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The Fintech index has been more active in the stock market with the Fintech industry expanding. The prediction of the Fintech
index is significant as it is capable of instructing investors to avoid risks and provide guidance for financial regulators.
Traditional prediction methods adopt the deep neural network (DNN) or the combination of genetic algorithm (GA) and DNN
mostly. However, heavy computational load is required by these algorithms. In this paper, we propose an integrated artificial
intelligence-based algorithm, consisting of the random frog algorithm (RF), GA, and DNN, to predict the Fintech index. The
proposed RF-GA-DNN prediction algorithm filters the key input variables and optimizes the hyperparameters of DNN. We
compare the proposed RF-GA-DNN with the traditional GA-DNN in terms of convergence time and prediction accuracy.
Results show that the convergence time of GA-DNN is up to 20 hours and its prediction accuracy is 97.4%. In comparison, the
convergence time of our RF-GA-DNN is only about 1.5 hours and the prediction accuracy reaches 97.0%. These results
demonstrate that the proposed RF-GA-DNN prediction algorithm significantly reduces the convergence time with the promise of
competitive prediction accuracy. Thus, the proposed algorithm deserves to be widely recommended for predicting the Fintech index.

1. Introduction

The financial industry is reshaped by Fintech with the devel-
opment of a new round of scientific and industrial revolution.
Fintech provides an infinite space for innovative financial
products and services [1]. At present, the market scale of
the Fintech industry is in the forefront of the world [2].
The rapid expansion of the Fintech industry has drawn the
attention of stock market investors to the Fintech index, which
consists of 55 publicly listed Fintech companies. However, the
Fintech index is subject to many factors, including financial
and monetary policy and investor expectations [3, 4]. This
may not only bring risk for investors but also affect financial
regulation. Therefore, it is of great significance to predict the
Fintech index in the stock market accurately and effectively.

Various researches have been conducted to predict
indexes in the stock market. As an important stock price
index in the stock market, the Fintech index is nonlinear
and nonstationary [5]. The Fintech index is volatile and dif-
ficult to be predicted by the traditional time series methods.
Machine learning algorithms, such as support vector regres-
sion (SVR) [6], genetic algorithm (GA) [7], and deep neural

network (DNN) [8], have been widely used recently [9, 10].
SVR was introduced by Vapnik originally [11], which has a
global optimum, while its hyperparameter selection needs
to be determined by the experience of practitioners [5],
which has strong subjectivity and may lead to poor perfor-
mance in prediction [12]. GA is established on the concepts
of natural selection and heredity, which can find the param-
eters of the algorithms that need to be optimized from a
global perspective [13]. In recent years, DNN has attracted
intense research interest. It has been widely adopted in many
fields, such as computer vision, language processing, and
speech recognition [14–17]. DNN is an algorithm of deep
learning branch, which has a large number of layers and neu-
rons. Therefore, it has a strong fitting ability and high predic-
tion accuracy. However, overfitting is prone to occur because
of the large number of layers and neurons [18].

For better prediction, some scholars have improved and
integrated the algorithms for their advantages and disadvan-
tages. Xin et al. [19] put forward the GA-SVR due to the good
performance of the GA in seeking the parameters of the algo-
rithms that need to be optimized. Similarly, the GA-DNN
has recently been proposed for using in the fields of robotics
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and speech separation [20, 21]. Although the GA-DNN algo-
rithm’s prediction accuracy has been greatly improved, its
convergence time needs to be improved furtherly.

From the literature review mentioned above, to date, GA-
DNN has not been used in the stock index forecasting
research, and its convergence time is long. This study is
aimed at filling the gap by proposing an integrated artificial
intelligence-based algorithm, consisting of random frog algo-
rithm (RF), GA, and DNN (RF-GA-DNN) to predict the
Fintech index. In this new algorithm, RF is adopted to filter
all technical variables that affect the Fintech index and some
variables that have no contribution or little influence are
removed firstly. Then, GA is employed to seek the parame-
ters of DNN. Finally, DNN is used to predict the Fintech
index by four times cross-validation.

he remainder of this paper is arranged as follows. Section
2 introduces the steps of RF, GA, and DNN in detail. Section
3 defines the principle of the proposed RF-GA-DNN predic-
tion algorithm. The sample and prediction results are detailed
in Section 4. The conclusions are presented in Section 5.

2. Methods

2.1. Random Frog (RF). The random frog algorithm was pro-
posed by Li et al. [22] based on the framework of reversible
jump Markov Chain Monte Carlo (MCMC). In this section,
the partial least squares linear discriminant analysis (PLS-
LDA) is employed to build a classifier [22]. The steps of the
random frog algorithm are as follows:

Step 1. Hyperparameter initialization.

(1) N represents the number of iterations of the random
frog algorithm Theoretically, the larger the N is, the
model works better, whereas it takesmore time to com-
pute. Hence, N is set to 10000 according to experience

(2) Q is the number of variables in the initial variable set.
Q variables make up the initial variable set V0

(3) θ refers to a controlling factor for the variance of a
normal distribution and a positive real number less
than 1 in general. It is set to 0.3 by default

(4) ω is a scaling factor, which is employed to control the
number of candidate variables and should be greater
than 1. By default, ω is set to 3

(5) η refers to the upper bound of the probability of
accepting the new variable set V∗, whose result is
lower than V0. The value ranges from 0 to 1, and
the default value of η is 0.1 [22]

Step 2. The initial variable set is randomly selected asV0, which
contains Q variables. Define the set of all variables to be V.

Step 3. Q∗ is the nearest rounded random number from the
normal distribution with mean Q and standard deviation θ
Q. Then, a candidate variable subset V∗ is constructed, which
contains Q∗ variables.

(1) If Q∗ =Q, then V∗ =V

(2) If Q∗ <Q, construct a PLS-LDA method by the vari-
able set V0 firstly, and the regression coefficients for
each variable are obtained. Then, Q −Q∗ variables
with the smallest absolute value of the regression
coefficient are removed fromV0, andV

∗ is composed
of the remaining Q∗ variables

(3) If Q∗ >Q, ωðQ∗ −QÞ variables are randomly selected
from V −V0 to form a new variable set T . Then, T
and V0 are combined to establish the PLS-LDA, and
the regression coefficients of each variable are capable
of obtaining. V∗ is composed of Q∗ variables with the
largest absolute value of the regression coefficient

Step 4. Determine whether V∗ is acceptable or not. The pre-
diction errors of the PLS-LDA established by V0 and V∗ are
recorded as e0 and e∗ correspondingly.

(1) If e∗ ≤ e0, then V∗ can be accepted and V1 = V∗

(2) If e∗ ≥ e0, accept V
∗ with ηe0/e∗ and V1 =V∗. Replace

V0 with V1, and return to Step 2 for the next iteration
until N iterations are completed

Step 5. Nvariable subsets can be obtained after N iterations.
The frequency of selecting variable i is Ni; then, the selection
probability of i is Pi:

Pi =
Ni

N
: ð1Þ

The variables can be selected according to their probabil-
ities because the higher the probability of the selected vari-
able, the more important it is.

2.2. Genetic Algorithm (GA). Holland [23] has proposed a
random search intelligent algorithm, namely, genetic algo-
rithm (GA), which simulates the evolution process of nature.
It should be noted that the hyperparameters of the algo-
rithms, which need to be optimized, can be searched by the
GA [13]. The basic steps of GA are as follows:

Step 1. Initializing the population. The initial population is
made up of randomly generated individuals. The application
of fitness function is employed to analyze fitness factors.

Step 2. Calculating the fitness of individuals and ranking them.

Step 3. Selecting two individuals with high fitness and dealing
with crossover and mutation to produce offspring individuals.

Step 4. Return to step 2 and keep optimizing the hyperpara-
meters until the set evolutionary algebra is reached. Then,
the model terminates.

2.3. Deep Neural Network (DNN). There are various struc-
tures for DNN, but the DNN structure is fixed in this paper.
Based on the sample data dimension in this paper and
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experience, the structure of DNN is determined as one input
layer, three hidden layers, and one output layer. The output
of the previous layer can be capable of using as the input of
the next layer. The training strategy of DNN is to minimize
the value of RMSE, and the samples have been divided ran-
domly according to the rule of 80% training samples and
20% test samples. The prediction accuracy of the DNNmodel
is also affected by some core hyperparameters, such as activa-
tion function, training times, number of monolayer neurons,
learning rate, and batch size, which will be determined in Sec-
tion 4.2. The input data of DNN is the 20 technical variables
that affect the Fintech index, while the output data is the pre-
dicted value of the previous day’s closing price of the Fintech
Index. The operation steps of DNN are shown as follows.

Step 1. Supposing that vl = ½vli� is the hidden layer vector of
layer l. The visible layer vector is hl = ½hli�. The connection
weight matrix of the hidden layer is Wl = ½wl

ij�. al = ½ali� and
bl = ½bli� are the bias vectors of the hidden layer and visible
layer, respectively.

Step 2.Assigning values to W and a randomly in the range
of (0,1).

Step 3. Calculating the probability that a hidden layer unit
can be activated.

p hlj = 1 ∣ vl
� �

= σ blj + 〠
I

i=1
wl

ijv
l
i

 !
, ð2Þ

where σð•Þ is set to ReLU function because of its better per-
formance than other functions in this experiment. It can be
described as follows:

σ xð Þ =
x if x > 0,
0 if x ≤ 0:

(
ð3Þ

Step 4. The value of the hidden layer unit is determined by
Gibbs sampling.

hlj =
1, p hlj = 1 ∣ vl

� �
> r j,

0, p hlj = 1 ∣ vl
� �

≤ r j,

8><
>:

ð4Þ

where rj is the random number generated on [0,1].

Step 5. Calculating the activation probability of the recon-
structed visible layer unit and reconstructing the visible layer
by Gibbs sampling.

p vl∗ = 1 ∣ hl
� �

= σ ali + 〠
n

j=1
wl

jih
l
j

 !
, ð5Þ

where vl∗ = ½v∗i � is the unit vector of the reconstructed visible
layer.

Step 6. Calculating the activation probability of the hidden
layer element and updating the parameter values according
to the visible layer element vector vl∗.

wl∗
ij =wl

ij + λ vlip hlj = 1 ∣ vl
� �

− vl∗i p hl∗j = 1 ∣ vl∗
� �h i

,

bl∗j = blj + λl p hlj = 1 ∣ vl
� �

− p hl∗j = 1 ∣ vl∗
� �h i

,

al∗i = ali + λl vli − v∗i
� �

,

8>>>>><
>>>>>:

ð6Þ

wherewl∗
ij , b

l∗
j , and a

l∗
i are the updated values ofwl

ij, b
l
j, and a

l
i,

respectively.
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Figure 1: Deep neural network structure.
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The input vector yl of the next neural layer can be
expressed as follows:

yl = σ Wlal + bl
� �

: ð7Þ

Step 7. Steps 3–6 are looped until the number of iterations is
finished. Then, the model terminates.
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Figure 2: The proposed RF-GA-DNN algorithm workflow.

Table 1: The RMSE of different activation functions.

Activation function RMSE

Sigmoid 1199.16

Softmax 1315.71

Tanh 1196.33

ReLU 113.74
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Step 8. Reversing the fine-tuning of parameters by a gradient
descent method, which adjusts the weights of interconnec-
tions and minimizes the output error.

Wl∗ =Wl − η
∂E
∂Wl

,

bl∗ = bl − η
∂E
∂bl

,

8>>><
>>>:

ð8Þ

where η is the learning rate and E is the cost function, and it
can be expressed as

E = 1
2N 〠

N

n=1
yn − onkk , ð9Þ

where yn and on are the predicted and actual values obtained
from the nth training sample in one training time, respec-
tively. N is the size of the training sample. The specific
DNN network structure is shown in Figure 1.

3. The Proposed RF-GA-DNN
Prediction Algorithm

In this section, an integrated artificial intelligence-based algo-
rithm, consisting of random frog algorithm (RF), GA, and
DNN, is proposed to predict the Fintech index.

The core hyperparameters of DNN have a significant
influence on its prediction accuracy, but the value of the core
hyperparameters cannot be determined by calculation directly
at present. GA is capable of searching for the optimal hyper-
parameters of DNN from a global scope. The principle of
GA-DNN is to find the optimal hyperparameters through
the GA firstly, and then, DNN is employed to predict. How-
ever, the convergence time will be increased for too many var-
iables. The random frog algorithm is able to filter the key
variables and reduce the convergence time. Therefore, the ran-
dom frog algorithm has been added to GA-DNN, and we have
proposed a hybrid RF-GA-DNN prediction algorithm to
reduce the convergence time.

The workflow of this new algorithm is shown in Figure 2.
As can be seen from Figure 2, firstly, the random frog algo-
rithm was adopted to screen out input variables for obtain-
ing variables related to the Fintech index. Secondly, the
screened variables were imported into DNN with different
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Figure 3: The RMSE of monolayer neurons, learning rate, and batch size (the red line represents a polynomial curve for fitting the change
trend of the three hyperparameters).
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hyperparameter values to get the predicted values of the test
samples. Then, to determine the value range of GA search-
ing for hyperparameters, RMSE of predicted and true values
was calculated. And then, within the value range obtained
by the GA, take RMSE returned by each DNN model as a
fitness function to get the optimal hyperparameter combina-
tion of DNN. Finally, the selected variables were imported
into the DNN model with the optimal hyperparameter set-
ting from the GA. Then, the predicted values are obtained,
and the root mean square error can be gotten by using the
predicted and the true values. Specific steps of RF-GA-
DNN have been listed in Section 2.1, Section 2.2, and Sec-
tion 2.3.

4. Experiment and Analysis

4.1. Sample and Variable Selection. The sample interval of
this paper is from March 8, 2015, to April 9, 2021, with
1488 daily data totally. The next day’s closing price of the
Fintech index is selected as the output variable. The input
variables include 20 technical variables (MACD, BBI, DDI,
DMA, MTM, TRIX, RSI, ROC, B3612, BIAS, CCI, OSC,
W&R, MASS, WVAD, CR, PSY, VR, BOLL, turnover rate).
80% of the data are the training samples, and 20% of the data
are selected as the test samples. All data comes from the
Wind database.

4.2. Core Hyperparameter Selection and Value Range
Determination. Common hyperparameters in DNN include
activation function, monolayer neurons, learning rate, batch
size, and training times [18]. All of them are highly related
to the prediction accuracy and convergence time. Therefore,
their value range is investigated.

For the activation function, Sigmoid, Softmax, Tanh, and
ReLU are the common activation functions. Table 1 tabulates
the root mean square error (RMSE) of these activation func-
tions. The root mean square error of the previous day’s closing
price and forecast price of the Fintech Index is presented by
RMSE. Through the analysis of Table 1, the RMSE of ReLU
is smaller than Sigmoid, Softmax, and Tanh. Therefore, ReLU
is selected as the activation function of the method.

A trial parameter method is employed to obtain the opti-
mization range. The RMSE of the number of monolayer neu-
rons, learning rate, and batch size are shown in Figure 3.
Figure 3(a) illustrates that the RMSE of the number of mono-
layer neurons is smaller in [10, 65]. Figure 3(b) reveals that
the learning rate error can be fixed in [0.001, 0.015].
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Figure 5: The degree of deviation between the actual and predicted
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According to the analysis in Figure 3(c), [2, 20] is a better
range for batch size due to its smallest RMSE in this interval.

To determinate the training times, based on the experi-
ence of deep learning, the number of monolayer neurons is
set to 10 preliminarily, the learning rate is 0.001, and the
batch size is random gradient descent by default. The RMSE
has been obtained through four-time cross-validation, which
is shown in Figure 4. Figure 4 reveals that the RMSE is signif-
icantly reduced between 0 and 100 training times, while there
is almost no difference between 100 and 500 training times.
Then, 100 is regarded as the number of training times for
DNN, and the degree of deviation between the actual and
predicted values of DNN is shown in Figure 5. We see that
the prediction effect can be further optimized. However, it
is not advisable to increase the training times. Therefore,
the following models (including DNN, GA-DNN, and RF-
GA-DNN) were completed under the condition of running
a single DNN training of 100 times.

In summary, we select ReLU as the activation function.
The range of number of monolayer neurons, learning rate,

and batch size is [10, 65], [0.001, 0.015], and [2, 20], respec-
tively. 100 is set to the training times. The values of mono-
layer neurons, learning rate, and batch size can only be
determined in a range by a trial parameter method, and then,
the optimal combination of the hyperparameters can be
found by the GA. In addition, the experiment shows that
the single operation time of DNN is about 10 s when a spe-
cific hyperparameter combination is given. However, an
enumeration method is needed to determine the optimal
hyperparameter combination. By calculation, it will take
years and be difficult to achieve.

1.0

0.8

0.6

Re
la

tio
na

l d
eg

re
e

0.4

0.2

0.0

Variable name

B3
6

B6
12 BB

I
BI

A
S3

BO
LL CC

I
CR D
D

I
D

M
A

1
M

AC
D

M
A

SS
M

TM O
SC PS

Y
RO

C
RS

13
TR

IX V
R

W
&

R
Tu

rn
ov

er
 ra

te

Figure 8: Correlation of different variables.

160

140

Ro
ot

 m
ea

n 
sq

ua
re

 er
ro

r

120

100

80

60

40
0 100 200 300 400

Times of evolution

Figure 9: Effect of evolution times on RMSE of RF-GA-DNN.

2500

2250

2250
Predict

2000

2000

1750

1750

1500

1500

1250

1250

1000

1000
750

750

Tr
ue

Figure 10: The degree of deviation between the actual and predicted
values of RF-GA-DNN (the red line represents the true value equal
to the predicted).

Table 2: The RMSE of different activation functions.

Algorithm Convergence time Prediction accuracy

GA-DNN 20 h 97.4%

RF-GA-DNN 1.5 h 97.0%
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4.3. Prediction of GA-DNN Algorithm. Based on the analysis
of Section 4.2, GA is introduced in DNN due to its excellent
performance in searching for the optimal hyperparameters’
combination. According to the sample data dimension and
experience, the number of hidden layers in DNN is set to 3.
The optimal hyperparameter combination searched by the
GA is as follows: the number of neurons in the three hidden
layers is 35, 6, and 12; the learning rate is 0.002; and the batch
size is 8. Input the optimal hyperparameter combination into
DNN, train 100 times, and iterate 800 generations (each gen-
eration has 20 individuals). The optimal RMSE and forecast
renderings can be gained, as shown in Figures 6 and 7.

Figure 6 shows the effect of the evolutionary times on the
RMSE of GA-DNN. It can be seen from Figure 6 that GA-
DNN converges from generation 405, and the RMSE is
40.49 after convergence. Figure 7 shows the degree of devia-
tion between the actual and predicted values of GA-DNN.
The prediction accuracy of GA-DNN is 97.4%. However, it
is worth noting that the convergence time of GA-DNN is
73694 s (about 20 hours). From this, we know that the con-
vergence time of GA-DNN is still too long and it could be
optimized furtherly.

4.4. Prediction of RF-GA-DNN Algorithm. Random frog is an
efficient approach for variable selection [22], which can move
between fixed-dimensional and transdimensional in different
methods to realize a search. We introduced the random frog
algorithm into GA-DNN to screen out key variables. Vari-
ables filtered by the random frog algorithm are shown in
Figure 8. We take 0.4 as the boundary to filter variables based
on the characteristics of our variables. The optimal hyper-
parameter combination of RF-GA-DNN is as follows: the
number of neurons in the three hidden layers is 23, 17, and
13; the learning rate is 0.001; and the batch size is 12.

Figure 9 illustrates the effect of the evolutionary times on
the RMSE of RF-GA-DNN. It can be concluded that RF-GA-
DNN converges from generation 41, and the RMSE is 43.15
after convergence. The convergence time is 5462 s (about
1.5 hours), which is much less than GA-DNN. Figure 10
shows the degree of deviation between the actual and pre-
dicted values of RF-GA-DNN. The prediction accuracy of
RF-GA-DNN is 97.0%, which is very close to GA-DNN.

In summary, the comparison results of GA-DNN and RF-
GA-DNN are shown in Table 2. As seen in Table 2, it can be
concluded that the convergence time of RF-GA-DNN is only
1/13 of GA-DNNwith the promise of a competitive prediction
accuracy. Hence, RF-GA-DNN has an excellent performance
in convergence time.

5. Conclusions

Predicting the Fintech index benefits various stakeholders,
e.g., assisting investors to design profitable short, medium,
and long-term strategies for investing and guiding financial
regulators to make precise and effective regulatory policies.
However, the convergence time of current prediction algo-
rithms is far from eligible bearing this in mind. In this paper,
we have proposed a hybrid RF-GA-DNN algorithm and
employed this algorithm to predict the Fintech index.

We have examined the performance of the proposed RF-
GA-DNN on predicting the Fintech index. The samples
come from the Wind database with a time period from
March 8, 2015, to April 9, 2021. Through the analysis of
samples, the proposed hybrid RF-GA-DNN has endowed
with excellent superiority compared with the traditional
GA-DNN. More importantly, the convergence time of RF-
GA-DNN is only 1/13 of that of GA-DNN. These results
demonstrate that the proposed hybrid RF-GA-DNN predic-
tion algorithm can be employed as a more effective tool to
predict the Fintech index. In practical applications, the
hybrid RF-GA-DNN prediction algorithm can be expected
to not only provide a reference for investors to formulate
investment strategies but also support financial regulators
to supervise the market.

On the whole, this paper has proposed an efficient algo-
rithm to predict the Fintech index. However, it still remains
an open issue to determine a reasonable evolutionary algebra
range to guarantee the convergence of the algorithm. For
future work, it is worthwhile to provide a convergence anal-
ysis for the proposed algorithm. In addition, the proposed
hybrid RF-GA-DNN prediction algorithm can be further uti-
lized as an efficient tool to deal with other indexes in the stock
market.
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