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Abstract
Recommender systems (RS) assist users in discovering interesting information
within massive data resources and provide accurate personalized recommenda-
tions. Information kernel-based recommendation algorithms can substantially
reduce the temporal cost of the recommendation process. To address the scala-
bility issues inherent in collaborative filtering recommendation algorithms, this
paper proposes improved information kernel extraction methods, namely IFB
(IFrequency-based) and IRB (IRank-based), built upon the original frequency-
based (FB) and rank-based (RB) approaches. Furthermore, we introduce the
concept of an optimization set in the neighbor-finding stage, wherein the most
similar neighbors are identified for each user within this set. Experimental re-
sults demonstrate that the proposed methods achieve more accurate recommen-
dation outcomes, effectively reduce Mean Absolute Error (MAE), and attain
higher precision and recall rates, thereby delivering superior recommendation
performance.

Full Text
Preamble
Improved Extraction Method of Information Core in Collaborative
Filtering Recommendation

Wenjing Zhang, Jinping Li†, Jun Yang
(School of Electronics & Information Engineering, Lanzhou Jiaotong University,
Lanzhou 730070, China)

Abstract: Recommender systems (RS) help users discover interesting
information within vast data resources and provide accurate personalized
recommendations. Recommendation algorithms based on information core can
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significantly reduce time costs during the recommendation process. To address
scalability issues in collaborative filtering recommendation algorithms, this
paper proposes improved information core extraction methods—IFB (Improved
Frequency-based) and IRB (Improved Rank-based)—building upon existing
frequency-based (FB) and rank-based (RB) approaches. The concept of an
optimization set is introduced for identifying the most similar neighbors,
enabling neighbor selection for each user within this set. Experimental results
demonstrate that the proposed methods yield more accurate recommendations,
effectively reduce Mean Absolute Error (MAE), and achieve higher precision
and recall rates, thereby delivering superior recommendation performance.

Keywords: recommender systems; collaborative filtering; information core

0 Introduction
With the rapid development and popularization of the Internet, data resources
have increased exponentially, making it difficult for users to efficiently select
useful information from massive resources, thus creating the information over-
load problem. Consequently, personalized recommender systems have emerged
as a solution [1]. Existing personalized recommendation methods typically fall
into three categories: content-based filtering (CBF) [2–4], collaborative filtering
(CF) [5–7], and hybrid filtering (HF) that combines CBF and CF [8–10]. Among
these, collaborative filtering has proven the most widely applied and successful
[11].

Collaborative filtering generates personalized recommendations by analyzing
user-item interactions captured in collected rating pairs. Since it does not re-
quire preprocessing of item or user features, it is not dependent on any specific
domain. However, this advantage introduces scalability issues: when the num-
ber of users or items is large, time consumption grows exponentially with data
scale. To address this problem, we assume that certain “expert”users pos-
sess deep understanding of objects in specific domains. By referencing these
experts, recommender systems can provide satisfactory recommendations for
ordinary users. Additionally, some malicious online users attempt to bias sys-
tem outputs [12]. Therefore, by investigating user roles in recommendations,
we can exclude irrelevant and unreliable users, thereby improving algorithm ef-
ficiency and robustness [13]. The information core-based collaborative filtering
algorithm presented in this paper effectively solves this problem. We refer to
expert users as core users, and the collection of core users as the information
core. Core users constitute approximately 20% of the entire system, yet their
recommendation accuracy can reach 90% of that achieved by all users. Since
core users represent only about 20% of total users, they significantly reduce the
number of users involved in recommendation, thereby alleviating the scalability
issues inherent in traditional collaborative filtering algorithms.

Wu et al. [14] proposed a trapezoidal fuzzy rating model to address problems
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such as discrete ratings’inability to reasonably express user opinions and the
sparsity issues in traditional collaborative filtering. This algorithm demonstrates
outstanding performance when data is sparse and user count far exceeds item
count. Rong et al. [15] introduced user similarity concepts to tackle efficiency
and accuracy degradation when collaborative filtering is applied to social net-
works, providing evaluation methods for recommendation quality and user sat-
isfaction that effectively improve recommendation accuracy and efficiency in so-
cial networks. Huang et al. [16] proposed a hybrid recommendation algorithm
combining LDA_MF, LDA_CF, and traditional item-based collaborative fil-
tering to address the problem of existing methods focusing on accuracy while
neglecting diversity, making recommendations more diverse while maintaining
high accuracy. In this paper, we target the scalability problem in collaborative
filtering algorithms and propose improved information core extraction methods
—IFB (Improved Frequency-based) and IRB (Improved Rank-based)—building
upon the frequency-based and rank-based methods proposed by Zeng et al. [17],
thereby substantially improving recommendation system performance.

1 Preliminary Knowledge
This paper employs user-based collaborative filtering [18] with cosine similarity
as the similarity metric between users. We assume the rating matrix contains
historical ratings from m users on n items. The CF algorithm proceeds as
follows:

a) Similarity Calculation. Based on rating vectors of target user u and other
user v in the rating matrix, their similarity is calculated using Equation (1):

𝑠𝑖𝑚(𝑢, 𝑣) = ∑𝑛
𝑖=1 𝑟𝑢𝑖 ⋅ 𝑟𝑣𝑖

√∑𝑛
𝑖=1 𝑟2

𝑢𝑖 ⋅ √∑𝑛
𝑖=1 𝑟2

𝑣𝑖

where 𝑠𝑖𝑚(𝑢, 𝑣) denotes the similarity between target user u and user v, 𝑟𝑢𝑖
represents the rating of target user u on item i, 𝑟𝑣𝑖 represents the rating of user
v on item i, and n denotes the number of items.

b) Neighbor Selection. Based on the similarity matrix S, k most similar
users are selected for each target user u as the neighbor set 𝑁𝑢.

c) Rating Prediction. Using target user u and its neighbor set 𝑁𝑢, the pre-
dicted rating ̂𝑟𝑢𝑖 of target user u for unrated item i is calculated using Equation
(2):

̂𝑟𝑢𝑖 = ̄𝑟𝑢 +
∑𝑣∈𝑁𝑢

𝑠𝑖𝑚(𝑢, 𝑣) ⋅ (𝑟𝑣𝑖 − ̄𝑟𝑣)
∑𝑣∈𝑁𝑢

𝑠𝑖𝑚(𝑢, 𝑣)
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where ̄𝑟𝑢 denotes the average rating of target user u, 𝑠𝑖𝑚(𝑢, 𝑣) represents the
similarity between target user u and user v, 𝑟𝑣𝑖 denotes user v’s rating on item
i$, and ̄𝑟𝑣 represents user v*’s average rating.

d) Effectiveness Evaluation. Mean Absolute Error (MAE), precision, and
recall are used as metrics to evaluate recommendation effectiveness.

(a) MAE Metric. MAE, the most commonly used metric, is defined in Equa-
tion (3):

𝑀𝐴𝐸 = 1
|𝑇𝑢| ∑

𝑢∈𝑇𝑢

1
|𝐼𝑢| ∑

𝑖∈𝐼𝑢

| ̂𝑟𝑢𝑖 − 𝑟𝑢𝑖|

where 𝑟𝑢𝑖 represents the actual rating of user u on item i in the test set, 𝐼𝑢
denotes the set of items rated by user u, |𝐼𝑢| represents the number of items in
the set, 𝑇𝑢 denotes the set of all users in the test set, and |𝑇𝑢| represents the
number of users in the set. MAE measures the average difference between pre-
dicted and actual ratings in the test data matrix; smaller MAE values indicate
better algorithm performance.

(b) Precision Metric. Precision for target user u is calculated using Equation
(4):

𝑃𝑢 = 𝑅𝑢
𝑁

where 𝑅𝑢 represents the number of items in the recommendation list that match
items rated by target user u in the test set, and N represents the length of the
recommendation list.

System precision P is calculated using Equation (5):

𝑃 = 1
|𝑈| ∑

𝑢∈𝑈
𝑃𝑢

where U denotes the user set and |𝑈| represents the number of users. Higher
precision indicates better algorithm performance.

(c) Recall Metric. Recall for target user u is calculated using Equation (6):

𝑅𝑒𝑢 = 𝑅𝑢
𝑊

where 𝑅𝑢 represents the number of items in the recommendation list that match
items rated by target user u in the test set, and W represents the number of
items rated by target user u in the test set.

System recall Re is calculated using Equation (7):
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𝑅𝑒 = 1
|𝑈| ∑

𝑢∈𝑈
𝑅𝑒𝑢

where U denotes the user set and |𝑈| represents the number of users. Higher
recall indicates better algorithm performance.

As evident from the above process, CF algorithms spend most of their time
on similarity computation—first calculating similarities between the target user
and all other users, then selecting the L most similar users as neighbors. If
we can identify fewer but more reliable users, similarity computation can be
performed on a smaller user set, thereby reducing online recommendation time.
The method proposed in this paper aims to find such a smaller yet more effective
user set.

2 Algorithm Description
Building upon Zeng et al.’s algorithm, this paper introduces the concept of
an optimization set for finding the most similar neighbors, enabling neighbor
selection for each user within this set.

2.1 FB-Based Algorithm Model

The FB-based information core identification method utilizes similarity informa-
tion between users. First, it calculates the similarity matrix S for all user pairs.
Based on S, it identifies each user’s k most similar neighbors, generating a top-K
neighbor matrix M. Elements in M are user IDs, with each row representing a
user’s top-K most similar users (i.e., the user’s top-K nearest neighbor list). For
example, element 𝑚31 in matrix M represents the user ID most similar to user
3, and 𝑚32 represents the second most similar user to user 3. Then, it counts
the occurrence frequency c of each user in matrix M—i.e., how many times each
user appears in other users’top-K nearest neighbor lists. A higher occurrence
count c indicates greater similarity with other users, implying more effective
recommendation information carried by the user and thus higher importance to
the system. Finally, users with the highest occurrence counts are selected to
form the information core of the recommender system. The specific process is
illustrated in [Figure 1: see original paper].

2.2 RB-Based Algorithm Model

The RB-based algorithm model is similar to the FB-based model. The FB
method only counts how many times a user appears in other users’top-K neigh-
bor lists without considering the position. However, the top-K list represents a
descending order of similarity, where earlier positions indicate higher similarity.
The RB method incorporates position information: if user i belongs to user j’s
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top-K neighbors at position p, user i receives a weight of 1
𝑝 . If user i appears in

multiple users’top-K neighbor lists, the sum of these weights becomes the user’
s final weight ∑ 1

𝑝 . Users with the highest total position weights are selected
as the information core. The specific process is also illustrated in [Figure 1: see
original paper].

2.3 Improved IFB and IRB Algorithm Models

Both FB and RB algorithm models select neighbor lists based solely on user
similarity magnitudes without fully utilizing user-item rating information. This
paper proposes a novel approach to neighbor list selection that leverages rating
information more effectively to achieve better recommendation results.

The new neighbor selection process works as follows:

a) Randomly split user ratings into a training set (80% of ratings) and an
optimization set (20% of ratings).

b) Select a rating 𝑟𝑎𝑖 from the optimization set, where 𝑟𝑎𝑖 represents user a’s
rating on item i.

c) In the training set, select the top n users who have rated item i and are most
similar to user a as the neighbor list top-𝑁𝑎𝑖 for rating 𝑟𝑎𝑖.

d) Find the corresponding neighbor list top-𝑁𝑗𝑖 for each rating in the optimiza-
tion set, where top-𝑁𝑗𝑖 represents the neighbor list for user j’s rating 𝑟𝑗𝑖 on
item i.

After generating neighbor lists, the IFB algorithm model proceeds identically to
the FB model: it constructs a neighbor matrix W from all rating neighbor lists,
counts each user’s occurrence frequency in matrix W (i.e., how many times each
user appears in nearest neighbor lists for ratings in the optimization set), and
selects users with the highest occurrence frequencies to form the information
core. The IRB algorithm model similarly follows the original RB model’s
procedure after neighbor matrix generation. By finding neighbor lists for every
rating in the optimization set, our approach fully utilizes rating information
to generate neighbor lists. The specific process is illustrated in [Figure 2: see
original paper].

To concretely illustrate the information core extraction process for FB, RB,
IFB, and IRB algorithms, consider the following example using ratings from
five users on five items, split into training and optimization sets. The training
and optimization set ratings are shown in and , respectively. shows five users
(u1-u5) and their ratings on five items (I1-I5) in the training set. shows the
same five users’ratings on the same five items in the optimization set. presents
the cosine similarities between these five users.

The FB and RB algorithm models select information cores as shown in [Figure
1: see original paper]. For each user, the top two most similar users are selected
as neighbors based on similarity values from . For instance, for user u1, the two
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most similar users are u5 and u4, making u1’s neighbor list {u5, u4}. With
information core size set to 2, the FB algorithm extracts the information core
as {u1, u4}, while the RB algorithm (where u5 and u1 both have weights of 1.5)
randomly selects one to combine with u4, resulting in {u4, u5}.

The IFB and IRB algorithm models select information cores as shown in [Figure
2: see original paper]. For the optimization set rating 𝑟12 (user u1’s rating on
item I2), users u2, u3, and u4 have rated item I2 in the training set. Based on
similarities in , the top two users most similar to u1 among these are u4 and
u3, which are selected as the neighbor list for 𝑟12. Following this process for
all optimization set ratings, the IFB algorithm extracts the information core as
{u1, u3}, while the IRB algorithm (where u3 and u4 both have total weights of
2) randomly selects one to combine with u1, yielding {u1, u4}.

3 Experiments
3.1 Dataset and Experimental Environment

We conduct experiments using the MovieLens-100K and MovieLens-1M datasets,
which are commonly used benchmarks. MovieLens-100K contains 100,000 ex-
plicit ratings from 943 anonymous users on 1,682 movies (items). MovieLens-1M
contains 1,000,000 explicit ratings from 6,040 anonymous users on 3,952 movies
(items). Ratings range from 1 (dislike) to 5 (like), with each user rating at least
20 movies.

The MovieLens-100K dataset is partitioned into three subsets: the final test
set (Test) contains 20,000 randomly selected ratings (20% of total data); the
optimization set (Optim) contains another 20,000 random ratings (20%); and
the training set (Train) comprises the remaining ratings (60%). Similarly,
MovieLens-1M is partitioned using the same 3:1:1 ratio. The information core
size is set to 20% of dataset users. The training set (Train) and optimization
set (Optim) are used for information core extraction, while the test set (Test)
evaluates the performance of the final selected core users.

The experimental environment runs on Windows 7 64-bit OS with an Intel(R)
Core(TM) i3-CPU 550U @ 3.20 GHz processor, 4 GB RAM, and MATLAB
2017a.

3.2 Experimental Design and Results Analysis

To validate the performance of our proposed IFB and IRB algorithms for in-
formation core extraction, we implement FB-based, RB-based, and random
selection methods for comparison. The random method simply selects users
randomly from the user set as the information core. We compare IFB and
IRB against these baselines using Mean Absolute Error (MAE) as the primary
performance metric, where smaller MAE values indicate better performance.
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For experimental robustness, we split the rating information in MovieLens-100K
and MovieLens-1M five times to obtain five original datasets (u1-u5) with vary-
ing sparsity levels. Each original dataset contains training, optimization, and
test sets in a 3:1:1 ratio, allowing us to compare algorithm performance under
different data sparsity conditions.

[Figure 3: see original paper] and [Figure 4: see original paper] show MAE
values obtained by Random, FB, RB, IFB, and IRB algorithms on the five ini-
tial datasets (u1-u5) of MovieLens-100K and MovieLens-1M, respectively, with
neighbor counts of 10, 15, and 20. Across all bar charts in both figures, IFB and
IRB consistently achieve lower MAE than the other three methods under equiv-
alent conditions, demonstrating the effectiveness and feasibility of our improved
approaches.

[Figure 5: see original paper] and [Figure 6: see original paper] show average
precision and recall curves for Random, FB, RB, IFB, and IRB algorithms on
MovieLens-100K and MovieLens-1M datasets, respectively, with recommenda-
tion list lengths varying from 10 to 20. The line charts in both figures demon-
strate that our two improved IFB and IRB methods achieve higher precision
and recall rates than other comparison algorithms, confirming their superiority.

Information core-based recommendation algorithms use only 20% of total users
for recommendations, whereas traditional algorithms utilize all users. Since
our improved information core extraction methods further enhance quality, our
algorithm’s time complexity is approximately one-fifth that of traditional rec-
ommendation algorithms, substantially reducing time consumption.

compares online recommendation time between traditional CF and informa-
tion core-based algorithms, showing average results from 10 independent runs
on MovieLens-100K and MovieLens-1M. The results confirm that information
core-based recommendation consumes significantly less time than traditional
CF, demonstrating that identified information cores greatly reduce online rec-
ommendation time and lower time complexity, thereby alleviating scalability
issues.

4 Conclusion
Recommendation technology represents an effective means to address big data
challenges. However, as time progresses and data scales continue to grow, rec-
ommendation algorithms face increasingly higher performance demands, partic-
ularly regarding real-time capabilities. Information core-based recommendation
algorithms have emerged as a promising direction in recent years, with a criti-
cal challenge being how to accurately identify the information core. Currently,
understanding of information cores remains in the exploratory stage, and no
definitive definition exists.

This paper analyzes existing information core extraction methods and proposes

chinarxiv.org/items/chinaxiv-201811.00160 Machine Translation

https://chinarxiv.org/items/chinaxiv-201811.00160


improved approaches—IFB and IRB—enhancing FB and RB methods. Experi-
mental results demonstrate that IFB and IRB can more accurately identify infor-
mation cores. Information core-based recommendation algorithms can reduce
time complexity while maintaining good recommendation quality, but what
characteristics define suitable core users remains an open question. From the
perspective of reducing recommendation time complexity, this represents a valu-
able research direction.
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