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Abstract

Digital ecosystems rely on reputation systems in order to build trust
and to foster collaborations among users. Reputation systems are com-
monplace in the C2C and B2C contexts, however, they have not yet found
mainstream acceptance in B2B environments. Our first contribution in
this paper is to identify the particularities of feedback collection in B2B
reputation systems. An issue that we identify is that the reputation tar-
get in the B2B context is a business, which requires evaluation on a large
number of criteria. We observe that due to the wide variation in user
expertise, feedback forms that require users to evaluate all criteria have
significant negative consequences for rating accuracy. Our second contri-
bution is to propose an expertise prediction algorithm for B2B reputation
systems, which filters the criteria describing the target business such that
each user rates only on those criteria that he has expertise in. Experiments
based on our real dataset show that the algorithm accurately predicts the
expertise of users in given criteria. The algorithm may also increase the
motivation of users to submit feedback as well as the confidence of users
in B2B reputation systems.
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1 Introduction

A digital ecosystem is an open, loosely coupled, demand-driven, domain clus-
tered, self-organized collaborative environment where users as well as agents
form coalitions for specific goals, and everyone is proactive and responsive for
its own benefit or profit [4]. Digital ecosystems aim to promote collaboration
instead of competition to cultivate networked and enriched communities. Due
to the inherent openness and loose coupling in digital ecosystems, lack of trust
between users is a common issue. In order to build trust and to foster col-
laborations, one of the principal technologies that digital ecosystems rely on is
reputation systems.

Reputation systems are widely used on B2C and C2C platforms such as
ebay.com or amazon.com to build trust between users. However, they have not
yet found their way into the mainstream Business-to-Business (B2B) environ-
ments. This paper focuses on a little explored field: the integration of reputation
mechanisms into B2B platforms.

Concentrating on the feedback collection part of reputation systems, this
paper elaborates the main particularities of reputation systems in the context
of B2B environments. There are some basic differences in reputation targets
and sources in the B2B context in contrast to the other environments. The
particularities entail a range of issues for the feedback collection for reputation
systems in this context.

One of these challenges arise from the fact that the reputation source consists
of several raters, having different expertise concerning the reputation target. As
our experimental results show, user expertise has substantial influence on rating
accuracy. Therefore, it is important to ensure that each user evaluates only those
aspects of a business in which he has expertise.

To address this problem we propose an expertise prediction algorithm, which
predicts users expertise such that only those criteria in which a user has expertise
are added to the feedback form presented to him. The algorithm adapts the idea
of collaborative filtering algorithms which are used for recommender systems.
This is possible since the issue of expertise prediction is similar to the issue of
item recommendation in recommender systems.

The remainder of this paper is organized as follows: In Section 2, the cur-
rent state of feedback collection for reputation systems is described in general.
Section 3 identifies the particularities of feedback collection for reputation sys-
tems in the B2B context through an analysis of the two components, source and
target, of a reputation system which differ fundamentally from those of other
contexts. This allows us to identify the problems that follow these particulari-
ties in Section 4. The proposed solution is explored in Section 5. Section 6 is the
experiment setup for the evaluation of the solution. The results are presented
and discussed in Section 7. We present some related work in Section 8. The
paper is concluded in Section 9.
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2 Reputation Systems

In digital ecosystems, users often need to communicate and interact with other
users whom they do not know. When dealing with a complete stranger, a user
does not have any information or experience about the trustworthiness of that
stranger. Online rating and reputation systems are one solution to decrease the
absence of this information [22]. Reputation systems compensate for the lack
of trust between unacquainted users [22, 29, 26, 8]. They collect, aggregate and
distribute feedback about the behavior of participants [25]. Reputation systems
can be viewed as the digitization of word-of-mouth [5].

Reputation systems are already widely used in different contexts. The online
trading platform ebay.com is an example for the use of reputation systems to
increase trust between users in the Customer-to-Customer (C2C) environment.
The ebay reputation system helps buyers to identify trustworthy sellers [12]. An-
other example of reputation systems is the iovation.com reputation system,
which protects businesses from online fraud by exposing devices such as com-
puters, tablets and smart phones that are associated with chargeback, identity
theft, and account takeover attacks. Reputation systems are also used by online
programming communities such as advogato.org and stackoverflow.com to
filter users who post spam.

2.1 Components of Reputation Systems

Online reputation systems can be divided into three main components shown
in Figure 1. Feedback collection is the process of eliciting feedback from users.
Generally, a rating scale is used on which users can express their opinions about
the items that they rate. The feedback collection component is the most im-
portant component of a reputation system because the other two components
rely on the quantity and the quality of the collected feedback. To obtain a high
quantity of responses, users need to be motivated to submit ratings. For a high
quality of feedback, the expertise of users is an important element.

Figure 1: Components of a Reputation System

Feedback aggregation is the compilation and aggregation of the collected
information. One of the most simple ways of aggregation is to calculate the
mean of the collected feedback. Reputation dissemination finally distributes
the aggregated reputation information [22, 25, 11] to interested users.

2.2 Aspects of Feedback Collection

In this article, we focus on the issues of eliciting feedback for reputation systems.
The following subsections describe these issues.
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2.2.1 User Motivation for Submitting Feedback

To reach a high volume of rating input, the users need to be motivated to rate
an item [6]. Giving a rating costs the user mental effort as well as time. The
mental effort describes the cognitive load which is necessary to make a rating.
The reason a user is willing to spend this time and mental effort is that he
perceives to gain some benefits from the system following the economical model
of Harper et al. [10]. The motivation of users to rate an item thus depends on:

1. The mental effort required to complete the rating.

2. The time required to give a rating.

3. The perceived benefits of the rating system.

The rating interface has an impact on the mental effort that a user has to
exert and the time that he needs to spend in giving a rating. Sparling and Sen
[27] compared several rating scales in terms of cognitive load and rating time.
They found that finer grained scales require more mental effort as well as more
time.

Dellarocas [6] investigated the benefits that raters receive from rating sys-
tems. Examining the ratings system of ebay, he found that raters are mainly
motivated to rate by self-interest with users tending to be reciprocal towards
partners who rated them before. The feeling of belonging to the community
also seems to be a component for the motivation to rate.

2.2.2 User Expertise

Collecting reliable rating input necessitates raters with high expertise. Liu and
Munro [18] differentiate between the expertise granularity which defines the
level of expertise of the evaluator in the target item’s area and the interaction
granularity which defines whether the evaluator is in direct interaction with the
target item.

The article feedback tool of wikipedia.org, shown in Figure 2, gives an
additional checkbox “I am highly knowledgeable about this topic (optional)”.
This provides the opportunity to detect the experts of the article’s subject. The
project page [7] of the article feedback tool also poses the question on which
criteria readers can provide a reasonable level of assessment and whether ratings
meaningfully predict quality in those categories.

3 Business-to-Business (B2B) Reputation Sys-
tems

The current literature on reputation systems focuses primarily on reputation
systems in the Customer-to-Customer (C2C) and the Business-to-Customer
(B2C) contexts. Research on reputation systems in the B2B context is very
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Figure 2: Rating Tool for Wikipedia Articles

limited. Contrary to the C2C and B2C contexts, reputation systems are less
common in the B2B environments.

A study by Carlsson [2] examined the basic issues of reputation systems
in relation to the B2B context using an online questionnaire. He confirmed
that reputation systems in the B2B context are significantly less widespread:
75% of respondents never rated any products or services in the role of a busi-
ness user. According to his results, reputation systems in the B2B context also
offer the possibility to increase trust. However, users seem to have less confi-
dence in current systems and reviews. According to the online questionnaire,
89% of respondents agreed or strongly agreed that “It is hard to know if the
rater/reviewer actually has enough experience of the product or service”.

Concerning the motivation of users, Carlsson found that for business users
the time factor as well as complicated sign-in/identification processes are in-
hibitors to rate or review. Similarly, the absence of personal involvement (“I
don’t know what’s in it for me”) decreased a business user’s motivation to rate.

An article published by kompass.fr, a directory service for businesses, ana-
lyzed the process of choosing new suppliers. It characterized the group of actors
who are involved in the decisions and identified that each of them needs a dif-
ferent type of information. The actual decision maker is more interested in the
financial stability and reputation of a business while the final user of the product
needs to know about concrete product functionality and technical information
[14].

In the following subsections, we outline the particularities of reputation sys-
tems in the B2B context. We focus on the properties that the B2B context
entails for the feedback collection aspects of reputation systems.

3.1 Properties of a Business as the Reputation Target

Contrary to the reputation targets that we observed in Section 2 such as prod-
ucts, ebay users, online community members, etc., the reputation target in a
B2B reputation system is a complete business. This is a more complex reputa-
tion target due to the fact that several criteria are needed to form a complete
reputation. The reputation of a business depends not only on its product or
service but also on other aspects of the business which are of interest for a
client business. A larger set of criteria is thus needed in order to form a signif-
icant reputation which describes all the aspects of a business and its products.
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These criteria differ depending on the type of a business. Certain core criteria
are always of interest, such as Quality, Price, Innovation, Delivery time and
Reliability. The target supplier business is thus composed of several criteria
describing different aspects of the business.

Some C2C and B2C reputation systems also use multiple criteria to describe
a target. Wikipedia and ebay both describe the target items on four criteria.
On ebay, sellers are evaluated on the criteria “Item as described”, “Communi-
cation”, “Postage time” and “Postage and handling charges”, while the criteria
used by Wikipedia can be seen in Figure 2. However, a complete business is a
much more complex entity and thus a B2B reputation system requires a much
higher number of criteria for the evaluation of a target business.

3.1.1 Internal Evaluation Systems

Even though online B2B repuation systems are not yet common, supplier evalua-
tion is already a key issue in purchasing departments of businesses and suppliers
are already evaluated through internal evaluation systems. Supplier evaluation
is currently used to avoid choosing a supplier whose product or service is not
satisfactory and to remove hidden cost drivers. Suppliers are evaluated on the
core criteria, as well as specific criteria aligned to the needs of the business and
the type of supplier business. Internal evaluation systems use either evaluation
forms or interviews. Most evaluation forms employ the Likert-Like rating scale
to evaluate the criteria [13]. However, internal evaluation systems do not have
the potential of online B2B reputation systems because internal evaluation sys-
tems can only provide information about suppliers that the business has already
interacted with. They cannot provide information about new suppliers.

3.2 Properties of a Business as the Reputation Source

The reputation source (i.e., the source of feedback) of a reputation system in
the B2C context (e.g. amazon.com) and the C2C context (e.g. ebay.com) is
one person. On the contrary, in a B2B reputation system, the reputation source
consists of a group of raters, i.e., the employees of a business. The group of
raters in a B2B reputation system is composed of people with different expertise
concerning the reputation target.

In a business every employee has a specific field of activity, depending on
his competences and his position in the business. Accordingly, their knowledge
is limited to the areas of the business concerning their activity field. People
working in the IT department for example know which hardware and software
is used in the business, while employees of the human resources have knowledge
about the employees working in the business. The knowledge an employee has in
a certain area of a target business depends not only on his position but on several
criteria, for example, the length of time spent in a certain position. Therefore,
each rater needs a different subset of criteria for evaluating a business.

The reputation source business is thus composed of a group of employees
with a certain profile. The profile has several elements including information
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about the position in the business, knowledge, competences, time spent in the
business, etc. Section 3.1 explained how the target business consists of a set of
criteria representing different aspects of a business. Each employee of the source
business is an expert for a subset of this set, namely the criteria concerning their
specific field.

Additionally, the user type in a B2B reputation system is different. Buying
and evaluating a book on amazon.com or evaluating an ebay.com seller after a
transaction are activities that take place mostly with a private purpose. Thus,
in B2C and in C2C environments, the user is acting in their own free time and
in their role as a private user. However, in B2B reputation systems, the user is
acting in their role as an employee of a business during their working hours.

3.3 C2C vs. B2B Context

Table 1 gives an overview of the particularities for reputation systems in the
B2B context compared to the B2C and the C2C contexts. We discussed that
the reputation target business consists of several criteria. A business as the
reputation source in the B2B context differs from the reputation sources in
other contexts in that it consists of a group of people, namely several employees
of the business. In this group each member has expertise in a different subset of
the criteria describing the target business. The user type is the business user,
in contrast to reputation systems such as amazon.com where people act in the
role of private users.

C2C/B2C B2B
Reputation Target Product/User Business
Number of Criteria
describing the Target
item

Around five In double-digits or
higher

Reputation Source Customer Business
User Type Private user Business user
User Expertise Expertise in the whole

set of criteria describing
the target item

Expertise in a subset of
criteria describing the
target item

Table 1: C2C vs. B2B Context

4 Challenges for Feedback Collection in B2B Rep-
utation Systems

The particularities of reputation systems in the B2B context discussed in Section
3 entail several challenges for their design. This section identifies the challenges
for B2B reputation systems, concentrating on the collection of feedback.
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4.1 Accuracy of Ratings

In Section 3.2, we discussed that one main particularity of reputation systems in
the B2B context is that the expertise of raters is limited to a subset of criteria
describing the target item. We assume this fact to become an issue for the
feedback collection of a reputation system concerning the feedback quality. As
seen in Section 2.2.2, literature [18] already states that the accuracy of collected
feedback depends highly on the expertise of raters. Our experimental results
(Section 7.1) reconfirm that low user expertise has a negative influence on the
rating accuracy.

4.2 Motivation of Business Users

As seen in Section 2.2.1, the motivation of users to submit a rating depends
primarily on the benefits he retrieves from the reputation system and of the
costs (time and mental effort) he needs to invest in it. While a private user can
determine how much time he wishes to invest in a rating, the timetable of a
business user is not that flexible. Additionally, an accurate business reputation
consists of several criteria, which leads automatically to higher fill-out times of
the reputation form. One main challenge of a B2B reputation system is thus to
find an equilibrium between the number of rating criteria and the motivation of
the users. The system needs therefore to be as less cost-consuming as possible.
This means that the time it takes a user to submit an evaluation should be
reduced as much as possible.

4.3 Limited Trust in Reputations

Users seem to have less confidence in current B2B reputation systems and re-
views. As we noted in Section 3, according to an online survey [2], 89% of respon-
dents agreed or strongly agreed that “It is hard to know if the rater/reviewer
actually has enough experience of the product or service”. Uncertainty about
the expertise of the rating person thus deters business users from trusting B2B
reputations.

5 Expertise Prediction for B2B Reputation Sys-
tems

We propose an algorithm that filters the rating criteria such that the feedback
form contains only those criteria that the feedback provider has expertise in.
The objectives of the Expertise Prediction Algorithm (EPA) are as follows:

1. Increase the accuracy of the reputation. As we discussed in Section
2.2.2, the accuracy of a reputation is highly correlated with the expertise
of the feedback providers. We can thus assume that the accuracy of the
reputation increases if each feedback provider is evaluating only those
criteria that he has expertise in.
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2. Increase the motivation of business users to submit feedback. As
seen in Section 2.2.1, the motivation of a user to submit feedback depends
highly on the time that he needs to invest in it. We can thus assume that
a reputation form, which is composed of only those criteria that the user
has expertise in, decreases the time and increases the motivation.

3. Increase the trust in the reputation. As discussed in Section 3, one
of the reasons for the absence of trust in B2B reputation systems is the
uncertainty about the expertise of the feedback providers. We can thus
assume that a reputation system that ensures the distribution of criteria
to those users who are competent to evaluate them increases the trust in
B2B reputation systems.

The EPA is inspired by the k-nearest neighbor collaborative filtering algo-
rithm for recommender systems. Therefore, we give a short overview of rec-
ommender systems and the collaborative filtering approach in the next section
(Section 5.1). The similarities between the problem of item recommendation
and the problem of expertise prediction are then discussed in Section 5.2. We
present the expertise prediction algorithm in Section 5.3.

5.1 Building Block – Recommender Systems

The objective of recommender systems is to suggest a personalized subset of
items to users. The subset of items suggested to a user depends on the utility
of the items for the user. The utility of items in recommender systems can be
defined by a rating, which indicates the preference of a user towards a certain
item. For example, the rating 8 out of 10 for a movie would imply a high utility
of this movie for a user. The utility u of an item for a user can be described by
the following function:

u : User × Item→ Utility (1)

Where the set Item can consist of books (amazon.com), music (last.fm),
friends (facebook.com), etc. and User is the set of users. Each user can be
described by a user profile containing their preferences. The user profile can be
based on implicit or explicit datasets. Implicit feedback is obtained by measur-
ing interaction of users with different items, for example, a music listening log
or clicking on web pages. Explicit feedback, on the other hand, is obtained by
direct input through the user on some scale [24, 17].

The utility function calculates the utility of an item for the user. In this case
it calculates an estimation of the rating a user might give to an item. Having
computed the utility of items for a user, those items with the highest utility are
recommended to a user [1]. The main objective of recommender systems is thus
to estimate the rating a user would give to a certain item. The recommender
system then suggests those items with a high rating estimation to the user.
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5.1.1 Collaborative Filtering (CF) based Recommender Systems

Collaborative Filtering (CF) based recommender systems recommend items that
other users with similar taste liked previously. The memory based approach of
collaborative filtering uses the entire collection of previously rated items by the
users to calculate the recommendation [1]. It compares a principal user with
all the other users in order to find users who are similar to the principal user
in terms of their preferences. The preferences of this subset of similar users are
then combined to estimate the rating the user would give to the items. The
system finally recommends the items with the highest rating prediction.

5.1.2 k-Nearest Neighbor (k-NN) Collaborative Filtering

The k-Nearest Neighbor (k-NN) algorithm is one of the most used and most
cited collaborative filtering algorithms [9, 20]. It generates the predictions for a
user in two steps.

In the first step, the first k nearest “neighbors” are calculated, i.e., the top
k most similar users in terms of rating behavior. To calculate the similarity
between two users x and y, the two most frequently used approaches are the
correlation-based and the cosine-based approaches [19]. The correlation-based
approach generally uses the Pearson correlation (Equation 2) to measure the
similarity between two users x and y.

pearson(x, y) =

n∑
i=1

(rx,i − r̄x)(ry,i − r̄y)√
n∑
i=1

(rx,i − r̄x)2
n∑
i=1

(ry,i − r̄y)2

(2)

Where, rx,i and ry,i are the ratings given by the users x and y respectively
to the item si in a set of items S = {s1, s2, . . . sn}. Moreover, r̄x and r̄y are
the mean of the ratings given by the users x and y respectively. The Pearson
correlation measures the level of linear dependence between two variables. The
cosine-based approach (Equation 3) treats users as vectors and defines the cosine
of the angle between them in order to define their similarity [1].

cosine(x, y) =

n∑
i=1

rx,iry,i√
n∑
i=1

r2x,i

√
n∑
i=1

r2y,i

(3)

In the second step, the prediction for each item i is formed by aggregating
the ratings of the k nearest neighbors. A number of different functions can be
used as the aggregation function [1]. A simple and commonly used aggregation
function is the standard mean function (Equation 4).

1

k

∑
v∈K

rv,i (4)
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Where, K = {v1, v2, . . . , vk} is the set of the top k most similar users, and
rv,i is the rating given by a user v ∈ K to the item si.

5.2 Item Recommendation vs. Expertise Prediction

In Section 5.1, we identified the problem of recommender systems as the problem
of calculating the utility of an item for a user (Equation 1) in order to recommend
items with a high utility to the user. The problem of expertise prediction for
B2B reputation systems is very similar to the one of recommender systems. As
shown in Table 2, it can be defined similarly as the problem of defining the
utility of an item for a user. The users in this context are the employees of the
source business of the reputation. Each user can be described by a user profile
containing information about his position in the business, the time that he
spent in the position, his competences, etc. Contrary to items in recommender
systems such as books or movies, the items in the context of B2B reputation
systems are criteria. The utility of a criterion for a user is determined by his
level of expertise for this criterion.

Table 2: Item Recommendation vs. Expertise Prediction, in terms of the Utility
Function (Equation 1) u : User × Item→ Utility

User Item Utility

Item recom-
mendation

Set of users (each
user is described
by a profile con-
taining their pref-
erences / previous
ratings)

Set of items, e.g.,
books, movies,
etc.

A user’s recom-
mended rating for
an item

Expertise pre-
diction

Set of employ-
ees of a source
business (each
employee is de-
scribed by a
profile containing
position, time
spent, compe-
tences, etc.)

Set of criteria de-
scribing a target
business

A user’s predicted
expertise for a cri-
terion

The main objective of expertise prediction is thus to estimate the expertise
that a user has for a certain criterion. This leads to the selection of a subset of
criteria that the user has high expertise in.

5.3 Description of the Expertise Prediction Algorithm

Let U be a set of business users, such that U = {u1, u2, . . . , um}. Let P be a
set of user profile entries, such that P = {p1, p2, . . . , pλ}. For example, the user
profile entries could be as follows: p1 = “Position in the company”, p2 = “Time
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spent in the current position”, etc. Let fu,p represent the value of a profile entry

p for a user u. Let vector
−→
P u = 〈fu,p1 , fu,p2 , . . . , fu,pλ〉 be the profile of a user

u.
Let C be a set of rating criteria concerning the target business, such that

C = {c1, c2, . . . , cγ}. For example, the rating criteria might be c1 = “Quality”,
c2 = “Price”, etc. Let L = {0, 1, 2, 3} be a set that represents the scale of a
user’s expertise for a given criterion. We consider that 0 represents no expertise,
1 represents low expertise, 2 represents medium expertise, and 3 represents high
expertise in this scale. Let eu,c represent the expertise of a user u in criterion c.

Consider τ as a threshold for sufficient user expertise for rating a criterion c.
A user who has expertise greater than or equal to τ can be considered as having
sufficient expertise for rating the criterion c. For example, we could consider
the value τ = 2 (in the set L). The subset of criteria that a user u has sufficient
expertise in is given as: Cu = {c | eu,c ≥ τ}. The algorithm for computing
Cu using the Pearson correlation (Equation 2) is given below. The Pearson
correlation function can be substituted by the cosine function (Equation 3).

Expertise Prediction Algorithm(u, τ, k,C,U)

1 Cu ← φ
2 for each user v ∈ U, where v 6= u
3 do calculate the similarity value suv between

the profile
−→
P u of user u and the profile

−→
P v of user v

using the Pearson correlation (Equation 2)
4 for each criterion c ∈ C
5 do K← φ
6 for each user v ∈ U, where v 6= u, and ev,c 6= 0
7 do if the value of suv is one of the k highest

similarity values (computed in Line 4)
8 then K← K ∪ {v}
9 eu,c ← b 1

|K|
∑
v∈K

ev,c + 0.5c

10 if eu,c ≥ τ
11 then Cu ← Cu ∪ {c}

As the first step, the EPA calculates the similarity between the new user
u and each user v in the set of users U using the correlation-based similarity
approach (cf. Section 5.1.2). In the next step, the k users with the highest
similarity to user u are selected. The EPA then predicts the expertise of user
u for each criterion c in the set of criteria C. The prediction eu,c is calculated
as the mean of the expertise values for criterion c of the most similar users (the
set K). If the rounded predicted value eu,c is higher than the threshold τ , the
expertise of the user for this criterion is predicted as sufficient and the criterion
is added to the set of criteria with high expertise prediction for the user Cu.
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6 Experiment Setup

The experiment was set up to answer the following questions:

• Question 1: Does user expertise effect rating accuracy?

• Question 2: Does the Expertise Prediction Algorithm (EPA) correctly
filter the criteria in a reputation form such that the users receive only
those criteria that they have expertise in?

6.1 Data Set

The experiment relies on the values of an online reputation survey in which we
asked students to evaluate their university on a set of criteria. The survey was
built using the online survey tool soscisurvey.de.

The survey ran for the time between 08.08.2012 and 13.09.2012. Approx-
imately 200 students from 27 different universities in 9 different countries an-
swered. Out of those users, 130 finished the survey and generated 2504 ratings.
The most students answered from the University of Passau, Germany (66%).

6.1.1 Choice of University as the Use Case

We choose the use case university because we assume a high portability of
the experiment results into the B2B context. We base this assumption on the
following reasons:

• The character of the reputation target University is similar to the one of
the target Business as we described it in Section 3.1. The reputation target
University is also composed of multiple, different criteria which need all
to be taken into consideration in order to form a complete reputation.

• The reputation source of our study can be compared with the reputation
source in the B2B context as we described it in Section 3.2. The reputation
source of our study is a group of students. The users of this group do have
different expertise in the criteria describing the target University.

• Finally, the users of our study being students led to a high number of
participants because we could use several ways to distribute the survey
and students were a group that was readily available.

6.1.2 Survey Overview

The survey consisted of two parts:

1. Profile Building

2. University Evaluation
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The first page of the reputation asked users 9 questions about themselves,
for example, which services of their university they are using and which major
they are studying in order to build a user profile. Starting from the second page
users got to evaluate their university on a set of 20 criteria grouped in the 8
expertise fields listed in Table 3.

Table 3: Expertise fields of the survey
Expertise Field Number of Questions
Computer Science 2

Law 3
Dining Hall 4

Sports Facilities 1
Practical Components 2

Internationality 3
Student Residences 1
General Questions 4
Sum of Criteria 20

The criteria were evaluated on a 5-point reference scale. The extreme val-
ues were labeled with an indication of their meaning. The 20 criteria were
distributed on 6 pages, each with 3-5 questions.

6.1.3 Expertise Measurement

A 3 point likert scale asked users for their expertise in the question next to each
question (cf. figure 3). On the first page after the profile building site, a small
text introduces the term “user expertise” to the user and gives some indication
on how to estimate his own expertise. Also a tooltip (“I have some experience
about the subject of this question – I can tell more or less”) explained the middle
value of the 3 point scale.

Figure 3: An Excerpt from the University Evaluation Survey

6.1.4 User Recruitment

Users for the survey were recruited using 4 channels: The survey link was
shared as link on the social network facebook.com and posted on the face-
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book wall of several people. Most of the participants could be gained through
the university mailing distributor of the faculty of computer science, Passau.
The link was also distributed in several online student forums (studi-online.
de, thestudentroom.co.uk, pruefungsgeil.de). Finally, the survey was dis-
tributed through personal emails. At the end of the survey, the users were asked
to distribute the link to other friends.

6.2 Data Set Division

The algorithm was tested 130 times, once for each entry of the entire set of 130
user values (cf. Section 6.1). For each combination, we used the profile values
of the current user entry as input for the algorithm and calculated the expertise
predictions for these profile values. For the predictions, the algorithm relied on
the values of the remaining 129 data set entries. The accuracy of a prediction
was then calculated using the actual criteria expertise entries of the current user
as benchmark values. The overall accuracy of an algorithm was then calculated
as an average of these 130 accuracy values.

6.3 Evaluation Metrics

6.3.1 Frequency Rate

The frequency rate describes how frequently one rating value of the rating scale
v is used.

frequency ratev =
V

N
(5)

Where, V is the number of ratings with the values v and N the total number
of ratings.

6.3.2 Correlation Rate

The correlation rate is a widely used metric for rating accuracy [16]. The cor-
relation determines the similarity between a rating and its benchmark value.
Therefore, the Pearson correlation equation (function 2) is used. The more the
value of the correlation approaches the value 1, the more the submitted rating
is similar to the benchmark value and thus accurate. It can take values between
-1 and 1. The value 0 means no correlation between two variables. The more
the value is differing from 0, the more the variables get correlated.

6.3.3 Mean Absolute Error (MAE)

Introduced by Miller et al. [21], the MAE is one of the most commonly used
accuracy metrics for CF recommender systems [15, 16]. It is defined as the
average difference between the predicted rating and the corresponding actual
rating:
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MAE =
1

N

N∑
i=1

|ri − zi| (6)

Where, N is the number of predictions, ri the value of the actual rating
value for user i and z the predicted rating value for user i. A low value of the
MAE indicates high rating accuracy.

6.3.4 Accuracy Rate

The accuracy rate describes the percentage of predictions that are correct over
the entire set [28] and is calculated as follows:

accuracy rate =
P

N
(7)

Where, P is the number of correct predictions and N the number of all
predictions.

7 Experiment Results

7.1 Question 1: Influence of User Expertise

7.1.1 Frequency of Rating Values for different Expertise

Users could rate the criteria on a scale from 1 to 5. Figure 4 shows the frequency
(cf. Section 6.3.1) of used values for each expertise. The values of users with
low expertise concentrated on the mid-point value 3 (50%) and no value at all
(31%). Even though users with some expertise used most often (44%) the mid-
point scale 3, the rest of their values were more distributed over the complete
set of available values. Both, users with middle and high expertise always gave a
value to a criterion. Users with high expertise barely (15%) used the mid-point
value 3, moreover they made use of the extreme values 4 (37%) and 5 (34%).
The less used value among all the users was the value 1 which was used only up
to 2% of one expertise group.

We found that users with low expertise were little motivated to use the
complete range of the rating scale. The higher the expertise the more frequently
users used the extreme high values. In summary, we find that the expertise of
a users has influence on the frequency of used values in the fact that users with
low expertise tend to rate the mid-point value 3 or no value at all whereas users
with high expertise make more use of the extreme values.

7.1.2 Influence of Expertise on Rating Accuracy

Accuracy, in this study, is defined as agreement with expert raters (cf. Lampe
and Garrett [16]). The benchmark scores are based on the ratings of users who
indicated their expertise as high (value 3 out of 3). We calculated the benchmark
score for each criteria as mean value of ratings submitted by users with high
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Figure 4: Frequency of Rating Values for different User Expertise

expertise. Only those criteria with a standard deviation of expert rating values
lower than 1 where used. The values of users with middle and low expertise
were equally calculated as mean values of ratings for each criterion. We chose
the values of the user group of the university of Passau as data set because this
was the biggest group of users of one university.

The values of users with middle expertise and those of users with low ex-
pertise differ from the benchmark scores for each criteria. However, the values
of users with low expertise show a constant bigger difference to the benchmark
scores. Table 4 presents the results for the two accuracy metrics MAE (cf. Sec-
tion 6.3.3) and correlation rate (cf. Section 6.3.2) for middle and low expert
ratings. The MAE is much higher for low experts, that is, their values differ
more from the benchmark values than those of middle experts. Middle expert
values are also more correlated to the benchmark values as those of low experts.

Table 4: Accuracy of Ratings for middle and low Experts
MAE corr

Low expert ratings 0.77 0.33
Middle expert ratings 0.56 0.47

In summary, we find that the accuracy of rating values depends highly on
user expertise. Values of users with low expertise are much less accurate than
those of users with some expertise.

7.2 Question 2: Accuracy of Expertise Prediction

The accuracy of the EPA (cf. Section 5.3) depends on the size of the neighbor-
hood k. In order to find the best-performing value for k, we tested the accuracy
of the EPA for the set of neighbors k = {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 15, 17, 20, 25, 30}.
We did so for the both similarity calculation approaches described in Section
5.1.2.

17



Figure 5 shows the results for the accuracy rate (cf. Section 6.3.4). The
results for the cosine-based approach are constantly a little higher than those
of the correlation-based approach till the value of k of 15. Starting from the
accuracy rate 0.79 for a k of 1, the accuracy increases with increasing k till the
value of 5 where it reaches the value 0.84. For a k of higher than 5, the accuracy
is varying between 0.82 and 0.83.

Figure 5: Accuracy Rate of the EPA depending on the Neighborhood Size k

Choosing the best-performing k, the EPA predicts the expertise of users for
criteria up to 84% right. The mean accuracy error of 0.41 shows that those
values that are wrongly predicted only differ in a value of 0.4 from the actual
expertise value. Considering that we choose the simplest aggregation function
for the feedback prediction (cf. Section 5.3), we can assume that the accuracy
of the user expertise prediction can be further improved with other advanced
aggregation functions, e.g., the weighted mean [1].

As a conclusion, the EPA is able to predict user expertise for criteria accu-
rately and fulfills its design objective to accurately distribute criteria only to
those users who have expertise in it.

8 Related Work

The issue of directing certain items to users according to their expertise can be
viewed, for example, in community question answering services. They need to
direct questions to users based on their knowledge to obtain accurate answers.
They include the various areas of expertise of users in their profiles to be able
to distribute each question to users with a high expertise for a question. Pal
and Konstan [23] present a mathematical model to distinguish experts from
ordinary users in community question answering services. Zhang et al. [30]
present an expertise finding mechanism for help-seeking communities which can
automatically infer expertise level.
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To identify a user’s expertise, Chen and Singh [3] present a mechanism that
computes the reputation of raters based on the quantity and quality of the
ratings they submitted. Using this mechanism, the reliability and quality of
ratings submitted by a certain user can be identified.

Contrary to the approaches noted above, in the Expertise Prediction Algo-
rithm that we propose, the input value is not a new criteria for which a high
expertise user needs to be found. Our approach takes a new user as input and
calculates his expertise for a given set of criteria.

9 Conclusion

Although reputation systems are widely used and treated in the literature, they
mostly occur in the C2C or B2C contexts. In this paper, the main particularities
of reputation systems in the B2B context were identified, concentrating on the
feedback collection part of reputation systems. In the case of a business as
the reputation target, we observe that each business may be described by a
large number of different criteria. Moreover, in the case of a business as the
reputation source, we note that the business is characterized as a group of
employees with the particularity that each user has only expertise in a subset
of criteria describing the target business.

Based on the above mentioned particularities, we stated some issues of feed-
back collection for reputation systems in the B2B context. One of the most
important issues is the difficulty in the collection of accurate feedback due to a
wide variety of criteria in the feedback forms. Our experiment results confirmed
the assumption that low user expertise has a negative influence on the accuracy
of reputation. Additionally, the motivation of business users to submit ratings
is a challenge in contrast to the motivation of private users.

As a solution, we presented the EPA, an algorithm which filters and presents
only those criteria of the feedback form to a user that he has expertise in. The
EPA is built on the idea of collaborative memory-based filtering algorithms
used for recommender systems. It predicts the expertise of a user in the criteria
describing a business. We conducted an experiment to evaluate two research
questions: the impact of user expertise for rating accuracy and the accuracy
of expertise prediction of the EPA. The experiment relied on data of an online
survey which was set up for this study and asked students to evaluate their
university. We argued that the context of a university has similarities to the
B2B context. The results of the experiments showed that the EPA predicts user
expertise with an accuracy of up to 84%.
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