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Abstract

To address the item cold-start problem in academic paper recommendation, we
propose a collaborative topic regression model based on preferences for frequent
topic sets. This algorithm considers users’ preferences for research hotspots
when selecting academic papers, utilizes frequent topic sets to represent re-
search hotspots, and models users’ preferences for research hotspots as pref-
erences for frequent topic sets. First, the paper-topic probability distribution
matrix is mined through a Latent Dirichlet Allocation topic model, and topics
with higher probabilities in papers are filtered; then, frequently occurring topic
sets are mined to obtain a paper-frequent topic set matrix; finally, users’ prefer-
ences for frequent topic sets are incorporated when predicting unknown ratings.
Experiments on the CiteULike dataset demonstrate that compared with matrix
factorization models and collaborative topic regression models, the proposed al-
gorithm achieves improvements in three metrics: recall, precision, and RMSE.

Full Text

Academic Paper Recommendation Algorithm Based on
Frequent Topic Sets Preference

Li Ran, Lin Hong
(College of Computer Science & Technology, Wuhan University of Technology,
Wuhan 430063, China)

Abstract: To address the item cold-start problem in academic paper recom-
mendation, this paper proposes a collaborative topic regression model based on
preference for frequent topic sets. The algorithm considers users’ preferences for
research hotspots when selecting academic papers, using frequent topic sets to
represent these hotspots and expressing user preferences for research hotspots
as preferences for frequent topic sets. First, the paper-topic probability dis-
tribution matrix is obtained through the Latent Dirichlet Allocation (LDA)

chinarxiv.org/items/chinaxiv-201805.00483 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00483
https://chinarxiv.org/items/chinaxiv-201805.00483

ChinaRxiv [$X]

topic model, and topics with higher probabilities in each paper are filtered out.
Then, frequently occurring topic sets are mined to obtain the paper-frequent
topic set matrix. Finally, user preferences for frequent topic sets are incorpo-
rated when predicting unknown ratings. Experiments on the CiteULike dataset
demonstrate that the proposed algorithm improves upon matrix factorization
models and collaborative topic regression models in terms of recall, precision,
and RMSE metrics.

Keywords: paper recommendation; topic model; frequent topic sets

0 Introduction

Academic paper recommendation represents an application domain of recom-
mender systems. By leveraging characteristics of academic papers, conventional
recommendation algorithms such as content-based and collaborative filtering
methods, which are widely used in e-commerce, have achieved certain effective-
ness in academic paper recommendation. In content-based paper recommen-
dation, the TF-IDF method is commonly employed to represent documents as
feature vectors with keywords as dimensions, and document similarity is calcu-
lated from these vectors to recommend papers based on users’ reading history.
However, TF-IDF can only #it word frequency information in documents, fail-
ing to capture statistical features within and between documents or determine
semantic characteristics, thus only recommending articles with superficial con-
tent similarity.

With the emergence of topic models and their important role in text min-
ing, researchers have begun applying topic models to recommender systems.
Topic models can capture semantic information within documents, discover-
ing latent topic features and enabling content-based recommendations through
topic similarity between documents. Additionally, substantial research has fo-
cused on better applying the Probabilistic Matrix Factorization (PMF) model
to paper recommendation. Wang et al. combined PMF with content-based
recommendation, proposing the Collaborative Topic Regression (CTR) model,
which enhances item latent factor feature vectors through LDA. The hierarchi-
cal Bayesian model of collaborative deep learning performs deep representation
learning of content information while conducting collaborative filtering on the
feedback matrix, significantly improving existing #HAKkF. Lu et al. proposed
an author-conference-time-topic model to construct user topic features, which,
combined with paper topic features built by LDA, enhance user and item latent
factor feature vectors in PMF respectively. Besides these efforts, other recom-
mendation algorithms have concentrated on #Z#E more types of information to
enrich user and paper features. Following this research direction, this paper also
explores how to better construct paper feature vectors.

When conducting research in a particular field, users first need to read core
papers in that domain to understand the main research content and key tech-
nologies. Second, reading newly published papers is crucial for users to keep

chinarxiv.org/items/chinaxiv-201805.00483 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00483

ChinaRxiv [$X]

pace with ##l development and broaden their horizons. Meanwhile, users typ-
ically pay greater attention to papers containing hotspot topics. Core papers
often imply they have been read by many people in that field. Therefore, when
recommending core papers, using probabilistic matrix factorization to recom-
mend papers read by other users in the same field allows other users’ opinions
to play an important role, yielding good recommendation results. However,
for papers published recently that have not yet been read, probabilistic matrix
factorization cannot function, presenting the item cold-start problem. Thus, it
is necessary to analyze paper content to recommend them to interested users.
The aforementioned CTR and related work partially alleviate PMF’ s cold-start
problem by combining content-based recommendation with probabilistic matrix
factorization. However, CTR is insufficient in 4 research hotspots, especially
for newly published papers that rely basically on content-based recommendation
without reflecting the value of research hotspots in papers.

Given these problems, this paper proposes a collaborative topic regression model
based on frequent topic set preferences. When predicting unknown ratings,
papers containing frequent topic sets are given a certain degree of weight, as
frequently occurring topic sets typically represent research hotspots in academia,
thereby highlighting the value of academic papers containing research hotspots.
The model first processes the corpus to obtain papers’ probability distributions
over topics, then mines frequently occurring topic sets, and finally incorporates
the influence of frequent topic sets into the collaborative topic regression model.

1.2 Frequent Itemset Mining

Frequent itemsets refer to collections of items that frequently appear together,
where “frequent” is measured by a predefined threshold (minimum support).
The support of an itemset is defined as the proportion of records in the dataset
that contain that itemset.

The Apriori algorithm is a classic algorithm for mining association rules and
frequent itemsets, using a level-wise search iteration method to generate frequent
itemsets—that is, obtaining k-item frequent sets from (k-1)-item frequent sets.
It consists of two steps. First, self-joining obtains candidate sets: the candidate
set in the first round consists of items in the dataset, while candidate sets in
other rounds are obtained through self-joining of frequent sets from the previous
round. Second, candidate sets are pruned by removing items in the candidate
set whose support is less than the minimum support and whose subsets contain
non-frequent sets. This process ultimately yields frequent k-itemsets.

This paper applies the Apriori algorithm to the document-topic distribution
generated by the LDA model to mine frequently co-occurring topic sets and
obtain the distribution of each frequent topic set across papers.
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2.1 Frequent Topic Set Preference

The basic idea of the LDA topic model indicates that each paper has one or
more topics, meaning each paper corresponds to a topic set. Therefore, from
the paper-topic probability distribution matrix obtained by LDA, as shown in
Figure 1: see original paper, by filtering out topics with higher probability values
in each paper, the matrix can be represented in the form shown in Figure 1: see
original paper, where the set of topics corresponding to value 1 in each row
represents the topic set contained in that paper. Obviously, papers in the same
research direction contain identical or similar topic sets, and the more frequently
a particular topic set appears across different papers, the higher its attention in
that research direction.

Based on the above analysis, frequent topic sets—i.e., topic sets that frequently
appear in the same academic paper—reflect research hotspots in a particular
field to some extent. Papers containing research hotspots often have greater
value for users. Distinguishing papers by their “hotness” can recommend more
valuable papers to users. Therefore, when constructing paper feature vectors,
the influence of frequent topic sets should be considered. Especially for papers
with fewer readings, algorithms like CTR rely only on papers’ latent topics to
recommend them to users who have read similar papers. Incorporating user pref-
erences for frequent topic sets on this basis can further improve recommendation
effectiveness.

2.2 Algorithm Model Representation

Probabilistic matrix factorization is a classic recommendation model widely used
in academic paper recommendation. It factorizes the user historical rating ma-
trix into user and paper feature matrices in the topic space. This algorithm has
high scalability and can incorporate information such as similarity and social
networks to constrain user and paper feature matrices, thereby improving rec-
ommendation effectiveness. CTR is based on this model and incorporates paper
content information, defining the predicted rating R,;; of user ¢ for paper j as
follows:

To incorporate the global influence factor of frequent topic sets into the CTR
model, this paper redefines the predicted rating of users for papers as:

where u; and v; represent the feature vectors of user i and paper j, respectively.
0, is the probability distribution vector of paper j over topics obtained through
the LDA topic model. The user feature vector is still defined as following a
Gaussian distribution with mean 0, as shown in equation (3). The paper feature
vector is defined as in equation (2), where ¢; follows a Gaussian distribution
with mean 0, balancing the influence of user rating records and paper content

on paper feature vectors.
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According to the analysis in the previous section, frequent topic sets have a
certain influence on users’ paper selection. Therefore, this paper proposes a
collaborative topic regression model based on frequent topic set preferences,
incorporating the global influence factor p of frequent topic sets into CTR to
improve recommendation effectiveness. The model schematic is shown in [Figure
2: see original paper].

I; represents whether paper j contains frequent topic sets. The ¢-th value of
I; is 1, indicating that paper j contains the ¢-th frequent topic set. The gener-
ation process of vector I, is as follows: a) Obtain the paper-topic probability
distribution matrix P through the LDA topic model; b) Filter out topics with
higher probability values in each paper to obtain the topic set contained in each
paper; ¢) Use the Apriori algorithm to mine frequently occurring topic sets and
simultaneously generate the paper-frequent topic set matrix 7.

R;; represents the predicted rating, with u; and v; defined the same as in equa-
tions (3) and (2). g¢(-) is the logistic function that maps predicted ratings to
[0,1]. p is the influence factor vector of frequent topic sets, where p, represents
the influence value of the ¢-th frequent topic set on user paper ratings, and |p|
is the dimension of frequent topic sets. IJTI ; represents the number of frequent
topic sets contained in paper j, i.e., the number of 1s in vector /;. When paper
j does not contain any frequent topic sets, the influence value of frequent topic
sets is defined as the average of the influence values of all frequent topic sets,
and vector I; represents a unit vector. Moreover, vector p is assumed to follow
a Gaussian distribution with mean 0, like vectors u; and v;:

p~ N(0,071)

The loss function can then be derived as defined in equation (7). R,; is the true
rating of user ¢ for paper j; I, is an indicator function that returns 1 if user ¢
has interacted with paper j and 0 otherwise; A,, A,, and A, are regularization

parameters for u;, v;, and p, respectively.

By applying stochastic gradient descent to vectors u;, v;, and p as shown in
equation (8), we can solve for the values of user latent topic vectors, paper latent
topic vectors, and frequent topic set influence factor vectors that minimize the

loss function, thereby predicting unknown ratings through equation (1).

3.1 Experimental Setup

This paper adopts the dataset provided by the CiteULike website (http://www.citeulike.org/faq/data.adp).
The dataset includes 16,980 papers and 5,551 users from 2004 to 2010. Each
user has a personal paper library recording browsed papers, containing a total
of 204,986 user-paper browsing records. During the experiment, the LDA topic
model algorithm and Apriori algorithm are applied sequentially to the 16,980
papers to mine frequently occurring topic sets. Each paper is then represented

chinarxiv.org/items/chinaxiv-201805.00483 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00483

ChinaRxiv [$X]

as a vector with frequent topic sets as dimensions, yielding matrices P and T
as known parameters for predicting unknown ratings.

The user-paper browsing records are divided into training and test sets at a
ratio of 80% to 20% for the following experiments: a) Analyze the impact of
the number of frequent topic sets and parameter p on the collaborative topic
regression model based on frequent topic set preferences to determine reasonable
parameter values; b) Compare the recommendation effectiveness of the proposed
model with PMF and CTR.

3.2 Evaluation Metrics

In rating prediction systems, Root Mean Squared Error (RMSE) is commonly
adopted as a metric, where smaller RMSE indicates higher recommendation
accuracy. The RMSE formula is as follows, where Test represents the test set:

Z(i,j)eTcst(Rij - Rij>2
|Test|

RMSE:\j

Additionally, since the purpose of recommender systems is to recommend papers
that users might be interested in, after predicting user ratings for papers, we
sort the predicted ratings and select papers with high scores that users have
not yet interacted with for recommendation. Recall and precision are used to
measure recommendation effectiveness. Assuming the top m papers with highest
predicted ratings are recommended to users, for a specific user, the recall and
precision are defined as:

TP
recallQm = m
sion@ TP
recitsionYm = ———
P TP+ FP

where T'P is the number of papers in the recommendation list that the user
likes, F'N is the number of papers the user likes but are not recommended, and
FP is the number of papers in the recommendation list that the user dislikes.
The recommendation algorithm’ s recall is defined as the average recall across
all users, and precision is defined as the average precision across all users.

Moreover, since recall and precision can be contradictory, the F-measure is
often used to comprehensively consider both. F-measure is the weighted har-
monic mean of recall and precision. Specifically, when o = 1, it becomes the
most common F1 metric. This paper adopts F1 to measure recommendation
effectiveness.
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3.3 Experimental Results
3.3.1 Impact of Frequent Topic Set Count

In the stage of mining frequently occurring topic sets, different minimum support
values yield different numbers of frequent topic sets, reflecting the distribution
of research hotspots in the current paper collection. Setting the topic count
of the LDA model to 200 and minimum support to 0.0014, 0.00125, 0.00118,
0.0012, and 0.00105 respectively, the numbers of frequently occurring topic sets
satisfying these minimum supports are 54, 81, 97, 118, and 159. presents the
model’ s average recall at different recommendation list lengths k& as the number
of frequent topic sets varies. The RMSE trend is shown in [Figure 3: see original
paper]. Other parameters in the experiment are set as A, = 0.01, A, = 0.01,
A, =1

p

As the number of frequent topic sets increases, RMSE first decreases and recall
correspondingly increases, improving algorithm performance. However, when
the number of frequent topic sets exceeds a certain level, recommendation ef-
fectiveness decreases. Experimental results indicate that during frequent topic
set mining, setting a reasonable minimum support to obtain frequent topic sets
corresponding to research hotspots enables the proposed algorithm to achieve
optimal recommendation effectiveness.

3.3.2 Impact of Regularization Parameter

In equation (7), a smaller parameter A, means a larger proportion of user pref-
erence for frequent topic sets in predicting unknown ratings. To investigate
the impact of frequent topic sets on ratings, the settings of regularization pa-
rameters A\, and A, remain the same as in the previous section, while different
A, values are selected to measure algorithm performance. Experimental results
show that when A, = 1, the proposed algorithm achieves optimal recall and
relatively small RMSE values.

3.3.3 Recommendation Algorithm Comparison

The proposed model extends the original PMF model and borrows ideas from
CTR. Comparing it directly with PMF and CTR models demonstrates the im-
provement of the proposed model in terms of recall, precision, and RMSE. There-
fore, these two models are selected as comparison objects in our experiments.

Through experiments, optimal parameter settings for the three models are ob-
tained: the feature space dimension is 200 for all three models; in PMF and
CTR, A, = A, = 0.01, while in the proposed model, A, = A, = 0.01, A, = 1.
Based on this, with recommendation list length & set to {200, 150, 100, 50, 10}
respectively, the effectiveness of the three models in recall, precision, and RMSE
is compared. presents detailed experimental results, and [Figure 4: see original
paper| shows the performance comparison of the three models.
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Experimental results demonstrate that at different recommendation list lengths,
the proposed model’ s recall, precision, and F1 are significantly superior to PMF
and CTR, with RMSE values also reduced. Moreover, the paper-frequent topic
set matrix T can be computed offline, so the proposed model achieves improved
recommendation effectiveness with relatively small time overhead.

4 Conclusion

This paper considers the influence of frequent topic sets on users’ paper selection
and proposes a collaborative topic regression model based on frequent topic set
preferences, aiming to help users find more valuable academic papers. Experi-
ments on real datasets prove that compared with PMF and CTR models, the
proposed model achieves certain improvements in recall and precision.

Due to users’ personalized needs, the influence values of frequent topic sets may
differ for different users. Therefore, constructing user-sensitive frequent topic
set influence vectors is the focus of future research.
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