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Abstract. In this paper, we present and test hybrid recommender algorithms that
combine Collaborative Filtering and Content-based Filtering for recommending
research papers. The hybrid approaches combine the strengths of each algorithm to
address their individual weaknesses. We evaluated our algorithms through both offline
experiments on a database of 102,000 research papers, and an online experiment with
110 users. Our results show that users value recommendations of papers, that the
hybrid algorithms can be successfully combined, that different algorithms are more
suitable for recommending different kinds of papers, and that users with different levels
of experience perceive recommendations differently. Our results lead usto a completely
tailored research paper recommender system.

1. Introduction

According to the United States Natioal Science Foundation, more than 530,000
research papers are published every year. In order to deal with this overwhelming
number of published papers, many digita libraries and information retrieval systems
have been built. Many of these systems respond to user queries, usually based on a set
of keywords. Systems like CiteSeer and the ACM Digital Library store papers in a
centralized repository, making them available through parametric searches. However,
these solutions do not guide users to papers of ther interests, and commonly users
struggle to find relevant papers to read.

In the past few decades, researchers have turned to recommender systems to further help
reduce information overload. These systems recommend items to users that might be
valuable to them, according to their preferences. Our goal is to reduce this problem by
using recommender systems on the task of finding relevant papers. Thus, we combine
the two most known recommender systems techniques, namely Collaborative Filtering
and Content-Based Filtering to recommend research papers.

Collaborative Filtering (CF) is one of the most successful techniques used in
recommender systems. It has been used to recommend Usenet news (Resnick et a.
1994), audio CDs (Shardanand;Maes 1995), and research papers (McNee et al. 2002),
among others. CF works by recommending items to people based on what other similar
people have liked. CF creates neighborhoods of “smilar” users (neighbors) for each
user in the system and recommends an item to one user if his neighbors have rated it
highly. CF is “ domain independent” in that it performs no analysis of the items in the



domain. Rather, it relies on user opinions about the items to generate recommendations.
Despite being a successful techni que in many domains, CF has the first -rater and
gparsity problem. The former is because and item cannot be recommend until one
neighbor rates it and the latter is because one user is very likely to consume only a few

percentage of the items in a domain, becoming hard to find agreements among users.

Content-Based Filtering (CBF) is aso commonly used in recommender systems.

Applied mostly in textual domains, such as news (Kamba et al. 1995), CBF
recommends items to a user if these items are similar in content to items the user has

liked in the past. CBF has many strengths, including the ability to generate
recommendations over al items in the domain. However, CBF cannot successfully
analyze items in domains like audio and video, it does not consder aspects like the

writing style and it has the over-specialization problem, because it recommends only

smilar items to the ones the user rated in the past.

This research builds upon previous work by exploring how to combine the
complementary advantages of CF and CBF, generating recommendations of research
papers (McNeeAlbert et a. 2002). We propose a set of new hybrid agorithms that
combine a TF-IDF CBF algorithm, with a k- nearest-neighbor User-user CF agorithm.
The full research is described in (Torres et a. 2004).

2. CF-CBF Hybrid Algorithms

Ten different algorithms were developed and tested; each algorithm is seed ed by one
paper and generates a list of papers as recommendations. Two agorithms were used as
baseline comparison: Pure-CF and CBF-Separated. Pure-CF is the standard knn-User-
user CF agorithm (Herlocker et a. 1999). It takes the citations of the selected (“ active”)
paper as input and gives a list of recommended papers as output. CBF -separated search
for samilar papers based on TF-IDF similarity and recommends the most similar papers
as follows: for every citation of the active paper one recommendation list is generated.
In the end, dl lists are merged and sorted using its similarity with the active paper. Th e
most similar are recommended.

Each hybrid agorithm is composed of two engines. A CF agorithm and a CBF
algorithm. They are combined in two ways: either they run in sequence or in paralel. In

sequence, the output of the first engine (up to 20) is used as input to the second. For
insgtance, the algorithm CF-CBF Separated is seeded by one paper and the CF engine
recommends up to 20 papers. Thus, for every paper given by CF it is generated a
recommendation list using the algorithm CBF -Separated. On the other hand, CBF
Combined-CF runs CBF with a modification: instead of generating a list of
recommendations for every citation, it merges al full text of the citations into one single

text and uses this to seed the CBF engine (CBF-Combined). The recommendations of
CBF are used as input to the CF engine.

In the paradlél, the final recommendation list has items coming from both techniques. In
this algorithm, it runs the two engines separately and combines their recommendations
as follows. every recommendation that is present in both modules result lists is added
to the fina list with a rank score. This score is the summation of the ranks of the
recommendation in their original lists. The final recommendation list is sorted based on
these scores. Therefore, a paper that was ranked 3rd from the CF module and 2nd from
the CBF module would receive a score of 5. The lower the score, the closer to the top an



item goes. The other recommendations that don’ t appear in both lists are aternatively
added in the find list, c oming either from the CF or the CBF recommendation list.

3. Experiments

To validate the algorithms two kinds of experiments were performed: one offline
(without users) and one online (with users). These experiments have different goals. the
offline tries to measure the ability of the algorithms to recommend papers. The online

experiments assess users  satisfaction and perceptions about the recommendations.

In order to test our algorithms we created a dataset with papers extracted from CiteSeer.
This dataset has 102.295 papers. All of them cite at least three other papers and all the
citations are papers for which we have the full text. In average, every paper cites and is
cited by seven other papers.

In the offline experiment, we randomly removed one citati on from the active paper and
then checked whether our agorithms could recommend that removed citation. This

“leave one out” methodology has been frequently used in other recommender systems

offline experiments (Breese et al. 1998; McNee;Albert et a. 2002). We aso divided the
dataset into training and test datasets at a 90% to 10% ratio. Ten different training and
testing dataset were created for 10-fold cross validation.

We define “ hit-percentage” (HP) as a metric to measure the percentage of the time the
recommender algorithm correctly recommended the removed citation. We also

measured the rank where the removed citation was found. Figure 1 presents the results
by algorithms and layers. For instance, Fusion had 28% of top -1 recommendations,

which means that in 28% of the cases, the removed citation was the first to be
recommended.
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Figure 1. Offline Experiments’ Results

We developed an online experimental system, called TechLens™, consisting of a six-
page Web-based experiment where users evaluated recommendations of papers by
answering questions for each single recommendation and for the whole set of

recommendations. Users ranged from masters and PhD students to professor and
researchers and were invited to anonymoudly participate in the experiment through links

in related websites, posts in universities internd lists and interest lists, like the User

Modeling Interest List and interest lists of the Br azilian Computer Society.

In order to gather user opinion about the recommendation received, the user was asked
to answer questions regarding satisfaction, classfication of the recommendations



(novel, authoritative, introductory, specialized, survey/over view), and the familiarity
with them. During the 32-day experimental run, 110 subjects participated in the
experiment. Users were randomly assigned to each agorithm. On average, subjects
spent 20 minutes answering our questions. The results show that the user satisfaction for
the individual recommendation was 46% and for the overall set of recommendations
was 62%. Otherwise, the user dissatisfaction for the individual recommendation was of
21% and for the overall set of recommendations was 19%.
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Figure 2. Users’ Satisfaction by Algorithm

Recommendation satisfaction varied by user type with 75% of the masters students,
61% of the PhD students, 67% of the researchers, and only 52% of the professors saying
they were satisfied with their recommendations.

5. Onlineresults

Our results showed that students (masters and PhD) were happier with the
recommendations than professionals (professors and researchers). Further, users were
more satisfied with CBF -Separated recommendations. We have two hypotheses for this:
first, because CBF-Separated tends to give recommendations on the author’ s specialty,
they might be happier about it. Second, we ran the experiment only for 32 days, which

might not be enough time to say which one is really the better. In the long run, Fusion
might perform best. Figure 2 shows user’ s satisfaction by agorithm. Moreover,
according to our statistical analysis* on the users answers, table 1 summarizes the best
algorithms to recommend each kind of paper.

6. Conclusions and Future Work

In this research we described, implemented and tested different techniques for
combining content-based and collaborative filtering recommender algorithms for
recommending research papers. We verified our results through both offline and online
experiments. Although we tested in Computer Science research papers, the algorithms
can be used in any scientific domain. Returning to our hypotheses, we found that the
hybrid recommender algorithms can generate paper recommendations that users were
very happy to receive, since 85% of the users said they recelved at least one good
recommendation. Of particular note is the Fusion, which can promptly incorporate any
evolution to each single technique.

! Unless noted otherwise, significance tests are at p < 0.05



Class of Papers Best Algorithms Worst Algorithms
Novel Pure-CF and Fusion CBF-Separated
Authoritative Pure-CF and Fusion CF-CBF Separated
Introductory CBF-Separated and CF-CBF Separated Pure-CF
Survey/Overview CBF-Separated Pure-CF

Table 1: Recommended Algorithms by Paper Class

One other advantage of building this hybrid sys temis the increase of coverage, which is
the percentage of items for which the system can generate a recommendation. All of the
hybrid algorithms had 100% coverage due to the CBF approach. Moreover, our online
results showed that different algorithms should be used for recommending different

kinds of papers. In addition, our results showed that users with different levels of
experience perceive recommendations differently.

This leads us to a vision of a completely personaized or ‘ tailored” recommender
system. Our results suggest that such a system can be tailored in two ways. Firg, it can
tallor recommender algorithms for particular user tasks using Table 1 as a guide.
Second, a system can be tailored based on the user’ slevel of experience.
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