
Research Article
Research on Prediction of Investment Fund’s Performance before
and after Investment Based on Improved Neural
Network Algorithm

Cong Gu

College of Science, Zhongyuan University of Technology, Zhengzhou, 450007 Henan, China

Correspondence should be addressed to Cong Gu; gucong@zut.edu.cn

Received 16 January 2021; Revised 26 February 2021; Accepted 29 March 2021; Published 12 April 2021

Academic Editor: Wenqing Wu

Copyright © 2021 Cong Gu. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

There are more and more popular investment fund projects in the continuous economic development; the prediction and
performance continuity become hot topics in the financial field. Scholars’ enthusiasm for this also reflects the domestic fund
primary stage progress, and there is a huge application demand in China. The prediction of fund performance can help
investors to avoid risks and improve returns and help managers to learn more unknown information from the prediction for the
sake of guide market well and manage the market orderly. In the past research, the traditional way is to use the advantages of
neural network to build a model to predict the continuous trend foundation performance, but the author found that the
traditional single neural network (NN) algorithm has a large error value in the research. With the discussion, the particle swarm
optimization (PSO) algorithm is added to the radial basis function (BRF) neural network, and PSO is conditioned to optimize
and improve the RBF NN combining the advantages of both sides; a new set of PSO-RBF neural network security fund
performance prediction method is summed up, which optimizes the structure and workflow of the algorithm. In the research,
the author takes the real data as the reference and compares the prediction results with the traditional method RBF and the
improved PSO-RBF. In the prediction results of the continuous trend, the highest value, and the lowest value in the period of
the security fund performance, the new PSO-RBF has a good prediction in the fund performance prediction, and its accuracy
rate is greatly improved compared with the traditional method Sheng, with good application value, and is worth popularizing.

1. Introduction

Since the establishment of investment fund, the fund indus-
try has developed rapidly. The scale is getting bigger and big-
ger and more and more varieties; it has greatly improved the
structure of investors and played an increasingly stable and
healthy evolution historical securities. Although domestic
fund has made considerable progress in the past eight years,
compared with the mature western market, the scale is still
small. At present, there are more than 8000 kinds of funds
in the US financial market, far higher than the number of
listed company, while there are 642 in China. Investment
funds have great potential in China [1].

The sustainability of fund performance refers to the phe-
nomenon that a better fund will perform relatively well ear-
lier in the future, while a worse fund will perform relatively

poorly in the future, which is often called “strong often
strong, weak often weak.” By concept, suppose the investor
can identify early excellent performance of the fund and
continuous performance, can be purchased these capital
and holdings them after a period, so as to obtain the above
average excess return. Similarly, poor performance can be
avoided if investors are able to identify funds with poor
early and sustained performance and avoid investing in
them. From this point of view, performance sustainability
characteristics are undoubtedly as important as fund per-
formance itself.

Final performance of security forecast is very central link
to promote sustainable development of security fund. In a
mature market, it means a lot for buyer, manage company,
and function supervision to predict fund performance scien-
tifically and objectively. Helping the buyer, through the
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analysis of security market, we can get the accurate informa-
tion of fund investment effect, adjust the investment strategy
in time, and make the right investment choice. For fund
management companies, scientific evaluation of their fund
performance can not only give a quantitative evaluation
of specific performance to each fund manager but also
determine the advantages and disadvantages of investment
strategies, summarize successful experience, improve the
deficiencies, and improve the management level of the com-
pany. For regulators, they can formulate various relevant pol-
icies and regulations based on scientific security performance
and management effect. Since the 1990s, the in-depth
research on the prediction, optimization, and control of the
financial system, as well as the extensive application of infor-
mation and control theory and technology in the current
financial problems, have brought challenges to the develop-
ment of financial engineering. Financial forecast is an impor-
tant part of financial engineering. For financial investors, it is
difficult to explain the inherent laws of stock price, return,
and risk of financial derivatives by using the traditional time
series prediction technology. In recent ten years, neural net-
work theory has gradually become a powerful tool for non-
linear dynamic system prediction and modeling. From the
origin to now, the research and application of artificial neural
network have entered a mature stage, and the application
field is also expanding. At present, NN is mainly used for
price prediction, trend, and rise of the stock market, with rel-
atively high prediction accuracy [2, 3].

By simulating the structure of human neurons, neural
network has a strong ability of self-learning, self-organiza-
tion, and memory. It can predict the future development
trend of stock price according to the historical data and rele-
vant information of stock market. RBF NN is an infinite
approximation and outstanding goodness of fit. Hence, RBF
NN can be used as stock price prediction with high complex-
ity. In this article, the basic principle of RBF NN is described
in detail, and the gradient descent for RBF NN algorithm is
analyzed. In the initial stage of global search, PSO is proved
to be fast and effective. Based on the advantages and disad-
vantages of the two algorithms, this mentioned in the article
hybrid computing method combines PSO calculation
method and RBF algorithm exercise of front NN weight,
which is called PSO-RBF computing method. Mixed calcula-
tion method not only uses the powerful global search power
PSO algorithm but also uses the powerful search ability in
the range of RBF calculation method. Case study of security
performance of PSO-RBF NN, in this paper, discusses the
basic concepts and structural characteristics of RBF and
PSO. For different optimization algorithms, an optimization
algorithm based on RBF neural network and particle swarm
optimization algorithm is proposed. The working process
and principle are introduced in detail, and the actual data
are compared. In the comparative study, we find that the
new calculation method is better than the traditional one
security fund performance prediction, and its accuracy has
been greatly improved. Experimental best results show that
improved algorithm for PSO-RBF NN has rich value in fund
performance research, and the model has a good application
prospect [4–6].

2. The Development and Research of Security
Fund Performance Prediction

2.1. The Concept and Characteristics of Security Investment
Fund. Fund refers to a method of collective investment shar-
ing benefits and risks. The funds of investors are centralized
through the funds of public issuance of shares, which are
entrusted by the fund custodian, management use, and con-
trol, and invested the remaining, other helpful market tools
of the fund holders.

Different countries have different names for fund, con-
sidered as “shared fund” in the United States; Britain and
Hong Kong are called “unit trust fund”; Japan and Taiwan
are called “Investment fund.”

Fund can rapidly develop into popular investment tools,
which is closely related to its own characteristics:

(1) Security investment funds are widely invested in dif-
ferent securities, which can fully disperse risks

Due to the limited funds, small- and medium-sized inves-
tors generally cannot reduce the risk through fully diversified
investment. And fund not only has the abundant capital
strength but also can fully disperse the investment in various
securities and realize the diversification of the asset portfolio.
This diversification reduces the risk faced by each investor.
Even if some securities have poor performance or even loss,
they can be made up by other securities with excellent perfor-
mance to achieve the purpose of dispersing investment risk.

(2) Security investment funds are managed by experts,
professional financial management, and collective
investment

The fund collects the funds of many investors, which are
handed over to professional institutions and invested in var-
ious financial instruments by professionals with solid profes-
sional knowledge and rich investment experience. At the
same time, investors can also decide the amount of invest-
ment according to their own economic situation. Although
each investor does not invest much capital, because the fund
can collect a lot of investors’ funds, it rarely enters, controls
costs, and gives play to the advantage of capital scale.

(3) Security investment funds have good supervision sys-
tem and reasonable operation mode

The regulatory authorities strictly regulate fund industry
and require the fund to disclose sufficient, timely standard
message. In operation, foundation custodian keeps founda-
tion assets independently, which is conducive to the safety
of the fund assets. The principal supervises the purchase
and operation activities of the investment manager and con-
duct accounting and performance calculation for the fund
assets, which is conducive to protecting the interests of share-
holders [7, 8].

2.2. The Development Course and Current Situation of
Security Investment Fund in China. The fund established
before 1997 is called “old fund,” which mainly invests in
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industry, but actually is a direct investment fund. In the real
sense, security investment fund has experienced the develop-
ment stages of closed-end fund and open-end fund since
1998.

The second stage (from September 2001 to now): the
fund has entered an open development stage.

After 2001, China’s fund scale expanded rapidly, the
innovative varieties began to accelerate, and the supervision
of the fund industry continued to strengthen. By the end of
2007, 59 fund management companies had been established
in China, 9 of which had assets under management of more
than 100 billion yuan. The number of funds reached 345,
including 310 unrestricted form funds and 35 restricted form
funds. Open-end funds account for 90% of the total funds.
The total value of the fund is 3.28 trillion yuan. The asset per-
formance of the unrestricted fund is 3.04 RMB 100 million,
accounting for 92% total fund performance. Unrestricted
fund has become the mainstream of market evolution instead
of closed-end fund.

Despite China’s portfolio investment fund industry has
developed rapidly current stage, it is an emerging market
after all. Compared with the development of the history of
financial power more than 100 years, there is still a significant
gap. In order to ensure the further sustainable development
of financial market, many problems need to be solved to
coordinate the expansion of fund scale and asset manage-
ment level: to prevent the moral hazard number of fund
managers; to further improve the internal governance struc-
ture of fund management companies; to implement incentive
mechanism to weaken the frequent change of fund managers;
to increase financial innovation and change the fund portfo-
lio to be the same [9, 10].

2.3. Research on Fund Performance Forecast and Its
Influencing Factors.At present, there are few studies speaking
of performance prediction of direct domestic fund. Only the
prediction method based on Markov chain proposed by Liu
Tie thinks that according to the previous data of the fund,
the probability of fund performance falling in each interval
and the probability of fund performance falling in each inter-
val can be predicted. However, when the fund managers’
strength of stock selection is constantly studied, the impact
of fund and fund managers on fund performance changes,
such as some niche studies: to study the strength of fund
managers to choose stocks, although the basic T-M and H-
M models are adopted, but because the selected research
scope is different, there are great differences in the conclu-
sions. In recent years, continuous fund performance discus-
sion is very popular, but the results are different. Tang
Zhenyu made data analysis on the merger of small- and
medium-sized enterprises in China, June 1008, 2003, and
think the performance of domestic fund managers is sustain-
able. By analyzing the performance and risk sustainability of
equity funds and from 2004 to 2008, the mixed fund in
domestic unrestricted fund are in different performance mar-
kets; Yang found that only in 2004-2005, the risk-adjusted
fund performance can be sustained. When the market enters
the period of shock adjustment from bull market, the fund
performance appears reversal phenomenon, and the risk

has obvious continuity. With regard to the change of fund
managers, studies by domestic scholars such as Xiong Sheng-
jun, Yang Chaojun, and Xu Xiaolei show that the change of
fund managers in China has no impact on fund performance
[11, 12].

2.4. Application of Neural Network in Fund Performance
Prediction. The development of artificial intelligence pro-
vides a new method for fund performance prediction.
Among them, NN has a strong nonlinear property data pro-
cessing ability, which is very suitable for fund performance
prediction. BP NN is used to establish the fund performance
and guess the model. The data shows that the prediction
accuracy of BP NN is high and is better than that of tradi-
tional linear prediction model. But BP NN is easy to fall into
local optimum minimization and slow convergence, so BP
neural network is not the best fund prediction method. Com-
pared with BP NN, RBF NN is a better choice to predict the
performance changes of nonlinear funds. However, RBF
neural network itself has some disadvantages, such as slow
convergence speed and no global search ability [13, 14].
Therefore, RBF neural network is not the best method to pre-
dict fund performance. Sample data, the author of this paper,
a reasonably constructed index system for fund performance
change, is trained and tested by using the nonlinear process-
ing ability and PSO RBF NN has better overall search capa-
bility and sample data set. The BP NN and RBF NN are
fully avoided from slow speed and easy access to local mini-
mum dilemma in the process of predicting fund perfor-
mance, and the accuracy of fund sale performance
prediction is greatly improved [15–17].

3. Research and Methods

3.1. Particle Swarm Optimization Algorithm. PSO is a kind of
evolutionary computing technology, which originated from
the study of bird feeding. Now, it has been proved to be a
good optimization method. PSO calculation method can be
similar to an abstract scene. There is a piece of food in an
area, and many birds look for that piece of food randomly
in different areas. Where is the food? Birds do not know; they
only know the approximate distance of the food and how the
information is transmitted from one population to another,
so the problem of finding food has become that each bird
looks for food nearby. PSO has inspiration through the
model and uses optimization solved problems. The result of
every optimization problem in PSO can be understood as a
bird in search space, which is called “particle.” Particles can
fly in search space according to a certain trajectory and speed,
which is dynamically adjusted by their own speed and flight
information. Birds imagine a point without mass and volume
and develop it into n-dimensional space. The position of the i
th particle in space can be displayed by vector x = ðxi1, xi2,
⋯,xiNÞ. The speed of flight can be displayed by vector vi =
ðvi1, vi2,⋯,viNÞ. The best place in history is called personal
extremum. So far, all particles are in the most suitable posi-
tion; whole population is called global extreme value gbest.
In particle swarm optimization, all particles have corre-
sponding fitting the value is optimization function, and the
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individual extremum pbest and global extremum gbest are
determined by the minimum fitting value of each particle
[18–20].

3.2. Application Research Status. For the first time, the PSO
calculation method is applied to the optimization of nonlin-
ear continuous functions and the training of neural networks.
Eberhart uses particle swarm optimization to analyze
tremors, such as Parkinson’s disease. Yoshida et al. optimized
various discrete continuous variables through PSO to control
the output stable voltage of nuclear power unit. Robinson
et al. use PSO calculation method optimization of profile
wave horn antenna, compared the optimization effect with
genetic algorithm, and studied the feasibility of their hybrid
application. Ciuprina proposes intelligent PSO (intelligent
PSO) to optimize the size of the solenoid coil. Abido uses
PSO calculation method to solve the most typical problems.
In China, more and more scholars also pay attention to the
application of the algorithm, which shows a good application
prospect of multiobjective optimization, data classification,
data gathering, pattern identification, telecom service quality
management, process planning, signal processing, intelligent
machine control, decision reference, and true and false iden-
tification system identification [21–23].

3.3. RBF Neural Network

(1) Introduction to the structure of RBF NN

RBF NN consists of three parts. The nonlinear mapping
is completed as shown below.

f n Yð Þ = s0 + 〠
n

q=1
sqφ y‐uq

�
�

�
�

� �
, ð1Þ

where Y ∈ Kn is the write in vector and φð•Þ is a nonlinear
ability of K+ → K . Generally, Gaussian function is adopted:

φ Y‐Uq

�
�

�
�

� �
= eyp ‐

y‐uq
�
�

�
�
2

σ2q

 !

: ð2Þ

wi is the weight, ci and σi are the data sets and base abil-
ity, and h is the coding of centers.

RBF neural network needs to determine two kinds of
parameters: unique center ci and width σi basic function
and intermediate value h, one remaining connection weight
between write in time and bury time. Here, ci and width σi
basic functions and number of centers h are determined;
the internet weight value output is linear when it is written
in, but obtained by the least square method. Therefore, the
determination of ci, width σi, and number of centers h is
the construction of the core of RBF NN [24–26].

(2) The determination of the number of centers of basic
functions

The kernel subtraction clustering method is kind the
optimal calculation method of confirming the number of
basic function centers. In this paper, we consider normalizing

the data into P numerical value (Y1, Y2,⋯, Yp) in the n
-dimensional space of the unit hypercube. First, we give the
degree value of numerical concentration point Yq by formula
(1) [27, 28]:
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After calculating the degree of aggregation each data
point, the point with the highest degree of aggregation
selected becomes a hub, and its density index is recorded as
Dc1. Update the aggregation degree formula of each numeri-
cal point (2):
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After updating each aggregation level, select another clus-
ter center and modify the aggregation level again. Repeat this
to solve the maximum density index Dmax of the current very
small relative to the initial maximum density index, that is,

Dmax
Dc1

< λ: ð5Þ

The number of aggregation cores is the number of basic
function cores.

3.4. PSO Algorithm Principle. PSO calculation method was
proposed by Eberhart and Kennedy in 1995. It is an evolu-
tionary computing technology that simulates the flight and
foraging behavior of birds and seeks the optimal solution
through cooperation among individuals. Suppose the search
space is n dimension. The number of particles is y, and the
orientation of the ith particle in y-dimensional space is y =
ðyq1, yq2,⋯,yqhÞ, and the speed is indicated as vq = ðvq1, vq2,
⋯,vqhÞ. All particles contain an adaptive value determined
using update function to master the best position pbest and
current position yq it finds at present. Each particle masters
the best position the entire population found successfully.
Post of each particle is changed according to formulas (3)
and (4) [29–31].

vk+1qd =w × vkqd + η1 × rand ðÞ × pqd‐ykqd
� �

+ η2 × rand ðÞ × pgd‐ykqd
� �

,
ð6Þ

yk+1qd = ykqd + vk+1yd , ð7Þ

where vkqd are d-dimensional flight components speed in the

kth iteration ith particle; ykqd is the d-dimensional composite
member ith in the particle orientation in the kth iteration; pgd
best position is the component of D group; pid is the dth
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dimension best position member particle I; rand ðÞ is the ran-
dom number of randomly generated [0,1]; η1, η2 is the spe-
cific gravity factor; S for weight. The solution of S is (5):

s = smax‐
smax‐smin
Nummax

×Num, ð8Þ

where smax and smin are larger and smaller values of s;
Nummax and Num are the maximum and current iterations,
respectively.

3.5. Learning Algorithm of RBF Neural Network Based on
PSO

(1) Encoding and function of PSO calculation method

In particle swarm optimization, particles correspond to
dissolvable, so the particle value includes the core value and
width of the basic function, particle speed, and sensitivity.
If there arem centers, eachm is K , then the particle’s position
is m × ðT + 1Þ dimension, and the corresponding particle
velocity should also be m × ðT + 1Þ dimension. In addition,
there is another fitness [32, 33]. The coding structure of par-
ticles is as follows:

J11 J12 ⋯ J1Tσ1 ⋯ J21 J22 ⋯
f ðyÞ
V1V2 ⋯ Vm × ðT + 1Þ
J1Tσ1 ⋯ Jm1 Jm2 ⋯ JmTσm
The goal of NN exercise is to find the parameters that

make the mean square error the minimum, so the reciprocal
of the error chosen becomes a fitness ability. Comfort ith
individual is:

f i =
1
Ri

, ð9Þ

Ri =
1
N
〠
N

k=1
yk‐y∧kð Þ2: ð10Þ

(2) Calculation method steps

Step 1. Collect exercise members.

Step 2. The kernel number of the basic function is determined
by clustering the members with kernel subtraction.

Step 3. Initialize the number of particles swarm.

Table 1: Relative error value of average value of RBF neural network for fund performance prediction.

Frequency 1 2 3 4 5 Mean value

Average relative error of test 0.0921 0.0921 0.1069 0.0753 0.0780 0.0953
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Figure 2: Comparison analysis of PSO-RBF neural network
prediction and real fund performance results.
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Figure 1: Comparative analysis of RBF neural network algorithm and fund actual performance.
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Step 4. For each particle, compare its fitness with that of the
best position it experiences, and update pid if it is better.

Step 5. Compare the comfort of each particle of the best posi-
tion experienced by the population; if better, update pgd .

Step 6. Adjust the speed and position of particles.

Step 7. Repeat steps 4 to 6 until the calculation requirements
are met.

Step 8. Take the decoding value of the best position experi-
enced by the packet as the structural the value of RBF NN,
and then, learn.

Step 9. Stop the operation.

4. Experiment and Analysis

In order to further verify that the neural network based on
PSO has a good ability fund income estimate, this experiment
selects performance of a fund for 5 months as a case study. In
this paper, RBF and PSO-RBF are used to predict the perfor-
mance of a fund in five months, and PSO-RBF algorithm is
used to predict the trend of the highest and lowest perfor-
mance of the fund, so as to study the reliability and accuracy
of this research method.

4.1. RBF Algorithm Prediction. The input value is a single vec-
tor, which is taking the closing performance of a fund as the
input variable exercise radial basis function-based NN and
then using the trained network to predict the next time’s fund
performance. The results are shown in Figure 1.

Table 2: Relative error value of average value of PSO-RBF neural network for fund performance prediction.

Frequency 1 2 3 4 5 Mean value

Average relative error of test 0.0162 0.0246 0.0248 0.0231 0.0176 0.0215
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Figure 3: Comparison analysis of the real results of PSO-RBF neural network prediction and the highest fund performance.

Table 3: Relative error value of the average value predicted by PSO-RBF neural network for the highest value of fund performance.

Frequency 1 2 3 4 5 Mean value

Average relative error of test 0.0158 0.0176 0.0169 0.0183 0.0265 0.0196
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Figure 4: Comparison analysis of real results of PSO-RBF neural
network prediction and minimum fund performance.
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Through the analysis of Table 1, it can be concluded that
the RBF neural network algorithm is feasible in theory, but
there are some errors in the example analysis. The experi-
ment according to evaluation error is 9.53% five times, and
the highest and lowest values are 10.69% and 7.8%. The error
is relatively large, which obviously does not meet the require-
ments in practical application and does not reach the accuracy
required in this paper. Because there are such problems in the
prediction only by RBF neural network, we need to improve
and optimize the algorithm on this basis.

4.2. Prediction of Improved POS-RBF Algorithm. Figure 2
shows the optimization calculation method in PSO-RBF
NN. According to the prediction data, we get the consistency
between the prediction results and the real data storage trend.
In addition, we can see from the relative error table of the
average value of the performance forecast in Table 2 that in
the five experiments, the error values of 1.62%, 2.46%,
2.48%, 2.31%, and 1.76% are, respectively, obtained, and
the error average value is 2.15%. This result is very accurate
compared with most of the current prediction methods,
and it is a big research difficulty to reduce the error value
within 3 percentage points. Especially for the above-
mentioned RBF neural network single algorithm want to
compare has made obvious progress, its accuracy is worthy
of promotion and use.

4.3. Prediction of the Highest Value of Fund Performance by
Improved POS-RBF Algorithm. Through the analysis of
Figure 3, we have seen the comparison results of PSO-RBF
NN and simple RBF NN algorithm for the prediction of the
continuous performance of security funds. Obviously, the
optimized and improved algorithm has greater advantages
and greatly improves the accuracy. For the sake of further
verifying program effect of PSO-RBF NN algorithm in fund
performance, we take half a year as a cycle to predict the
highest value of fund performance.

According to the data in Table 3, the optimization algo-
rithm using PSO-RBF neural network can predict the trend
of the highest value of fund performance, with small error
with the actual results. The lowest relative error value of the
five tests is 1.58%, and the average relative error is also kept
within 2%. The error is small and can be widely used.

4.4. Prediction of the Highest Value of Fund Performance by
Improved POS-RBF Algorithm. Different from the prediction
of the highest value of fund performance, the change of the
decline and the lowest value of fund is often more compli-
cated, which also involves more influencing factors. To verify
PSO-RBF NN in the most unfavorable environment of fund
performance prediction, based on an example, we also pre-
dict the minimum performance of a fund in a half-year cycle
for five cycles. Figure 4 is a comparative analysis of the pre-

dicted results and the actual performance. Through Table 4,
we calculated the relative error value and the average value
of the five tests, which are the same as the results of the above
tests. The optimization algorithm using PSO-RBF also
achieved good results in the prediction of the lowest value,
and the average value was also controlled within 2%, which
fully proves the feasibility and superiority of this research
method in the prediction of fund performance.

5. Conclusions

The trend of security fund performance is generally restricted
by many factors, such as politics, market environment, and
business strategy. But in disorder, it can also find the hidden
rules, and with the help of neural network, it can predict the
sustainable trend of fund performance. For example, the RBF
neural network introduced at the beginning of this paper is
widely used in the financial field and has a good research
method for the performance and sustainability of the fund.
In this paper, after exploring the structure and workflow of
the traditional algorithm, PSO is improved on its basis, and
a new PSO algorithm based on RBF is obtained. In the spe-
cific study of PSO-RBF, we find that although the prediction
solution of RBF is consistent with the actual numerical trend,
there is a large error value, and the latest PSO-RBF algorithm
can improve this point very well; no matter in accuracy and
stability, there is a big breakthrough. In the prediction of
the sustainable performance of security funds, the accuracy
of the prediction results of the highest value and the lowest
value is controlled within 2%. Generally speaking, the perfor-
mance estimation PSO-RBF NN model in this paper is good,
but the current research is still in its infancy. I believe that in
the next in-depth research, this method will also improve its
application value, which is worth popularizing security fund
performance prediction model.

Data Availability

No data were used to support this study.

Conflicts of Interest

The author declares that there is no conflict of interest.

Acknowledgments

This work was supported by the Science and Technology
Research Project of Henan Province (No. 182102210524),
the Independent Innovation Application Research Project of
Zhongyuan University of Technology (No. K2018YY023),
and the Graduate Quality Engineering Project of Zhongyuan
University of Technology (No. QY202102).

Table 4: Relative error value of average value predicted by PSO-RBF neural network for the lowest value of fund performance.

Frequency 1 2 3 4 5 Mean value

Average relative error of test 0.0169 0.0175 0.0163 0.0229 0.0187 0.0191

7Wireless Communications and Mobile Computing



References

[1] S. G. Hanson, D. S. Scharfstein, and A. Sunderam, “An evalu-
ation of money market fund reform proposals,” IMF Economic
Review, vol. 63, no. 4, pp. 984–1023, 2015.

[2] T. J. Walker, K. Lopatta, and T. Kaspereit, “Corporate sustain-
ability in asset pricing models and mutual funds performance
measurement,” Financial Markets & Portfolio Management,
vol. 28, no. 4, pp. 1–45, 2015.

[3] L. Novickyte, V. Rabikauskaite, and G. Pedroja, “Social secu-
rity issues: II pillar pension funds’ performance in Lithuania,”
Journal of security & sustainability issues, vol. 5, no. 3, pp. 329–
354, 2016.

[4] K. Gregor, I. Danihelka, A. Graves, D. Rezende, and
D. Wierstra, “Draw: a recurrent neural network for image gen-
eration,” in International Conference on Machine Learning,
pp. 1462–1471, Lile, France, 2015.

[5] W. He, Y. Chen, and Z. Yin, “Adaptive neural network control
of an uncertain robot with full-state constraints,” IEEE Trans-
actions on Cybernetics, vol. 46, no. 3, pp. 620–629, 2016.

[6] A. Graves, G. Wayne, M. Reynolds et al., “Hybrid computing
using a neural network with dynamic external memory,”
Nature, vol. 538, no. 7626, pp. 471–476, 2016.

[7] M. Buszko and D. Krupa, “Discussion about developing secur-
itisation in Poland with participation of securitisation invest-
ment funds,” Ekonomia I Prawo, vol. 15, no. 3, pp. 279–294,
2016.

[8] D. P. Stowell and S. Carlson, “A tale of two hedge funds: mag-
netar and peloton. An introduction to investment banks hedge
funds & private equity,” 2017.

[9] T. T. L. Chong, Y. Ding, and T. Pang, “Extreme risk value and
dependence structure of the China securities index,” Econom-
ics Bulletin, vol. 37, no. 1, pp. 520–529, 2017.

[10] Y. S. Huang, J. Yao, and Y. Zhu, “Thriving in a disrupted mar-
ket: a study of Chinese hedge fund performance,” Pacific Basin
Finance Journal, vol. 48, pp. 210–223, 2018.

[11] J. A. Haslem, “Mutual fund portfolio manager structures: attri-
butes, implications, and performance,” Journal of Wealth
Management, vol. 19, no. 4, pp. 115–127, 2017.

[12] K. Root, “The rising sun: Keiron Root meets David Mitchin-
son, a fund manager generating impressive returns from the
Japanese market.(Fund Manager Profile),” studia commercia-
lia bratislavensia, vol. 8(, no. 30, pp. 266–274, 2015.

[13] P. M. Watson, K. C. Gupta, and R. L. Mahajan, “Applications
of knowledge-based artificial neural network modeling to
microwave components,” International Journal of Rf & Micro-
wave Computer Aided Engineering, vol. 9, no. 3, pp. 254–260,
1999.

[14] E. Hodo, X. Bellekens, A. Hamilton et al., “Threat analysis of
IoT networks using artificial neural network intrusion detec-
tion system,” in 2016 International Symposium on Networks,
Computers and Communications (ISNCC), pp. 1–6, Yasmine
Hammamet, Tunisia, 2016.

[15] X. Chen, W. Shen, M. Dai, Z. Cao, J. Jin, and A. Kapoor,
“Robust adaptive sliding-mode observer using RBF neural net-
work for lithium-ion battery state of charge estimation in elec-
tric vehicles,” IEEE Transactions on Vehicular Technology,
vol. 65, no. 4, pp. 1936–1947, 2016.

[16] Z. Chen, J. Ding, H. Zhou, X. Cheng, and X. Zhu, “A model of
very short-term photovoltaic power forecasting based on
ground-based cloud images and RBF neural network,” Zhong-

guo Dianji Gongcheng Xuebao/Proceedings of the Chinese Soci-
ety of Electrical Engineering, vol. 35, no. 3, pp. 561–567, 2015.

[17] B. Wu, S. Han, J. Xiao, J. Fan, and X. Hu, “Error compensation
based on BP neural network for airborne laser ranging,” Optik
International Journal for Light & Electron Optics, vol. 127,
no. 8, pp. 4083–4088, 2016.

[18] H. Huang, Y. Lei, C. Xiong, and D. Yang, “An improved parti-
cle swarm optimization algorithm,” Basic sciences journal of
textile universities, vol. 11, no. 11, pp. 868–874, 2015.

[19] X. I. Maolong, W. U. Xiaojun, and W. Fang, “Quantum-
behaved particle swarm optimization algorithm with self-
renewal mechanism,” Computer engineering & applications,
vol. 2, no. 10, pp. 100–114, 2015.

[20] X. Lirong, L. Runxue, L. Qiyu, and G. Zhiqiang, “An adaptive
multi-objective particle swarm optimization algorithm based
on dynamic AHP and its application% adaptive multi-
objective particle swarm optimization algorithm based on
dynamic analytic hierarchy process and its application,” Con-
trol and Decision, vol. 2, pp. 215–221, 2015.

[21] F. Wang, V. K. Devabhaktuni, C. Xi, and Q. J. Zhang, “Neural
network structures and training algorithms for RF and micro-
wave applications,” International Journal of Rf & Microwave
Computer Aided Engineering, vol. 9, no. 3, pp. 216–240, 2015.

[22] L. Wang, Y. Yang, R. Min, and S. Chakradhar, “Accelerating
deep neural network training with inconsistent stochastic gra-
dient descent,” Neural Networks the Official Journal of the
International Neural Network Society, vol. 93, pp. 219–229,
2017.

[23] G. Kang, J. Li, and D. Tao, “Shakeout: a new approach to reg-
ularized deep neural network training,” IEEE Transactions on
Pattern Analysis & Machine Intelligence, vol. 40, 2018.

[24] P. Zhang, X. Zhou, P. Pelliccione, and H. Leung, “RBF-MLMR:
a multi-label metamorphic relation prediction approach using
RBF neural network,” IEEE Access, vol. 5, pp. 21791–21805,
2017.

[25] M. Rajendra and K. Shankar, “Damage identification of multi-
member structure using improved neural networks,” Interna-
tional Journal of Manufacturing, vol. 3, no. 3, pp. 57–75, 2015.

[26] R. Zhang, J. Tao, R. Lu, and Q. Jin, “Decoupled ARX and RBF
neural network modeling using PCA and GA optimization for
nonlinear distributed parameter systems,” IEEE Transactions
on Neural Networks and Learning Systems, vol. 29, no. 2,
pp. 457–469, 2018.

[27] A. Alexandridis, E. Chondrodima, and H. Sarimveis, “Cooper-
ative learning for radial basis function networks using particle
swarm optimization,” Applied Soft Computing, vol. 49,
pp. 485–497, 2016.

[28] Y. Wang, N. Qin, and N. Zhao, “Delaunay graph and radial
basis function for fast quality mesh deformation,” Journal of
Computational Physics, vol. 294, pp. 149–172, 2015.

[29] J. F. Chen, Q. Do, and H. N. Hsieh, “Training artificial neural
networks by a hybrid PSO-CS algorithm,” Algorithms, vol. 8,
no. 2, pp. 292–308, 2015.

[30] N. B. Guedria, “Improved accelerated PSO algorithm for
mechanical engineering optimization problems,” Applied Soft
Computing, vol. 53, no. 40, pp. 455–467, 2016.

[31] P. K. Das, H. S. Behera, S. Das, H. K. Tripathy, B. K. Panigrahi,
and S. K. Pradhan, “A hybrid improved PSO-DV algorithm for
multi-robot path planning in a clutter environment,” Neuro-
computing, vol. 207, pp. 735–753, 2016.

8 Wireless Communications and Mobile Computing



[32] Y. Hou, S. Huang, and X. Liang, “Ship hull optimization based
on PSO training FRBF neural network,” Harbin Gongcheng
Daxue Xuebao/journal of Harbin Engineering University,
vol. 38, no. 2, pp. 175–180, 2017.

[33] H. G. Han, W. Lu, Y. Hou, and J. F. Qiao, “An adaptive-PSO-
based self-organizing RBF neural network,” IEEE Transactions
on Neural Networks and Learning Systems, vol. 29, no. 99,
pp. 1–14, 2016.

9Wireless Communications and Mobile Computing


	Research on Prediction of Investment Fund’s Performance before and after Investment Based on Improved Neural Network Algorithm
	1. Introduction
	2. The Development and Research of Security Fund Performance Prediction
	2.1. The Concept and Characteristics of Security Investment Fund
	2.2. The Development Course and Current Situation of Security Investment Fund in China
	2.3. Research on Fund Performance Forecast and Its Influencing Factors
	2.4. Application of Neural Network in Fund Performance Prediction

	3. Research and Methods
	3.1. Particle Swarm Optimization Algorithm
	3.2. Application Research Status
	3.3. RBF Neural Network
	3.4. PSO Algorithm Principle
	3.5. Learning Algorithm of RBF Neural Network Based on PSO

	4. Experiment and Analysis
	4.1. RBF Algorithm Prediction
	4.2. Prediction of Improved POS-RBF Algorithm
	4.3. Prediction of the Highest Value of Fund Performance by Improved POS-RBF Algorithm
	4.4. Prediction of the Highest Value of Fund Performance by Improved POS-RBF Algorithm

	5. Conclusions
	Data Availability
	Conflicts of Interest
	Acknowledgments

