ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201807.00059

Postprint: A Parallel Collaborative Filtering
Recommendation Algorithm Integrating Social
Networks and Key Users

Authors: Xiao Chenglong, Wang Ning, Yonggui Wang
Date: 2018-07-09T00:00:00+00:00

Abstract

To address the problems of data sparsity, cold start, and lack of diversity in
recommendation results inherent in traditional collaborative filtering recommen-
dation algorithms, this paper proposes a collaborative filtering recommendation
algorithm that integrates social network information and key users. Based on
the user-item rating matrix, the algorithm incorporates user social network in-
formation to derive a social trust matrix, and integrates key user information
to obtain a key user rating matrix. By leveraging these three rating matrices
with different assigned weight proportions, the algorithm jointly predicts users’
ratings for target items. To address the massive data challenge, the computa-
tional parallelization of the algorithm is implemented using a Spark distributed
cluster. Experimental results demonstrate that the proposed algorithm can
effectively alleviate the data sparsity problem, enhance processing speed, and
improve recommendation accuracy.
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Abstract: To address the problems of data sparsity, cold start, and lack of di-
versity in recommendation results inherent in traditional collaborative filtering
recommendation algorithms, this paper proposes a collaborative filtering recom-
mendation algorithm that integrates social networks and key users. Building
upon the user-item rating matrix, the algorithm incorporates user social network
information to derive a social trust matrix and integrates key user information

chinarxiv.org/items/chinaxiv-201807.00059 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00059
https://chinarxiv.org/items/chinaxiv-201807.00059

ChinaRxiv [$X]

to obtain a key user rating matrix. Leveraging these three rating matrices
with different weight allocations, it jointly predicts user ratings for target items.
To handle massive data problems, the algorithm’ s computation is parallelized
using a Spark distributed cluster. Experimental results demonstrate that the al-
gorithm can effectively alleviate data sparsity while improving processing speed
and recommendation accuracy.

Keywords: social networking; parallelization; key users; collaborative filtering;
big data; movie recommendation

0 Introduction

With the rapid development of the Internet industry, the explosive growth of in-
formation has brought about the “information overload”problem, and recommen-
dation systems represent one effective solution. By analyzing user information
needs and interests, recommendation systems can deliver content or products
that users find appealing, preventing them from receiving large amounts of irrel-
evant information and enabling personalized recommendations. Unlike search
engines that provide “one-to-many” information services, recommendation sys-
tems produce results that better match individual user preferences, achieving
“one-to-one” information services with lower user involvement, thereby signif-
icantly reducing the cost of information seeking for users. Recommendation
systems are widely used in daily life and across major web portals.

Traditional recommendation system technologies mainly include association
rule-based recommendation, content-based recommendation, collaborative
filtering, and hybrid approaches. Association rule-based recommendation uses
association rules, taking purchased items as rule heads and rule bodies as rec-
ommendation objects. Simply put, it calculates the proportion of transactions
that purchase item set Y among those that purchase item set X in a transaction
database, intuitively representing users’ tendency to buy certain items together
with others. However, discovering association rules is the most critical and
time-consuming bottleneck of the algorithm. Content-based recommendation
makes suggestions based on item content information without requiring user
ratings, instead using machine learning methods to derive user interest profiles
from item feature descriptions. Its drawback is the requirement that item
content be structured and easily extractable into meaningful features.

Collaborative filtering is one of the earliest and most successful technologies in
recommendation systems. It typically employs nearest-neighbor techniques, us-
ing users’historical preference information to calculate similarities between users,
then uses the weighted ratings from a target user’ s nearest neighbors to predict
the target user’ s preference for specific items, making recommendations accord-
ingly. However, collaborative filtering has certain limitations, such as the cold
start problem and data sparsity issues. Hybrid recommendation systems com-
bine different recommendation methods to leverage their respective strengths
and compensate for weaknesses. Although theoretically numerous combination
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approaches exist, they may not all be effective for specific problems. The most
important principle of hybrid recommendation is to avoid or compensate for the
weaknesses of individual recommendation techniques.

Compared with these major recommendation techniques, collaborative filtering-
based recommendation systems offer better accuracy and effectiveness, along
with excellent robustness, making them widely used across major recommen-
dation platforms. Consequently, the cold start and data sparsity problems in
collaborative filtering methods have attracted attention from scholars world-
wide. Leng Yajun et al. argue that data sparsity adversely affects collaborative
filtering from two aspects: insufficient accuracy in neighbor searching and ex-
cessively few neighbor ratings. Weng Xiaolan et al. also identify data sparsity,
cold start, and scalability as the main challenges facing collaborative filtering
recommendation algorithms in their survey. To address data sparsity, various
solutions have been proposed: some use singular value decomposition to reduce
rating matrix dimensionality and thus decrease sparsity, while others propose
tag-weighted rating methods to minimize the impact of objective factors on user
ratings and effectively alleviate rating bias. Many scholars have also highlighted
the necessity of trust relationships in collaborative filtering algorithms, with
Jgsang et al. surveying systems that can obtain trust and reputation, arguing
that these should be applied as security mechanisms in collaborative filtering sys-
tems. Some research integrates user social trust and rating similarity to propose
a new matrix completion recommendation method that significantly improves
prediction accuracy and alleviates sparsity issues. Yang et al. propose an im-
proved collaborative filtering algorithm that combines user trust relationships,
enhancing recommendation performance by integrating sparse user evaluation
data with sparse social trust network data. While these methods effectively al-
leviate data sparsity and improve recommendation accuracy to varying degrees,
they have limitations, such as high computational complexity of singular value
matrix decomposition, overfitting, lack of precision, and data source singularity
issues when using only user-item ratings or only user trust relationships, leading
to distorted recommendation results.

Therefore, this paper proposes a parallel collaborative filtering recommendation
algorithm that integrates social networks and key users. On one hand, it uses
Spark distributed clusters to improve processing speed for massive data; on the
other hand, it simultaneously considers user social network information, key
user data from user groups, and user-item rating information, effectively avoid-
ing data source singularity and thereby improving prediction accuracy, solving
the cold start problem, and providing diverse recommendation results. The al-
gorithm mainly includes the following steps: (a) data preprocessing to obtain
user-item rating information, user trust social network information, and infor-
mation about several key users with high trust levels in the user group through
analysis of the Epinions public dataset; (b) similarity calculation, which assigns
different weight ratios to multiple data sources and uses Pearson correlation
coefficient to calculate similarities between users, obtaining the target user’ s
nearest neighbor set; (¢) rating prediction, which calculates recommendation
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scores for all items to the target user and selects top-N items for recommenda-
tion; and (d) accuracy measurement, which evaluates recommendation quality
through statistical accuracy and decision support accuracy.

1 Traditional Collaborative Filtering Recommendation Al-
gorithm

Traditional collaborative filtering recommendation algorithms mainly include
user-based collaborative filtering, item-based collaborative filtering, and model-
based collaborative filtering. These three methods have different focuses and ap-
plicable environments, but for recommendation systems generally include three
steps: building a rating matrix, calculating similarity, and predicting ratings to
generate recommendations. Each step involves a series of calculations and data
processing.

1.1 Building the Rating Matrix

Establish a user-item rating matrix by preprocessing raw data to obtain a matrix
R as shown in , where rows represent users (U) and columns represent items
(I). Assuming there are 3 users and 5 items, values in the matrix represent user
ratings for items on a scale of 1-5, with higher scores indicating greater interest.
Empty values indicate that the user has not rated the item.

1.2 Calculating Similarity

The accuracy of similarity calculation is a crucial factor affecting recommenda-
tion quality. Widely used similarity measures include Euclidean distance similar-
ity, Jaccard similarity, cosine similarity, adjusted cosine similarity, and Pearson
similarity. Pearson similarity is suitable for situations with low data sparsity
and many co-rated items. Since our algorithm uses multiple data sources to
compensate for data sparsity, we select Pearson similarity, calculated as shown
in equation (1):

. Zig]’ (rui - ’Fu)(rm’ - 77411)
sim(u,v) = L

e i =T S, (7

where r,; and r,, represent ratings of user v and user v for item ¢, r, and r,
represent average ratings of user v and user v, and I, represents the intersection
of items rated by both users u and v.

1.3 Predicting Ratings and Generating Recommendations

After similarity calculation, several users with high similarity are selected as
the target user’ s nearest neighbor set. The target user’ s rating for an item is
predicted using the neighbor users’ rating data, and the top-N items with the
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best predicted ratings are recommended. To predict user v’ s rating for item i,
we consider the target user’ s neighbor set and their ratings for the item. Let
N(u) be user v’ s nearest neighbor set, then the prediction formula is shown in
equation (2):

Zq;@N(u) Sim(ua U) X (Tv,i - 771;)

ZveN(u) |sim(u, v)]

Pui=7u+

U,

After calculating predicted ratings, items with higher ratings (top-N) are se-
lected and recommended to the user.

1.4 General Process of Collaborative Filtering

This section introduces the general process of collaborative filtering recommen-
dation systems, from raw data to rating matrix, similarity calculation, rating
prediction, and final recommendations. The process is illustrated in [Figure 1:
see original paper].

2 Collaborative Filtering Recommendation Algorithm In-
tegrating Social Networks and Key Users

Unlike traditional collaborative filtering, this paper proposes a parallel collab-
orative filtering recommendation algorithm that integrates user social network
information and key user data, expanding data sources from a single source to
three, effectively alleviating dataset sparsity. Different weights are assigned to
the three data sources to improve prediction accuracy and recommendation di-
versity. The algorithm also proposes a strategy for identifying key users in user
groups—users with high trust levels and influence who are more universal. This
approach addresses the cold start problem in collaborative filtering systems: for
new users lacking rating data and social trust relationships, key user information
can be used for system recommendations.

2.1 Algorithm Description and Model Design

The algorithm mainly includes the following components: data preprocessing to
build the user-item rating matrix, user social rating matrix, and key user rat-
ing matrix; using the mathematical optimization software 1stOpt for regression
analysis to determine weight parameters for the three data sources; normalizing
the data; calculating similarity to obtain the target user’ s nearest neighbor set;
and finally predicting target item ratings from the neighbor set’ s item ratings
to generate top-N recommendations.

2.1.1 Building the Social Network Trust Matrix Different datasets re-
quire different methods for extracting the social network trust matrix. This
paper uses the publicly available Epinions dataset where trust relationships are
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explicitly expressed with trust data in the range [0,1] and empty values for no
rating. For datasets without explicit trust data, trust can be constructed from
implicit trust data such as co-rated items—the more consistent the ratings on
common items, the higher the trust between users, and vice versa. Methods
such as User Position Similarity (UPS) and user indirect credibility can be used
to construct trust degrees. The user trust relationship is shown in , where trust
relationships are bidirectional: user a may trust user b without b trusting a. For
non-explicit trust data, trust degrees vary and require normalization.

2.1.3 Correlation Similarity Calculation In addition to calculating simi-
larity from the user-item rating matrix, our algorithm also requires calculating
similarities corresponding to the social trust relationship matrix and the key
user rating matrix. The similarity calculation method is the same as in equation
(1). After obtaining similarity results for different matrices, the final similarity
calculation formula with different weight allocations is shown in equation (3):

sim(u,v) = @ X 8imyq.,.(u,v) + B X simg, (u,v) + v X simy,, (u,v)

where a, 8,7 € (0,1) and a+S+v = 1. These are weight adjustment parameters
for different rating matrices. sim,,,.,.(u,v) is user similarity calculated from the
user-item rating matrix, simy,,(u,v) is user similarity from the social network
trust matrix, and simkey(u, v) is user similarity based on the key user rating
matrix, yielding the final user similarity.

2.1.4 Algorithm Flow The proposed algorithm includes: (a) data prepro-
cessing to obtain three major matrices; (b) calculating item similarity using
Pearson correlation coefficient as in equation (3); (c) predicting target item rat-
ings from neighbor set ratings as in equation (2); and finally generating top-N
recommendations. The algorithm flow is illustrated in [Figure 3: see original

paper].

2.2 Parallel Algorithm Flow Design

The collaborative filtering recommendation algorithm integrating social net-
works and key users is implemented on a Spark distributed cluster. After data
preprocessing to obtain the three major matrices, Spark provides various dis-
tributed storage options and matrix computation operations. The Spark pro-
gramming model offers operators such as map(), reduce(), join(), and filter().
Three similarity RDDs are calculated from the major matrices, then merged with
different weight allocations to obtain final user similarity, compute predicted rat-
ings, and generate recommendations. During parallelization in Spark, data is
stored in RDD format distributed across Spark memory, accessing the HDFS
file system only once throughout the process, reducing data access frequency
and communication overhead compared to Hadoop clusters. The pseudocode
for parallel implementation is as follows:
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# Read rating data, trust relationships, and key user ratings from HDFS
Scl = SparkContext(sys.argv[1], "Userbased")

Sc2 = SparkContext(sys.argv[2], "SNSbased")

Sc3 = SparkContext(sys.argv[3], "Keyuserbased")

# Parallelization: obtatin user-item inverted index table (using Linesl as example)
Item_{user} = Linesl.parallelize(0 until P).map(parseVectorOnItem).groupByKey() .map(x[0])

# Calculate similarities: user similarity (user_{sim}(u,v)), trust user similarity (sns_{sil
user_{sim}(u,v) = Pairwise_{users}.map(lambda x: calcSim(x[0], x[1])) .map(lambda x: keyOnFi:

# Combine similarities with different weights to obtain final similarity
sim(u,v) = user_{sim}(u,v).join(sns_{sim}(u,v)).join(key_{sim}(u,v)) .map(x => [1][2] [3]xxx,

# Recommend top-N items of interest to users
Recommend_{item} = sim(u,v) .map(lambda x: topNRecommendations(x[0], x[1], uib.value, 50)).c

3 Experiments and Results Analysis
3.1 Experimental Data

The Epinions public dataset is used for experiments, collected by Massa from
http://www.epinions.com. It includes 49,290 users rating 139,738 different items
with integer scores in [1,5], where higher scores indicate greater preference. It
also contains 664,824 social relationships, of which 487,181 represent positive
relationships considered as trust data with trust value 1, and the remainder 0
indicating no trust relationship.

3.2 Experimental Environment

The experimental cluster uses a professional Spark cluster provided by Qing-
Cloud Console (https://www.qingcloud.com/), eliminating tedious cluster setup
while ensuring complete consistency across machines and offering various speci-
fications including different processor models and memory configurations. The
experiment configures one master node and five worker nodes with Spark version
2.2.0, all machines having dual-core processors and 4GB RAM.

3.3 Evaluation Metrics

Common collaborative filtering evaluation metrics include two categories: (1)
Rating accuracy metrics such as Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and Normalized MAE, suit-
able for systems focusing on precise rating prediction; (2) Classification accuracy
metrics including precision, recall, F1-measure, and ROC AUC, suitable for sys-
tems with explicit binary preferences. This paper uses MAE and RMSE from
rating accuracy, and precision and recall from classification accuracy.
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MAE calculates the average error between predicted and actual ratings across
all test user-item pairs:

1
MAE = > IP—R

u, €T

u,i|

where 7' is the test set user data collection, N is the number of test items, P, ;
is the predicted rating, and R, ; is the actual rating.

U,

RMSE calculates the root mean square error:

1
RMSE = N Z (Pu,i - Ru,i)Q

u,teT

Since the dataset uses a 5-point scale, to convert it to binary classification,
ratings above 3 are considered liked and others disliked. Let R(u) be the rec-
ommended item list and 7'(u) be items in the test set with ratings above 3.
Precision and recall are calculated as:

2yer | B(w) NT(u)|
> er [B(W)]

2y |B(w) NT(u)]
2uer 1T (@)

Precision =

Recall =

3.4 Experimental Results Analysis

To evaluate comprehensive performance, our algorithm is compared with: (a)
traditional user-based collaborative filtering (UserCF) using only the user-item
rating matrix; (b) traditional item-based collaborative filtering (ItemCF) using
the same matrix but calculating item similarities; and (¢) TDSRec, a collabo-
rative filtering algorithm integrating social network features and rating prefer-
ences.

Using the first 500 data entries from Epinions, we tested 42 weight allocation
combinations for the three similarities with a + 8+ ~v =1 and «, 8,y € (0,1).
The best performance was achieved with o = 0.4, 5 = 0.2,y = 0.4. With these
weights, we tested MAE and RMSE against other algorithms and examined
precision and recall across different dataset sizes (first 100, 500, 1000, and 2000
entries). Results are shown in [Figure 4: see original paper| and [Figure 5: see
original paper].

As dataset size increases, prediction accuracy gradually improves, showing posi-

tive correlation. Recall also increases but shows a declining trend at 2000 entries.
While other algorithms typically show an inverse relationship between precision
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and recall, our algorithm follows this trend but with less pronounced variation.
The integration of user-item ratings and social network trust ratings improves
accuracy, while key user ratings enhance recommendation diversity since key
users have more varied interests.

Parallel performance was tested on a 6-machine Spark cluster, comparing run-
time with single-machine execution and calculating speedup:

s=h
Tp

where S is speedup, 1) is single-processor runtime, and 7T’p is runtime on P
processors. Results are shown in .

Table 4: Parallelization Performance Validation

Dataset Size  Single Machine (min) Spark Cluster (min) Speedup
40000 entries 28.5 6.2 4.6

Distributed cluster computing demonstrates effective improvement in problem-
solving speed, with cluster size and time efficiency showing essentially linear
negative correlation. While data distribution inevitably incurs communication
costs, the speedup trend shows that communication overhead proportion grad-
ually decreases as data scale increases.

4 Conclusion

To address rating data sparsity, cold start problems, and diversity issues in
recommendation systems, along with big data processing challenges, this paper
proposes and implements a parallel collaborative filtering recommendation al-
gorithm integrating social networks and key users. Experimental results show
the algorithm effectively alleviates data sparsity, improves recommendation ac-
curacy, and reduces system processing time.

Future work will further investigate evaluation metrics for recommendation sys-
tems to propose comprehensive evaluation methods, including quantitative as-
sessment of recommendation diversity and novelty.
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