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Economic development has provided good opportunities for the development of securities companies. Similarly, the development
of Internet technology has also brought huge opportunities and challenges to the development of securities companies. Aiming at
the current wealth management issues in the era of mobile Internet, this article attempts to develop a personalized recom-
mendation approach on the basis of users’ behavioral data analysis. We analyzed and judged the current situation of mobile
Internet wealth management using personalized recommendation systems. On the basis of personalized recommendation, we use
the user’s interest tags, personalized recommendation technology, and data mining technology to analyze and summarize
customer transaction records. )is is done through the use of preservation of customer transaction data. By understanding
customers’ investment needs, risk preferences, and other information, we can segment customers and provide them with targeted
products and services. As a result of the study, a flexible personalized recommendation framework is designed and validated for
mobile Internet wealth management services. )e effectiveness of the proposed approach is verified through testing of the
developed model.

1. Introduction

Traditional third-party wealth management is a provider of
“financial products” and “professional services,” acquiring
customers through offline activities, development channels,
and telemarketing [1]. In this way, material resources must
be invested offline, and the cost is high. Mobile Internet
wealth management companies guide users’ attention
through personalized and professional contents and accu-
rately analyze customer preferences in the background,
which in turn enables financial planners to provide peer-to-
peer services. )is improves efficiency and saves costs [2, 3].

With the rapid development of mobile communication
technology and mobile terminal equipment, the Internet has
quickly entered the mobile Internet era. It solves the
shortcomings of the Internet in time and space [4, 5]. Users
can use mobile terminal devices anytime and anywhere to
surf the Internet. At the same time, technologies based on

social networking and big data have progressed in the era of
mobile Internet. )is technology plays a significant role in
the transformation of traditional industries [6]. )is also
puts forward higher requirements for third-party wealth
management companies. How to attract users to do a good
job in mobile Internet and wealth management at the same
time is an important issue. )e current mobile Internet
wealth management model mainly displays products online,
provides consulting services, and signs offline. )is has
changed the multilayer agency model of traditional third-
party wealth management companies, compressed and
eliminated channel vendors, and reduced transaction costs
[7, 8]. Claudia et al. concluded, by studying the innovation of
the financial industry, that the rapid development of Internet
technology has significant impact on the brokerage services
[9]. Coor et al. conducted a study on Internet finance in the
United States and found that Internet finance formed an
industrial hierarchy and a complete industrial chain in 2000
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and completely subverted the operation of the traditional
financial industry [10]. Yong et al. believe that it is possible to
analyze high-value customers through data technology
under the background of the Internet, adopt differentiated
services for customers, and realize the realization of bro-
kerage data resources, but it has gone through a relatively
long process [11]. Guignard et al.’s research found that the
product of the combination of Internet technology and
securities firms will inevitably bring changes to the operating
mode of securities firms. )e most common way is the fi-
nancial asset management of securities firms, especially
when securities companies make investment portfolio de-
cisions. Internet big data analysis must be used [12]. Under
normal circumstances, the recommendation process of a
personalized recommendation system is carried out in
stages. )e first is the interest modeling stage, the second is
the item matching stage, and the last is the recommendation
result feedback stage.

At present, almost all brokerages can realize online
transactions. )e digitization of offline on-site transactions
has become a consensus among brokers. Automated services
and intelligent services have become a trend in future
brokerages’ customer service management. On this basis, we
found that the advantages and disadvantages of the two are
complementary. Aiming at the current wealth management
issues, this article attempts to develop a personalized rec-
ommendation scheme based on user behavior data analysis.
We combine user interest tags and personalized recom-
mendation technology and summarize customer transaction
records through the storage of customer transaction data for
information technology. Finally, we discuss the limitations
of this article and future research prospects.

In this study, a personalized recommendation system for
mobile Internet wealth management is proposed which is
based on the user behavior data analysis. Key contributions
of the study include the following:

(i) A flexible recommendation framework is proposed
for mobile Internet wealth management services.

(ii) A comprehensive user profiling mechanism is de-
veloped which exploits the users’ behavioral data.

(iii) On the basis of understanding the customer's in-
vestment needs and risk appetite and other infor-
mation, we segment the customers and provide
customized and personalized products.

2. Related Technology Overview

2.1. Wealth Management. In the business model of tradi-
tional brokerage firms, they mainly provide customers with
business channels and charge a certain fee. Even under this
model, the homogenization competition among brokerage
firms is quite fierce [13, 14]. However, the platform-based
business network model has brought a huge impact to
traditional brokers. Large-scale network platforms rely on
their own resource integration advantages, not only do not
need the profits of the brokerage industry, but take the way
of subsidies to grab customers. )e platform provides free
channel services and even gives appropriate subsidies to

selected customers. )e platform subverts the traditional
brokerage business model [15, 16]. )is new model has
increased the stickiness of customers and established a new
financial ecosystem to make up for the loss of the platform in
terms of transaction commissions through customer con-
sumption in other areas. Under the new Internet back-
ground, brokerage firms will not only face competition from
their peers but also be challenged by other cross-industry
competitors in the financial ecosystem [17]. Figure 1 reflects
the schematic diagram of the mobile Internet wealth
management system architecture.

Finance refers to financing of funds, and financial in-
stitutions are the media of financing [18]. )e medium of
financing that we are familiar with is the bank.)e bank acts
as a third party to connect the demanders of funds and the
providers of funds to realize the allocation of resources [19].
With the establishment of online payment platforms, the
intermediary role of traditional financial institutions is no
longer important. Internet finance has emerged since then.
Customers do not need to finance through banks or capital
markets but can use Internet financial services and realize
their own financial needs [20]. Subsequently, with the
popularization of smart phones, Internet finance has ex-
tended to mobile clients, resulting in the birth of mobile
Internet finance.

2.2. Personalized Recommendation. Generally, recommen-
dation systems can broadly be divided into content-based,
collaborative filtering, knowledge-based, and hybrid rec-
ommendation systems [21, 22]. Apart from these categories,
the classification may include some other scattered classi-
fication methods, such as semantic-based, context-based,
and grammar-based filtering methods [23]. )e same
methods can equally likely be used and applied to person-
alized recommendation systems in diverse fields of appli-
cations. At present, personalized recommendation systems
are mainly divided into two categories according to different
recommendation technologies: rule-based recommendation
systems and information filtering systems. In addition, in-
formation filtering systems can be further divided into
content-based filtering systems and collaborative filtering
systems.

Under normal circumstances, the recommendation
process of a personalized recommendation system is carried
out in stages. )e first is the interest modeling stage, the
second is the item matching stage, and the last is the rec-
ommendation result feedback stage [24]. User interest
modeling is mainly to obtain user interests and user needs
and then generate an interest model that includes user
preferences, background, and needs. )erefore, building an
accurate user interest model is the basis for personalized
recommendation systems for personalized recommenda-
tions. We then determine the recommended service effect
[25, 26]. )e algorithm measures the correlation between
users and association rules by comparing the attributes of
users belonging to the same association rule. Economic
development has provided good opportunities for the de-
velopment of securities companies, and the development of
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Internet technology has also brought huge opportunities for
the development of securities companies. If the association
rules are correctly evaluated, the accuracy of the filtering
algorithm needs to be further confirmed.

In the second phase of item matching, filtering tech-
niques and algorithms are used. )ese may include col-
laborative filtering algorithms and vector matching
algorithms. Standard collaborative filtering algorithms are
based on data statistics while vector matching algorithms are
deep-level models based on machine learning. For example,
alternating least squares (ALS) method is a typical matrix
factorization method which generates a user embedding
table and item embedding table based on behavior data
tables [27].

In the third stage of recommendation and user feedback,
the recommendation system prompts the user via system
interfaces to provide feedback using the ratings for items.
)is way, the constructed personalized recommendation
models are improved. )e accuracy of recommendation
models is measured using quantitative ratings of the user.
)e feedback can be implicit, explicit, or hybrid depending
on the type of the recommendation system [23].

Zhang et al. proposed a method of merging multiple user
profiles in a context-based environment to resolve conflicts
[28]. Li et al. introduced a Bayesian network-based method,
which is effective and scalable for data stream learning and
provides users with personalized services [29].

3. Mobile Internet Wealth Management
Based on Personalized Recommendation

3.1. Internet User Interest Tags. Data features mainly refer to
data related to the user’s interests, features, and preferences.
)e extraction of these data is the process of model data
preparation, mainly for the establishment of the user’s in-
terest model. Generally speaking, the extraction of data
features can be divided into two parts: explicit information
(explicit data) extraction and implicit information (implicit
data) extraction. Figure 2 shows the proofreading process of
the interest knowledge graph.

)e extraction of explicit information requires users to
actively provide data that can express their interests, such as
the user’s rating of a certain item, a clear statement of a
certain item, and the user’s personal information. )e

process of extracting explicit information is simple and
direct, which helps to speed up the model formation, but it
also requires users to spend a certain amount of time and
energy to participate in the process. )e user interest model
is one of the key parts of the personalized recommendation
system. )e quality of the model is directly related to the
recommendation quality of the recommendation system. In
fact, the interest model is a data structure, and its form of
expression directly determines the user model’s ability to
reflect user interests and the model’s computability.

3.2. Recommendations Based on Personalized Wealth
Management. )e algorithm is based on the basic idea that
similar users have similar interests and hobbies. It is the
earliest and most successful recommendation application
technology. )is section proposes the collaborative filtering
recommendation algorithmM-CF based on the user interest
model and uses the real-time user interest model proposed
in Section 4 to express the user’s hobbies. Economic de-
velopment has provided good opportunities for the devel-
opment of securities companies, and the development of
Internet technology has also brought huge opportunities for
the development of securities companies. )e real-time user
interest model can obtain the user’s hobby according to the
user’s browsing interest, which can be effective; at the same
time, the number of standard tags is much smaller than the
number of items. According to the user-standard tag matrix,
the similarity between users can be directly calculated. )ere
is no need to consider the problem of filling values. In
addition, the algorithm does not need to actively provide
items. )e scoring data effectively reduce the degree of
cooperation between the system and user participation. )e
flowchart of the personalized recommendation system is
shown in Figure 3.

)e selection of neighbors is to establish a neighboring
user group for the target user, placing users with similar
interests and hobbies in the neighboring user group, and
using neighboring users’ evaluations of the project to pro-
vide recommendations to the target user. )e selection
process of neighbor users is based on the user-item rating
matrix as the data source, the similarity between users is
calculated, and K users with higher similarity are selected as
neighbors.
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Figure 1: Schematic diagram of the mobile Internet wealth management system architecture.
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)ere are many ways to calculate similarity between
users. Commonly used methods include cosine similarity.

δk � ok tk − ok(  � ok 1 − ok(  tk − ok( . (1)

Equation (1) is used to determine the similarity level
between the contents for retrieving relevant ones in which
the user is interested.

After getting the user’s neighbors, the scores of other
neighboring users can be used to predict the scores of items

that the target user has not evaluated and then make rec-
ommendations to the target users.

δn � On − Tn( On 1 − On( . (2)

Equation (2) is used to determine relevancy scores be-
tween the contents.

Generally, there are two types of results for the target
user’s recommendation. One is the user’s rating prediction
for any item, and the other is Top-N recommendation.
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Figure 2: Proofreading process of interest knowledge graph.
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Figure 3: Flowchart of personalized recommendation system.
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However, since the experiment only involves the verification
of the accuracy of the user’s interest items and does not
involve the verification of the weight of the interest item and
the model update algorithm, the verification of this part will
be reflected in the experiments described in this section, and
the experiments described in this section also recommend
improvements. )e accuracy, precision, and response time
of the algorithm are further verified.

P(y � 1|t; θ) � hθ(t),

P(y � 0|t; θ) � 1 − hθ(t).
(3)

)at is, we calculate the user’s predicted scores for all
unevaluated items and select the Top-N items with the
highest predicted scores and recommend them to the user.

Equation (3) is used to select Top-N items based on the
relevancy score.

Z2 � max 

n

k�1
d Sk( ,
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(x)
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5 .

(4)

)e weighted synthesis module is mainly set up to deal
with the different situations faced by the recommendation
system at different times, so that the collaborative filtering
algorithm in the early cold start of the recommendation
system can be alleviated. When the data are abundant in the
later period, the user’s new potential interest cannot be found.
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× b1i. (5)

)erefore, it is necessary to adjust the contribution of
each algorithm in different periods through the setting of
weights to achieve the purpose of maximizing strengths and
avoiding weaknesses.

f1(x) �
1

1 + e
− Ax

. (6)

User data in different environments have their own
characteristics, so the method for determining the weight of
this system is to divide the data into a test set and a training
set.

Δwji � ηδjxji. (7)

During the model establishment, the personalization
algorithm is trained multiple times through the training set
data, and different values of a and p are taken each time, so as
to obtain the weights a and p with the best performance.

a �
 yi/σ

2
i e

b x1i+x2i( )

 1/σ2i e
2b x1i+x2i( )

. (8)

Under normal circumstances, the recommendation
process of a personalized recommendation system is carried
out in stages. )e first is the interest modeling stage, the
second is the item matching stage, and the last is the rec-
ommendation result feedback stage.

4. Personalized Recommendation Model Test

User interest model and recommendation algorithm are the
two cores of personalized recommendation. )is section
focuses on the main line of personalized recommendation.
In Section 3, the method of establishing real-time perfor-
mance through tags is adopted, and the model is verified
through experiments. However, since the experiment only
involves the verification of the accuracy of the user’s interest
items and does not involve the verification of the weight of
the interest item and the model update algorithm, the
verification of this part will be reflected in the experiments
described in this section, and the experiments described in
this section also recommend improvements. )e accuracy,
precision, and response time of the algorithm are further
verified. )is new model has increased the stickiness of
customers and established a new financial ecosystem to
make up for the loss of the platform in terms of transaction
commissions through customer consumption in other areas.
Under the new Internet background, brokerage firms will
not only face competition from their peers but also be
challenged by other cross-industry competitors in the fi-
nancial ecosystem.

4.1. Data Source. )is article selects a well-known mobile
Internet wealth management company as the data source.
China Mobile Ltd, which is the world’s biggest wireless
operator by subscriber numbers and which has improved its
inactive performance by actively promoting its mobile In-
ternet business, is used for collecting the data. )e data
contain a large amount of user information and user data,
which can provide richer data support for the subject re-
search of this article. )e data contain profile data, mobile
data usage information, their interaction on the web and
tags, etc. It is evident from the relevant research that tags and
film reviews used by users reflect the users’ cognitive
characteristics. Similarly, it also shows the resource de-
scriptions when users add tags, make comments, and share
their perceptions of the content or form of resources.
)erefore, this article selects tags and wealth preferences.

Experiments are conducted to identify the basic data of
the wisdom and cognition of the user group.

4.2. Model Testing. In order to optimize the performance of
the personalized recommendation system, it is necessary to
determine the respective weights of collaborative filtering
and content-based filtering, that is, the size of a and p. )e
values of a and p are divided into eleven stages to test the
value of the personalized recommendation system in the test
set under the F-measure indicator to determine the optimal
combination weight. )en, we compare the personalized
algorithm (PF), the user-based collaborative filtering algo-
rithm (CF), and the content-based filtering algorithm (CB)
for the measurement (F-measure). )e four nearest
neighbors of the recommendation results are evaluated
separately. Figure 4 shows the comparison results of dif-
ferent recommendation algorithms when the nearest
neighbor values are different.
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It can be seen from Figure 4 that the accuracy of the
recommendation algorithm in this paper is higher than
that of the traditional recommendation algorithm. )e
average difference of item scores is measured by the
improved average difference formula of scores, even if the
lower correlation is mixed. Users can also reduce the
contributions of users with low similarity to improve the
accuracy of recommendation through the improved item
score difference formula. It can also be seen from the
graph that the number of nearest neighbors as the rec-
ommendation result is not better. )e three algorithms
perform best when the nearest neighbor is 6 at the same
time.

With the increase in the number of neighbor users, the
intersection of the item set of neighbor users and the items to
be predicted in the test set gradually becomes larger. At
present, almost all brokerages can realize online transac-
tions. )e onlineization of offline on-site transactions has
become a consensus among brokers.

For the experimental setup, when the nearest neighbor
values are different, the significance of the result of the
proposed (PF) personalized recommendation method can
be calculated using the degrees of freedom and variance
value. )e p values are checked and compared to the sig-
nificance level or rather, the alpha. A p value less than 0.05
shows that the obtained results are statistically significant.

Figure 5 shows the impact of different user interest
models on recall.

A user interest model is a recommendation model which
describes a user’s interests exactly in order to improve the
quality of information access and accurate recommenda-
tions. )ese types of models are challenging from different

perspectives, such as initial user information acquisition,
user profile representation, and description of user interest
evolution [30].

It can be seen from Figure 5 that the overall recall rate of
the CF algorithm and the M-CF algorithm is not very high,
and the recommendation threshold can be adjusted to
improve the recall rate. When the value of the number of
neighbor user’s K is about 35, the recall rate of the CF al-
gorithm and the M-CF algorithm is equivalent. When
K> 35, the recall rate of the M-CF algorithm is higher.
Analysis of the reasons found that when there are few
neighbor users, the intersection of the neighbor users’ item
set and the test set to be predicted scoring items is small,
resulting in a large deviation between the predicted scores of
some items and the actual scores, so the average absolute
error is higher and the recommendation accuracy is rela-
tively high. Experiments show that the user interest model
based on standard tags can improve the recommendation
quality of the algorithm to a certain extent. )e main in-
novation of this chapter is to use the user’s interest model to
calculate the similarity between users and establish an ap-
proximate user group of target users, which narrows the
search scope of related items and improves the credibility of
item ratings. Automated services and intelligent services
have become a trend in future brokerages’ customer service
management. On this basis, we found that the advantages
and disadvantages of the two are complementary. )e al-
gorithm proposes an improved item score difference for-
mula based on user similarity to increase the contribution of
similar users in the item score difference. Experiments show
that this improvement improves the accuracy of algorithm
recommendation.

0 10 20 30 40 50 60

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

Simulation test category)

D
en

sit
y

PF
CF
CB

Figure 4: Comparison results of different recommendation algorithms when the nearest neighbor value is different.
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5. Conclusion

Economic development has provided good opportunities
for the development of securities companies, and the de-
velopment of Internet technology has also brought huge
opportunities for the development of securities companies.
At present, almost all brokerages can realize online
transactions. Under the new Internet background, bro-
kerage firms will not only face competition from their peers
but also be challenged by other cross-industry competitors
in the financial ecosystem. )e onlineization of offline on-
site transactions has become a consensus among brokers.
Automated services and intelligent services have become a
trend in future brokerages’ customer service management.
On this basis, we found that the advantages and disad-
vantages of the two are complementary. For example, the
content-based filtering algorithm does not have the cold
motion problem of the collaborative filtering algorithm.
Algorithms based on content filtering are difficult to
process non-text objects such as sound and video. )e
personalized recommendation algorithm based on
weighted integration of content uses test set data to train
the model to obtain a weighted comprehensive weight.

Small and medium-sized securities firms have made efforts
in service innovation and have made a lot of efforts in
exploring new product development and new profit
models. Whether it is a medium-to-large brokerage firm or
a small brokerage firm, big data analysis and cloud com-
puting platforms must become the basis for their devel-
opment. Customer-centric service orientation will guide
them to work around customer needs.

In future research, we are plaining to work more spe-
cifically on the particular type of recommendation methods.
Actually, the personalization is more effectively managed
using content-based and knowledge-based approaches.
Hence, in future we plan to conduct an in-depth study in
these directions rather than going general.
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)e data used to support the findings of this study are in-
cluded within the article.
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