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The rapid development of web technology has brought new problems and challenges to the recommendation system: on the one
hand, the traditional collaborative filtering recommendation algorithm has been difficult to meet the personalized
recommendation needs of users; on the other hand, the massive data brought by web technology provides more useful
information for recommendation algorithms. How to extract features from this information, alleviate sparsity and dynamic
timeliness, and effectively improve recommendation quality is a hot issue in the research of recommendation system
algorithms. In view of the lack of an effective multisource information fusion mechanism in the existing research, an improved
5G multimedia precision marketing based on an improved multisensor node collaborative filtering recommendation algorithm
is proposed. By expanding the input vector field, the features of users’ social relations and comment information are extracted
and fused, and the problem of collaborative modelling of these two kinds of important auxiliary information is solved. The
objective function is improved, the social regularization term and the internal regularization term in the vector domain are
analysed and added from the perspective of practical significance and vector structure, which alleviates the overfitting problem.
Experiments on a large number of real datasets show that the proposed method has higher recommendation quality than the
classical and mainstream baseline algorithm.

1. Introduction

With the advent and popularization of the Internet and the
rapid development of information technology, the total
number of users and business types of operators has also
increased [1]. By the end of 2018, the total number of Inter-
net users in China had reached 829 million. In 2018, 56.53
million new Internet users were added, and the Internet pen-
etration rate was 59.6%, an increase of 3.8% over the end of
2017 [2, 3]. With the continuous vigorous development of
the communication industry and the gradual maturity of
the customer life cycle, relevant Internet enterprises and
Internet technologies have sprung up, and operators are
facing increasing market competition pressure. However,
the marketing mode and marketing business of operators

have not changed breakthrough, and the market position
and traditional business model are greatly challenged. The
external and internal of the enterprise are under great devel-
opment pressure [4].

The stock maintenance work is not carried out in place,
and the understanding of stock users is not deep enough.
Furthermore, the online data of stock users are not well used
for analysis, resulting in poor matching between sales prod-
ucts and users, no in-depth mining of user needs for market-
ing, and single marketing mode; recommending sales
products to users often does not meet user needs, and the
maintenance effect of stock users is general [5]. In addition,
there is no unified control over the service quality of stock
users. At ordinary times, the maintenance of users is exten-
sive marketing [6]. Policies are issued uniformly, and
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marketing activities are formulated and carried out by mul-
tiple teams at the same time [7]. In this way, it could have
met the personalized policy needs of different marketing
units, but there is no unified communication to record the
marketing track of users [8]. Each marketing team did not
coordinate and communicate during marketing, and it results
in repeated pushing the same marketing activity for users,
promoting different marketing promotions to the same user
at the same time [9]. Different users under the same user or
customers of the same unit received marketing messages with
different contents, which made users become confused about
5G precision marketing, reduce their trust, and become more
reluctant to accept and maintain promotion [10].

Common recommendation system algorithms mainly
include content-based recommendation algorithm, associa-
tion rule-based recommendation algorithm, knowledge-
based recommendation algorithm, collaborative filtering
recommendation algorithm, and hybrid recommendation
algorithm [11]. Collaborative filtering recommendation
algorithms can be divided into two categories: memory-
based collaborative filtering algorithms and model-based
collaborative filtering algorithms [12]. Memory-based col-
laborative filtering uses the nearest neighbor search, which
can be divided into user-based collaborative filtering (user-
based CF) and item-based collaborative filtering (item-based
CF) [13]. Memory-based collaborative filtering mainly uses
similarity calculation, including Pearson similarity and
cosine similarity [14]. The model-based collaborative filter-
ing algorithm establishes a prediction model according to
the historical data and then uses the method of machine
learning to train the parameters of the model to make the
model have the ability to predict. Widely used model-based
methods include singular value decomposition (SVD),
Bayesian network, implicit factor model (IFM), restricted
Boltzmann machine (RBM), factor decomposition machine,
Bayesian personalized recommendation, and so on [15, 16].
The advantages of the memory-based collaborative filtering
algorithm are that the algorithm is easy to implement and
has certain prediction accuracy and the recommended
results have good interpretability [17, 18]. However, this
method also has significant disadvantages: it needs to main-
tain a similarity matrix, resulting in high computational
overhead, difficult to deal with cold start and sparsity prob-
lems and poor scalability of the algorithm [19]. The model-
based collaborative filtering method can alleviate the sparsity
problem [20]. The model has certain scalability and good
predictability, but the disadvantages of this method are as
follows: the construction of the model is complex, the time
complexity of the algorithm is high, and the recommended
results are not reasonably interpretable [21].

The collaborative filtering recommendation algorithm is
the mainstream recommendation algorithm. Most of the
current research used the model-based collaborative filtering
recommendation algorithm. The great success of a hidden
factor model in Netflix recommendation system competition
makes it one of the important models in the collaborative fil-
tering recommendation algorithm. The basic hidden factor
model is the low-rank matrix decomposition model
BASEMF [22], which maps the features of users and items

into low-dimensional space in the form of vectors. Based
on the basic matrix decomposition algorithm, nonnegative
matrix factorization (NMF) [23], maximum margin matrix
factorization (MMMF) [24], and so on are also derived.
Although the basic matrix decomposition model adds an
L-2 penalty term to the objective function to prevent over-
fitting in the process of training, the fitting effect is still
not ideal when the training samples are highly sparse.
Therefore, researchers propose a probabilistic matrix fac-
torization (PMF) [25] model to model the problem from
the perspective of probability, in order to predict the over-
all sample from the observed sample, so as to alleviate the
overfitting problem. Reference [26] further proposed
Bayesian PMF (BPMF) on the basis of PMF. The main
improvement of BPMF is the introduction of a priori user
implicit factor matrix and item implicit factor matrix. Lit-
erature [27] proposed a distributed algorithm for large-
scale datasets. References [28, 29] proposed two matrix
decomposition frameworks based on general distribution.
Good scalability makes PMF and its related models
become an important model in the collaborative filtering
recommendation algorithm and has achieved good appli-
cation results.

With the rapid development of Internet technology, the
problem of information overload is becoming more and
more serious, and the 5G precision marketing recommenda-
tion system came into being [30]. The 5G precision market-
ing recommendation system is mainly composed of a user
modelling module, recommendation object modelling mod-
ule, and recommendation algorithm module, in which the
recommendation algorithm is the core of the recommenda-
tion system. At present, the most widely used recommenda-
tion algorithm is the collaborative filtering recommendation
algorithm. However, the collaborative filtering recommen-
dation algorithm has unavoidable problems such as data
sparsity and cold start. Aimed at the sparsity of the collabo-
rative filtering recommendation algorithm, considering the
few common scoring items and the lack of user demand
information, this paper studies the film recommendation
algorithm based on the collaborative filtering recommenda-
tion algorithm. Aimed at the lack of user demand informa-
tion, an improved method of similarity calculation is
proposed. In the similarity calculation of the UBCF recom-
mendation algorithm, demographic information is used to
integrate the demographic similarity into the traditional
similarity calculation to find the nearest neighbour users
more similar to the target users, so as to improve the recom-
mendation quality. The main contributions are summarized
as follows: (1) in order to alleviate sparsity and improve
dynamic timeliness and recommendation quality, 5G multi-
media precision marketing based on the improved multisen-
sor node collaborative filtering recommendation algorithm
is proposed in this paper. (2) In the similarity calculation
of the UBCF recommendation algorithm, demographic
information is used to integrate the demographic similarity
into the traditional similarity calculation to find the nearest
neighbour users. In this way, the data sparsity is solved. (3)
The effectiveness of the above-recommended methods is
verified by experimental methods.
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2. The Design of the 5G Multimedia Precision
Marketing System Based on
Multisensor Nodes

2.1. The Structure Design of the 5G Multimedia Precision
Marketing System. The structure design of the 5G multime-
dia precision marketing system is shown in Figure 1. The
multimedia precision marketing system mainly includes a
sensor layer, network layer, and application layer.

(1) The sensing layer uses multisensor node network
technology to collect basic information. The main
function is to identify objects and collect information
through sensing equipment

(2) The network layer is mainly used to serve the network
equipment and platform for aggregation, transmis-
sion, and preliminary processing of data collected
from the sensor layer. Through the existing three net-
works (Internet, radio and television network, and
communication network), seamless remote transmis-
sion of a large amount of data information is perceived
by sensors. It is responsible for transmitting the infor-
mation collected by the sensor safely, analysing and
processing the collected information, and then provid-
ing the results to the application layer. At the same
time, the application of network layer “cloud comput-
ing” technology ensures the establishment of practical,
applicable, reliable, and efficient information system
and intelligent information sharing platform to realize
the sharing and optimal management of various infor-
mation resources

(3) The application layer mainly solves the problems of
information processing and man-machine interface,
that is, input and output control terminals, such as
controllers of mobile phones and smart appliances,
mainly providing the information services people
need through data processing and solutions. The rel-
evant applications and services of the application
layer are directly oriented to users and mainly pro-
vide users with personalized service requirements.
Users can customize their own personalized services
according to the relevant applications of the applica-
tion layer, such as querying relevant information,
monitoring relevant information, and controlling
relevant information

2.2. Design of the General Recommendation System Model.
The recommendation system is a system used by e-
commerce websites to provide users with commodity
information and purchase suggestions. It can simulate the
salesperson and recommend what products the customer
should buy according to the customer’s needs. Generally,
the recommendation system can be divided into three mod-
ules: user modelling, recommendation object modelling,
and recommendation algorithm. The core module of the
recommendation system is the recommendation algorithm.
The general recommendation system model is designed in
Figure 2.

(1) User modelling module: establish a user model
according to user information. Analyse the user’s attribute
information, user input information, and user behaviour
information (such as historical browsing behaviour and
mouse click behaviour), and mine a computable and formal
user model from these information and continuously track
and update the user model in time. (2) Recommendation
object modelling: the description method of recommenda-
tion objects will affect the recommendation results. Different
recommendation objects have different feature expressions,
so the description methods and recommendation results
are different. For example, text, which is mainly text
symbols, is easier to extract features than 5G multimedia
marketing, so the model is closer to the user interest model.
Nowadays, the mainstream recommended object description
methods are a content-based method and a classification-
based method. Take the text as an example to briefly sum-
marize these two recommended object modelling methods.
When using the content-based method to model the text,
first use the feature extraction method to find the keyword
of the text, usually use the information increment method
to determine the keyword vector, then use the TF-IDF
method to select the weight of the keyword, and use Bayes-
ian to recommend. (3) The recommendation algorithm is
the core of the recommendation system. The quality of the
recommendation algorithm directly determines the recom-
mendation quality of the recommendation system. This
paper also focuses on the research of the recommendation
algorithm and puts forward effective improvement methods
for the problems existing in the current recommendation
algorithm

3. The Design of the Improved Multisensor
Node Collaborative Filtering
Recommendation Algorithm

3.1. Collaborative Filtering Matrix and Potential Similarity.
With the development of cloud computing, data storage
and computing, data sharing, and data application technol-
ogy, today’s era has entered the era of big data. Based on
the development of the above technologies, big data technol-
ogy and big data application have developed rapidly. At
present, data information has become a powerful competi-
tiveness of enterprises in market competition and an advan-
tageous asset of enterprises. Therefore, collaborative filtering
of effective information from a large amount of data and the
use of effective information are the key to precision
marketing.

In order to solve the above problems, this section pro-
poses a new prediction mechanism to predict the scores of
items that the target users may be interested in through
the organic integration of extreme scoring behaviour, near-
est neighbour relationship, and recommendation method
based on matrix decomposition. Specifically, by introducing
extreme rating branches, in order to alleviate the failure of
similarity measurement and the instability of the nearest
neighbour recommendation in the context of sparse data,
the robustness of recommendation performance is further
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improved through the introduction of the matrix decompo-
sition method. It should be noted that probabilistic matrix
decomposition is a kind of matrix decomposition method,
which is consistent with the optimization objective function
of regularized SVD (i.e., singular value decomposition model
in the matrix decomposition method). However, considering
that the probabilistic matrix decomposition model can more
clearly show its prediction mechanism, the matrix decompo-
sition method in this section selects the probability matrix
decomposition model. Based on the above considerations,
this paper proposes a recommendation method framework
considering both extreme scoring behaviour similarity and
scoring matrix information fusion. This framework inte-
grates the user’s local nearest neighbour relationship into
the global scoring optimization process of matrix decompo-
sition. It improves the prediction accuracy and robustness in
sparse data situation. The knowledge matrix of collaborative
filtering is shown in Figure 3. As shown in Figure 3, first of

all, through implicit acquisition, the system “secretly” tracks
the user’s behavior and records the information that can
reflect the user’s interest, such as browsing records, query
records, mouse clicks, and page dwell time, to record the
user’s preferences. Secondly, build the knowledge structure
between users and preferences. Finally, build the user’s scor-
ing system and its matrix to the user’s precision marketing
in the next step.

The CF algorithm originated from If technology and is
the most successful method to realize the recommendation
system at this stage. The core idea of CF is to recommend
from the perspective of people related to users. Use the scor-
ing matrix and relevant calculation methods to predict the
user’s score on an item and complete the recommendation.
The CF algorithm filters items through the quantitative scor-
ing matrix of user experience and selects items that are diffi-
cult to describe (such as movies, music, and pictures) and
concepts that are difficult to express (such as tastes and
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Figure 1: The structure of the 5G multimedia precision marketing system based on multisensor nodes.
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hobbies). Compared with traditional filtering methods, it can
screen out innovative items and truly achieve the purpose of
personalized service. For a collaborative filtering recommen-
dation system with n users and m movies, Rm×n indicates its
score matrix. SpaðRÞ is the score matrix; therefore,

Spa Rð Þ = rin ∣ riN ∈ R, riw = 0, 1 ≤ i ≤ nj j
n ×m

× 100%, ð1Þ

where the numerator represents the number of “0” in the
scoring matrix and the denominator represents the number
of elements in the scoring matrix.

It is the process of predicting the unknown user score
value according to the known user score value. However,
in practice, the score matrix Rm×n is an extremely sparse
matrix, and there is still a big gap between the predicted
value and the user’s real preferences. Finding the nearest
neighbour is actually the process of establishing the
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algorithm model of UBCF, that is, the process of finding
users similar to the target user according to the user’s scor-
ing behaviour.

Using Euclidean distance to measure the absolute dis-
tance between multidimensional vectors is the most com-
mon distance measurement method. Distance similarity
believes that the smaller the distance between users, the
more similar the users are. The distance similarity simði, jÞ
between user i and user j is

sim i, jð Þ = d i
!
, j
!� �

=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
〠
m

k=1
rik − rjk
� �2

s
, ð2Þ

where i
!
, j
!
represents the historical score vector of user i

and user j, m is the dimension of the matrix, and rik and rjk
are the score matrix.

The CF algorithm based on the association rule is based
on the association rule mining algorithm, which takes the
items liked or purchased by the target user as the rule header
(LHS) and the rule body (RHS) as the pending recommen-
dation object. The support or confidence of association rules
can be used as the similarity between items to find the near-
est neighbour, and then, the final recommendation set can
be obtained.

If itemset B also appears more in the scene where itemset
A appears, it is considered to express an association rule A
⇒ B. Itemset A is LHS and itemset B is RHS. For all itemsets
I = fi1, i2,⋯,iNg assuming that the set of database transac-
tions is dataset D and the set of items is tm, there is tm ∈ I
for ∀m. Let A be a set of items with A ∈ tm. An association
rule A⇒ B, where A ⊆ I, B ⊆ I, and A ∪ B =∅.

Define the proportion of the union set of itemset A and
itemset B contained in the transaction with the support
degree of D in dataset D; there is

sup A⇒ Bð Þ = P A ∪ Bð Þ = count A ∪ Bð Þ
Dj j : ð3Þ

Similarly, the confidence of the defining rule A⇒ B in
dataset D is the proportion of transactions that contain item-
set A and itemset B in D; there is

con A⇒ Bð Þ = P B ∣ Að Þ = sup A ∪ Bð Þ
sup Að Þ = count A ∪ Bð Þ

count Að Þ : ð4Þ

After the confidence is obtained, the confidence is
defined as the similarity between items:

sim A, Bð Þ = con A⇒ Bð Þ: ð5Þ

3.2. The Improved Collaborative Filtering Recommendation
Algorithm. The improved collaborative filtering model (ICF
model) includes three parts: (1) extreme scoring similarity
is introduced to overcome the shortcomings of traditional
similarity measurement. (2) By combining the proposed
extreme scoring behaviour similarity with linear similarity,
the similarity based on extreme scoring behaviour is estab-
lished, and then, the user relevance is described more
comprehensively. (3) The nearest neighbour matrix is gener-
ated by similarity based on extreme scoring behaviour,

Table 1: The features of datasets.

Datasets
User

number
Project
number

Score
number

Density
(%)

Ml-100k 943 1680 100000 6.3

ML-latest-small 1508 2071 35497 1.1

Filmtrust 671 9058 100004 1.6

CiaoDVD 17615 16121 72665 0.03
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Figure 4: Structure of the improved collaborative filtering model.
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which is fused into the original scoring matrix to improve
the recommendation performance. Figure 4 is the flowchart
of the ICF model. The flowchart of the algorithm is as fol-
lows: the mixed matrix of the score matrix is obtained by
using the similarity theory and the limit theory. By selecting
the adjacent K score matrices to solve the average, the simi-
larity matrix is obtained. The final scoring matrix can be
obtained by fusing the mixing matrix with the similarity
matrix.

The probability matrix decomposition model uses the
Bayesian inference method to convert the posterior proba-
bility into the product of a priori and likelihood function.
Its calculation scale is linear with the number of observa-
tions. More importantly, it performs well on large-scale,
sparse, and unbalanced datasets. The probability matrix
decomposition model assumes that the conditional probabil-
ity distribution (likelihood function) obeyed by the known
score R is

P R ∣ A, B, σ2� �
=
Ym
i=1

Yn
j=1

N rij ∣ A
T
i Bj, σ2

� �� �Iij : ð6Þ

By assuming that the potential eigenvectors of users and
projects obey the mean value of zero, the variance is σ2A and
σ2B Gaussian priori:

p A ∣ σ2
A

� �
=
Yn
i=1

N Ai ∣ 0, σ2AI
� �� �

,

p B ∣ σ2A
� �

=
Yn
i=1

N Bi ∣ 0, σ2BI
� �� �

:

8>>>><
>>>>:

ð7Þ

The maximum log a posteriori probability is equivalent
to the minimum sum of squares of error function with reg-
ularization:

E = 1
2〠

m

i=1
〠
n

j=1
Iij rij − AT

i Bj

� �
+ λA

2 〠
m

i=1
Aik k2 + λB

2 〠
n

j=1
Bik k2,

ð8Þ

where λA and λB are the parameters of the regularization
weight.

4. Simulation Results and
Performance Analysis

4.1. Data Sources and Simulation Setting. With the in-depth
study of the recommendation system, major research teams
have released a series of recommendation system research
and test datasets, for example, the movie lens dataset of the
movie recommendation system, the Netflix dataset of the
movie rental website Netflix, the jester joke dataset of the
joke system, and the user browsing data Usenet newsgroups
of the newsgroup. In order to evaluate the performance of
the proposed method, we selected four commonly used data-
sets: Ml-100k, ML-latest-small, Filmtrust, and CiaoDVD.
Among them, Ml-100k and ML-latest-small are two repre-
sentative datasets in the movie lens dataset, which were col-
lected by the GroupLens research group of the University of
Minnesota; the scoring range is from 1 to 5. Filmtrust is a
dataset captured from the Filmtrust website. Its scoring
range is from 0.5 to 4 with an interval of 0.5. CiaoDVD is
a DVD category dataset. The statistical data of scoring rang-
ing from 1 to 5.4 datasets are shown in Table 1, where the
density represents the available scoring proportion in the
scoring matrix. We usually think that the first three datasets
are sparse. The fourth dataset is very sparse.

Since the main purpose of the model is to alleviate the
sparsity problem and improve the robustness of the model
recommendation performance. In order to verify the effec-
tiveness of the methods, this section randomly deletes 20%,
40%, 60%, and 80% of the scores on the dataset (Ml-100k,
ML-latest-small, Filmtrust, and CiaoDVD) and constructs
a series of experiments on the sparse dataset.
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Figure 5: The structure of the improved sequential pattern mining algorithm.
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In order to verify the performance of the proposed
method, three groups of experiments are designed: (1) the pro-
posed fusion model is compared with six common collabora-
tive filtering methods. (2) For different sparse datasets, the
method in this paper is compared with four common matrix
decomposition methods. (3) The fusion model (ICF) in this
paper is compared with some other representative similarity
measurement fusion models. We use VS2010 to implement
the CF and ICF algorithm on amachine with 1024Mmemory,

733MHz CPU, and Windows 10 operating system. The ICF
algorithm is compared with the CF algorithm.

4.2. Optimal Parameter Selection. In order to verify the influ-
ence of the number of the nearest neighbours, the number of
recommended movies N in the fixed recommendation list is
10 and the user has the least number of jointly rated movies
φ. The number of the nearest neighbours K value is
increased from 5 to 160 in a multiple growth mode, and
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Figure 6: The structure of the improved sequential pattern mining algorithm.
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the MAE-K curve is drawn to reflect the recommendation
effect of the ICF algorithm under different K values. Chang-
ing the nearest neighbour number k actually changes the
prediction score of the target user. The experimental results
show that when the number of the nearest neighbour K
increases from 5 to 80, the MAE value of the ICF algorithm
gradually decreases and the recommendation accuracy grad-
ually increases; when the number of the nearest neighbours
K increases from 80 to 160, the MAE value of the ICF algo-
rithm increases and the recommendation accuracy
decreases. It can be seen from Figure 5(a) that when the
nearest neighbour K is 80, the MAE value of the ICF algo-
rithm is the smallest and the recommendation effect is the
best. Therefore, the optimal K value of this dataset is 80.

Furthermore, in order to verify the relationship between
the number of recommended movies in the recommenda-
tion list and the recommendation accuracy of the ICF algo-
rithm, fix the number of the nearest neighbours K as 80,
increase the number of recommended movies n in the rec-
ommendation list from 5 to 25 in steps of 5, and draw the
F1-N curve accordingly. Observe the experimental results

of the change of the number of recommended movies n in
the recommendation list. When the number of recom-
mended movies n increases from 1 to 10, the change trend
of F1 increases, indicating that the recommendation accu-
racy of the ICF algorithm is improved; when the number
of recommended movies n increases from 10 to 25, the
change trend of F1 decreases, indicating that the recommen-
dation accuracy of the ICF algorithm decreases gradually. It
can be seen from Figure 5(b) that when the number of rec-
ommended movies n is 10, the F1 value of the ICF algorithm
is the largest and the recommendation effect is the best.
Therefore, the optimal n value of this dataset is 10.

4.3. Comparative Simulation of Common Collaborative
Filtering Methods. The purpose of this experiment is to ver-
ify the performance of the proposed model in terms of pre-
diction accuracy. Therefore, this section compares and
analyses the proposed ICF recommendation algorithm with
three commonly used collaborative filtering recommenda-
tion algorithms, such as UB_BCF [30], HU-BCF [31], and
SVD [32]. As shown in Figure 6, the proposed ICF model
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Figure 7: The simulation results of the proposed method.
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is obviously superior to other methods, especially in the
sparse CiaoDVD dataset.

On the three datasets of Ml-100k, ML-latest-small, and
Filmtrust, the MAE obtained by the ICF model is optimal
and is reduced by 0.52%, 0.6%, and 0.69%, respectively,
compared with the suboptimal method. In Figure 6(b), the
RMSE of the ICF model is reduced by 0.11%, 0.83%, and
1.54%, respectively, compared with that of the suboptimal
method. From the perspective of robustness, the ICF
algorithm proposed in this paper shows relatively stable
recommendation performance. Other collaborative filtering
methods show unstable prediction accuracy. On the
CiaoDVD dataset, the recommendation method based on
the matrix decomposition model has a better recommenda-
tion effect than the user-based nearest neighbour method.
The reason is that when the dataset is very sparse, the simi-
larity is very difficult to measure. Overall, the experimental
results in this section show that the organic integration of
the extreme rating branch, nearest neighbour relationship,
and SVD can effectively alleviate the problem of sparsity
and improve the robustness of the recommended method
in prediction accuracy.

4.4. Comparative Simulation of Different Sparse Levels. The
purpose of this experiment is to verify that the ICF model
based on the fusion of the local nearest neighbour informa-
tion and global score information has robustness 5zadvan-
tages in recommendation prediction accuracy under
different sparsity situations. Figure 7 shows the MAE and
RMSE results at different sparsity levels, in which different
sparsity levels are obtained by randomly deleting scores.
The results show that, on the datasets, MAE and RMSE
increase with the increase in sparsity, which is consistent
with our expectation; that is, with the increase in sparsity,
the recommendation error will increase. However, the
results also show that the MAE and RMSE values of the
fusion model proposed in this paper are better than those
of other comparison methods at different sparsity levels.

For the Ml-100k dataset, after removing the scores of
20%, 40%, 60%, and 80%, the MAE of the method in this
paper is reduced by 0.68%, 1.12%, 2.85%, and 1.19%, respec-
tively, compared with that of the suboptimal method. RMSE
shows the same change trend. Figure 7 shows that for the
datasets Filmtrust and ML-latest-small, the ICF model has
slight advantages over other methods in MAE and RMSE
when randomly deleting 20%, 40%, and 60% of the scores.
However, when 80% of the scores are deleted, the advantages
of the method proposed in this paper further increase on
these two datasets. Overall, the ICF model proposed in this
chapter has better prediction performance than other
methods in different sparse situations. Further, the compar-
ative experiments in this section verify the robustness of the
ICF model.

5. Conclusion

With the development of Internet, communication, and
Internet of things technologies, Internet companies are
developing rapidly. The rich content applications and

customer-based personalized marketing of Internet compa-
nies have brought great challenges to telecom operators. At
the same time, the promotion of number carrying network
transfer business and the commercialization of 5G technol-
ogy have further weakened the advantages of traditional
business operation of operators. The lack of exploration of
customers’ personalized needs, no targeted marketing activ-
ities, and the traditional extensive operation do not effec-
tively combine operators’ products with users’ needs, and
the marketing success rate is low, which leads to the crisis
that operators may become “pipelines,” so the implementa-
tion of precision marketing to meet users’ personalized
needs is imminent. Collaborative filtering is one of the most
commonly used methods in recommendation systems.
However, accurate prediction of unknown scores is still a
challenging problem in the context of sparse data. Based
on the user-based nearest neighbour recommendation
method and probability matrix decomposition method,
combined with similarity measurement based on extreme
scoring behaviour, a new collaborative filtering recommen-
dation method is constructed. This method comprehensively
considers the local nearest neighbour relationship and global
scoring information and establishes a probability matrix
decomposition model integrating the nearest neighbour
information, which effectively improves the prediction accu-
racy and robustness.
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