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The stock turnover values are sensitive to external factors, and remain great challenges in its
prediction. The consideration is that search engine data can reflect market environment, policies
and attentions on stocks. Therefore, a dual sides autoregression (DSAR) method is proposed to
benefit from both observed turnover values and exogenous data. The proposed DSAR consists of
linear representation stage and combination stage. In linear representation stage, the short-term
patterns of turnover values and query data are represented, respectively. In combination stage,
the outputs from previous stages are combined. Intensive experiments on two groups of data
collections show the effectiveness of our proposed method.

Keywords: Stock turnover; search engine data; prediction; time series representation and con-
solidation.

1. Introduction

Due to the potential business value and research challenges on stock turnover fore-
casting, the stock turnover prediction is extensively focused by securities issuers and
academic researchers. Stock turnover values reflect the activities of the stock market
through the huge amount of statistical records.

There are two major considerations in predicting the stock turnover value in the
future. First, the numeric value of a stock turnover value is usually very large and
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varies greatly, which makes the prediction become harder. Second, the stock turn-
over values are easily affected by external environments.

To generate more accurate predictions by leveraging external information, lots of
time series prediction methods using external information were investigated such as
the NARX-RNN! which directly concatenates exogenous information and historical
target observations as inputs of it. Deep neural networks are developed to fuse those
information as well.>® The commonly used exogenous data are inventories,* GDP®
and unemployment rate.’

Stock-related information can be roughly divided into two categories: quantita-
tive data and qualitative description.”® Quantitative data includes but not limited to
stock turnover value, stock price and standard income. The quantitative analysis of
investors makes decisions based on published quantitative data. Qualitative data
includes social appraisal, products and strategies of a company. The qualitative
analysis of investors makes decisions based on company financial reports, short-term
related news and national policies. All of the qualitative data can be directly found in
search engines.

Both quantitative information and qualitative information are important to de-
velop a successful investment strategy, and search engines play a significant role in
accessing those information. Hence, the search index of a given keyword is taken into
account, which can quantize the popularity of a company or a stock.

We propose a dual sides autoregression (DSAR) method for forecasting the stock
turnover time series, via fusing the search engine data and historical stock turnover
values. The proposed DSAR consists of a representation stage and a combination
stage. In the representation stage, the short-term patterns of turnover values and
query data are represented, respectively. In the combination stage, the outputs from
the dual stages are combined. More detail, the DSAR leverages dual linear compo-
nents to discover local dependency patterns among heterogeneous inputs and tar-
gets. An effective dual sides processing structure is considered to capture effects from
past stock turnover values and Baidu search index, respectively. This structure
refines the representation of inputs, and uses a dense layer to combine the outputs
from dual represented sides of two kinds of inputs.

The main contributions of this work can be summarized as follows:

(i) We propose a stock turnover value prediction method by integrating dual
sources of heterogeneous data. Compared with traditional methods, this
method considers the joint impacts of social attention on investment decisions.

(ii) To alleviate the problem of data uncertainty and utilize the historical patterns,
we explore the correlations among historical stock turnover values with seg-
menting. Instead of a simple linear combination of the exogenous features, we
consider the delay effects among features to capture their correlations.

(iii) DSAR method is evaluated on two real stock data collections in the China
A-share stock market, and the results show that our method can achieve
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state-of-the-art than other traditional machine learning methods and classical
deep learning methods. Compared to the state-of-art methods, DSAR not only
demonstrates superiority in performance but also requires fewer parameters
to tune.

The remainder of this paper is summarized as follows. Section 2 introduces related
work. Section 3 illustrates our proposed method. Section 4 gives experimental con-
figurations for fair comparison. Section 5 analyzes evaluated results. Finally, a
conclusion is drawn in Sec. 6.

2. Related Work

This section introduces related stock prediction techniques. According to the type of
input variable(s) of a method, these techniques are categorized into wunivariate

9—40 41-48

methods and multivariate methods.

2.1. Univariate methods

The univariate methods predict future stock turnover values on the basis of past
values. These methods can be divided into statistical methods,”'* learning
methods,'”* and decomposition methods.?

The statistical methods include but not limited to GARCH,” EGARCH,'° auto-
regressive moving average (ARMA) and autoregressive integrated moving average
(ARIMA)."" ARIMA and its different variations based on the famous Box—Jenkins
principle,'? hence these methods are also popularly known as the Box—Jenkins
models. However, the stock time series are inevitably corrupted by objective factors
in the real environment, the historical observed values exhibit well-known nonsta-
tionary and uncertain features. Methods in this sub-category do not work well with
nonstationary series.'?4

The learning methods aim to learn a linear or nonlinear mapping from known
observations to the coming values. These methods are generally divided into tradi-
tional learning methods and temporal concerned learning approaches. The tradi-
tional learning methods consider an observed value as an input dimension, and a
coming value as an output dimension. These methods include but not limited to
multiple linear regression (MLR),"” support vector machine regression (SVR),'%!"
gradient boosting decision tree regression (GBR),'®'? random forest regression
(RFR)?” and extreme gradient boosting (XGB),*" which implement machine learn-
ing algorithms under the gradient boosting framework. The temporal concerned
methods consider the inherent temporal dynamics of historical values when pre-
dicting upcoming values. These methods include but not limited to Deep Multilayer
Perceptron (DMLP), Recurrent Neural Network (RNN),”? Long- and Short-Term
Memory (LSTM),” Gated Recursive Network (GRU),”* Convolutional Neural
Networks (CNN),” Restricted Boltzmann Machines (RBM),”° Deep Belief Networks
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(DBN),*" Autoencoder (AE)*® and Deep Reinforcement Learning (DRL).? In ad-
dition, evolutionary computations (EC),*" genetic algorithms (GA),*' agent-based
methods and multi-objective Evolutionary Algorithms (MOEA)*? 3 are extensively
surveyed on various financial applications including financial time series prediction.
However, these methods are easily remembering all the trained samples on the small-
scale asset data, and have poor abilities of generalization.

For decomposition methods, a time series can be decomposed into several sub-
series of different frequencies, e.g., empirical mode decomposition (EMD),*" 37
CEEMDAN?® and RobustSTL.*>% EMD is a Fourier transform-based signal de-
composition method, which can adaptively process any nonlinear and nonstationary
signals. It should be noted that not all sequences can be well decomposed when a time
series data is discrete and uncertain. Meanwhile, the stock time series data is easily
affected by social environment and political decision.

2.2. Multivariate methods

To alleviate the problem of data uncertainty, kinds of exogenous data are collected
and fused into the statistical methods®! and learning methods.****

The statistical methods linearly combine past values of the target variable and
exogenous variables to predict upcoming target values. Their key differences among
these methods are regressions on the target variables, functions on exogenous data,
and the composition of exogenous data. The most common method is ARIMAX,*!
which is also a different variation of ARIMA.

The learning methods in this category are divided into three sub-categories
according to their model structures. (a) The traditional machine learning methods.
Each exogenous value is an input dimension; (b) The temporal concerned methods.
The temporal dynamics of input data are captured by using RNN structures, and a
nonlinear mapping from inputs to the output is learned from training samples. For
example, NARX-RNN enhances vanilla RNN using additional exogenous features,
and differently treats exogenous inputs and target inputs.! DWNN is the combina-
tion of RNN and CNN.*> SFM implements state-frequency in RNN to explore
multiple frequency sequential patterns.? The encoder—decoder considers time series
forecasting as sequence-to-sequence prediction.”® (c) The attention mechanism
methods. Typically, DA-RNN represents the input attention and temporal attention
to extract significant exogenous inputs and past stock price inputs over time.*!
HRHN uses hierarchical attention mechanism to capture import details from
inputs,*” TPA-LSTM,*® MTNet,*” and LSTNet*® are variant methods.

We focus on predictions based on turnover index data and their relevant query
data. The assumption is that search index would reflect the social attention of a
company, and indirectly influences the stock turnover. Hence, predictions based on
past turnover values and query data has potentials in improving prediction perfor-
mance. However, existing methods are designed for continuous variables, but the
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stock data are connected to discrete variables and has high real-time require-
ments.**! These methods usually have poor performance in stock turnover pre-
diction.

3. Our Approach
This section gives problem definition, and illustrates the proposed DSAR.

3.1. Problem definition

The problem of stock turnover prediction can be addressed as the problem of time
series forecasting. Moreover, the problem of turnover prediction using exogenous
data can be viewed as learning a nonlinear mapping from past turnover values and
exogenous observations to the upcoming stock turnover. This is formulated as

@T+1:F(y15y25"'ayTaxlaXQa"'axT)v (1)

where 97, is the upcoming values, y, € R denotes the observation measured at
time ¢, x; € R™ denotes exogenous factors at time ¢, and F(-) is a nonlinear mapping
which should be learned.

Let X = (x4, Xy, ...,Xr) denote the observed query data in a time-span of size T,
and y = (y1, Y9, ..., yr) be the past logarithmic stock turnover values.

3.2. Dual sides autoregression (DSAR)

The diagram of the proposed DSAR is shown in Fig. 1. This diagram consists of three
stages: data pre-processing and post-processing, search engine data representation
and turnover data representation.

Pre-processing Dual sides autoregression architecture (DSAR) Post-processing
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Fig. 1. The diagram of our proposed DSAR.
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In the data pre-processing stage, as shown in the left part of Fig. 1, the inputs are
normalized to do further segmentation. The inputted data consist of logarithmic
search query data and logarithmic turnover data. In the right part of Fig. 1, the
query data and turnover data representation stage, a softmax layer is exploited to
reduce the magnitude disparity between strong and weak correlation search query
data, and two linear layers are used to exploit series feature details and enhance the
feature representation of input data, respectively. Finally, the dual represented
results are linearly consolidated to generate predictions.

3.2.1. Data pre-processing and post-processing

Normalization and de-normalization. The normalization operation scales the data
from the original range to another range. Due to the significant magnitude difference
between search query data and turnover data, normalization is essentially required.

Both Min—Max normalization and standard (a.k.a, z-score) normalization are
commonly applied to normalize time series data. Min—Max normalization scales data
in the [0,1] interval by using the bounds of the minimum and maximum values.
Standard normalization scales a dataset to a Gaussian distribution, so that the mean
of observed values is 0 and the standard deviation is 1. The mean and standard
deviation estimates of a dataset can be more robust to new data than the minimum
and maximum values.

Min—Max normalization is considered to scale inputs and the target in the study,
since the linear transformation of the original data can maintain the value differ-
ences. The min—max normalization of inputs is formulated and recovered as

,  d—min(d)
4= max(d) — min(d) ’ 2)
d =d' - (max(d) — min(d)) + min(d), (3)

where d € RM™ denotes a feature of observed samples, M is the number of observed
samples, d’ is the normalized data, min(-) is the minimal value of d, and max(+) is the
maximal value of d. The de-normalization formula is applied to revise the final
predictions, which are generated by models.

Segmentation. The segmentation is the transformation of a time series to super-
vised data. To represent the short and medium-term temporal patterns from in-
putted time series, the time series data is transformed into data pairs of inputs and
output and then the supervised methods are applied on these data pairs.

3.2.2. Search query data representation

Input memory representation. The correlation degree between various external data
and the target data dynamically changes. The weakly correlated features may have
poor effects on prediction, and the fluctuation of external data may affect the model
fitting.
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To ensure that the potential details from search queries are extracted from the
DSAR. A softmax layer is exploited to reduce the magnitude disparity between
strong and weak correlation data, and it is formulated as

p = softmax([x, X, ..., X7]), (4)

where the vector p € R™*T is viewed as the attention weight distributions on the
memory inputs. The element in p can be represented as follows:

eXp(Xm,t)
ZjALI eXP(Xj,t) 7 )

where exp(-) represents the exponential function, and x;; represents the element

pm,t =

in x. The input memory a, is the product of the input vector and the weight
distribution, and is formulated as

a; = p* X1, X9, ..., X7], (6)
where the input vector x modified by the weighted distribution can better express
the degree of correlation between search query data and turnover data.

Output memory representation. In order to represent the temporal features from
the search queries after generating input memory representation, DSAR employs a
linear layer to receive the internal association of last outputs.

Linear weighting highlights special periodic events and enhances the extraction of
input information. The linear weighting of the input features can be formulated as

eq:qu*at+bq, (7)

where e, € R is the weighted search query features matrix, w, € R™T is the weight
corresponding to the input dimension, and b, is a bias term.

3.2.3. Turnover data representation

Output memory representation. The target time series (i.e., stock turnover time
series) has a strong correlation among each time stamps. Different to the represen-
tation on exogenous data, the softmax layer is not used for transformation. In order
to analyze the variation in stock data, a linear weighting component is retained as
well as exogenous data representation. The linear weighting is formulated as

6y:wy*[ylay27"-ayT]+bya (8)

where e, € R! is the weighted search query features matrix, w, € R" is the weight
corresponding to the input dimension, and b, is a bias term.

The proposed method combines search query and turnover values through a fully
connected layer to correlate the outputs of dual sides. The combination of dual
representations is formulated as

@T+1 = U(wo[ey; eq] + bo) ) (9)
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where [e,;e,] € R? is the concatenated vector of dual sides outputs, w, € R? is the
weight of outputs from dual represented sources, §r,; is the predicted value of the
logarithmic turnover values in the next weekday, and b, is a bias term, o represents
the sigmoid function.

4. Experimental Setup and Benchmarks

This section gives study materials, evaluation metrics and benchmark methods.

4.1. Turnover data and search engine data

The China A-sharestock market is the main domestic stock sharing market in China,
where stocks are subscribed and traded in China Yuan (CNY). We collected the
historical stock data.

As plotted in Fig. 2, the stock dataset is collected during the period from 4
January 2011 to 18 July 2019, which is available public. It contains two companies
and is organized in days. The turnover values of stock 000001 (Ping An Bank Co.,
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(a) The logarithmic turnover distribution of stock 000001.
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(b) The logarithmic turnover distribution of stock 000002.

Fig. 2. Turnover distributions of stock 000001 and 000002.
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Ltd.) consist of 2057 observations, and stock 000002 (China Vanke Co., Ltd.) con-
sists of 1924 observations.

Logarithmic BSI values and turnover values are used as the input data in the
experiment, which reduces the difficulty of model training for large-magnitude nu-
meric values. The dynamic deduction on those logarithmic values can more intui-
tively show the changes of turnover values in days, which helps to visualize the future
development of trading volume.

The basic statistical characters of observations and their logarithmic values are
listed in Table 1.

4.2. FEvaluation metrics

The evaluation metrics are combined with mean absolute error (MAE), root mean
square error (RMSE), mean absolute percentage error (MAPE) and correlation co-
efficient (R?).””> These criteria can be expressed in the following mathematical

expressions:

1L, y
MAE = &3 vk~ 9, (10)
1L ,
RMSE = N Z (sz_H - y%‘ﬂ)za (11)

Table 1. The basic statistical features of inputs variables (BSI) and target variables
(turnover values).
Symbols Min Max Medium Mean STD
B}, 352 27788 7780 7278.74526 4360.608619
B} 1511 37210 15905 16019.62227 6767.567975
B} 6555 61526 22266 23298.36753 8751.141306
T, 63,994,755  8,596,942,094 638,179,743  1,005,686,565  1,033,385,540
log(BL,) 5.863631 10.232360 8.959312 8.56347 0.988049
Iog(B}i) 7.320527 10.524333 9.674389 9.573979 0.490725
log(B}) 8.787983 11.027215 10.010816 9.983075 0.389340
log(Ty) 17.974312 22.874672 20.274131 20.35216 0.848508
B2, 455 92696 2238 3058.075884 4903.939952
B? 623 72302 2448 2999.287942 3403.818356
B? 1589 164998 4467 6057.363825 8212.152782
T, 93,815,937  20,106,488,583 857,364,772  1,387,510,703  1,608,417,397
log(B2) 6.120297 11.437081 7.713114 7.675108 0.725525
log(B2%) 6.434547 11.188607 7.803027 7.861206 0.424866
log(B2) 7.370860 12.013689 8.404472 8.506177 0.498378
log(Ty) 18.356845 23.724308 20.569374 20.640632 0.863284
Note: “STD” denotes the standard variation.
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1 N
im1 |yT+1|

N . .
E (yZT-&-l - ZA/ZT+1)2
2 _ i=1
R =1- G . (13)

P2
Y141
i=1

In the above equations, y’, ; is the ith actual value in the test period, §/}.; is the
ith predicted value, N is the length of the test period. The performance with the
smallest MAE, RMSE and MAPE and the largest R? are considered to be the best
model.

4.3. Benchmark methods

This section gives several benchmark methods.

4.3.1. Multiple linear regression (MLR)

MLR is widely used for modeling the linear relationship between the input variables
and the target variable. The advantage is that the parameters do not need to be tuned.

4.3.2. Gradient boosting regression (GBR)

GBR produces a prediction model in the form of an ensemble of weak prediction
models, typically decision trees. A stable prediction model can be built by setting the
number of boosting stages, learning rate, number of samples for each split, the
minimum number of samples required to be at a leaf node and the maximum depth of
the individual regression estimators.

4.3.3. Random forest regression (RFR)

RFR is an ensemble learning method for regression via learning decision trees. The
number of trees and a leaf node required the minimum number of samples can be set
in order to adjust the model structure to the optimal state.

4.3.4. Extreme gradient boosting regression (XGboost)

XGboost has gained much popularity and attention recently, which blends regulari-
zation term into loss function, and it is an improvement on the gradient boosting. The
model is selected by the number of trees, learning rate, and maximum tree depth.

4.3.5. Recurrent neural network

NARX-RNN exhibits temporal dynamic states of the sequence by their internal
state. The hidden neurons are used to control the complexity of a RNN.
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4.3.6. Long- and short-term memory

NARX-LSTM is a kind of recurrent neural network, which is composed of a cell, an
input gate, an output gate and a forget gate. The number of hidden neurons is tuned
to optimized the model.

4.3.7. Gate recurrent unit (GRU)

GRU is a variant of LSTM, which uses an update gate to replace the hidden and cell
gates of LSTM. The GRU method adjusts hidden neurons to control the scale of
neural network.

5. Results and Analyses

In this section, the experimental results are displayed to reveal the performance of
algorithms by benefiting from the search engine data. Tables 2 and 3 summarize the
evaluated results of all comparable methods over two kinds of inputs in terms of four
metrics.

5.1. Main results

The optimal MAE, RMSE, MAPE and R? values of comparable methods are found
at T = 10. Hence, the performances of those algorithms are compared by fixing
T = 10. Several important observations are made about these results:

(i) The proposed DSAR has the best performance over all the inputs in the four
metrics.

(ii) By benefiting from search query data, all of comparable methods increase
predict accuracy.

Table 2. Comparisons of different methods on stock 000001 and BSI data in terms of MAE, RMSE,
MAPE, and R2. B! = {B}, B}, B}}.

log(Th) log(Ty) + log(B")
Model MAE RMSE MAPE R? MAE RMSE  MAPE R?
MLR 0.202908 0.375703 0.013997 0.540597 0.293749  0.374669  0.014045  0.543121
GBR 0.300719 0.387361 0.014344 0.511644 0.301725 0.385408  0.014397  0.516557
RFR 0.308839 0.394645 0.014753 0.493105 0.309529  0.390883  0.014791  0.502724
XGB 0.302460 0.385955 0.014444 0.515182 0.301873  0.380885  0.014431  0.527837

RNN-32  0.295733 0.381251 0.014113 0.526929 0.300457  0.377852  0.014394  0.535327
RNN-64  0.295234 0.378088 0.014109 0.534746 0.294004 0.374793  0.014064  0.542819
LSTM-32 0.296370 0.380188 0.014144 0.529562 0.291762  0.376522  0.013926  0.538593
LSTM-64 0.296231 0.381628 0.014141 0.525992 0.293324  0.376842  0.014009  0.537806
GRU-32  0.296861 0.379276 0.014174 0.531818 0.293579  0.376046  0.014025  0.539759
GRU-64  0.295354 0.378535 0.014102 0.533644 0.294108  0.375321  0.014056  0.541530
DSAR 0.291038 0.371440 0.013909 0.550963
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Table 3. Comparisons of different methods on stock 000002 and BSI data in terms of MAE, RMSE,
MAPE, and R2. B? = {B? B?,B2}.

log(T5) log(T3) + log(B?)
Model MAE  RMSE MAPE R2 MAE RMSE  MAPE R2
MLR 0.264770 0.339071 0.012641 0.442676 0.266216 0.339758  0.012729  0.440416
GBR 0.276168 0.352292 0.013174 0.398366 0.277167  0.350270  0.013231  0.405253
RFR 0.274435 0.353815 0.013086 0.393154 0.270414  0.347660  0.012901  0.414083
XGB 0.274543  0.351755 0.013096 0.400200 0.275747 0.349166  0.013153  0.408997

RNN-32  0.264676 0.338500 0.012639 0.444550 0.274475  0.347308  0.013132  0.415269
RNN-64  0.264885 0.338863 0.012649 0.443359 0.268960 0.343304 0.012860  0.428674
LSTM-32 0.267128 0.341731 0.012756 0.433898 0.263466  0.338300  0.012584  0.445206
LSTM-64 0.267766 0.340929 0.012796 0.436551 0.266234  0.340774  0.012718  0.437063
GRU-32  0.265628 0.339615 0.012682 0.440885 0.264181  0.337237  0.012627  0.448687
GRU-64  0.264216 0.339253 0.012603 0.442077 0.265055  0.337619  0.012673  0.447440
DSAR 0.263396 0.336064 0.012581 0.452517

(iii) The performance of traditional linear type methods and recurrent neural net-
work type methods are better than tree-based methods.

The results of comparable methods on stock 000001 are listed in Table 2. (1)
MLR performs best when compared with other methods, which are solely based on
logarithmic turnover index values. A possible reason is that the linear models cap-
tures the relevant temporal details, such as slumps, peaks and other temporal pat-
terns. (2) The RNN, LSTM and GRU methods perform well. But when compared
with MLR, they poorly perform on small scale data collections. The number of
hidden neurons also has a impact on RNN models. RNN with more hidden neurons
works better, but the results of LSTM is opposite to RNN. A possible reason is that
RNN has a simple structure, with the increment of neurons, the structure fit the more
mild fluctuation of stock 000001 and are uneasily to overfitting. Due to complex
structure are easy to capture many details, which leads to local overfitting and
degrades the prediction accuracy. (3) Reminder that tree-based methods, such as
GBR, RFR and XGB have an unstable evaluation result, which suggests that most of
the tree-based methods cannot relieve the random perturbations of logarithmic
turnover time series, and unable to explore a stable pattern to map fluctuation of
time series.

Intuitively, the performance differences between comparable methods are slight,
i.e., in the magnitude of 0.001. A significant reason is that logarithmic turnover index
values have a small variance, which limits the increment of prediction accuracy.
Therefore, the accuracy of the prediction results is relatively low.

According to the prediction results based on the historical turnover index values
and search query index in Table 2. (1) DSAR method shows the optimal evalua-
tion results in terms of four metrics. (2) MLR shows preferable RMSE and MAE,
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LSTM performs better MAE and MAPE among the benchmark methods because
RMSE is used to describe the dispersion of the loss between the predicted values
and target values, while MAE and MAPE are applied to evaluate the absolute
error between the predicted value and the target value. Therefore, the MLR
method shows more balanced error and the LSTM method shows smaller absolute
error in predicting the target value with larger value. (3) The prediction accuracy
of all of the methods improve after fusing search query data, of which RNN, LSTM
and GRU methods are the most obvious. The performance directly reflects that the
fusion of search query data has a significant role in logarithmic turnover index
prediction. The search query data records the historical changes of social con-
centration, which have the ability to capture the trend of specific stocks turnover
and indirectly reduces the influence of turnover series random distributions for
prediction methods.

The results of comparable methods on stock 000002 are listed in Table 3. (1) the
overall prediction accuracy has a significant decline compared to stock 000001. There
are two possible reasons. First, the data volume of stock 000002 is smaller than the
other one. Second, stock 000002 has more drastic fluctuations than stock 000001,
which leads to more difficulties in model fitting and reduced prediction accuracy. (2)
According to the prediction results solely based on the historical turnover index
values in Table 3, compared with the result of stock 0000001, RNN gets the optimal
result, and the linear type methods show poorly performance based on the historical
turnover index values. It suggests that the linear type model has defects for unstable
series, the drastic random oscillations in series can easily cause the method to fail to
converge to the best performance. Then the deep learning model has stronger anti-
interference ability, which can reduce the interference to the prediction model. (3)
The results of the tree-based methods perform poorly as before.

According to the prediction results based on the historical logarithmic turnover
index values and search query data in Table 3, (1) DSAR maintains the optimal
performance, which is significantly better than the other comparison methods. It is
directly shown that DSAR has good stability and generalization performance. (2)
Except the MLR and RNN, the prediction performance of all comparable methods
has increased after fusing the search query data. A possible reason is that traditional
linear type models have defects in processing complex time series data, and RNN has
inherent shortages of gradient explosion and gradient disappearance, which magni-
fies in small scale data collections and complex series learning.

The DSAR method treats search query data and logarithmic turnover index data
separately. First, it reduces the impact of random disturbance of search query index
series on the original logarithmic turnover index values prediction, Second, it cap-
tures the details of search query data features well, and effectively integrates a
variety of heterogeneous data for the upcoming prediction. Therefore, the prediction
accuracy for two different stock data has been significantly improved.
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(a) The correlations between logarithmic turnover and its search index of stock 000001.
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(b) The correlations between logarithmic turnover and its search index of stock 000002.

Fig. 3. The visualization of correlations between the target variable and exogenous variables.

5.2. Correlation analysis

As shown in Fig. 3, the target variable is significantly correlated with logarithmic
search query index variables, except the PC search query data of stock 000001. Their
Pearson Correlation Coefficient (PCC) values are measured and plotted respectively,
and compared in the last subplot. The maximum PCC value is found at mobile
search query data, and the minimum PCC value is found at PC search query data.
The potential reason is that trading stocks on mobile devices are convenient now,
which makes statistics on the mobile side more interpretable. The correlation of stock
0000001 search query in PC part keeps a low level, which suggests that the series is
strongly disturbed by some unrelated factors.

It should be noted that the keywords of different companies are linked to their
industrial structure. Ping An Bank is a subsidiary of a state-owned enterprise, the
volatility of the search query index is also affected to some extent by the reputation
of the parent company. Vanke is an independent joint-stock company, there is no
external influence of the parent company, so the search query index is highly related
to it. Therefore, although they are all listed companies with shareholding systems,
there is a significant difference between the logarithmic search query index and
logarithmic turnover values.

6. Conclusions

This paper focuses on predicting the upcoming stock turnover values by fusing its
past observations and Baidu search query indices.
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To benefit from both weekly and daily data, we proposed a DSAR model. The
proposed DSAR extracts series potential patterns from the search query indices and
turnover values data by exploiting two sequential processing components. Intensive
experiments on two stock turnover data collections reveal the effectiveness of our
proposed method. Furthermore, DSAR can play a significant effect on small-scale
data with the streamlined structure in predicting future values.

In the future, the multi-horizon prediction will be further studied, and the si-
multaneous prediction of multiple financial sequences as well.
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