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Abstract: Stock index prediction plays an important role in the creation of better investment strategies.
However, prediction can be difficult due to the random fluctuation of financial time series. In pursuit
of improved stock index prediction, a hybrid prediction model is proposed in this paper, which
contains two-step data pretreatment, double prediction models, and smart optimization. In the data
pretreatment stage, in order to carry more information about the prediction target, multidimensional
explanatory variables are selected by the Granger causality test, and to eliminate data redundancy,
feature extraction is inserted with the help of principal component analysis; both of these can provide
a higher-quality dataset. Bi-directional long short-term memory and bi-directional gated recurrent
unit network, as the concurrent prediction models, can improve not only the precision, but also the
robustness of results. In the last stage, the proposed model integrates the weight optimization of the
cuckoo search of the two prediction results to take advantage of both. For the model performance
test, four main global stock indices are used. The experimental results show that our model performs
better than other benchmark models, which indicates the potential of the proposed model for
wide application.

Keywords: multidimensional explanatory variables; feature extraction; double prediction models;
weighted combination optimization

1. Introduction

For the past few years, increased globalization, especially in the field of economics,
has changed the world enormously. Connections between different countries and regions
are becoming closer and closer, which can be seen not only in trading markets of goods
and services, but also in capital markets all over the world. The number of global investors
is growing fast, as is the scale of investment capital. In other words, due to the rapid
development of the global economy, financial investments play an increasingly important
role for investors overseas. Therefore, it is of great importance for investors to make
precise predictions of stock indices, because the better their prediction, the more they earn.
There are also many benefits for policymakers in maintaining market order if stock index
prediction can be made more precise [1]. However, based on past studies, precise prediction
of stock indices is not easy. The biggest problem is in the random fluctuation of financial
time series. The movement of stock indices is influenced not only by fundamental elements,
but also by emergency eruption, which creates many difficulties in precise prediction. As a
result, many researchers have explored this field, and the search for improved stock index
prediction is ongoing [2].

Many prediction models have been developed over the years, which can be catego-
rized into two basic types according to existing studies: traditional statistical methods and
emerging machine learning methods.
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Traditional statistical methods dominated this field in the past. Some excellent models,
such as auto-regressive moving average (ARMA) and generalized autoregressive condi-
tional heteroskedasticity (GARCH), still have powerful influence in the prediction field.
For instance, Rounaghi and Zadeh adapted ARMA to forecast stock returns of the S&P
500 and the London Stock Exchange with monthly and yearly time groups [3]. Abounoori
et al. tried to predict the volatility of stock exchanges using mean GARCH values [4].
Traditional statistical methods have contributed to financial time series prediction for the
past few years. However, due to the growing complexity of financial time series, traditional
statistical methods seem inadequate. They usually require high data quality, which creates
logistical obstacles.

Nonetheless, the data from real stock markets can be very complex, which makes it
hard for traditional statistical analysis to provide good predictions [5–7]. Consequently,
the need for improved prediction drives the search for a better way to accommodate
real situations.

Machine learning methods can handle atypical data structure problems. This data
handling capacity profits from the growth of computer algorithms, under which the
limitations of data structure hypotheses can be solved. This represents important progress
in prediction development, as markets in different locations are becoming more relevant
with the growth of globalization. Therefore, in recent years, the use of machine learning
methods to achieve prediction is becoming increasingly popular among researchers in the
field [8]. For instance, Wu and Duan proved that the Elman neural network could achieve
good prediction for the Chinese stock market [9]. Qiu et al. tested the effectiveness of
predicting stock returns using artificial neural networks (ANNs) [10]. Liu et al. introduced
the convolutional neural network (CNN) to forecast exchange rates [11]. Dutta et al.
introduced the gated recurrent unit (GRU) to predict bitcoin prices [12].

With further exploration in the prediction field, the use of hybrid or combined models
is becoming a popular research area. The impetus for this is the perceived benefits of the
complementarity between different models, which has been the subject of much research.
Kristjanpoller and Minutolo found that ANN combined with GARCH could improve the
prediction model performance with a 25% reduction in mean average percentage error [13].
Baffour et al. introduced the Glosten–Jagannathan–Runkle (GJR) approach, based on ANN,
to forecast currency exchange rate volatility, which reduced prediction error [14]. When it
comes to long time series prediction, long short-term memory (LSTM) and gated recurrent
unit (GRU) seem to be popular and have attracted attention from many researchers [15].
For instance, Alonso-Monsalve et al. combined CNN and LSTM to predict cryptocurrency
exchange rates [16]. Kim and Won introduced LSTM based on GARCH and successfully
improved the efficiency of stock price volatility prediction [17]. Patil et al. proved that
GRU can work as well as LSTM in different dataset environments [18]. The secret of their
popularity can be explained by the special structure of recurrent neural networks (RNNs).
Usually, when time series become larger, calculations overcome this obstacle with the use
of information from a long time ago, which can have a negative effect on prediction results.
The design of RNNs excels in this area, because they have stronger storage ability and can
use information from both long- and short-term memory cells; this is the most notable
feature of RNNs. LSTM and GRU are variants of RNN that have a more advanced structure.
They can avoid gradient explosion or gradient disappearance, which simple RNNs cannot.
Based on LSTM and GRU, researchers have added bi-directional information flow to neural
networks to make full use of the information; these are known as bi-directional LSTM
(BILSTM) and bi-directional GRU (BIGRU). Lu et al. introduced BILSTM combined with
CNN and an attention mechanism for stock price prediction [19]. Zhu et al. used BIGRU to
predict rubber future time series [20]. Amazingly, BILSTM and BIGRU have also shown
promise in detection and prediction of COVID-19 infection [21].

The above studies show the good prediction performance of machine learning meth-
ods. However, to make precise predictions, a good model requires good data quality.
Having a high-quality standard dataset is important to improve the prediction results.
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There are two main ways to select explanatory variables. Many researchers have developed
explanatory variables from internal movement by decomposing the original data. Cao
et al. used complete ensemble empirical mode decomposition (CEEMDAN) to provide
variables for financial time series prediction [22]. Yang and Lin introduced empirical mode
decomposition (EMD) to forecast exchange rates [23]. Others have selected variables from
other markets, which were usually related to external influence on the stock markets. When
it comes to related selection, researchers have shown a preference for the Granger causality
test. For instance, Veli et al. used this test to find out the relationship of stock prices and
economic activity nexus in Organization for Economic Cooperation and Development
(OECD) countries [24]. Peng et al. used the Granger causality test to check the relevance
of China’s stock market and the international oil market [25]. Chen et al. used this test
to find relevant variables for the Taiwan stock index [26]. Another study used the test to
determine the relation between crude oil and BRICS (Brazil, Russia, India, China) stock
markets [27].

However, bringing relative variables into the prediction system will lead to multidi-
mensional explanatory variables, which usually involves massive amounts of data and
cannot avoid data redundancy. This redundancy is not helpful for the prediction calcu-
lation part, which not only is more time-consuming, but also leads to worse prediction
results. Therefore, feature extraction is needed and the dataset must be reconstructed.
According to existing papers, principal component analysis (PCA) has excellent perfor-
mance on feature extraction. Farzana et al. used the PCA algorithm to successfully rebuild
intermedia data [28]. Chen and Hao used PCA to extract features and improve stock
trading signals prediction [29]. Adnan et al. introduced the same model into compressive
sensing-based data aggregation efficiently [30]. Apart from feature extraction, principal
component analysis is also a powerful tool for lossy-data compression [31].

Based on previous studies, this paper proposes a novel prediction model that contains
multidimensional explanatory variables, feature extraction, two excellent models, and
smart optimization. In order to provide sufficient information, the hybrid model first uses
the Granger causality test to filter out potential relative variables, which is intended to
lay a good foundation for better prediction. However, when collecting huge amounts
of data, insignificant information and data redundancy cannot be avoided. Therefore,
in the second stage, the hybrid model uses PCA to change the original data structure
into a more concise dataset without losing any principal information. When dealing
with nonlinear and nonstationary movement data, machine learning methods become
attractive, given their good ability. Due to their good performance, BILSTM and BIGRU
are included in the prediction part. Therefore, in pursuit of more precise predictions, this
paper adopts BILSTM and BIGRU as the main predicting models, directly influencing their
effectiveness. Apart from these preliminary preparations, the most illuminating part of
this paper comes in the final optimization, through which the final prediction results are
expected to be improved. To verify effectiveness of the proposed model, four global stock
indices are chosen for testing, which represent different situations in China, the USA, and
Europe [32–36]. By comparing the different models and markets, the effectiveness and
robustness of the proposed model can be fully verified.

The most illuminating innovations of the proposed model can be summarized
as follows:

• Multidimensional explanatory variables. In order to make up for insufficient ex-
planatory information, this paper uses the Granger causality test to select relative
variables from other markets, which brings multidimensional explanatory variables
that can carry more information about stock movement and lay a good foundation
for predictions.

• Feature extraction in data pretreatment. In order to have a balance between suffi-
cient explanatory information and unnecessary data redundancy, multidimensional
explanatory variables are transformed through feature extraction with the help of
PCA, which can improve the data quality.
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• Mixed prediction models. BILSTM and BIGRU are designed to predict simultaneously.
These two models complement each other and produce steadier results compared
with a single model.

• Weighted optimization. Based on the outcomes of BILSTM and BIGRU, cuckoo search
gives weighted optimization, through which the advantages of mixed prediction
models can be combined. As a result, the weighted optimization represents the final
prediction results.

The rest of the paper is arranged as follows: Section 2 introduces the methodology
of all models. Section 3 presents details of the proposed model. Section 4 presents the
experiment. Section 5 provides further discussion. Section 6 offers a final conclusion and
future work prospects.

2. Methodology

This section provides detailed information about the Granger causality test, PCA,
BILSTM, and BIGRU. The Granger causality test and PCA are used as tools for pretreatment
of the dataset, which improves calculation efficiency. BILSTM and BIGRU play the main
roles in prediction.

2.1. Data Pretreatment

In pursuit of improved prediction, the proposed model relies on multidimensional
explanatory variable selection and feature extraction. In the data pretreatment stage, the
Granger causality test is introduced for variable selection, and PCA for feature extraction.

2.1.1. Granger Causality Test

The Granger causality test is a classical test that can be used to detect causal relations
between different time series [37]. Alzahrani et al. proved the efficiency of linear and
nonlinear tests through hypotheses using the Granger test [38]. The assumptions for this
statistical test are as follows:

(1) The cause comes first, and then the effect occurs.
(2) For an effect that happens later, the influence of the cause is unique.

Taking X and Y as an example, there are two time series X(x1, x2, · · · xn) and
Y(y1, y2, · · · yn). aj, bj, cj, and dj are the values of coefficients of corresponding variables,
and ε′t and ε

′′
t are the values of residual errors. The mathematical equations for these causal

relationship of the two time series can be explained as follows:

Xt + b0Yt =
m

∑
j=1

ajXt−j +
m

∑
j=1

bjYt−j + ε′t (1)

Yt + c0Xt =
m

∑
j=1

cjXt−j +
m

∑
j=1

djYt−j + ε
′′
t (2)

In other words, the value of X(x1, x2, · · · xn) is beneficial for the prediction of
Y(y1, y2, · · · yn).

Before the Granger causality test, the unit root test should be used to test whether
the time series is stationary or not. The augmented Dickey–Fuller (ADF) test is used to
check whether there is a unit root in the times series or not; its hypotheses can be explained
as follows:

Hypothesis 1 (H1). The tested time series has a unit root.

Hypothesis 2 (H2). The tested time series does not have a unit root.

In more detail, the equations are as follows:
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(1) No intercept term and time trends:

∆yt = r yt−1 +
p

∑
t=2

βt∆yt−i+1 + εt (3)

(2) Including the intercept, but no time trend:

∆yt = α0 + yt−1 +
p

∑
t=2

βt∆yt−i+1 + εt (4)

(3) Including the intercept and time trends:

∆yt = α0 + α1t + yt−1 +
p

∑
t=2

βt∆yt−i+1 + εt (5)

where α0 is a constant, α1 is the value of the coefficient of the time trend, r is the value of
the coefficient of yt−1, βt is the value of the correlation coefficient, p represents the time lag
value, and εt is the value of residual error.

If the result of the ADF test does not refuse the null hypothesis, a cointegration
test is needed to ascertain the cointegration relationship of the nonstationary time series.
Cointegration refers to nonstationary time series under a linear combination. There are
two hypotheses in the test:

Hypothesis 3 (H3). Variables have a cointegration relationship.

Hypothesis 4 (H4). Variables do not have a cointegration relationship.

The number of cointegrated vectors is determined with two likelihood ratio tests:

(1) Trace test:

λtrace = −n
n

∑
i=r+1

ln (1− λ̂i) (6)

(2) Maximum eigenvalue test:

λmax = −n ln (1− λ̂r−1) (7)

where λ̂i represents the value of estimated eigenvalues, r is the number of cointegrated
vectors, and n is the number of samples.

2.1.2. Principal Component Analysis (PCA)

PCA is a dimension reduction method that can keep the variance and covariance with
low dimension [39]. It is beneficial to change multidimensional data resources into much
smaller dimensions without information loss. The principal components (PCs) are new
sets of orthogonal variables that come from the original high-dimensional data resources.

Let us suppose X is the input dataset, xi is the ith feature vector, xj is the jth feature
vector, m represents how many features there are, and corr(X)ij represents the correlation
matrix between xi and xj. If the number of features is m, usually the size of the correlation
matrix should be m×m. E [x] represents the mean value or expectation of x.

X = (x1, x2, · · · xn) (8)

xi = (xi1, xi2, · · · xim)
t ∈ Rm (9)

xj = (xj1, xj2, · · · xjm)
t ∈ Rm (10)

corr(X)ij = cov
(
xi, xj

)
(11)
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cov
(
xi, xj

)
= E

[
(xi − E[xi])×

(
xj − E

[
xj
])]

(12)

Apart from the correlation matrix, there are also some transformations concerning the
original data matrix. S comes from X, P is a mapping matrix, and Z is the combination of S
and P, which can reduce the redundancy of the original data matrix.

S = (s1, s2, · · · sn)cov
(
xi, xj

)
= E

[
(xi − E[xi])×

(
xj − E

[
xj
])]

(13)

si = (si1, si2, · · · sim)
t (14)

sij = xij − x·J (15)

x·J =
∑k=n

k=1 xk,j

n
(16)

corr(S) =
1
n

SST (17)

corr(Z) =
1
n

ZZT=
1
n
(PS)(PS)T =

1
n

P
(
SST)PT = P

(
1
n
(
SST))PT = Pcorr(S)PT (18)

corr(Z) = Pcorr(S)PT = D (19)

It has been noted that a symmetric matrix can be diagonalized by the matrix with
its orthogonal eigenvectors. Therefore, through a series of transformations, the outcome
should be a diagonal matrix, the value of which corresponds to the new transformed data
series one by one. D is a such matrix, which also represents the importance degree of
explained variance of original data.

2.2. Prediction Models

In this section, BILSTM and BIGRU are explained in detail.

2.2.1. Bi-Directional Long Short-Term Memory (BILSTM)

BILSTM is an excellent variant of RNN, which can avoid the issue of vanishing or
exploding gradients when using information from a long time ago. In this paper, BILSTM is
selected to make predictions in the proposed model. The BILSTM is usually constructed by
three gates, forget, input, and output gates, by which all information flow will be regulated
to the next step. This mechanism of gating guarantees the use of both short- and long-term
memory. Hence, BILSTM can easily avoid the setbacks of simple RNN. The mathematical
equations for how BILSTM works are as follows:

ft = σ
(
U f xt + W f ht−1 + b f

)
(20)

it = σ(Uixt + Wiht−1 + bi) (21)

c̃t = tanh(Ucxt + Wcht−1 + bc) (22)

ct = ft ∗ ct−1 + it ∗ c̃t (23)

ot = σ(U0xt + W0ht−1 + b0) (24)

ht = ot ∗ tanh(ct) (25)

where ft, it, ot are the calculation results of the forget, input, and output gates, respectively,
at time t; U and W represent the weight matrixes of the corresponding gates; xt is the input
data at time t; b is the bias value; ct is the value of long cell or term at time t; c̃t is the
transitional value of ct; ht is the value of short cell or term at time t; and ht−1 is the value
of short cell or term at the previous moment. σ and tanh are activation functions. Thus,
through the three gates of the BILSTM unit, the time series can be read, reset, and updated
for a long-time information loop. The special structure of the BILSTM can create a long
delay between input and feedback, which will avoid the gradient problem.
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The main innovation of BILSTM is the direction of the information flow in the pre-
diction process. In BILSTM, there are two direction flows, which means that can we can
use not only data from the past, but also data from future information. To explain further,
the time series for training the BILSTM model is considered as a whole. In this way, the
training process of the model can be improved.

2.2.2. Bi-Directional Gated Recurrent Unit (BIGRU)

BIGRU is another RNN variant, which also contains long and short memory, and there
is no concern about gradient disappearance and explosion when training this model [40].
Compared with BILSTM, BIGRU has a simpler structure with only two gates: a reset gate
and an update gate. This design is supposed to reduce complexity, with fewer parameters
and stronger convergence.

Similar to the calculation of BILSTM, U and W still stand for weight matrices. xt is
the input data of time t, b is the value of bias; zt and rt are the calculation results of the
update and reset gates, respectively; ht is the value of cell or term at time t, and likewise,
ht−1 is the value of cell or term at the previous moment; h̃t is the transitional value of ht;
and σ and tanh are activation functions. Once the data are put into the unit, BIGRU first
calculates the value of zt and rt, then makes an automatic adjustment of ht and h̃t. All of
the equations for mathematical explanation are expressed as follows:

Zt = σ(WZxt + UZht−1 + bZ) (26)

rt = σ(Wrxt + Urht−1 + br) (27)

h̃t = tanh(W·[rt ∗ ht−1], xt) (28)

ht = Zt ∗ h̃t + (1− Zt) ∗ ht−1 (29)

As with BILSTM, we also introduce BIGRU to help make stock index predictions in
this paper. That means we added another information flow in this model, in which the
training data can be considered as a whole, and the prediction comes from two directions.
In other words, there are two directional flows in the BIGRU model, similar to the structure
of BILSTM. Figure 1 shows the structure of BILSTM and BIGRU.
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3. Overview of the Proposed Hybrid Method
3.1. Weighted Optimization System

In order to improve the prediction performance, BILSTM and BIGRU are introduced
to predict at the same time. However, the mutual complementarity between these models
must be optimized to take full advantage. Therefore, weighted optimization based on
cuckoo search is carried out.

Cuckoo search is an optimization algorithm that can help improve prediction per-
formance [41]. It resembles the cuckoo’s parasitic breeding conduct according to three
main principals:

(1) One cuckoo produces one egg and puts it into a random nest. This means that when
the cuckoo search starts, it will first produce a random solution according to the
objective function.

(2) The best nest will be preserved for next sifting process. In the algorithm, new solutions
are produced based on Lévy flight. Among all produced solutions, the best one will
be preserved and the rest will be abandoned.
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(3) The number of the nest is regular, and the host can discriminate the egg at a probability
of Ps ∈ [0, 1]. The algorithm will repeat the process until it meets the maximal
generation, and give the best solution.

In the cuckoo search algorithm, the “eggs” are the possible solutions of the whole
search, which means that each single solution is represented by the position of one egg in a
host nest. Therefore, “nests” means a couple of solutions, and global search is equivalent
to finding a nest and replacing the eggs in it, while local search means finding a new nest
when the host bird detects the egg and abandons that nest. In fact, the cuckoo search
combines local and global search. The quality of the egg, or the solution, is relevant to
evaluating the indicator values of the objective function. The goal of the cuckoo search is
to replace the existing solution with a better one, which is based on Lévy flight.

The movement of Lévy flight is a random walk under Lévy distribution. The mathe-
matical expressions are as follows:

Lt+1
i = Lt

i + σlevy(s, λ)ht−1 (30)

levy(s, λ) =
λΓ(λ)× sin (πλ)

2
π

1
s(1+λ)

(31)

where σ represents the step size value; Lt
i represents the ith location of the tth generation;

Lt+1
i means the ith location at the next generation; Γ is the gamma function; and s and λ

are the parameter values that determine the distribution of Lévy flight. The mathematical
expression of the cuckoo search is as follows:

St+1
i = St

i + σ⊗ H(P−ω)⊗ (Si − Sk) (32)

where H is the Heaviside function, σ is the step size value, ω is a random number drawn
from a uniform distribution, P is the probability value to transmit among the local and
global random walk, ⊗means the dot of each single element, and Si and Sk are solutions
picked randomly.

The algorithm principal of the weighted cuckoo search optimization, Algorithm 1, can
be explained in brief. xi

1 and xi
2 represent the predicting result from BILSTM and BIGRU,

ŷi is the value of final predicting result which is based on weighted optimization through
cuckoo search. yi is the real value of stock index. In this paper, the parameters of the cuckoo
search are given as follows: probability of finding eggs is 0.25; population is 25; maximum
iteration is 100, step size is 0.1; Lévy exponent is 1.5.

Algorithm 1 Principal of weighted cuckoo search optimization.

Input: xi
1 (prediction results of BILSTM), xi

2 (prediction results of BIGRU), and yi (real points
of stock index); number of iterations m, probability of finding eggs, number of population,
value of step size, value of Lévy exponent
Initialize: Randomly pick the set of a starting nest with (x1, x2)
Iteration I = 0
For i = 0, 1, . . . , m:
1. Generate w1 (weight of BILSTM prediction result) and w2 (weight of BIGRU prediction
result), calculate ŷi (combined prediction result) and ei (performance criterion)
2. Compare ei with ei-1, replace the best nest with smaller error, update the combined
prediction result ŷi
3. Replace the weights with the best nest, update the weights of BILSTM and BIGRU
prediction results
4: Repeat steps 1 to 3 until iteration meets m, set the best nest with smallest prediction error
Output: w1 and w2
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3.2. Structure of the Proposed Model

In pursuit of improved stock index prediction performance, a novel combined model
is proposed in this paper. Figure 2 shows the framework of the proposed model. The
design and the main steps of this model can be summarized in three stages:
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• Feature extraction and data reconstruction. While multidimensional explanatory
variables perform well with more data information, using them can cause setbacks in
calculation because of data redundancy. In pursuit of easier calculation, transforming
the original dataset is required. Hence, PCA is introduced next to extract features and
transform the data, which will reduce data redundancy and improve the structure of
the original multidimensional dataset.

• Prediction and optimization. For the predicting part, BILSTM and BIGRU are used
separately to make predictions about the target stock index, the outcome of which
lays a good foundation for the final shot. Then, the two outcomes from the models
are optimized by cuckoo search, which can take advantage of both as well as provide
mutual complementarity regarding precision and robustness. The final prediction
outcome of the novel model is thus produced.

3.3. Evaluation Criteria

The evaluation criteria for prediction performance in this paper include RMSE, MAE,
and MAPE, whose calculation formulas are given in Table 1. yi is the real value, while ŷi is
the value of the prediction result.

Table 1. Evaluation criteria.

Metric Definition Calculation

RMSE Root mean square error RMSE =

√
∑i=n

i=1 (yi−ŷi)
2

n

MAE Mean absolute error MAE = 1
n ∑i=n

i=1

∣∣∣yi − ŷi

∣∣∣
MAPE Mean absolute percentage error MAPE = 1

n ∑i=n
i=1

∣∣∣1− ŷi
yi

∣∣∣
4. Experiment

This section presents details on the data resources and the calculations for data trans-
formation, the experimental criteria, and predictions.

4.1. Data Resource Descriptions

In this paper, four globally influential stock indices are chosen as targets for verification
of model prediction effect and stability: SHSECI on the mainland, SZSECI on the mainland,
Standard & Poor’s 500 in the USA, and DAX in Germany. The financial time series was
from 15 August 2011 to 9 December 2020, among which 2392 trading numbers were proved
effective after deleting invalid and unavailable numbers, such as asynchronous weekends,
holidays, and trading days around the world. All data resources were downloaded from
the website of East Money in China. The whole experiment is composed of three datasets:
the training set accounts for 60%, the validation set 20%, and the testing set 20%. The data
resources can be seen in Figure 3.

4.2. Multidimensional Explanatory Variables

To make full use of external influences on stock index prediction, this paper intro-
duces the Granger causality test to select potential relative variables from other markets.
According to the results of past research and the Granger causality test, five main types of
variables have an influence on stock index movement: exchange rates, stock index futures,
interest rates, commodity futures, and currency index, as shown in Figure 4.
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4.3. Feature Extraction

In the process of data collection, data redundancy and insignificant information will
reduce their effectiveness. Hence, it is necessary to find a way to extract features and
reconstruct data so as to improve the data quality itself. This paper introduces principal
component analysis to complete that task. The accumulated explained variance ratio is
set above 99%. With the help of PCA, the data structure is transformed from high to low
dimension without significant information loss, which undoubtedly greatly improves the
data quality, improving the prediction performance. The outcomes of PCA are presented
in Figure 5. Explained variance ratios are given in Table 2.
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Table 2. Explained variance ratio of four stock indices.

Explained Variance Ratio

PCs SHSECI SZSECI S&P 500 DAX

1 89.65% 86.04% 89.94% 89.84%
2 5.29% 5.12% 5.29% 4.96%
3 3.40% 4.81% 3.34% 3.33%
4 0.73% 2.89% 0.72% 0.80%
5 0.53% 0.66% 0.48% 0.53%

Sum 99.60% 99.52% 99.77% 99.46%

4.4. Empirical Results

This section presents the prediction performance of the proposed model and bench-
mark models.

Prediction and Comparisons

The prediction process of the hybrid model contains two steps. In step one, BILSTM
and BIGRU make predictions individually at the same time, which provides two series as
the prediction result for each one. In step two, the two prediction results are optimized by
cuckoo search.

Apart from BILSTM and BIGRU, this paper also introduces support vector machine
(SVM), random forest (RF), back propagation (BP), and a pure combination without Granger
causality test and PCA (COMBINED) for comparison experiments to test the efficiency
of the proposed model. In addition, we also designed different lag spans, serving as
supplementary comparisons, to check the stability of model efficiency. There are six groups:
1, 3, 5, 7, 10, and 15 days. As a result, the whole experiment is composed of seven models
plus six lag spans on four stock indices.

All experiments were tested on the platform of Jupyter Notebook with Python lan-
guage. Table 3 shows all experiment errors. Apart from this, the group of 7-day lag
experiments was chosen to give more information. Figure 6 shows a graph of the predic-
tion performance. Figure 7 shows the prediction results. Table 4 shows comparisons of
running times, Table 5 shows the weights of BILSTM and BIGRU, and Table 6 shows the
outcomes of z-tests between proposed and benchmark models.
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Table 3. Prediction errors of four stock indices.

Time Lag 1 Day 3 Days 5 Days 7 Days 10 Days 15 Days

RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE

SHSECI

BILSTM 177.08 156.65 5.11 170.94 150.49 4.88 188.23 166.99 5.43 165.24 147.27 4.84 183.32 161.24 5.25 187.37 162.80 5.25

BIGRU 162.31 145.22 4.80 263.42 220.24 7.40 264.12 223.20 7.49 168.35 150.33 4.87 229.46 194.22 6.40 202.75 175.93 5.66

SVM 603.39 487.61 15.78 329.55 283.46 9.50 366.84 316.46 9.99 368.87 311.11 10.00 390.68 341.25 11.02 341.39 306.27 9.73

RF 433.87 355.95 11.43 481.63 426.19 13.79 397.01 344.52 11.13 260.38 220.14 7.38 242.75 200.54 6.75 231.00 189.24 6.38

BP 469.29 393.59 12.65 354.70 297.78 9.79 359.23 305.09 9.85 294.95 253.68 8.51 352.16 301.42 9.73 388.94 309.77 9.87

COMBINED 148.93 133.26 3.52 163.49 143.49 4.33 178.79 153.00 5.24 149.62 136.64 3.72 175.47 150.90 5.03 165.08 144.07 4.39

PROPOSED 40.90 32.04 1.05 49.78 38.02 1.27 58.39 48.28 1.61 48.80 39.18 1.27 53.62 44.38 1.44 61.58 52.42 1.75

SZSECI

BILSTM 372.06 297.24 2.94 367.93 299.66 2.98 335.27 299.38 2.59 382.95 297.43 2.93 351.46 282.68 2.91 428.07 354.15 3.75

BIGRU 414.65 346.79 3.39 357.14 288.99 2.92 301.74 272.70 2.33 316.01 252.61 2.63 270.36 202.38 1.92 351.56 302.98 3.02

SVM 1099.73 793.66 7.79 1732.40 1498.84 15.59 1715.30 1475.93 15.38 1375.47 965.90 10.99 1850.04 1562.29 16.15 1401.36 988.58 11.26

RF 744.60 564.92 5.57 707.48 530.83 5.23 668.55 506.04 4.98 669.90 501.75 4.92 655.47 490.89 4.80 640.56 504.18 4.92

BP 1932.54 1720.54 18.51 1892.78 1682.32 27.86 1907.38 1646.16 16.95 1542.30 1283.50 12.56 2040.60 1647.18 23.42 2399.27 1931.29 20.61

COMBINED 307.27 258.81 2.37 281.49 223.29 2.14 271.34 209.27 2.02 274.41 220.20 2.58 246.16 198.72 1.44 314.84 267.34 2.43

PROPOSED 197.50 148.44 1.34 168.83 125.35 1.16 159.76 119.53 1.09 180.82 137.51 1.25 154.36 120.93 1.09 162.91 130.29 1.17

S&P’500

BILSTM 268.02 207.73 6.44 349.11 320.35 10.19 228.30 160.99 4.94 268.46 210.03 9.57 254.33 180.11 5.53 198.90 134.12 4.11

BIGRU 338.41 286.27 8.99 269.94 197.42 6.07 302.24 277.38 8.83 207.53 161.11 5.90 258.66 182.25 5.94 330.74 296.58 9.39

SVM 476.06 421.70 15.65 484.36 429.06 15.92 503.20 442.57 16.39 512.84 475.59 16.71 556.17 516.23 19.29 572.09 523.08 19.61

RF 522.59 463.08 17.18 528.44 468.08 17.36 536.39 474.64 17.60 539.20 492.65 17.62 544.69 481.95 17.87 553.30 496.66 18.44

BP 783.29 725.41 20.96 577.91 486.51 23.51 877.91 786.51 25.51 773.81 605.25 21.35 759.50 665.76 26.11 741.50 672.40 23.54

COMBINED 137.01 94.62 2.94 256.26 189.69 5.30 146.93 159.80 4.02 185.54 157.92 5.47 181.91 146.76 4.52 175.28 129.52 4.02

PROPOSED 60.77 43.62 1.46 60.19 40.56 1.36 68.65 54.41 1.77 77.95 67.33 2.19 67.30 47.85 1.56 64.90 44.12 1.45

DAX

BILSTM 338.12 305.47 5.31 321.85 292.15 3.98 269.85 240.12 5.48 357.25 325.66 4.78 309.23 287.91 6.52 379.88 327.16 7.24

BIGRU 362.48 320.97 6.77 385.58 343.43 6.93 297.47 253.19 6.15 312.27 281.24 4.27 354.42 291.72 6.94 364.98 313.49 6.92

SVM 798.00 712.12 8.86 754.81 708.31 8.98 788.76 750.55 10.79 821.35 771.63 8.34 814.38 765.33 9.61 870.35 818.00 11.00

RF 624.11 570.16 7.65 648.38 595.09 7.92 553.80 517.51 7.33 585.03 562.27 6.61 580.47 535.72 7.58 591.63 568.96 7.88

BP 586.70 543.50 7.69 579.03 536.57 7.59 583.59 544.60 7.59 611.35 584.37 7.14 592.33 559.81 7.29 614.20 596.40 7.71

COMBINED 324.62 302.73 4.48 312.92 289.66 3.37 252.30 218.16 4.97 314.62 295.19 3.33 305.01 258.91 5.29 317.83 299.75 5.93

PROPOSED 194.88 141.56 1.19 217.03 159.41 1.32 265.52 220.63 1.80 215.77 167.90 1.39 227.57 169.56 1.43 247.92 199.87 1.63
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Table 4. Comparison of running time of 7-day lag experiments.

Average Running Time (Time Lag = 7 days)

Models SHSECI SZSECI S&P 500 DAX

BILSTM 25.88 s 26.44 s 26.14 s 26.43 s
BIGRU 28.16 s 28.10 s 28.30 s 28.34 s
SVM 14.05 s 16.06 s 12.08 s 15.43 s
RF 13.52 s 13.91 s 12.69 s 13.07 s
BP 11.27 s 12.27 s 12.55 s 12.56 s

COMBINED 38.26 s 37.98 s 39.85 s 38.96 s
PROPOSED 51.73 s 54.86 s 60.76 s 57.11 s

Table 5. Weights of BILSTM and BIGRU (time lag = 7 days).

Models
Weights of BILSTM and BIGRU (Time Lag = 7 days)

SHSECI SZSECI S&P 500 DAX

BILSTM (COMBINED) 0.9325 0.7243 0.7459 0.9462
BIGRU (COMBINED) 0.0675 0.2757 0.2541 0.0538
BILSTM (PROPOSED) 0.9871 0.7009 0.6897 0.9577
BIGRU (PROPOSED) 0.0129 0.2991 0.3103 0.0423Mathematics 2021, 9, x FOR PEER REVIEW 16 of 20 
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Table 6. Outcomes of z-tests between proposed and benchmark models in 7-day lag experiments.

Models SHSECI SZSECI S&P 500 DAX

BILSTM 0.00079 0.00019 0.00017 0.00043
BIGRU 0.00601 0.00086 0.00095 0.00005
SVM 0.00024 0.00027 0.00019 0.00015
RF 0.00041 0.00091 0.00037 0.00045
BP 0.00054 0.00006 0.00048 0.00028

COMBINED 0.00128 0.00132 0.00074 0.00046
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5. Results and Discussion
5.1. Results

With regard to the experimental results, it can be easily seen that the proposed model
improves the prediction performance based on optimization, Granger causality test, and
PCA. When it comes to prediction errors, the smaller the outcome, the better the prediction.
It can be easily seen that the proposed model has better prediction performance.

5.2. Discussion

In the design, there are two dimensions for comparison in the experiment, one for
verification of efficiency, and one for verification of stability. The prediction errors of the
proposed model with different time lags in four stock markets are smaller than those of
the benchmark models. When it comes to the test for efficiency, the prediction results of
the proposed model on SHSECI, SZSECI, S&P 500, and DAX exceed those of benchmark
models BILSTM, BIGRU, SVM, RF, BP, and COMBINED, which supports this point. When
it comes to the test for stability, prediction results of different time lags provide proof.

The evaluation criteria in this paper are root mean square error, mean absolute error,
and mean absolute percentage error, which are the widespread statistical criteria that can
be seen in many papers. The prediction results are displayed in Table 3. With regard to the
evaluation criteria, the proposed model has better prediction performance, which benefits
from Granger causality test, PCA, and cuckoo search optimization. These comparison
outcomes fully prove the effectiveness of the proposed model, and show its robustness for
prediction of different stock markets in different situations. In this respect, the proposed
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model can be expected to be used for the prediction of other stock indices with better
performance than benchmark models.

In order to give more comparison information, this paper chooses the 7-day lag to
show the running times, weights, prediction situations, and z-test outcomes. The average
running time is longer for the proposed model than other models. However, given the
improved performance, the proposed model is worth using. In fact, different times series
have different complexities, which makes it difficult for one single model to cover all
prediction performance. The reason why the proposed model shows better performance
than the other models is the use of the Granger causality test, PCA, and optimized weights.
In other words, the Granger causality test and PCA can help to improve data quality, and
cuckoo search takes advantage of both BILSTM and BIGRU, which can improve prediction
performance.

From the comparisons above, the features of the proposed model are obvious. First,
it is a good model that can be applied to different stock indices to make predictions. The
comparison between four stock indices on seven benchmark models proves that. Second,
the proposed model can be used to make predictions under different time lags. In other
words, the model is robust to time lags, which helps to broaden its application.

To sum up, the proposed model is a good model for stock index prediction, which can
improve prediction performance.

6. Conclusions

In order to improve the prediction of stock indices, a hybrid model based on optimiza-
tion between BILSTM and BIGRU is proposed in this paper. This hybrid model first uses
the Granger causality test to filter out the explanatory variables as much as possible. Then,
it uses PCA to extract features of the multidimensional dataset to avoid data redundancy,
which makes the prediction calculation easy and appropriate for common computers.

In the prediction process, two steps are designed. In step one, BILSTM and BIGRU
make predictions individually at the same time. In step two, the outcomes of BILSTM and
BIGRU are optimized through cuckoo search. The optimized prediction outcome represents
the final prediction result of the proposed model in this paper. RMSE, MAE, and MAPE
are introduced as evaluation criteria. With regard to these statistical errors, the proposed
model successfully shows improved performance. In addition to the effectiveness test,
the robustness result is also excellent. In short, from the point of view of comparison, the
proposed model outperforms not only on different stock indices, but also on different time
lags, which may bring opportunities for widespread application in stock index prediction.

All of the empirical evidence proves the excellence of the proposed model. However,
the biggest contribution of this paper is regarding the exploration of combinations of
different prediction models. Though the proposed model is a good start, there is still a long
way to go in the pursuit of a better prediction model. For example, the best individual
prediction model, combinations of three or more prediction models, and optimization
algorithms have yet to be explored. Through consistent exploration, more and better
prediction models will be developed, which will undoubtedly contribute a great deal to
the whole prediction field.
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Abbreviations

PCA Principal component analysis
SHSECI Shanghai Stock Exchange Composite Index
SZSECI Shenzhen Stock Exchange Components Index
ANN Artificial neural network
ARMA Autoregressive moving average
BILSTM Bi-directional long short-term memory
BIGRU Bi-directional gated recurrent unit
S&P 500 Standard & Poor’s 500
GARCH Generalized autoregressive conditional heteroskedasticity
CEEMD Complete ensemble empirical mode decomposition
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