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ABSTRACT
Research paper recommender systems (RSs) aim to alleviate
information overload for researchers. Existing approaches
using collaborative filtering or hybrid approaches typically
allow only one rating criterion (overall liking) for users to
evaluate papers. We conducted a focus group qualitative
study to explore the most important criteria for rating
research papers that can be used to control the paper
recommendation by enabling users to set the weight for each
criterion. We investigate also the effect of using different
rating criteria on the user interface design and how the user
can control the weight of the criteria. 

Keywords: Research paper recommender system; multi-
dimensional rating; collaborative filtering; user-centric design

1 INTRODUCTION
Research papers allow researchers to communicate their most
recent approaches and results and to receive continual
updates about new research in their fields. Papers are also
valuable learning resources for new researchers (e.g.,
graduate students). New researchers need help in choosing
papers to read because they do not yet know much about the
area in general, which papers contain important ideas or
methods and who the pioneers and the active researchers in
the field are. They need to read papers that satisfy their
personal needs at the current time, but they can be
overwhelmed with the huge amount of published papers
available through digital libraries. Thus, paper recommender
systems (RSs) have been developed to alleviate information
overload. 

RSs can be defined as “any system that produces
individualized recommendations as output or has the effect of
guiding the user in a personalized way to interesting or useful
objects in a large space of possible options” [1]. Common RS
approaches are content-based filtering (CBF), collaborative
filtering (CF) and hybrid approaches. CBF is based on
information retrieval techniques comparing a paper’s features
(e.g., title, abstract, keywords, publication year) with the
researchers’ features (e.g., interests, previous search queries)
to find matches. CBF methods, which are based on text
analysis, are widely used because each paper can be
represented as a collection of words and CBF calculates the
weight of each significant word in the paper to provide a
measure of its importance. Examples of CBF for paper
recommendations can be found in [2], [3]), and [4]). In
contrast to CBF, the CF approach is generally helpful if few
or no features about the items or users are available but user
ratings are. CF for recommending papers could be based on
readers’ explicit ratings (the ratings that are given by the
user) [5][6], citation analysis (i.e., the relationship between
papers by referencing or citing other papers) [7], or usage
analysis (e.g., download, forward, print, annotate) [2]; [8]. In
CF, similarities in the rating behavior of the users are
recognized and used to provide each user with a personalized

list of papers based on her preferences of similar items (item-
based CF) or ratings of similar users (user-based CF). The
hybrid approach fuses both approaches to gain the advantages
of using each approach alone and reduce their drawbacks.

Most CF algorithms require users to give just one overall
(global) rating and then use the averages of all users’ ratings
to corre late the i tems (or users) and compute
“neighborhoods”. This approach is straightforward but not
flexible enough to provide adequate details about the quality
of the rated item/service. The inflexibility of global ratings
produces biased recommendations because two users may
give the same global rating from two different perspectives
[9]. For example, two researchers may rate a paper the same,
but the first researcher’s evaluation is based on the paper’s
readability while the other’s is on the paper’s novelty. For
this reason, some RSs are based on CF algorithms or hybrid
approaches that use multi-criteria ratings based on two or
more perspectives (dimensions). However, in all the existing
multi-dimensional RS, the rating criteria are chosen by
researchers and do not allow the users to change the
importance weights of these criteria.
In this paper, we investigate researchers’ opinions of the most
important criteria in rating the quality of a paper. The
important decisions include how many and which criteria to
include, whether to include the possibility of users’ assigning
different weights to the criteria and how the user interface for
ratings should be organized. There is a danger in giving more
control to the user and increasing the complexity because that
may lead to cognitive overload and reduce the user’s rating
activity. Although all published research papers are peer-
reviewed and evaluated for their significance and novelty, we
are looking to the users reviews as consumers for these
papers. The importance of that is to try to develop a
recommender system that take into account the user’s
preferences using the multiple ratings and the user’s weights
for each rating criterion. Different weights will produce
different a more personalized recommended paper list to each
user. 

Following the framework proposed in [10]) we concentrate
on two layers of the model: deciding upon adaptation (DA)
and applying adaptation decisions (AA) to elicit the users’
opinions. We use a qualitative method by applying focus
group discussion to involve the end users and their
perspective throughout this study. 

The paper is organized as follows: The next section
presents the research methods. Section 3 presents the results
obtained in the discussion and summarizes the ideas derived
from the participants. We discuss the related work in section
4. Finally, in section 5, we summarize the conclusions of this
work and outline future directions.

2 METHOD
In RS design and development, quantitative research methods
are commonly used to evaluate the accuracy, efficiency and
the effectiveness of proposed algorithms as well as user



satisfaction [9][11]. However, the qualitative method is well
suited to exploring different options and user requirements.
To our best knowledge, the question of which features (i.e.,
criteria) to consider in evaluating the quality of a paper has
not been addressed in a systematic way, and all existing
approaches that include multiple rating criteria seem to have
been developed based only on the authors’ intuition. We
adopted a focus group approach, a qualitative research
method suited for exploratory research that would allow us to
examine 1) whether the participants thought including
different ratings criteria is useful in finding higher quality
research papers and 2) whether they support the idea of
having the user control the weight of different criteria. We
also want to extract and confirm some guidelines for user
interface design that can make the RS more understandable
and user-friendly. 

A focus group, as defined by [12], is a moderated
discussion on a predefined set of topics with 6–12
participants. The advantage of having small group discussion
is allowing participants to develop shared understanding of
the topics while voicing their opinions. The process uses
open-ended questions to enrich the discussion with different
ideas, perspectives and conflicts that reveal the similarities
and differences in participants’ thoughts. Some questions
should be defined before conducting the focus group,
whereas some may evolve as follow-up questions based on
the participants’ responses. One of the big advantages of a
focus group as an exploratory method is its open-endedness,
the fact that the direct interactions with and among the
participants enable exploration and redefining the scope of
ideas. 

2.1 Participants

Eight people participated in this study: one postdoctoral
fellow, two Ph.D. candidates in their fourth year of research,
and five master’s students in their second year of studies. The
participants were recruited from the Computer Science
Department of the University of Saskatchewan. We invited
these people specifically because we aimed to engage active
young researchers who still need to read research papers for
their studies and for writing their theses. Graduate students
usually need to read dozens of papers to be familiar with their
research area, to find problems that they can contribute to
solving and, finally, to write their thesis. Graduate students
usually struggle to find good papers to read when they are
starting their studies. Participants were invited personally
through e-mail. Eleven of the invited people agreed to
participate in the study, but three could not participate
because of other commitments. The participants’
demographic data are shown in Table 1. Most of the
participants were international students who had studied
previously in different countries, which meant their diverse
educational backgrounds could enrich the discussion.

Table 1. Participants’ Demographics Data

2.2 Focus Group Settings

The focus group was held in a quiet room in the Social
Sciences Research Laboratories (SSRL), University of
Saskatchewan, dedicated to conduct qualitative studies (e.g.,
focus groups or think-aloud sessions). Preparation of the

room included providing microphones for audio recording the
session and a round table with comfortable chairs to enable
the participants to communicate with each other easily.

When the participants arrived, they were welcomed and
asked to read carefully and sign the consent forms. They were
reminded that the focus group discussion was audio-recorded
to make it easy to transcribe the session without missing any
of the participants’ opinions. They were also told to avoid
interrupting any of the other participants so that all
participants had the chance to complete their ideas. This also
helps the transcription by preventing the audio file from
being garbled.

Two types of questions were asked during the focus
group session. First, we asked closed questions to examine
how familiar the participants were with RSs:

C1. Have you been recommended items, or are you
familiar with any kinds of recommendations?

C2. Are you familiar with research paper RSs?
Then we asked open-ended questions as follows:
O1. When you want to read a paper, how do you choose

that paper? What criteria do you consider?
O2. In using a RS for research papers, do you prefer to

see overall ratings (one rating as general rating) for
the paper or multiple criteria?  Justify your answer.

O3. If you are asked to evaluate and rate a research
paper, in your opinion, what are the three most
important rating criterion?

O4. What do you think about giving the user the control
to assign importance weights to those criteria?

3 ANALYSIS
The discussion began with questions C1 and C2. We noticed
that the participants were very motivated to talk about the
topic. All of them were familiar with RSs, specifically in
recommending items to buy; seven of them were familiar
with RSs used by scholarly websites, such as Academia.edu
and Google Scholar Updates. Below are some direct quotes
from participants as they expressed their hypotheses about
the recommendation algorithms used:
 Participant 2 (P2): “I think they [Google Scholar

Updates] may use some index [keywords] that you use
in your papers. Try to match it and it will suggest to you
some papers that have been recently published in your
field.” 

 P8: “Google Scholar1 seems to list them in order of
how many citations they have. That’s the only thing I’ve
noticed on Google Scholar.”

 P1: “I think Google Scholar itself is somehow [a]
recommender system based on [the] number of
citation[s] that the paper has? For example, if you search
using keywords and you see a paper that has thousands
of citations, so you prefer that one to the others.” P5:
“Yeah, but they [Academia.edu] just send me an e-mail
with publications. So maybe they use the area of
interest. I don’t know.”

 P4: “When you sign in to academica.edu it
comments with recommendations so are you interested
in this area? You either click [to] select it or not; once
you selected it, it starts recommend papers in these
areas. I was wondering one time that why it
recommends some papers that I feel they are not in my
research areas, I looked into my profile and I discovered
that I’ve actually selected that before.”

1 http://scholar.google.ca/
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 P4: “ResearchGate2 send e-mail by questions and
their answers using the keywords that I used previously
to search.”

3.1 Brainstorming the Evaluation Criteria of Papers

Participants were asked to think about how they usually
choose a paper to read and the reasons (i.e. criteria) that they
choose to read a paper or not. They were asked to define each
criterion so we would know exactly what they meant by each
of them. They discussed the following 9 criteria.

1-Clarity: Participants converged toward defining clarity of
the paper as how well the paper is written in English,
whether it is using simple terms and how the style of
writing makes the ideas presented by the paper obvious.
They thought this is one of the criteria that make them
decide to read the paper or not because the clearer the
paper the more accessible and understandable it is.
However, participants distinguished between two terms:
clarity and understandability. They referred to clarity
mostly as the quality and simplicity of the language used,
while understandability was to mean how clear and logical
the paper is in presenting the technical approach and the
research methods used. For example, P5 said, “I think one
is about grammar... and it was written poorly. So that
might make it difficult to read. The second one is the paper
is written well in English but it’s still difficult to get what
that person is talking about, but I think that might be
technical clarity.” 

2-Technical clarity: participants felt that the technical
content of the paper is one of the most important criteria in
technical disciplines, such as engineering and computer
science. However, the technical content may not be sound
or may not be presented in an understandable way. For
example, some authors use a lot of difficult technical terms
that make the paper hard to understand. Similarly, complex
mathematical formulas may be introduced without giving a
hint or justification of why they are necessary. In some
empirical or applied science papers the description makes
it difficult to understand what the goals of the experiment
are and why a specific evaluation or statistical evaluation
method is chosen, assuming that the reader is very familiar
with the subject. 

3-Willingness to Cite This Paper: this criterion
corresponds most closely to the general opinion of readers
regarding liking or disliking the paper, if they intend to cite
this paper in the future or not. This means they like it and
find the information useful for their work. A high rating on
this criterion would mean that, even though users may find
the paper not useful in some aspects or may not like its
clarity, it still brings value, can be useful and is worth
citing. 

4-Length of the paper: some participants thought that one
of the criteria that encourage them to read the paper is its
length. The shorter the paper, the higher the chance it will
be read. “Sometimes a paper’s, like, 40 pages and you’re,
like, I probably don’t want to read this,” P3 said. 

2 http://www.researchgate.net/

However, they thought this could be a ranking criterion
rather than a rating criterion, since the page length is an
objective feature rather than a feature requiring a
subjective evaluation (rating).

5-Closeness to purpose or task: participants defined this
criterion as how much the paper is relevant to what the
user is doing at the moment (e.g. writing a paper, finding
another approach to solve the same problem). For example,
if users read a paper, they might want to read another
similar paper that uses a different approach or different
method or frames the same problem from a different
perspective. P2 commented that “Sometimes [the user]
want[s] something newer. Sometimes [the user] want[s]
something close.” This criterion was raised by one of the
participants and did not receive support from the others.

6-Relevance: the participants defined this criterion as the
similarity between the content of the paper and the user’s
research interests. The recommended papers must be
relevant to the user’s interest somehow. The participants
thought that this criterion is more important if the user has
interests in multidisciplinary research fields. They wanted
to be able to judge the relevance even though this can be
automated (e.g. using CBF). They also suggested enabling
the user to tag papers so that they can relate the paper to
topics according to their own choice. 

7-Comprehensiveness: participants described a paper as
comprehensive if it reviews what has been done in the
research area (i.e., literature review) without going deeply
into detail. Some participants called this criterion
“coverage.” They mentioned that comprehensive papers
are more important for new researchers that need to read
“something that at least gives a brief overview… a
summary of what has been done like literature review”, P4
said. 

8-Difficulty level: some participants insisted that the
difficulty level of the paper is important to consider in
deciding to read the paper, but they could not agree on
what defines a paper as difficult to read. While there are
linguistic metrics of text complexity that could be used, the
participants felt that the problem with the difficulty of
research papers is more nuanced and text complexity
metrics are not sufficient to evaluate it. There was a strong
conflict in the discussion of this criterion. Some
participants argued that the paper could be difficult
because it has many mathematical equations, theorems and
proofs. Other participants said the mathematical issues
were only in the applied sciences, but when we consider
other fields such as social sciences, the papers do not
usually contain any mathematics yet can still be difficult to
understand. They recognize that some readers are good at
mathematics and may feel that papers with lots of
mathematics are easy. Papers that use many technical
phrases, acronyms or jargon that are specifically used in
that research field are difficult to understand to those who
are unfamiliar with them. One participant commented,
“Sometimes the paper is very hard to read. I don’t mean
English but in the technical field. They use lots of English
phrases that are specifically used in that field.” Depending
on the reader’s preparation or experience, the paper may be
easier or harder to read.
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Some other participants found that papers that discuss
experiments or user studies are easier to read than the
papers that describe theories. “But I think that is also
subjective. It depends on the kind of research that the paper
discusses. Like, if it is strictly theoretical research then it
might be difficult for most people to research. But if it is,
like, experimental… it is easier to understand,” said P4.
Most participants stated that the distinction between
theoretical and experimental papers is important but not
available in any of the existing research paper-
bookmarking websites, such as CiteULike3, Mendeley4 or
Zotero5. P2 said, “If I want to trust or rely on any RSs, I
want to see it ignore the paper that comes with lots of
theoretical stuff.” This distinction can be done by enabling
the user to categorize papers as experimental or theoretical.
Then users can specify in their profile that they prefer one
of them to the other (e.g., experimental), which can be
another feature to be used by the content-based filtering or
hybrid RS to find matches. 

9-Value added by reading this paper. This criterion refers
to how much new information the user gains by reading
this paper. Some participants thought that it is useful to
rate the usefulness of the content of the paper based on
their knowledge, whereas other participants thought that it
would be hard to rate old papers. P8 said, “I feel like if a
paper’s really original and novel then it would be easier to
give it a higher value added rating because you can see
how many things you can do to build on this paper. But
older papers you might say it seems like this old idea that
you can’t build off of.” P5 commented that an older paper
could not add value for them because they have already
read many and newer papers in the same area.  

3.2 Other criteria mentioned in the discussion

The participants mentioned some other criteria that are useful
in evaluating a paper, such as how recent the paper is, the
authors’ reputation (h-index) and the number of citations that
the paper has received. They discussed the importance of the
year of publication and the relationship between the
publication date and the number of citations, acknowledging
that it is not straightforward to base a conclusion about how
important the paper is on its citations. P4 said: “The paper
might be new. It has not had much citation, but it is very
good.” The reputation of the author is also important; users
may be interested in reading a paper written by author(s) that
they know and follow. However, the participants realized
that, although these criteria are important to consider, it is
better to consider them as ranking criteria for the results
rather than rating criteria for users, since all of these criteria
have numeric values that are usually fixed at the time of
considering them (e.g., the length) or change slowly (e.g., the
number of citations, the year of publication, the h-index of
the author). 
After we combine the explicit and implicit users’ interests
and the paper ratings and the content of the paper and using a
hybrid approach, the objective criteria (e.g., paper length, text
complexity, year of publication, authors’ reputation, and
number of citations) can be used to narrow and order the list
of results. 

3 http://www.citeulike.org/
4 http://www.mendeley.com/
5 https://www.zotero.org/

3.3 Overall Rating versus Multiple Ratings

When we asked the participants Question O2 (whether they
preferred to have the overall rating of the paper or multiple
ratings based on different specific criteria), the participants
expressed wishes for an overall rating and ratings based on
three specific rating criteria for two reasons. First, the user
sometimes strongly likes some aspects of the paper, but their
general opinion of it may be low. All the participants agreed
with the opinion of P5: “You still give your opinion on the
different dimensions. But generally you still come up with
the overall impression whether you accept or reject [the
paper].” Second, the user might have different opinion from
the available criteria for the ratings and that can change the
overall rating of the paper. 

The participants thought it is important to have different
criteria that reflect different aspects of the paper’s quality,
which would make the recommendations more personalized
to their needs. All participants agreed that the obvious
disadvantage of having multiple ratings for each paper is that
“It’s too much work to click on all the rating criteria for each
paper.” However, the solution is to “keep [the ratings] short
and simple,” design the system carefully and display the
benefits of having multiple ratings on recommendations that
they receive. 

3.4 Choosing the Most Important Three Rating
Criteria 

After the participants felt that there were no more criteria to
add to the list, we asked them to choose the three most
important criteria among those produced in the brainstorming
discussion related to O1. We initiated the discussion with
questions O3. One participant suggested starting by removing
the least important criteria and focusing later on ranking the
remaining ones. First, most (five or more) of participants
suggested removing the “willingness to cite the paper” and
“value added by reading the paper” because these criteria
expressed a general impression about the paper that could be
replaced by the overall rating. The participants thought that
the “length of the paper” should be removed because it is an
objective, static parameter that could be used by the RS as a
ranking criterion after the set of possible recommendations
was generated. Another criterion that participants felt that
could be automatically inferred by the RS, instead of relying
on user rating, is the “closeness to research area.” Each user
has a user model that contains the user’s preferences, the
research interests and any related topics of interest. The user
model is built automatically using data that are entered during
user registration or collected by the system based on the
user’s history of searching, bookmarking, etc.

Table 3 shows the resulting ranking of the rating criteria.
All participants agreed that the clarity of the paper is the most
important rating criterion. It is important for the users to read
well-written papers that use simple and well-defined terms
and that are easy to read. One participant commented,
“number one should remain clarity and that it is easy to
read,” expressing the group consensus. However, there were
some comments that suggested more nuanced views. Another
participant pointed out that a paper’s clarity is related to its
difficulty and that the difficulty criterion is subjective. Yet
difficulty came only fourth in the ranking and was supported
by only three of the participants. 

Technical clarity, which can be “interpreted as the
technical clarity” (P2), became the second most important
criterion, as ranked by seven participants. The paper is
technically clear when the technical details are presented so
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that the work can be reproduced. Such details include
consistent mathematical notation and formularization,
detailed description of the research method and the
experimental setup. 
Table 2. Ranked List of the First Five Important Rating
Criteria 

Criterion
Ranking
position

Number of users agreed
on the ranking position

Clarity 1 8 (100%)
Technical clarity 2 7 (87.5%)
Relevance 3 5 (71.4%)
Difficulty level 4 3 (37.5%)
Comprehensiveness 5 2 (25%)

There was a long discussion to choose the third-ranked
cri ter ion among relevance, difficulty level and
comprehensiveness. Finally, in a vote taken to resolve the
question, five participants chose relevance.

3.5 Control Over Different Rating Criteria

When the participants have been asked O4, they showed their
strong support of the idea of enabling the users to show their
preferences for different rating criteria by assigning weight to
the criteria. They felt that the ability to change their
preferences could help users find better papers according to
the criteria that they prefer most or to a combination of
different criteria. They acknowledged that users’ needs
change with time, such as when senior researchers might give
more weight to the technical clarity, while new researchers
might give more weight to clarity and comprehensiveness.
The participants discussed some ideas about how the user
interface could enable user control over the weights of the
criteria which are discussed in the next subsection.

3.6 Paper Recommender System and User Interface
Design Implications

The focus group discussion proposed some interesting ideas
for designing the paper RS (see Table 4). Participants showed
a preference for having sliders to adjust the importance
weight for each of the criteria with a default setting for each
one (e.g., in the middle of the slider). However, they
mentioned that it is important to make a minimum threshold
value to not allow the user to ignore completely any of the
criteria. For example, users would not be able to make the
slider go less than 20% for the clarity criterion. 

Table 4. Implication of Raised Issues on the Paper RS design
Issue or Aspect Effect on the RS Design

Topic relevancy to the user’s
interests

Use hybrid recommendation
approach based on model of user
interests and ratings.

User control over the weights
of the rating criteria

Use sliders for each criteria; use
checkboxes to choose which
criterion the user wants to
change the weight; or enable
ranking the criteria

Overall rating or multiple
ratings

Use both overall rating and
multiple ratings; overall rating is
used to reflect the general
impression of the user about the
paper 

Experimental or theoretical
papers

Enable users to classify the
papers according to predefined
c a t e g o r i e s ( e . g . , A C M
classifications) and specify
preferred categories in their
profile

Users do not like to fill in
much information

Keep criteria few, well defined
and show tips that give clear
descriptions

Users cannot do the multiple
ratings before reading the
paper

Enable multiple ratings only for
users who have read the paper
(e.g., by using checkboxes)

Author reputation, publication
date, number of citations, paper
l e ng th , t e x t co mp le x i t y
(measured with text analysis
tools as one component of the
difficulty level of the paper)

Recommendation algorithm to
use such “static” parameters as
ranking criteria for ordering the
recommendations

Relate papers to topics and
evaluate the paper relevancy

Enable tagging

One of the participants suggested ranking the three
criteria instead of giving weight value by using sliders, “and
just put this is the first one, this is the second one, and the
third one… that would be way easier.” Another participant
suggested enabling the user to choose three criteria out of
five, for example, by selecting them in a checkbox, and then
the user could change the weight for the selected criterion (or
criteria). He commented, “Maybe it should be dynamic.”

4 BACKGROUND AND RELATED WORK
Although recommendation approaches using multi-

criteria rating are very promising, little work has been done in
recommending research papers. The previous multi-criteria
paper RSs are summarized in Table 5. Tang and McCalla
[13] use multi-criteria ratings to recommend papers for
learners. Their algorithm clusters learners based on their
interests and categorizes papers based on their pedagogical
attributes. The learner’s knowledge level (novice or
advanced) is matched with the paper’s technical level to
recommend a personalized list of papers to the learner. Tang
and McCalla also proposed a multi-dimensional RS that takes
into consideration not only the learner’s interest, but also the
pedagogical value of the recommended papers [14]. This
pedagogical value includes factors such as the potential
learning value from reading those papers, the difficulty level,
the probability of recommending the paper to other learners
and the relatedness to the learner’s work. The evaluation via a
field study showed that interest is not the key factor in the
recommendation, that incorporating multi-dimensional
ratings improves the recommender performance and that the
users were highly satisfied with the recommendations
received. The study was then extended to compare different
learning groups of undergraduate and graduate students [15].
The two experiments showed that including features other
than overall ratings for the papers and the learner’s interest
can improve recommendations.

Another work relevant to the study of paper
recommenders is a study of recommending learning objects
(LOs) by [16]. The LOs’ rating criteria include whether the
LO is easy to use, the degree of the facilitation of learning
and the relevance of the LO to the learning topics used.
However, the evaluation is only of the proposed algorithm
and is done by simulation, not by involving real users.
Another simulation study has been conducted to test the
Papyres system [9], which is a paper recommendation system
based on 10 different evaluation criteria (e.g., originality,
readability, organization, literature review, etc.). All the
above studies were used explicit ratings entered by the users.
     Zarrinkalam and Kahani [17] described a multi-criteria
paper RS that uses three implicit ratings. These criteria relate
papers to each other using references, citations and co-author
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relationships. The paper’s neighborhood is first identified, CF
is used, and a separate matrix that relates paper to paper
based on each of the three criteria is built and combined with
the results of a CF algorithm to produce an ordered list of
recommendations. This work differs from our work because
the objective is to find paper citations and it does not look at
the user evaluation of the paper’s quality. 

Table 5. Different Paper Recommender Systems that Apply
Multi-criteria Ratings

Previous Work Criteria Evaluation focus

Tang and McCalla
[13]

Three ad hoc criteria:
technical level, 
readability, 
usefulness

System functionality

Matsatsinis et al.
[18]

Seven user-defined 
criteria: publication 
year, keyword 
relevance, impact 
factor of 
publication’s journal,
citation number, 
author’s average 
citation number, 
acknowledgements 
and affiliation

Not evaluated; an 
example is described

Tang and McCalla
[14]

Three ad hoc criteria:
value added, 
difficulty level and 
probability to 
recommend to others

Examine  the user 
satisfaction and the 
effect of considering 
pedagogical elements in 
making recommendation 
and 

Winoto, Tang, and
McCalla  [15]

Four ad hoc criteria: 
facilitate learning, 
topical relevance, 
popularity and ease 
of understanding

Learners’ acceptance

Manouselis et al.
[16]

Three ad hoc criteria:
ease of use, facilitate 
learning and topical 
relevance

Algorithm performance 

Papyres RS [5] 

10 ad hoc criteria: 
contribution, 
originality, literature 
review,  readability, 
organization, 
technical quality,  
testing, procedure 
and quality of 
references

Tests and compares five 
different approaches of 
defining user’s 
neighborhood in terms of
accuracy

Zarrinkalam and
Kahani [17]

Implicit ratings, three
relationships 
between papers: 
references, citations 
and co-author

Assess the benefits of 
using Linked Data6, 
hybrid and multi-criteria 
RS for improving the 
performance of citation 
RS

All the previous works show that using multi-criteria
ratings to recommend research papers has a positive effect on
the recommendation accuracy as measured by the standard
precision-recall metrics for recommender algorithms
performance and evaluated using simulations with datasets.
However, all these approaches define their own criteria in an
ad hoc fashion as decided by the researchers. None of these
studies has based the choice of different criteria on a study of
the user’s opinions or needs. We believe that choosing the
rating criteria must be done by users and that the

6 It is to link related data that are not previously linked.
http://linkeddata.org/

recommendation accuracy is not the only factor that
determines whether the user accepts and consumes the
recommended items. Integrating the user in the
recommendation process allows the user to give feedback
about the recommendations to validate or tell the RS that it is
wrong. The only study that recommended considering a user-
centric design is the work done by [18]. They exploited a
methodology based on decision theory and calculated the
weight of each of seven papers’ attributes such as keywords
relevance and the citation index of a paper (see Table 5 for
complete list) based on the user’s input of preferences.

However, we focus on the content quality of the paper by
enabling the user to rate the paper by three quality criteria
selected from this user study. We try to increase the user–RS
interaction to maximize the personalization and the user
satisfaction and increase the user’s trust in the RS [19]. The
system can enable users to adjust their preferences in all three
of the criteria they have chosen to find relevant papers based
on those criteria by enabling an explanation-based user
interface for filtering out irrelevant recommendations and
producing recommendations interactively and in real time.

5 CONCLUSIONS, LIMITATIONS AND
FUTURE WORK 

We presented a focus group study aimed to elicit the users’
views on rating the papers using different rating criteria
evaluating different paper quality aspects. In addition, we
discussed with the participants issues related to user control
of the rating criteria and the user interface design for research
paper RSs. The results can be summarized as follows:
 Participants thought that using different rating

criteria is very useful to find more personalized
recommendations. 

 Participants showed the strongest support for the
following three criteria: clarity, technical clarity and
relevance. 

 Participants liked the idea of controlling the weight
of the different rating criteria and observing the resulting
change in the list of recommendations. User control
seems to contribute in the level of trust in the
recommendations and in the RS. 

 Trusting the RS can be increased if the users can
provide the RS with feedback to tell the RS whether it
satisfies their needs (i.e., making the system scrutable
[20]).

Design considerations for recommender algorithms: 
 It is important to find a way to judge fairly the

recently published papers rather than relying on the
number of citations as a criterion for paper quality.

 It is important to make the RS more dynamic by
giving some control to the user such as the ability to
change the weight of each rating criterion and choosing
the ranking order of the recommended papers.

 Paying more attention to the presentation style of
the recommendation as well as the user interface design
can increase user satisfaction and trust in the RS.

 Explaining to users how the recommendation list is
chosen is important in thei r accept ing the
recommendation. The participants of this study only
guessed about the recommendations that they saw in
some of the paper recommendations, such as
Academia.edu and ResearchGate (see the list of their
hypotheses in section 3).
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However, the study has limitations. Using a focus group
as a research method implies collecting the participants’
subjective opinions, and we are not sure if their justifications
can be helpful for other users. To address with this limitation,
we selected users that represented different levels of
experience, various cultural and educational backgrounds and
both genders. However, they were all computer scientists. A
focus group comprising social or life scientists may come to
different findings. Therefore, our future work will repeat the
study with graduate students from other science, applied
science and humanity disciplines to discover if their opinions
are similar or different from the participants from the area of
computer science. We would also like to conduct a field
study with experienced researchers (10 years or more in
doing research) to discover if their criteria for finding good
papers are different from those employed by graduate
students. Another study that will be helpful, using a
developed paper RS as a tool for the focus group, would be to
investigate in more detail the significance of the objective
criteria (e.g., publication date, number of citations) in
ordering the recommendation results and to discuss with the
users the idea of enabling the users to choose (and change
upon their request) which criteria to use in ranking. We want
to ques t i on i f the se changes would make the
recommendations more satisfying and the RS more trusted by
users.
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