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Abstract

With the rapid explosion of information, more and more people find it difficult to get the information that they really
require and are interested in quickly and effectively. Recommender systems have been developed to effectively help
users to make decisions to a certain degree. However, existing researches on recommender system mainly focus on
improving the accuracy of recommendation by designing new algorithms. In this paper, we propose a different idea to
improve the efficiency, accuracy and novelty of recommendation by extracting core users who carry most of the
information for recommendation. Specifically speaking we propose new approaches to identifying core users based
on interest similarity between users and users’ own attributes. First, the interest similarity between all user pairs are
calculated and sorted. The users’ attributes are quantified and integrated. And then three strategies are used to select
core users, which are frequency-based, rank-based, and fusion-sorting-based. In the experiment part, we compare our
proposed methods with other existing methods from various perspectives, including accuracy, novelty, and long-tail
distribution. Experiments show the effectiveness of our core user extraction method and prove that 20% of core users
enable recommender systems to achieve more than 90% of the accuracy of the top-N recommendation.

Keywords: Core Users Extraction; Interest Similarity; User’ Attribute; Recommender System;

1 INTRODUCTION the proposed similarity-based approach, since the similarity
of two users can be calculated if and only if they have
common items.

In order to solve the problems, in this paper, we propose
new approaches to identifying core users based on interest
similarity between users, as well as two important attributes
of individuals including one's popularity degree and
resource. The identification of core users is realized through
four steps: First, the interest similarity between all user pairs

recommendations in one of three ways: content-based (Peng, are calculated and sorted from high to low. In particular, for

2010), collaborative filtering (Chen, 2012; Li, 2009) and interest similarity, we propose to cluster items based on K-
conte;(t-aware approaches (Wang ’ 2012’_ Séap 2006) means and then calculate the interest similarity of two users

Different from the previous studies and approaches, the based on glmllar ttems. Therf:forej we can get th? nearest
perspective of physics have also found applications in neighbor list of each user with highest interest similarity.

designing recommendation algorithms (Zhou, 2007; Zhang, .Sec.01.1d, the p .opularlty degreg and resource of cach
2007), and the most representative ones are mass diffusion individual user is calculated. Third, based on the calculated

and heat conduction neighbor lists and values, we propose three strategies to

Some latest study has proved that there exists a group of select core users. Fourth,. we vahdate. the effect of .the
core users who carry most of the information for extracted core users by various methods in recommendation.

: . The contributions of this paper include:

recommendation. With them, the recommender system can .
already generate satisfactory recommendation. It is The paper first propose two strategies to extract core

. Sl . : . users based on interest similarity between users. By
meaningful to identify core users in recommendation since derine th i ihe bet i
it can improve the efficiency as well as the robustness of const erlglg 61: sefn;a " 1Cfmean11.lg.1 e.:veegl ledms’ tﬁe
recommender system by excluding irrelevant and unreliable 1mprove the calcuation ot USer Simiiarity. Basec on the
users. However, the proposed approach to extracting core ne afest.nelghbor lists of each user with h1gh§st interest
users are mostly based on out-degrees of nodes in graph ;1m11ar1ty, cfore USCrs are ;ilﬁ:cted.aﬁtcorfdmgkt.o I}}:e
theory, while the semantic meaning between nodes is not l.retquency of occurrence and the weight of rank in the
considered. Moreover, there exists data sparsity problem for 1565

With the development of internet technology,
recommender system is proposed and applied in many
online platforms as an effective way to solve the problem of
"information overload". It can provide more personalized
services by predicting potential interests according to users’
historical choices. Recommender systems have already been
applied widely.

Recommender systems typically produce a list of
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The paper then propose a strategy to extract core users
based on two important attributes of individuals,
including one's popularity degree and resource.
Popularity degree is combined with the resources to
determine one's score, and core users are selected from
the ones with highest scores.

In experiment, we compare the three methods as well
as another two existing ones and make a
comprehensive analysis of the results from the aspects
of accuracy of recommendation, novelty and long tail
distribution.

APPROACH TO EXTRACTING CORE
USERS IN RECOMMENDATION

A recommender system consists of a set of users
{up,uy... U,} and items { 04,0,5...0, }, and can be
represented by a bipartite network where users are
connected to item they have read, purchased, collected,
rated, commented and etc.

2.1 SIMILARITY DEGREE BETWEEN TWO USERS

When calculating user similarity based on cosine or
Pearson formula through common item ratings, the effect of
similar item is not considered. If two users do not have
common ratings, the similarity degree of them cannot be
calculated. It is obviously unreasonable.

When the rating data is sparse, there will be few ratings
on the same items for two users. Obviously it is not accurate
to decide whether the two users are similar in this case. In
order to solve the problem, we combine item similarity and
the traditional Pearson user similarity formula to improve
the accuracy of user similarity.

First, we cluster the items using k-means algorithm. We
use semantic similarity based on ontology (S anchez, 2012)
to calculate the similarity of two items.

We can then integrate the item similarity into the
Pearson formula, as shown in formula (1):
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is the average ratings of EE] E}and ﬁ_ﬁ re similar items, n
represents the number of similar item pairs.

2.2 TWOATTRIBUTES OF AN INDIVIDUAL USER

In this part, we define two attributes to measure the
quantity of information carried by the user, which are
popularity degree and resource.

2.2.1 Popularity degree of a user
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The popularity degree of user is the total number of
items which have been seen and rated by a user. Any user
who has rated more items has greater chance to have
common or similarity items with other users and so might
be useful for recommendation of the uncommon items to
them.

2.2.2 Resource of a user

Since recommender systems can be naturally
represented by a user-item bipartite network, some classic
network-based propagation processes such as mass diffusion,
are applied to recommender systems, and it has been proved
that the diversity-accuracy dilemma and recommendation
accuracy for small-degree items can be effectively solved
(Zhang, 2012).

We assume that a unit resource is assigned to each user,
who distributes her/his resource to all neighboring items,
and then each item redistributes the received resource to all
connected users. Accordingly, the resource that user (has

received from user L:tis @
[l
B1EG); Tigrm &)

L) Eﬂmgﬂ ,

where H!E!‘ﬁlm the degree of EEQ% namely the number
of items that connected with EEEE ‘ ‘IEH_E_I_'H, the degree
of IHHEH.] the number of users who have rated IHIM_!

In this paper, we set the initial resource for each user is
1. All users reallocate resources according to formula (2) to
get the final results as users’ resources. For the sake of
simplicity, Fig. 1 is a case of resource redistribution by one
user.

user item user item

item

user

Figure. 1 A user's resource redistribution

2.3  STRATEGIES FOR SELECTING CORE USERS

In this paper, we propose three strategies (Zeng, 2013;
Cao, 2016) to select core users.

The first one is to select the users who appear the most
times in all other users’ nearest neighbor list, and we named
it as frequency-based strategy. The detailed process is: First,
we compute the top-N(e.g. N =15, 20, 25) neighbors of each
user with highest similar interests based on formula (1),
Second, for each user, count how many times he has
appeared in other users’ top-N lists. Third, the users who
appear most frequently are selected as core users.

The second one is to select the users who have the
highest weight of location in all the other users’ nearest
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neighbor lists and we name it as rank-based strategy. The
strategy takes into account the ranks of each user in other
users' top-N neighbor lists. Suppose user elongs to user
op-N neighbor list and his position is the py,, then the
score of Ltdis 1/p. If user (ialso appears in other users’ top-
N neighbor lists, we sum the scores as his Dﬁnal weight:

g [=] g 3)

, Where |§E_§ﬁm. the top-N neighbor list of user @]whose
neighbor lists contain s E__!h Hosition in [I‘_ﬁﬂﬂ!.
neighbor list. Finally, the users with the largest weights will
be selected as core users.

The third one is to combine user's popularity degree with
users’ resource to select core users, and we name it as
resource-degree-sort-based method. First, all users are
sorted in a descending order according to their popularity
degrees, and we can get a List A,. Second, all users are
sorted in a descending order according to their resources,
and we get a list named List B,. But the order of a user in
the two lists may be different, so we combine the two lists
to rearrange users’ order. The combination of the two lists is
calculated as formula (4) shows:

Where N is the number of all users, Ejﬁi ndicates the
position of a user in List A, and List B,, respectively.
Finally, we can get a new List C, based on the value of
Then we select top-N users in List C, as core users.

2.4  THE RECOMMENDATION ALGORITHM

We then validate the effect of the extracted core users in
recommendation. We make use of network-based inference
method (NBI for shot) (Zeng, 2011) as recommendation
algorithm.

The MD method can be described in a more intuitive
way: The initial resources placed on objects are first evenly
divided among neighboring users and then evenly divided
among those users' neighboring oljects. In a real network,
there can be a lot of neighboring users who have common
objects with the target user. We argue here that only a few
of the most relevant neighboring users should be taken into
account in the diffusion.

For NBI based on core users, there will be a little
difference. Given the set of core users C and the target user i
only the users in C will receive the resources from
collected items in NBI. Other users will not receive
resources even though they have same and similar item with
i. Then the users who have received resources redistribute
the resources back to the item side.

3  EXPERIMENT

In this section, we introduce the dataset used in the
experiment, and analyze the experimental results.

izl
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3.1 DATADESCRIPTION

We use the MovieLens dataset in experiments, which is
a popular dataset used by researchers and developers in the
field of recommendation. The dataset contains ratings from
943 users on 1,682 movies. The rating records are integers
between 1 and 5.

In order to verify the accuracy of the recommendation
algorithm, the data set is randomly divided into training set
and test set according to the proportion of 8:2.

3.2 EVALUATIONMETRIC

In our experiments, we use the following evaluation
indicators to analysis and comparison of our proposed three
methods and the two methods in literature.

3.2.1 RECALL

For each user i, H_‘ﬂm deﬁneathe ratio of recall.

)
where s the number of movie that associate with user i in
the test set, E_'EEEH the number of the items in the test set
which appear in the recommendation list with
recommendation length L for target user i. A higher recall
value indicates a higher accuracy of the recommendation

algorithm.

3.2.2 NOVELTY

Novelty (Zhang, 2010) is the ability to recommend non-
popular items to the user. In this paper we use the average
degree of the recommended items to measure the novelty of
the recommender system. The novelty index is calculated as

formula (6) shows:
IE A= EF:
(I e

EELIE
where is the degree of an item, M is the number of users,
L is the length of recommend list, Eis the recommend list.

]
all

3.2.3 FREQUENCY OF THE RATED ITEMS
In our study, we use the frequency of the rated items

(Morid, 2011) to measure the recommended ability of users,
computed by equation (7):

15
[

=HT
where nl!lﬁé!_la the number of users who have rated item
IHE%!E! the number of items rated by user i.e., the

degree of user E;EI This factor shows whether a user is
interested in popular and high frequently rated items or non-
popular and low frequently rated items.

3.3 EXPERIMENTAL RESULTS AND ANALYSIS

In this part, we compare our proposed three methods to
extract core users, which are Similarity-Frequency-based,
Similarity-Rank-based, and resource-degree-sort-based
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methods. In addition, we compare our approaches to the
similarity-based approach with the best performance
mentioned in (Zeng, 2014) and best performance mentioned
in (Zhang, 2016), where cosine distance based on common
itemratings is used to calculate users’ similarity. In order to
differentiate our proposed users’ similarity approach and
theirs, we name theirs as Similarity-1 and ours as Similarity-
2. In Figure 2 and Figure 3, the solid line shows the methods
proposed in this paper, and the dotted line represents the
methods proposed by others.

The results are presented in Figure 2 where P denotes
the proportion of core users in all users. In the experiment,
we set the nearest neighbors is top-10 and the
recommendation list length is 15.

3.3.1 ANALYSIS ON THE RECALL OF EXTRACTING
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Figure 2 The ratio of core users and the recommendation
accuracy

3.3.2 ANALYSIS ON THE NOVELTY OF EXTRACTING
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Figure 3 The ratio of core users and the novelty
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3.3.3 ANALYSIS ON THE RECOMMENDED ABILITY
OF EXTRACTING CORE USERS

B - = i .

Similarity 1-Rank-based  Similarity 1-Frequency-based

Resource-degree-sort-based

Figure 4 Distribution Scheme of core user according the
their Degree and AvgFreq Values

From the above experimental results, the accuracy is
higher when we choose the Similarity-Rank-based method
to identify core users. Furthermore, taking the Similarity-
Rank-based method for MovieLens dataset, through
statistical calculation, 90.39% (0.239/0.264) of the accuracy
can be achieved when we only use 20% of core users (P =
0.2) and the recommendation accuracy tends to increase
slowly with the increase of P. Meanwhile, the novelty is the
best for Similarity 2-Rank-based and Similarity 2-
Frequency-based methods. It is sufficient to explain the
interest similarity plays a more important role than other
factors in the process of recommendation. The result fits
well with the idea of collaborative filtering, in which the
interest similarity between users plays an important role in
measuring user’s relations.

From the long tail distribution, the core users selected by
Resource-degree-sort-based method is relatively
concentrated in the region where the user degree is greater
than 80, i.e. the head of the distribution. However, the core
users selected by other methods are relatively scattered.

Among the 5 methods, the distribution of user degree for
core users selected by Similarity 2-Rank-based method is
the most reasonable, since the proportions for the three
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intervals are approximate to 50%, 30% and 20%

respectively.

4  CONCLUSIONAND FUTURE WORK

In this paper, we propose new approaches to identifying
core users based on interest similarity between two users
and usersS' own attributes. First, the interest similarity
between all user pairs are calculated and sorted. The user
attributes are quantified and integrated. Through the
comparison of user similarity, popularity and resource, we
find that user similarity plays a very important role in the
recommendation system. And then three strategies are used
to select core users, which are frequency-based, rank-based,
and fusion-sorting-based. Using core users who carry more
information not only produces satisfactory
recommendations but also helps us to improve the
efficiency of recommendation, and it also improves the
robustness of the recommendation algorithm by eliminating
irrelevant and unreliable users. The experimental results
show that our proposed method can greatly reduce the
computational complexity while maintaining the accuracy
and diversity of the recommendation.

Future work include: (1) find more approaches to
defining core users from different aspects, for example,
fusing similar relationships and trust relationships, (2) find a
relatively stable approach to generating core users, so as to
reduce the frequency of updates, (3) Study the use of core
users to solve the problem of user interest transfer and cold
start.
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