1976 [21]. The first step in applying DST is to define
a set of possible states which is called the frame of discernment, de-
noted by H. The H delimits a set of possible states of a given sys-
tem, exactly one of which is assumed to be true at any one time.
Each state B 2 2H is associated with a basic probability mass
m(B) such that [22]:

mðBÞP 0 and mð£Þ ¼ 0X
B22H

mðBÞ ¼ 1 ð30Þ

where 2H is the power set of H. DST allows us to represent igno-
rance by assigning a basic probability mass to a statement which
contains several alternatives or unclear outcome. By this way we
can account for a lack of observation and uncertainty, both of which
represent forms of incomplete information. In this direction, the H
for our application is the set of ratings partner ai has given to part-
ner aj, i.e. H ¼ Sai

ðajÞ ¼ Sþai
ðajÞ [ S�ai

ðajÞ [ S0
ai
ðajÞ. The positive encoun-

ters B1 ¼ jSþai
ðajÞj, and the negative encounters B2 ¼ jS�ai

ðajÞj
represent a clear outcome whereas the neutral encounters,
B3 ¼ jS0

ai
ðajÞj, represent uncertain and incomplete answer and there-

fore uncertainty about the judgment.
Actually, the reliability measure is inversely proportional to the

uncertainty and therefore can be computed based on how much
uncertainty is there in the system. Let Aj be the proposition ‘positive
and negative ratings partner aj has given to partner ai’, then the Sha-
fer interval will be ½sðAjÞ; pðAjÞ�, which is a subinterval of the unit
interval. sðAjÞ is called the support and pðAjÞ is the plausibility of
Aj. The support for Aj is the total mass attributed to Aj and all of
its states [22].

sðAjÞ ¼
X

BjB�Aj

mðBÞ

pðAjÞ ¼
X

BjB\Aj 6¼£

mðBÞ
ð31Þ

The uncertainty of a proposition is the width of the Shafer interval,
i.e. uðAjÞ ¼ pðAjÞ � sðAjÞ. Since H ¼ Sai

ðajÞ and pðAjÞ ¼ 1 then the sup-
port is:

sðAjÞ ¼ mðB1Þ þmðB2Þ ¼
jSþai
ðajÞ þ S�ai

ðajÞj
jSai
ðajÞj

ð32Þ

The reliability measure, reliabai
ðajÞ, of aj as seen by ai is defined by:

reliabai
ðajÞ ¼ 1� uðAjÞ ¼ 1�mðHÞ ¼ 1�

jS0
ai
ðajÞj

jSai
ðajÞj

ð33Þ

Here mðHÞ represents the residual uncertainty of the domain (neu-
tral encounters). The reliability measure for the reciprocity value
needs a new frame of discernment to cover the uncertainty for both
partners. Hence H for this case is H ¼ Sai

ðajÞ [ Saj
ðaiÞ and therefore

the reliability measure is:

reliabðai; ajÞ ¼ 1�mðHÞ ¼ 1�
jS0

ai
ðajÞj þ jS0

aj
ðaiÞj

jSai
ðajÞj þ jSaj

ðaiÞj
ð34Þ

4. Trust and reputation models for movie recommender system

Recently, RS have become an essential part of e-commerce on-
line services where they offer suggestions about products custom-
ers might also like to buy. Their contribution comes in two forms,
either to predict ratings of products that a user wants to know
about, or to list products that users might find of interest based
on their stated preferences, online shopping choices, and the pur-
chases of people with similar tastes or demographics. This would
create new revenue opportunities and increasing both customer
retention and the number of shoppers who become buyers. The
most frequently used information filtering technique for RS is the
collaborative filtering (CF) [23,24], which computes personalized
recommendations by comparing multiple customers’ ratings and
finding those with similar tastes. Formally, CF recommender sys-
tem [25] has a set of users A ¼ faigM

i¼1 rating a set of items
S ¼ fsigK

k¼1. Each user ai has rated a subset of items Si, where the
rating of user ai for item sk is denoted by ri;k. Depending on the user
ratings, a user can be correlated with others who provide him with
a set of recommendations. However, the correlation similarity
alone may not be enough to guarantee high quality predictions
and recommendations. Therefore, there is a need to consider other
factors to enhance the prediction accuracy. Like many authors
[1,3–5], we think that trust and reputation concepts are the most
important factors to achieve enhanced accuracy. Our idea is to en-
hance the quality of neighboring users by relying only on those
neighbors having high trust and reputation scores.

This section attempts to employ the proposed fuzzy trust and
reputation models for movie RS. MovieLens dataset [26] consists
of a set of users rating a set of movies. However, it is not clear
how encounters take place and therefore some pre-processing is
required to make virtual encounters. Let us assume that an
encounter is formed between two partners (users) if they have
rated the same movie. In the following we will explore how to
implement reputation and trust models for movie RS. In our work,
trust and reputation values are automatically inferred from the rat-
ing database of the RS and thereafter these values are used to en-
hance the accuracy of the recommendation process.

4.1. The implementation of fuzzy trust model

Some preliminary steps are required to make the MovieLens
dataset suitable to implement the proposed trust and reputation
models for movie RS. Actually, in real e-commerce interactions,
the partner rating for a given encounter with a specific partner re-
flects the rater satisfaction about the encounter. Furthermore, this
rating gives an image for the other counter from the point of view
of the rater. Therefore, we need each partner to express his opinion
for the other partner to compute reciprocity between them. To cap-
ture this image, we will use the exploratory protocol in which the
consumer (active user) asks the producers (users in the historical
data of RS) about the things known to him. Thus the consumer
can evaluate producers based on their answer. Accordingly each
consumer hides his actual ratings for the co-rated movies and asks
the producer to predict them. The following Resnick’s prediction
formula [25] is generally used to predict a rating for a given movie

prx;k ¼ mx þ
P

ay2CN
simðax; ayÞ � ðry;k �myÞP

ay2CN
jsimðax; ayÞj

ð35Þ

Here, prx;k is the predicted rating user ax may give to movie sk, CN is
the set of neighbors, and my is the average of ay’s ratings that is gi-
ven by:

my ¼
1
jSyj

X
sk2Sy

ry;k ð36Þ
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As mentioned earlier, reciprocity is a one-to-one relationship and
therefore jCNj ¼ 1, i.e. only one producer is asked to predict the con-
sumer ratings. Consequently, Formula (35) will be reduced to the
following:

pyðrx;kÞ ¼ ðmx �myÞ þ ry;k ð37Þ

where ry;k is the actual rating ay has given to sk and pyðrx;kÞ is the ax’s
rating for sk as predicted by ay (the sole neighbor for ax). At this
point, we are ready to compute rating ax has given to ay for an
encounter ek, rek

ax ðayÞ, based on how well ay predicts ratings of ax.
Therefore, rek

ax ðayÞ is computed for ZB ¼ f�2; . . . ;þ2g using the fol-
lowing mapping:

rek
ax
ðayÞ ¼

þ2 0:0 6 jpyðrx;kÞ � rx;kj 6 0:5
þ1 0:5 < jpyðrx;kÞ � rx;kj 6 1:0
0 1:0 < jpyðrx;kÞ � rx;kj 6 1:5
�1 1:5 < jpyðrx;kÞ � rx;kj 6 2:0
�2 otherwise

8>>>>>><
>>>>>>:

ð38Þ

For example, if actual rating is rx;k ¼ 3 and the predicted rating is
pyðrx;kÞ ¼ 3:3 then Formula (38) would give rek

ax ðayÞ ¼ þ2 and in case
rx;k ¼ 3 and pyðrx;kÞ ¼ 1:4 then rek

ax ðayÞ ¼ �1. Having computed user
ratings for encounters, the trust measure can be obtained according
to Formulae (6)–(23).

4.2. The implementation of fuzzy beta reputation model

We applied leave-one-out method over the users in the histor-
ical data of RS to find a reputation score for each individual in the
community. The out user will be called consumer and the remain-
ing will be called producers (the community members). Each pro-
ducer hides his actual ratings and asks the consumer to predict
using Formula (37). From these ratings we can form encounters
according to Formula (38) and compute Nþd

x;y and N�d
x;y . The reputa-

tion scores from individuals are computed using Formulae (24)–
(26) and the overall reputation score for a given consumer will
be the aggregation of all the scores coming from the whole com-
munity. The OWA guided by a linguistic quantifier ‘usually’ is used
for the aggregation process. The fuzzy linguistic quantifier usually
[27] is shown in Fig. 2 and is defined as below:

QðrÞ ¼
0 0:0 6 r 6 0:3
2r � 0:6 0:3 < r 6 0:8
1 0:8 < r 6 1:0

8><
>: ð39Þ

where r is the proportion of the reputation scores that satisfies the
concept ‘usually’. Based on Formula (39), the weights for OWA oper-
ator can be found using Formula (29). The overall reputation score
is:

repðacÞ ¼
Xn

j¼1

wj � reprðjÞðacÞ ð40Þ

where reprð1Þ 6 reprð2Þ 6 � � � 6 reprðnÞ.

4.3. Implementation of eBay and beta reputation models

The proposed models are compared with the existing reputa-
tion models like eBay and beta reputation models. eBay model de-
ploy three ratings, positive (+1), negative (�1), and neutral (0).
According to Formula (38), the positive and negative rating sets,
Sþai
ðajÞ and S�ai

ðajÞ, for eBay model are:

Sþai
ðajÞ ¼ frek

ai
ðajÞ 2 fþ1;þ2gjek 2 Hig

S�ai
ðajÞ ¼ frek

ai
ðajÞ 2 f�1;�2gjek 2 Hig

ð41Þ

The overall numbers of positive and negative ratings according to
Formula (5) are:

Nþy ¼
X
aj2A

jSþaj
ðayÞj and N�y ¼

X
aj2A

jS�aj
ðayÞj ð42Þ

Accordingly, the eBay reputation score is repðayÞ ¼ Nþy � N�y . For
beta reputation model the following mapping is used to meet the
binary beta rating scale:

rek
ax
ðayÞ ¼

þ1 jpyðrx;kÞ � rx;kj 6 1:25:
�1 otherwise

�
ð43Þ

Accordingly, the overall numbers of positive and negative ratings
(Formula (42)) are used to compute the overall beta reputation
score using Formula (4).

4.4. The proposed methodology for incorporating trust and reputation
in RS

Now the question arises on how should users include the trust
and/or reputation concepts in the decision process of RS? Some of
the previous systems incorporate either trust or reputation
[4,6,13,15,28] while others treat one of them as a sub-property of
the other [8]. However, by incorporating both concepts separately,
the system would benefit to a considerable extent from both the
concepts. For example, reputation scores of the community mem-
bers will play an important role for partners who have never trans-
acted before to filter out those having low reputation scores. On
the other hand, trust measures based on the previous direct inter-
actions (private knowledge about the trustee) can overrule the rep-
utation score that a given partner may have. A novel methodology
is presented in this work by incorporating both concepts separately
following the natural way of reasoning when deciding to interact
with other people. Firstly, the set of neighboring users is formed
by weighting them according to their reputation (collecting neigh-
bors based on their correlation coefficient and reputation scores).
Secondly, the trust measures are used to refine the set of neighbors
to get a set of recommenders who are trusted highly by the active
user. This can be done by two-level filtering methodology, namely
reputation-based similarity and trust-based filtering as illustrated
by the block diagram in Fig. 3.

4.4.1. Reputation-based similarity
Perhaps the simplest way to incorporate reputation into the

recommendation process is to combine reputation scores and cor-
relation values to produce a compound similarity so that Resnick’s
formula can be used. This method is proposed by O’Donovan and
Smyth [4] but under the name of trust-based weighting. The Pear-
son correlation coefficient [29] to compute the correlation between
users, based only on the rating of the co-rated items, Sxy, both users
have declared, is:

corrðax; ayÞ ¼
P

sk2Sxy
ðrx;k �mxÞðry;k �myÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

sk2Sxy
ðrx;k �mxÞ2

P
sk2Sxy
ðry;k �myÞ2

q ð44Þ

Fig. 2. Fuzzy linguistic quantifier ‘usually’ [27].
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The following formula gives the evolved similarity measure be-
tween partners ax (the active partner) and ay based on the correla-
tion value and reputation score.

simðax; ayÞ ¼
2� corrðax; ayÞ � repðayÞ

corrðax; ayÞ þ repðayÞ
ð45Þ

4.4.2. Trust-based filtering
In this level, the trust is used as a means for filtering neighbors

prior to recommendation so that only the most trustworthy neigh-
bors participate in the recommendation process. Thus the trust
system will be applied only on the set of neighbors to extract rec-
ommenders with high trust measures. This will provide a second
layer of refinement for RS so that only the trustworthy neighbors
could be selected as recommenders.

5. Experiments

The MovieLens dataset consists of 100,000 ratings, assigned by
943 users on 1682 movies. All ratings follow the 1-bad, 2-average,
3-good, 4-very good, and 5-excellent numerical scale. Each user
has rated at least 20 movies. In our experiments, we considered
only users who have rated at least 59 movies, 20 (34%) for user pro-
filing and 39 (66%) for testing. Out of 943 users, 500 users satisfied
this condition and contributed 84,773 ratings out of 100,000. This
dataset is used as the basis for generating five random splits, Split-
1, Split-2, Split-3, Split-4, and Split-5, where for each split, 50 users
were randomly selected as active users and the remaining 450
users were utilized to generate a set of neighbors for a given active
user. Thus all the experiments are repeated three times, once with
each split. During the testing phase, each active user’s ratings are
divided randomly into two disjoint sets, training ratings (34%)
and test ratings (66%). The training ratings are used as available ex-

plicit ratings from the active user, whereas the test ratings are trea-
ted as unseen ratings that the system would attempt to predict.

The effectiveness of RS is measured by the accuracy of the pre-
dictions that it makes. In this work, two evaluation metrics are
used to evaluate the effectiveness of different RS, namely the mean
absolute error (MAE), and the total coverage of the system. MAE
measures the deviation of predictions generated by the RS from
the true ratings specified by the active user. The total MAE over
all the active users [29], NT (in our experiments NT ¼ 50) is calcu-
lated by:

MAE ¼ 1
NT

XNT

i¼1

1
jSij

XjSi j

k¼1

jpri;k � ri;kj
 !

ð46Þ

Lower MAE corresponds to more accurate predictions of a given RS.
On the other hand, coverage is the measure of the percentage of
items for which a RS can provide predictions. The RS may not be
able to make predictions for every item. Low coverage value indi-
cates that the RS will not be able to assist the user with many of
the items he has not rated. We compute Coverage as the number
of items for which the recommender system can generate predic-
tions over the total number of unseen items [30,31].

Coverage ¼
PNT

i¼1piPNT
i¼1jSij

ð47Þ

Here, pi is the total number of predicted items for the active user
ai. Before evaluating the accuracy of our approaches, we have to
build up the reputation scores for the users in the historical data
of RS without reference to the set of active users. It is worth noting
that ordinarily the reputation scores do not need to be computed
on-the-fly because it is the community opinion about a person
while trust measures would be built on-the-fly during the normal
operation of RS. Having built the reputation scores the effective-
ness of our approaches is evaluated by generating rating prediction
for each movie in the active user test set by using the users in the
historical data of RS as recommenders. In order to test the impor-
tance of incorporating trust and reputation concepts into RS based
on the proposed models, five experiments are conducted according
to five different scenarios. The first scenario implements a classical
correlation based RS. In the second scenario, the eBay reputation
model is incorporated for the RS while the beta reputation model
is incorporated in the third scenario. The fuzzy beta reputation
model is incorporated without and with the fuzzy trust model in
the last two scenarios, respectively. The five experiments for each
split are:

(1) Classical correlation-based RS (CBRS/C).
(2) Correlation-based RS with eBay reputation model (CBRS/

eBay).
(3) Correlation-based RS with beta reputation model (CBRS/

beta).
(4) Correlation-based RS with fuzzy reputation model (CBRS/R).
(5) Correlation-based RS with fuzzy reputation and trust models

(CBRS/RT).

For CBRS/C experiment, if the correlation coefficient is negative
then ax and ay are negatively correlated, i.e. each user discourages
the other. Therefore, only positive correlation values are consid-
ered. Experiments 2, 3, and 4 use Formula (45) to compute the sim-
ilarity between partners according the specified reputation model
without trust-based filtering. The system picks the movies, from
the test ratings set of the active user, one by one and thereafter
predicts ratings for them using Formula (35) over the set of all
neighbors who have rated the same movie. Having computed the
predicted ratings, the system compares them with the actual

Historical Data of RS 

Set of Neighbors 
(Reputation-based Similarity) 

Correlation 
Computation 

Reputation 
System 

Set of Recommenders 
(Trust-based Filtering) 

Recommendations 

Trust System 

Fig. 3. The proposed methodology for incorporating trust and reputation in RS.
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ratings given by the active user. The set of recommenders is kept
50 for all the experiments while the neighborhood set size is kept
80.

5.1. Analysis of the results

To visualize the type of reputation scores generated by beta and
fuzzy beta reputation models, we plot the distribution of beta and
fuzzy beta reputation scores of the producers (users in the histor-

ical data of RS) of all splits in Figs. 4 and 5, respectively. Both fuzzy
beta and beta reputation scores have a negatively-skewed distribu-
tion with a long lower tail. Taking the producers of Split-1 as an
example (Table 1), most of the beta reputation scores range from
0.15 to 0.5 covering 90.67% of the population while the fuzzy beta
reputation scores range from 0.1 to 0.4 covering 89.11% of the pop-
ulation. With fuzzy beta reputation model, approximately 3.55% of
the producers have reputation scores less than 0.05% and 4.22% of
the producers have reputation scores greater than 0.40. on the
other hand with beta reputation model, approximately 4% of the
producers have reputation scores less than 0.10% and 3.11% of
the producers have reputation scores greater than 0.50.

Fig. 4. Beta reputation scores distribution for the producers of all splits.

Fig. 5. Fuzzy beta reputation scores distribution for the producers of all splits.

Table 1
Reputation intervals used for reputation distribution in Figs. 4 and 5 with the
corresponding data for Split-1 dataset

Interval
ID

Reputation
interval

Beta reputation scores Fuzzy beta reputation
scores

Frequency Relative
frequency

Frequency Relative
frequency

1 [�0.25,�0.20[ 0 0.0000 0 0.0000
2 [�0.20,�0.15[ 0 0.0000 0 0.0000
3 [�0.15,�0.10[ 3 0.0067 3 0.0067
4 [�0.10,�0.05[ 1 0.0022 2 0.0044
5 [�0.05,+0.00[ 3 0.0067 4 0.0089
6 [+0.00,+0.05[ 3 0.0067 7 0.0156
7 [+0.05,+0.10[ 8 0.0178 14 0.0311
8 [+0.10,+0.15[ 10 0.0222 31 0.0689
9 [+0.15,+0.20[ 18 0.0400 45 0.1000
10 [+0.20,+0.25[ 35 0.0778 73 0.1622
11 [+0.25,+0.30[ 44 0.0978 99 0.2200
12 [+0.30,+0.35[ 66 0.1467 105 0.2333
13 [+0.35,+0.40[ 101 0.2244 48 0.1067
14 [+0.40,+0.45[ 89 0.1978 18 0.0400
15 [+0.45,+0.50[ 55 0.1222 1 0.0022
16 [+0. 50,+0.55[ 13 0.0289 0 0.0000
17 [+0.55,+0.60[ 1 0.0022 0 0.0000
18 [+0.60,+0.65[ 0 0.0000 0 0.0000

Table 2
MAE for CBRS/C, CBRS/eBay, CBRS/beta, CBRS/R, and CBRS/RT for all splits

Split CBRS/C CBRS/eBay CBRS/beta CBRS/R CBRS/RT

Split-1 0.761491 0.765003 0.739887 0.724541 0.712748
Split-2 0.734596 0.749935 0.725450 0.701584 0.689988
Split-3 0.761773 0.773752 0.728786 0.722702 0.712175
Split-4 0.759542 0.769807 0.751482 0.745473 0.719211
Split-5 0.763784 0.782836 0.754076 0.746971 0.730415

Table 3
Coverage for CBRS/C, CBRS/eBay, CBRS/beta, CBRS/R, and CBRS/RT for all splits

Split CBRS/C CBRS/eBay CBRS/beta CBRS/R CBRS/RT

Split-1 94.13241 91.951361 95.580004 96.564370 97.915460
Split-2 92.79448 89.639724 95.165204 96.117230 97.591936
Split-3 93.98522 91.682420 95.772469 97.319127 98.333047
Split-4 90.35988 87.070510 91.988276 93.974923 95.782446
Split-5 93.78214 91.242013 94.966495 96.259935 97.740377
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The total MAE for CBRS/RT is smaller than that of CBRS/C and
CBRS/R, while the total Coverage for CBRS/RT is greater than both
CBRS/C and CBRS/R as shown in Table 2 and Table 3, respectively.
Fig. 6 shows the correct prediction percentage obtained from
CBRS/C, CBRS/beta, and CBRS/R for all the 50 active users of
Split-1. Each graph shows the percentage of the number of ratings
that the system predicted correctly out of the total number of
available test ratings by the active user. The correct prediction
percentage obtained from CBRS/C, CBRS/R, and CBRS/RT for the
same set of active users is also given in Fig. 7. Results summarized
in Table 4 show that CBRS/R outperforms CBRS/C, CBRS/eBay, and
CBRS/beta for all the splits. The higher number of predictions by
CBRS/R obviously illustrate that better set of like-minded users
is found and therefore the accuracy gets enhanced. For example,
the correct predictions generated by CBRS/R are better than or
equal to that of CBRS/C on 78% cases for the best split (Split-3)
whereas it is 62% for the worst split (Split-5). Also the correct pre-
dictions generated by CBRS/R are better than or equal to that of
CBRS/beta on 76% cases for the best splits (Split-1 and Split-2)
whereas it is 62% for the worst split (Split-3). All these improve-
ments are achieved without increasing the cost of online process-
ing cost which remains almost the same. CBRS/C and CBRS/R

differ in the offline process complexity (the reputation scores
are built offline regularly) as shown in Table 5. On the other hand,
Table 6 shows that further improvements in the results are
achieved by employing trust besides reputation as a second layer
of filtering. For example, the predictions generated by CBRS/RT for
Split-1 and Split-3 are better than or equal to 78% cases of CBRS/R.
This happens because of cancelling neighbors who have low trust
measures from the recommenders set. CBRS/RT outperforms both
CBRS/eBay and CBRS/beta by a big margin for all the splits (Table
6). The offline process for CBRS/RT and CBRS/R regularly computes
the reputation score of each individual and therefore the scores
could increase or decrease according to the active user recent
behavior with others.

Fig. 6. Percentage of the correct predictions by CBRS/C, CBRS/beta, and CBRS/R for the active users of Split-1 dataset.

Fig. 7. Percentage of the correct predictions by CBRS/C, CBRS/R, and CBRS/RT for the active users of Split-1 dataset.

Table 4
Comparison of CBRS/R with CBRS/C, CBRS/eBay, and CBRS/beta in terms of percentage of the correct predictions for the active users of all splits

Split CBRS/R with CBRS/C CBRS/R with CBRS/eBay CBRS/R with CBRS/beta

Greater Same Smaller Greater Same Smaller Greater Same Smaller

Split-1 32 5 13 32 4 14 29 9 12
Split-2 31 5 14 38 3 9 32 6 12
Split-3 32 7 11 37 4 9 29 4 17
Split-4 26 6 18 34 4 12 26 9 15
Split-5 26 5 19 33 3 14 31 3 16

Table 5
Important complexity parameters

RS Offline Process
Complexity

Space
Complexity

Online Process Complexity

CBRS/C – O(MK) O(MK)
CBRS/R O(M2K) O(M(K + 1)) O(M(K + 1))
CBRS/RT O(M2K) O(M(K + 1)) O(M(K + 1)) + O(|CN|K) 	 O(M(K + 1))
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6. Conclusion

General computational models are proposed for reputation and
trust in this paper. The proposed models can be implemented for
any application as long as it is a rating system explicitly or implic-
itly. We have used our models in building movie RS to enhance the
recommendation accuracy. Incorporating trust and reputation con-
cepts separately gives a two-level filtering methodology to en-
hance the recommendation accuracy through reputation-based
similarity and trust-based filtering. A comparison of experimental
results against those obtained using eBay and beta reputation
models clearly indicates superiority of the proposed models. Our
main focus in the present work was to incorporate trust and repu-
tation concepts into movie RS and therefore sparsity and scalability
problems have not been considered. However, one promising
direction for future work would be to incorporate trust and repu-
tation mechanisms together with efficient ways to overcome the
sparsity and scalability problems. A compact user model [32,33]
seems to be a good solution for decreasing the effect of sparsity
for movie RS and thereby enhancing the system’s scalability.
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