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a b s t r a c t

Sentiment analysis technology has made it possible to precisely calculate the daily reactions and opin-
ions of investors, which has been found to have a significant influence on financial asset pricing. Thus, in
this study, we examine the impacts that predictive power investor sentiment has over the price of
China's crude oil. We first constructed investor sentiment indexes of China's crude oil futures based on
specific economic variables and comments found on one of the most active online financial forums. Then,
five popular machine learning tools were utilized to generate predictions. According to our findings, the
long short-term memory model combined with the composite sentiment index performed the best due
to a lower rate of prediction errors and greater directional accuracy for time-series forecasting of one-
day-ahead prices. In this way, this study could aid researchers to more effectively investigate the en-
ergy sector which is rapidly changing and highly speculative in nature

© 2022 Elsevier Ltd. All rights reserved.
1. Introduction

This paper explores the extent to which investor sentiment
plays a role in predicting the price of the Shanghai International
Energy Exchange's (INE) crude oil futures market. Investor senti-
ment is defined as stakeholders' attitudes and beliefs regarding
future trends of financial assets, which are usually not validated by
facts or data [1]. Although the role of investor sentiment in finance
has been studied extensively with respect to the stock market
[2e6] and futures market [7e12], its influence on newly instituted
INE crude oil futures has yet to be explored.

OnMarch 26, 2018, twomajor financial advancements occurred:
China crude oil futures contracts were made available to investors,
and The Shanghai International Energy Exchange, owned by
Shanghai Futures Exchange, was established. Three months later,
the daily trading volume of China's crude oil futures exceeded that
of Dubai's, making it the largest of this type in Asia. The impact of
investor sentiment on crude oil futures in the INEmarket must then
be investigated as one of the newly established financial predictors
y College of Liberal Arts and
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as well as an integral feature of this recently emerged flourishing
market for several reasons. To begin with, although West Texas
Intermediate (WTI) and Brent remain leaders in the financial
market, the INE crude oil futures contract has become a vital
component in this global pricing system as well as an
asset allocation tool for international investors. It acts as a pricing
benchmark for the relationship between supply and demand in
China and East Asian markets, which accounts for one of the largest
consumption shares of global crude oil. Moreover, its novel aspects
compared to other financial assets have yet to be analyzed. For
example, the average trading-to-holding volume ratio of INE crude
oil futures from 2018 to 2020 was approximately 7.15, while the
other mature crude oil futures contracts yielded an average ratio of
less than one. It is generally believed that the volume of holding
reflects investors' tendency for hedging, and the difference be-
tween the trading and holding rates indicates that speculative in-
vestors have engaged in high levels of trading. Thus, a relatively
high trading-to-holding volume ratio indicates a high percentage of
speculative traders in China's crude oil futures. This scenario is
tantamount to suggest that the impact of the market function of
price discovery will decline and that investor sentiment may play a
considerable role in oil pricing. Finally, this type of market is
dominated by individual investors whose behaviors are greatly
affected by their emotions and opinions. According to statistics
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Abbreviations

ADF Augmented Dickey-Fuller
API Artificial Intelligence Application Program Interface
AR Autoregressive Model
BRENT Brent Crude Oil Futures
CCCI China Commodity Composite Index
CNY Chinese yuan renminbi
CSI300 Shanghai and Shenzhen 300 Index
DM Diebold-Mariano
DS Directional Symmetry
ECFI Energy Commodity Futures Index
ER Exchange Rate
GB Government Bond Rate
GRU Gated Recurrent Unit
INE Shanghai International Energy Exchange Crude Oil

Futures
LASSO Least Absolute Shrinkage and Selection Operator
LSTM Long Short-Term Memory
MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
MLP Multilayer Perceptron
NLP Natural Language Processing
OG Oil and Gas Index within the Chinese National Index
PSR Phase Space Reconstruction
RMSE Root Mean Square Error
RNN Recurrent Neural Network
SENT_A Sentiment Index Using Ali API
SENT_AVE Sentiment Index Using Simple Average Method
SENT_B Sentiment Index Using Baidu API
SENT_MKT Sentiment Index Using Market Share Weighted

Average Method
SENT_T Sentiment Index using Tencent API
SENT_VOT Sentiment index using Voting-Like Method
SHIB Shanghai Interbank Offered Rate
SH Shanghai Stock Exchange Composite Share Index
SZ Shenzhen Stock Exchange Composite Share Index
SVR Supported Vector Machine Regression
WTI West Texas Intermediate Crude Oil Futures

Z. Jiang, L. Zhang, L. Zhang et al. Energy 247 (2022) 123471
from the INE website, individual investors accounted for 65% of the
trading volume of crude oil futures in 2019, which was higher than
that of WTI. According to the latest WTI statistic report, by March
2021, non-commercial positions accounted for about 53% of the
total positions. Therefore, the relationship between investor
sentiment and the crude oil futures market returns for INE may
differ from that of the developed futures markets which are
dominated by savvy institutional investors in the market. This
possible difference merits further investigation.

We used open-source AI platforms to perform the sentiment
analysis in this empirical study. Sentiment analysis (also known as
opinion mining or emotion AI) refers to the use of natural language
processing, text analysis, and computational linguistics to system-
atically identify, extract, quantify, and study affective states and
subjective information [13]. Social media is a powerful forum in
which users share their opinions and views about any topic or
article, which results in an enormous amount of unstructured in-
formation [14]. Scholars have used sentiment analysis to empiri-
cally examine the relationship between the feelings of investors
and changes in the capital market. This type of method gained
popularity particularly after the 2008 financial crisis [15]. Many
researchers have employed this method to examine sentiments
from social networking sites such as Twitter [16] and StockTwits
[17], websites such as Yahoo! Finance [18], or the news [19].

Traditionally, researchers would construct a sentiment dictio-
nary and incorporate the bag-of-words model for analysis. How-
ever, due to the fact that the public's technical vocabulary is
constantly expanding as a result of certain terms becoming part of
the everyday lexicon, it is difficult to distinguish between positive
and negative comments because it is not possible to update the
dictionary in real-time. In addition, this approach is too dependent
on the quality of the dictionary, which has limitations such as
insufficient coverage of sentiment words and a lack of domain
words [20]. In the face of such challenges, some behavioral eco-
nomics scholars have turned to open-source AI platforms to aid in
sentiment analysis as part of their empirical research (Q. S [21,22].
This technique provides some advantages compared to the tradi-
tional sentiment dictionary method. First and foremost, since there
is a huge amount of raw comment data on the Internet, the con-
structed open-source AI platforms can be used accordingly to
perform sentiment analysis based on real-time updates of the
2

linguistic data, resulting in greater accuracy. Additionally, due to
their high generalizability, open-source AI platforms can auto-
matically learn deep semantic and syntactic features even within
relatively long sentences, which is more efficient than the dictio-
nary method [23].

The main purpose of this study was to answer two vital ques-
tions: 1. Will the inclusion of investor sentiment improve predic-
tion accuracy, and which sentiment proxy variable will be the most
accurate for this purpose? 2. Which model will most accurately
predict the INE price of crude oil futures with the inclusion of the
investor sentiment index? Following this logic, we first explored
investors' daily comments posted on one of the most active online
financial forums in China. Then, we utilized the multi-cloud plat-
form sentiment analysis method to construct three different daily
indexes to monitor investors' feelings about China's crude oil fu-
tures. The Granger causality test and the Least Absolute Shrinkage
and Selection Operator (LASSO) regression test were also employed
to analyze other variables which have been proven to have signif-
icant predictive power. Finally, we used six types of models, i.e.
Autoregressive model (AR), Supported Vector Machine Regression
(SVR), Multilayer Perceptron (MLP), Recurrent Neural Network
(RNN), Gated Recurrent Unit (GRU), and Long short-term memory
(LSTM) to carry out the price forecasting. The results indicated that
the LSTM model that incorporates the composite sentiment index
showed the best predictive accuracy.

This study offers three main contributions to energy finance.
First, we introduce a technique for using open-source technology to
calculate investor sentiment precisely. This method, which bridges
the field of psychology with financial studies of investment, high-
lights the crucial role that psychological factors play in the financial
market. Secondly, it provides a deep learning method for accurately
predicting INE crude oil futures prices using investor sentiment and
related economic variables. The innovative ways in which deep
learning can be applied to financial economics are demonstrated.
Finally, the sentiment-driven method introduced in this paper,
which has proven to be a valid technique for forecasting the price of
China's newly built crude oil futures prices, could be an effective
benchmarking tool for predicting emerging financial asset prices in
burgeoning markets. This is of importance for both investors and
policy regulators.

The rest of this paper proceeds as follows. Section 2 includes an



Fig. 1. Framework of Main Methodologies.

1 The sentiment analysis modules in Application Programming Interfaces of
Baidu, Ali and Tencent are posted at https://ai.baidu.com/tech/nlp_apply/
sentiment_classify, https://ai.aliyun.com/nlp, and https://cloud.tencent.com/
product/nlp respectively.
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introduction of the methodologies utilized and a description of the
data. The findings and conclusions are provided in sections 3 and 4.

2. Methodology and data

In this section, we first introduce the method of calculating the
investor sentiment index of INE crude oil. Then we present the
linear and nonlinear Granger causality tests and LASSO regression
methods used in the variable selection procedure. Finally, we
introduce the prediction models and the basic status of the data.
The whole framework of the paper is presented in Fig. 1.

2.1. Calculating the sentiment index

2.1.1. Utilizing a Web crawler to download online comments
To directly measure investor sentiment regarding the INE crude

oil futures market, we built a crawler to download the comments
posted on the Eastmoney forum, which is the most famous and
commonly used financial forum in Chinese language. There are two
reasons why we chose to collect comments from this provider. The
first is that compared to other financial forums in China, such as
Sina and Hexun, Eastmoney has the largest number of substantive
comments from investors. Second, according to the Internet Society
of China, it had the highest click rate of all the financial forums up
until 2020. From May 2018 to March 2020, we collected 52,228
comments on the crude oil futures market, 50,800 of which were
valid. We filtered out the comments that only contain punctuations,
emojis, or a single word. 1428 comments were thus deleted.

2.1.2. Multi-cloud platform sentiment analysis method
As traditional dictionary-based sentiment analysis methods are

limited by dictionary size and cannot be updated in real time, they
have limitations on the data analysis results of open source online
comments (Q [21]. To accurately calculate the sentiment result
(positive or negative) of each comment from the comments we
obtained, we adopt the intelligent platforms developed by Internet
giants to perform the sentiment analysis and to address the chal-
lenges the traditional methods are facing. Baidu, Alibaba, and
3

Tencent, collectively known as “BAT”, are three hugely successful
Chinese companies in the field of Internet applications. They have
all built their Intelligent Cloud Platforms to provide a variety of
Artificial Intelligence Application Program Interfaces (APIs),1 which
includes sentiment analysis that is trained based on the hundred-
billion Internet corpora and deep neural network models such as
LSTM and BERT and is continuously updated iteratively to ensure
the continued accuracy [22]. In addition, the platforms have been
widely used in finance, retail, manufacturing, government affairs,
and other fields [24,25].

The APIs can automatically calculate the sentiment value of a
piece of text using Natural Language Processing, which is pre-
developed and pre-adjusted by many specialized data pro-
grammers (Q. S [21]. We can briefly summarize the calculation
steps as follows. It measures investor sentiment by firstly seg-
menting the words into nouns, verbs, and adjectives, and then
computes the frequency of all the words sorted (piÞ; secondly,
matching the words with the sentiment value in the unique data-
base automatically, eachwordwill be assigned a sentiment value vi;
thirdly, by multiplying the frequency of each word with the senti-

ment value and then summing them up (
Pn
i¼1

pi,vi), it obtains the

initial sentiment for each text; in addition, based on independent
deep learning technology, the APIs of BAT can precisely adjust the
assignment of a word's sentiment value in a specific scenario, given
that one word may reflect a different degree of sentiment con-
cerning different scenarios [26].

Using the APIs from BAT's intelligence clouds, we obtained three
sentiment scores ranging from 0 to 1 to rate each comment from
forum participants. If the score is above 0.5, the sentiment of the
comment is considered to be positive and if it was below 0.5, the
comment is considered negative.

https://ai.baidu.com/tech/nlp_apply/sentiment_classify
https://ai.baidu.com/tech/nlp_apply/sentiment_classify
https://ai.aliyun.com/nlp
https://cloud.tencent.com/product/nlp
https://cloud.tencent.com/product/nlp
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2.1.3. Daily sentiment scores calculation
For the three scores calculated by three platforms of each

comment, we have used a variety of methods to determine the
sentiment result as positivity or negativity. The first method is the
voting-like method (SENT_VOT) that takes the majority result as
the conclusion. The method is similar to voting, that is, if two or
three of the scores were above 0.5, then the result was considered
positive; otherwise, it was negative. There is no exact result of 0.5 in
the sentiment analysis of the three API platforms. Therefore, we
assigned the sentiment value of all comments as either positive or
negative, which is consistent with the methods utilized in other
relevant studies [27]; Q [21,28]. The second approach is the simple
average method (SENT_AVE) which averages the three scores and if
they were above 0.5, the total result was positive (and negative if
otherwise). The third one is the market share weighted average
method (SENT_MKT) which calculates the weighted average of the
three scores based on the market shares of the three AI platforms
from the Chinese market report. According to this report, the
weights are 40% for Ali, 40% for Baidu, and 20% for Tencent. The last
method is to simply use the single sentiment analysis results from
Baidu, Alibaba, and Tencent cloud platforms, which are denoted as
SENT_B, SENT_A, and SENT_T. By using different methods of senti-
ment result determination, each comment was labeled 1 (positive)
or 0 (negative). Thenwe adopted themethod utilized by Ref. [29] to
incorporate the comments into the daily investor sentiment index.
The calculation formula of the sentiment index is as follows:

Sentt ¼ ln
�
1þ Numpos

1þ Numneg

�
(1)

in which Sentt refers to the sentiment index at time t, Numpos and
Numneg are the number of positive and negative comments in day t,
respectively.

Therefore, using the methods introduced above, we constructed
six sentiment scores to be utilized as predictive indexes: SENT_VOT,
SENT_AVE, SENT_MKT, SENT_B, SENT_A, and SENT_T.
2.2. Selecting the variables

2.2.1. Linear Granger Causality test
To determine the possible impact factors of INE crude oil futures,

we used the Granger causality test [30] to identify any potential
independent variables. The Granger Causality test is used to sta-
tistically establish whether or not the independent variables affect
INE crude oil futures prices. More specifically, this test detects a
predictive relationship between the past values of one variable and
the current value of another. Only those variables that pass the
Granger causality test can be used as factors in the forecasting
model. The basic process of the Granger Causality test is as follows:
to obtain the stationary time series yt , we calculated the following
autoregressive prediction of the current value yt based on m past
measurements, as shown in the equation below:

yt ¼ a0 þ a1yt�1 þ a2yt�2 þ $$$ þ amyt�m þ εt (2)

Here εt is the prediction error, the magnitude of which can be
evaluated by its variance, var (εt). If we have another stationary
time series yt , wemust predict the current value of xt based on both
its past values and the past values of yt:

yt ¼ a0 þ a1yt�1 þ a2yt�2 þ $$$þ amyt�m þ b1xt�1 þ…bqxt�q

þ εt

(3)

The null hypothesis that x does not cause y, according to the
4

Granger causality test, can be accepted if and only if no lagged
values of x are retained in the regression. This test has been widely
used to analyze the relationship between economic and financial
variables.

2.2.2. LASSO regression
The overfitting phenomenon may occur when employing a

prediction model, especially when some variables are strongly
correlated. Therefore, we adopted LASSO regression to filter the
variables. This is a method of automatic variable selection that can
be used to select predictors X of a target variable Y from a larger set
of potential or candidate predictors [31].

The LASSO estimate is defined by the equation shown below:

bblasso ¼ argmin
b

8><
>:

1
2N

XN
i¼0

0
@yi � b0 �

Xp
j¼1

xijbj

1
A2

þ l
Xp
j¼1

��bj��
9>=
>;

(7)

where N is the total number of observations, l represents a non-
negative regularization parameter corresponding to one value of
Lambda, yi is the dependent variable, p is the number of indepen-
dent variables xi ¼ ðxi1;/; xipÞT , b0 symbolizes the intercept, and bj
stands for the other parameters.

This method is used to formulate curve fitting as a quadratic
programming problem, in which the objective function penalizes
the absolute size of the regression coefficientsbased on the value of
a tuning parameter l. In this way, LASSO regression can reduce the
coefficients of irrelevant variables to zero, which results in auto-
matic variable selection.

2.2.3. Nonlinear Granger Causality test
Due to the fact that the relationship between independent

variables and dependent variables is not necessarily linear, we also
replaced the linear vector autoregression model in the Granger
causality framework with non-linear deep learning models.

Let ‘�’ denote equivalence in distribution. If the delay vectors
are determined by xqt ¼ fxt�q ;/; xt�1g and ymt ¼ fyt�m ; /;

yt�1g ðm; q� 1Þ, the null hypothesis states that the past observa-
tions of Xq

t contain no more additional information about yt than
those ofymt :

H0 : yt
���ymt ; yqt � � yt

��ymt (4)

For a strictly stationary bivariate time series, the relationship
between ymt ;x

q
t , yðtÞ can be defined using the equation below:

yt ¼ g1
�
ymt

�
(5)

yt ¼ g2
�
ymt ; x

q
t
�

(6)

Following [32], we use multilayer perceptron to model the
nonlinear dynamics. In a forecasting setting, we modeled the g1
and g2 functions using an MLP with ymt and xqt as inputs.

2.3. Prediction model and evaluation method

2.3.1. Long-short term memory model
RNNs are powerful and well suited for processing sequences of

inputs. As shown in Fig. 2, these networks have a certain persis-
tence, which enables information to be passed from one time step
to the next. However, their weakness is that they are unable to
capture long-term historical information because they cannot store
data for an extended period. Moreover, in the reverse process of



Fig. 2. The Structure of the RNN Model.
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model training with long sequences, RNN will cause gradient ex-
plosion or gradient disappearance.

To overcome this shortcoming of the model, the long and short
term memory model was proposed by Ref. [33]. It has four gated
units that can adaptively regulate the information flow inside the
unit. Unlike previous neural networks such as ANN, LSTM can
master very deep learning tasks that require long-term memory of
events. The structure of an LSTM unit is illustrated in Fig. 3.

The specific process is clarified in the following equations:

ft ¼ s
�
Wfxxt þWfhht�1 þ bf

�
(8)

it ¼ sðWixxt þWihht�1 þ biÞ (9)

ot ¼ sðWoxxt þWohht�1 þ boÞ (10)

ct ¼ ft1ct�1 þ it1tanhðWcxxt þWchht�1 þ bcÞ (11)

ht ¼ ot1tanhðctÞ (12)

where ft , it ; and ot represent the forget gate, input gate, and output
gate for the sigmoid method. At time t, xt represents the input
vector and ht signifies the hidden state vector, which is also known
as the output vector of the LSTM unit that employs the element-
wise product method signified as 1. W and b are weight
matrices and bias parameters that must be learned during training,
a process inwhich an LSTM neuron learns the hidden state (ht�1) of
Fig. 3. The Structure

5

the previous neuron, and the current input it . After passing through
the gate unit, the neural network obtains the output ot and passes
the hidden state ht on to the next unit. There is a mechanism in the
unit for determining the reset and update gates to control the
quantity of information that will be ignored or used.

Because the independent variables include lagged observations
that have unknown dependencies in a time series, we used the
LSTM method for prediction. To test the effectiveness of the LSTM
model, we utilized other popular forecasting models for compari-
son. We selected the Autoregressive model (AR) for its simplicity
and based on the characteristics of the baseline model [34]; SVR
and MLP are selected for their widespread use [35]; RNN and GRU
acted as contrasting models for the RNN-based deep learning
models, which have been the most common algorithms in financial
time series forecasting in the past decade [36,37].

We have conducted experiments to predict one-day and two-
days ahead INE crude oil prices. Considering the nonlinear and
chaotic characteristics of crude oil prices, we applied Phase Space
Reconstruction (PSR) model to accurately determine the input
dimension of crude oil futures price prediction. This model is
suitable for studying the chaotic characteristics of time series,
because the state and features of the signal can be displayed in high
dimensional space. During the reconstruction processes of phase
space for a time series, the CeC method can be used to obtain the
input lag [38,39]. The details of the PSR method can be seen in
Ref. [40]. According to the PSR step decision method results, the
optimal lag value is five for both one-day and two-day ahead
forecasting. Accordingly, the basic forecasting models can be pre-
sented as follows:
of an LSTM Unit.



Fig. 4. The Time Series Pattern of INE Crude Oil Futures Price and Its Change Rates.

Fig. 5. The Time Series Pattern of Three Sentiment Indexes.
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bxtþ1 ¼ f ðxt ; xt�1;/; xt�4;Yt ; Yt�1;/;Yt�4Þ (13)

bxtþ2 ¼ f ðxt ; xt�1;/; xt�4;Yt ; Yt�1;/;Yt�4Þ (14)

where xi denotes the change rate of INE futures price at day i, see
Eq. (20) for the transformation method, Yi denotes the value of the
other predictors at day i, see Table 2 for details.

2.3.2. Evaluating the models
To assess the forecasting accuracy of the proposed LSTMmethod

and other models from both level forecasting and directional fore-
casting perspectives, three main indicators, mean absolute error
(MAE), mean absolute percentage error (MAPE), root mean square
error (RMSE), and directional symmetry (DS), were selected. The
smaller the index values of MAE, MAPE, and RMSE, the higher the
index values of DS, the better the model performance. Equations of
the evaluation indicators are illustrated below:

MAE¼ 1
N

XN
t¼1

jyðtÞ� byðtÞj (15)

MAPE¼ 1
N

XN
t¼1

����yðtÞ � byðtÞ
yðtÞ

����� 100% (16)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
t¼1

ðyðtÞ � byðtÞÞ2
vuut (17)

DS¼ 1
N

XN
t¼1

dðtÞ � 100% (18)

dðtÞ¼



1
0
½yðt þ 1Þ � yðtÞ�½byðt þ 1Þ � yðtÞ� � 0
otherwise

(19)

where byðtÞ and yðtÞ denote the forecasted and actual values,
respectively, and N symbolizes the number of observations.

Furthermore, we employed the Diebold-Mariano (DM) [41] test
to evaluate the forecasting performance of our proposed approach
from a statistical perspective. The null hypothesis of the DM test
states that its expected forecast accuracy is equal to the alternatives
across all models. Consistent with previous evaluation methods,
MAE and MAPE were used as the DM loss function, and our pro-
posed sentiment integrated LSTM model was compared against
alternative models.

2.4. Data

2.4.1. INE crude oil futures prices
For this study, INE crude oil futures prices were collected from

Sina Finance (https://finance.sina.com.cn/). Because futures are
deliveredmonthly, to get futures closing prices over a longer period
of time, we chose to use continuous crude oil futures closing prices,
which is obtained by linking monthly crude oil futures together.
The range of the time series is fromMay 2018 toMar 2020. Fig. 4 (a)
shows the curve of the daily INE crude oil futures prices units of
Chinese yuan renminbi (CNY) per barrel, which displays that the
change of time series is irregular and unstable. As the price data
cannot pass the stationary test, we used the natural logarithmic
difference transformation. We utilize the equation below to
calculate the price of the crude oil futures at time t as INEt , and the
change rate of the crude oil futures at time t, as seen in the equation
6

below:

INE LNDt ¼ðln INEt � ln INEt�1Þ � 100% (20)

Fig. 4 (b) shows the shape of the daily INE crude oil futures price
change rate and it can be seen that the curve is more stable and
stationary at a large scale.

The time series of SENT_VOT, SENT_AVE, and SENT_MKT are
presented in Fig. 5. We can see from the curves that these three
investor indexes have a large similarity in sequence and the
SENT_VOT is less in volatility.
2.4.2. Other predictors
Many factors affect oil futures prices [42]; therefore, we must

consider a wide range of aspects in our forecasting model. Based on
a series of crude oil futures forecasting studies, as shown in Table 1,
we also include 11 potential variables in five market categories as
predictors. With regard to the bondmarket, base interest rates such
as the rate of government bonds and the interest rate of the
interbank market have been proven to have an impact on the price
of crude oil [43e45]. We chose the interest rate of Chinese gov-
ernment bonds and the Shanghai interbank offered rate (SHIB) to
reflect the effects of the bond market. For the currency market, we
compared the exchange rate of CNY to the US dollar, following

https://finance.sina.com.cn/


Table 1
Literature on key factors affecting the price of crude oil futures.

Factor Category Factors Forecasting object literature

Bond market Treasury bill rate WTI [45]
The London Interbank Offered Rate Brent [44]
Government bond yield, Treasury bill rate WTI, Brent [43]

Currency market USD/CNY exchange rate INE [46]
US dollar index WTI [47]

Domestic futures market S&P GSCI Non-Energy index, CRB Rind index WTI [42]
Agricultural commodity futures Brent [48]

Related crude oil market WTI, Brent INE [50]
WTI, Brent INE [49]

Stock market Stock market prices WTI [51]
S&P500 index WTI [42]
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[46,47]. For the domestic futuresmarket, we chose two indexes that
can reflect the price of Chinese futures commodities: the China
Commodities Composite Index (CCCI) and the Energy Commodity
Futures Index (ECFI). This is in line with [42,48]. With respect to the
foreign crude oil market, we chose two crude oil futures with the
largest trading volume as variables: WTI — West Texas Intermedi-
ate crude oil futures price and BRENT— Brent crude oil futures price
[49,50]. Additionally [42,51] have capitalized on stock market pri-
ces and the S&P500 index on predictingWTI crude oil futures price.
We thus selected three all-market composite indexes and one en-
ergy stock index to represent the impact of the stock market. The
definitions of these predictors are included in Table 2.

Since the Granger causality test requires a stationary time series
for the variables, we used the Augmented Dickey-Fuller (ADF) test
Table 2
Definitions, statistical properties, and DW test results of the variables.

Variable Definition

INE# Price of crude oil futures contract traded at Shanghai International Energy
Sentiment
SENT_VOT Sentiment index using voting-like method
SENT_AVE Sentiment index using simple average method
SENT_MKT Sentiment index using market weighted average method
SENT_T Sentiment index using Tencent cloud
SENT_B Sentiment index using Baidu cloud
SENT_A Sentiment index using Ali cloud
Bond market
SHIB Shanghai Interbank Offered Rate: Shanghai commercial banks' interest rat
GB# Government bond rate: 3-month government bond issuance rate
Currency market
ER# Exchange rate: The exchange rate of CNY against US dollar
Domestic futures market
ECFI# Energy Commodity Futures Index: An index developed by the China future

reflect China's domestic energy-related commodity futures prices
CCCI# China Commodity Composite Index: An index developed by China futures

reflect China's domestic commodity price
Foreign crude oil market
WTI# Price of the WTI crude oil futures contract traded at New York Mercantile
BRENT# Price of the Brent crude oil futures contract traded at Chicago Mercantile
Stock market
SH# Shanghai stock exchange composite share index: Stock market index of all

that are traded at the Shanghai Stock Exchange.
SZ# Shenzhen stock exchange composite share index: Stock market index of all

that are traded at the Shenzhen Stock Exchange.
OG# Oil and gas index of Chinese National Index (CNI): Index of natural gas and o

developed by Shenzhen Securities Information Co. Ltd.
CSI300# Shanghai and Shenzhen 300 index: A capitalization-weighted stock marke

the performance of the top 300 stocks traded on the Shanghai Stock Exch
Exchange.

Note: The data of SHIB, GB, ER, WTI, BRENT, SH, SZ, CSI300 are provided byWind Databas
Center, and OG is from the CNI index website(http://www.cnindex.com.cn/index.html)
difference transformation is applied to the variable because the primary data cannot pass t
futures price in Eq. (20).
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to verify this state. For the non-stationary variables, the natural
logarithmic difference transformation, which was consistent with
the INE treatment, was applied to SHIB, Government bond rate
(GB), Exchange rate (ER), ECFI, CCCI, WTI, BRENT, Shanghai stock
exchange composite share index (SH), Shenzhen stock exchange
composite share index (SZ), Oil and gas index of Chinese National
Index (OG), and Shanghai and Shenzhen 300 index (CSI300). The
descriptive results and ADF results are shown in Table 2.
3. Empirical study

In this section, two empirical questions are studied: (1) Does
including sentiment factors improve the accuracy of the prediction,
and which sentiment proxy variable is the most accurate one for
Mean Std.
Dev.

Min Max P-value of
DW test

Obs

Exchange �0.0011 0.0182 �0.0931 0.0779 0.0000*** 466

0.8108 0.6253 �1.0415 3.091 0.0016*** 466
0.9016 0.6765 �0.8473 3.1355 0.0032*** 466
0.9078 0.6674 �0.8473 3.1355 0.0017*** 466
0.6594 0.6213 �1.0986 2.615 0.0441** 466
0.1317 0.5048 �1.3591 1.9459 0.0008*** 466
1.4208 0.5457 �0.1542 3.091 0.0022*** 466

e for financing 2.1905 0.4898 0.795 2.998 0.0000*** 466
�0.0012 0.0109 �0.0538 0.0829 0.0000*** 466

0.0002 0.0029 �0.0112 0.0158 0.0000*** 466

s market monitoring center to �0.0006 0.0077 �0.0323 0.0257 0.0000*** 466

market monitoring center to 0.0000 0.0048 �0.024 0.0477 0.0000*** 466

Exchange (NYMEX) �0.0026 0.0324 �0.2822 0.2136 0.0000*** 466
Exchange (CME) �0.0026 0.0283 �0.2758 0.1348 0.0000*** 466

stocks (A shares and B shares) �0.0002 0.013 �0.0804 0.0545 0.0000*** 466

stocks (A shares and B shares) �0.0001 0.0165 �0.0882 0.0544 0.0000*** 466

il-related stock prices in China �0.0010 0.0131 �0.0799 0.0493 0.0000*** 466

t index designed to replicate
ange and the Shenzhen Stock

0.0000 0.0143 �0.0821 0.0578 0.0000*** 466

e (www.wind.com.cn). The ECFI and CCCI are from China Futures Market Monitoring
. *** represent under 1% significant level. # indicates that the natural logarithmic
he stationary test and the transformationmethod is the same as that used for the INE

http://www.wind.com.cn
http://www.cnindex.com.cn/index.html


Table 3
Linear Granger Causality Results.

H0 Hypothesis decision Chi2-Statistic Optimal lag order P-value

Sentiment
INE does not Granger Cause SENT_VOT Cannot reject H0 3.8659 3 0.2763
SENT_VOT does not Granger Cause INE Reject H0 11.1130 3 0.0111**
INE does not Granger Cause SENT_AVE Cannot reject H0 2.6660 4 0.6152
SENT_AVE does not Granger Cause INE Reject H0 10.8350 4 0.0285**
INE does not Granger Cause SENT_MKT Cannot reject H0 1.9982 4 0.7361
SENT_MKT does not Granger Cause INE Reject H0 10.9090 4 0.0276**

Foreign crude oil market
INE does not Granger Cause BRENT Cannot reject H0 2.8946 3 0.4082
BRENT does not Granger Cause INE Reject H0 315.7400 3 0.0000***
INE does not Granger Cause WTI Cannot reject H0 3.9419 3 0.2678
WTI does not Granger Cause INE Reject H0 296.3600 3 0.0000***

Bond market
INE does not Granger Cause SHIB Reject H0 8.7188 3 0.0333**
SHIB does not Granger Cause INE Cannot reject H0 7.3101 3 0.0626
INE does not Granger Cause GB Cannot reject H0 4.8945 2 0.0865
GB does not Granger Cause INE Cannot reject H0 0.6774 2 0.7127

Currency market
INE does not Granger Cause ER Cannot reject H0 1.1517 1 0.2832
ER does not Granger Cause INE Cannot reject H0 2.3632 1 0.1242

Domestic futures market
INE does not Granger Cause ECFI Reject H0 5.2249 1 0.0223**
ECFI does not Granger Cause INE Reject H0 11.8480 1 0.0006***
INE does not Granger Cause CCCI Reject H0 8.0319 1 0.0046***
CCCI does not Granger Cause INE Cannot reject H0 3.4616 1 0.0628

Stock market
INE does not Granger Cause SH Cannot reject H0 1.3635 1 0.2429
SH does not Granger Cause INE Reject H0 6.5742 1 0.0103**
INE does not Granger Cause SZ Cannot reject H0 0.4415 1 0.5064
SZ does not Granger Cause INE Reject H0 6.0399 1 0.0140**
INE does not Granger Cause OG Cannot reject H0 5.0717 2 0.0792
OG does not Granger Cause INE Cannot reject H0 5.7580 2 0.0562
INE does not Granger Cause CSI300 Cannot reject H0 0.9430 4 0.9183
CSI300 does not Granger Cause INE Reject H0 12.8990 4 0.0118**

Note: This table presents the linear Granger causality results between variables concerned in the prediction model and INE crude oil futures price return. Chi2-Statistic is used
in the hypothesis testing and the Akaike information criterion is used to determine the optimal lag order.*** represent under 1% significant level, ** represent under 5%
significant level, and *represent under 10% significant level.
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this purpose? (2) Does the sentiment-adjusted LSTM model pro-
posed in this study more accurately predict the INE crude oil fu-
tures price?

We first performed the linear Granger causality and LASSO
regression to select the predictive variables and construct the
models, then employed the non-linear Granger causality test to
further verify the conformation of selected variables to the RNN-
type models. To test the performance of the developed composite
sentiment-adjusted LSTM model, two comparison experiments
were conducted in one and two-day-ahead INE crude oil futures
price forecasting. The comparison I is planned to show the positive
effect of the LSTMmodel with AR, SVR, MLP as well as GRUmodels,
and comparison II is devised to demonstrate the validity of using a
voting-like strategy to decide the investor sentiment from BAT
clouds by competing with five other constructed indexes.

3.1. The linear Granger Causality test

Before the Granger causality test, the Akaike information crite-
rion is used to determine the optimal lag order. Table 3 shows the
results of the Granger causality test.

We can conclude that all three types of sentiment variables were
able to pass the linear Granger causality test while SHIB, ER, GB,
CCCI, and OG were not. Thus, ECFI, WTI, BRENT, SH, SZ, and HS
CSI300 were selected as predictive variables in the study, and SHIB,
ER, GB, CCCI, and OG were omitted.
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3.2. LASSO variable selection and the non-linear Granger Causality
test

Table 4 shows the correlation coefficients among the relative
variables. We found very little correlation between the investor
sentiment indicators (SENT_VOT, SENT_AVE, SENT_MKT, SENT_T,
SENT_B, SENT_A) and the macroeconomic predictors (BRENT, WTI,
ECFI, SH, SZ, CSI300), which shows that these sentiment indexes
contain different information from economic indicators. In addi-
tion, the correlation coefficients of stock-related factors (SH, SZ, and
CSI300) and foreign-price factors (BRENT and WTI) were shown to
be high. Therefore, we used the LASSO regression model to select
indicators with better predictive ability among the variables with
high correlation to minimize the number of dependent variables,
especially the stock-related ones.

By adopting [52] method, we were able to use consecutive
values of l to perform the LASSO regression. Independent variables
are thosewhich can pass the Granger causality test with optimal lag
order. The values of l were determined using the following two
steps: The first involves using the powers of 10 as l to establish the
order of the magnitudes. The smallest value of l is the number
which can lead to zero b while the largest value of l is the number
which can filter 80% of b. We calculated that lmin is 10�5 and lmax is
10�3. The second step is to use the numerical sequence values in
the range of [lmin;lmax] as a substitute for l in order to repeatedly
conduct the LASSO regressions. Then, the range must be adjusted



Table 4
Correlation coefficients among related variables.

Variable INE SENT_VOT SENT_AVE SENT_MKT SENT_T SENT_B SENT_A BRENT WTI ECFI SH SZ HS

INE 1.000
SENT_VOT 0.204 1.000
SENT_AVE 0.166 0.965 1.000
SENT_MKT 0.164 0.948 0.975 1.000
SENT_T 0.188 0.866 0.841 0.817 1.000
SENT_B 0.227 0.858 0.842 0.846 0.689 1.000
SENT_A 0.029 0.771 0.790 0.808 0.626 0.621 1.000
BRENT 0.217 0.211 0.196 0.201 0.160 0.212 0.085 1.000
WTI 0.162 0.194 0.178 0.183 0.137 0.188 0.082 0.929 1.000
ECFI 0.483 0.166 0.160 0.154 0.146 0.171 0.073 0.271 0.237 1.000
SH 0.204 0.101 0.093 0.098 0.077 0.086 0.089 0.289 0.260 0.242 1.000
SZ 0.234 0.110 0.099 0.103 0.082 0.089 0.097 0.292 0.261 0.254 0.981 1.000
HS 0.211 0.082 0.073 0.079 0.058 0.076 0.051 0.297 0.269 0.225 0.950 0.954 1.000

Fig. 6. Vanishing Time of Variables in the LASSO Regression.

Fig. 7. Comparison Results of One-Day-Ahead INE
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according to the results. We divided the range by 100 and rated the
importance of the independent variables based on the order in
which the coefficient b is no longer present. With regard to stock-
related predictors, the SZ and SH variables become vanished
more quickly than the CSI300, as shown in Fig. 6. Therefore, we
used the CSI300 index as the predictive variable in the model.

We also utilized the non-linear Granger causality test to verify
the causal relationship between the selected variables and the price
return. We chose the neural network to be the model in the non-
linear causality test due to the fact that deep learning was
employed to predict the price return. The p-value results, presented
in Table 5, indicate that the null hypothesis e predictor has no non-
linear Granger causality with the price return e can be rejected.
From this information, we can conclude that the variables passed
the non-causality test and are thus suitable to make predictions.
Crude Oil Futures Forecasting Performance.



Table 5
Non-Linear Granger Causality Test Results.

Variable Lag ¼ 1 Lag ¼ 2 Lag ¼ 3 Lag ¼ 4 Lag ¼ 5

SENT_VOT 0.0000*** 0.0000*** 0.0000*** 0.0001*** 0.0000***
SENT_AVE 0.0000*** 1.0000 0.6654 0.0000*** 1.0000
SENT_MKT 0.0000*** 0.0000*** 0.0007*** 0.1091 0.0004***
BRENT 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***
WTI 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***
ECFI 0.0000*** 0.0001*** 0.0020*** 0.0000*** 0.0000***
CSI300 0.0000*** 0.0083*** 0.0000*** 0.0998* 0.0001***

Note: This table presents the linear Granger causality results between variables
concerned in the prediction model and INE crude oil futures price return derived
from the neural network method. The data in the table are the p-value of the null
hypothesis: the specific lagged predictor is not non-linear Granger Causality of the
price return. *** represent under 1% significant level, ** represent under 5% sig-
nificant level, and *represent under 10% significant level.
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3.3. One-day-ahead prediction results

In this subsection, we run 6 � 8 models, namely, six baseline
methods (AR, SVR, MLP, RNN, GRU, LSTM) with six sentiment in-
dexes (SENT_VOT, SENT_AVE, SENT_MKT, three single-source
sentiment indexes, and without sentiment), to conduct the one-
day-ahead forecasting. See Eq. (13) for the basic form of the
models. We used the Radial basis function kernel to train the SVR
model. We determined the numbers of hidden layers of deep
learning algorithms through the trial and error method.We utilized
50 hidden layers in the MLP and 30 hidden layers for the LSTM,
RNN, and GRU. All experiments were done in Python 3.7.9.

Table 6 presents the forecasting results and Table 7 displays the
improvement percentage of the method of LSTM with composite
sentiment index compared with the other models. It can be
concluded that the model of LSTM with SENT_VOT outperformed
Table 6
One-day-ahead forecasting performance comparisons by different models and sentimen

Models Evaluation Indicators Without Sent SENT_VOT

AR MAE 632.720 617.401
MAPE 1.805 1.754
RMSE 9.033 8.894
DS 52.688 61.290

SVR MAE 594.060 597.546
MAPE 1.670 1.693
RMSE 8.625 8.932
DS 66.667 60.215

MLP MAE 728.161 803.006
MAPE 2.041 2.161
RMSE 9.988 10.951
DS 53.763 54.839

RNN MAE 1123.778 701.210
MAPE 2.842 1.946
RMSE 13.127 10.295
DS 54.839 51.613

GRU MAE 617.426 595.005
MAPE 1.709 1.654
RMSE 9.123 8.953
DS 56.989 67.742

LSTM MAE 596.678 573.109
MAPE 1.649 1.590
RMSE 8.610 8.542
DS 52.688 67.742

Note: The table reports the one-day-ahead prediction performance of different models
results of different models using the same investor sentiment index and each row display
The best prediction results are shown in bold.
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all other models in terms of level and directional accuracy. Specif-
ically, the results can be summarized as follows:

(1) For comparison I, the LSTM forecasting models are superior
to other types of models. According to Table 6, no matter
which sentiment index (including no index considered) is
used in the prediction model, the LSTM model is optimal by
MAE, MAPE, and DS criteria. For example, using the SENT_-
VOT in the models, the LSTM model can improve the per-
formance of MAE by 6.69%, 3.26%, 38.76%, 21.17%, 2.82%
compared to AR, SVR, MLP, RNN, GRU models respectively,
and the results are depicted in Fig. 7(a). Similar conclusions
can be obtained for other loss functions of prediction results
using the same investor sentiment within different models.

(2) For comparison II, when the forecasting model is deter-
mined, the index of SENT_VOT can achieve the best predic-
tion accuracy, as shown in each row in Table 6. For instance,
according to Table 7, using the LSTM model, the investor
sentiment of SENT_VOTcan improve the directional accuracy
criterion of DS by 23.44%, 21.88%, 23.44%, 23.44%, 21.88%, and
21.88% compared to the LSTM model using no sentiment,
SENT_AVE, SENT_MKT, SENT_B, SENT_A, and SENT_T
respectively. Fig. 7(a) shows the forecasting results of using
the LSTMmodel with different sentiment variables; the error
diagrams of all LSTMmodels contrasting with the ones using
SENT_VOT are presented in Fig. 8. The error indicates the
difference between the forecasted and the true price. We can
see from the pictures that the error of LSTM with SENT_VOT
is closer to zero. The error bars in the figure show the stan-
dard deviations of MAE and MAPE. It can be seen that the
differences in the standard deviations between both models
are small.
t indexes.

SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

630.519 632.661 628.419 621.329 624.125
1.797 1.792 1.784 1.767 1.772
8.987 8.960 8.953 8.894 8.885
56.989 53.763 58.065 55.914 54.839

624.036 638.178 575.814 607.964 627.536
1.755 1.796 1.647 1.720 1.759
9.124 9.321 8.770 9.209 8.977
52.688 50.538 65.591 60.215 55.914

770.898 770.721 831.467 754.958 714.090
2.084 2.078 2.211 2.035 1.968
10.693 10.695 11.090 10.505 10.230
58.065 56.989 55.914 52.688 51.613

725.740 733.357 729.977 668.771 682.516
1.976 1.974 1.967 1.830 1.863
10.065 10.140 10.148 9.382 9.600
58.065 54.839 53.763 52.688 59.140

654.794 603.399 604.426 600.064 606.927
1.811 1.673 1.676 1.668 1.680
9.476 8.890 8.901 8.849 8.889
51.613 58.065 62.366 61.290 53.763

585.784 590.989 590.593 590.902 594.030
1.618 1.630 1.629 1.630 1.637
8.542 8.560 8.558 8.567 8.581
53.763 52.688 52.688 53.763 53.763

with or without various sentiment indexes. Each column represents the prediction
s the forecasting result of the same model with different investor sentiment indexes.



Table 7
The improvement percentages of the LSTM model with SENT_VOT approach on one-day-ahead forecasting.

Model Evaluation Indicators Without Sent SENT_VOT SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

AR MAE 9.42% 7.17% 9.11% 9.41% 8.80% 7.76% 8.17%
MAPE 11.91% 9.35% 11.52% 11.27% 10.87% 10.02% 10.27%
RMSE 5.44% 3.96% 4.95% 4.67% 4.59% 3.96% 3.86%
DS 28.57% 10.53% 18.87% 26.00% 16.67% 21.15% 23.53%

SVR MAE 3.53% 4.09% 8.16% 10.20% 0.47% 5.73% 8.67%
MAPE 5.03% 6.48% 10.38% 12.96% 3.58% 8.18% 10.63%
RMSE 0.96% 4.37% 6.38% 8.36% 2.60% 7.24% 4.85%
DS 1.61% 12.50% 28.57% 34.04% 3.28% 12.50% 21.15%

MLP MAE 21.29% 28.63% 25.66% 25.64% 31.07% 24.09% 19.74%
MAPE 22.10% 26.42% 23.70% 23.48% 28.09% 21.87% 19.21%
RMSE 14.48% 22.00% 20.12% 20.13% 22.98% 18.69% 16.50%
DS 26.00% 23.53% 16.67% 18.87% 21.15% 28.57% 31.25%

RNN MAE 49.00% 18.27% 21.03% 21.85% 21.49% 14.30% 16.03%
MAPE 44.05% 18.29% 19.53% 19.45% 19.17% 13.11% 14.65%
RMSE 34.93% 17.03% 15.13% 15.76% 15.83% 8.95% 11.02%
DS 23.53% 31.25% 16.67% 23.53% 26.00% 28.57% 14.55%

GRU MAE 7.18% 3.68% 12.47% 5.02% 5.18% 4.49% 5.57%
MAPE 6.96% 3.87% 12.20% 4.96% 5.13% 4.68% 5.36%
RMSE 6.37% 4.59% 9.86% 3.91% 4.03% 3.47% 3.90%
DS 18.87% 0.00% 31.25% 16.67% 8.62% 10.53% 26.00%

LSTM MAE 3.95% 2.16% 3.03% 2.96% 3.01% 3.52%
MAPE 3.58% 1.73% 2.45% 2.39% 2.45% 2.87%
RMSE 0.79% 0.00% 0.21% 0.19% 0.29% 0.45%
DS 28.57% 26.00% 28.57% 28.57% 26.00% 26.00%

Note: The table reports the improvement percentages of the models and the baseline approach on one-day-ahead forecasting of INE crude oil futures price. Each column
represents the prediction results of different models using the same investor sentiment index and each row displays the forecasting result of the same model with different
investor sentiment indexes. The baseline approach is the LSTM model with SENT_VOT.

Table 8
Diebold-Mariano statistics for MAE and MAPE loss functions results in one-day-ahead forecasting.

Models Evaluation Indicators Without Sent SENT_VOT SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

AR MAE �1.956** �1.550 �1.932* �1.639 �1.747* �1.570 �1.683*
MAPE �1.982** �1.669* �1.927* �1.729* �1.765* �1.639 �1.694*

SVR MAE �0.460 �0.566 �1.415 �1.772* �0.094 �0.872 �1.524
MAPE �0.670 �0.882 �1.556 �1.894* �0.423 �1.175 �1.610

MLP MAE �2.372** �5.028*** �4.480*** �4.384*** �5.520*** �4.001*** �3.394***
MAPE �2.248** �4.731*** �4.180*** �4.112*** �5.157*** �3.723*** �3.294***

RNN MAE �7.432*** �2.225** �2.952*** �4.112*** �4.069*** �2.678*** �3.024***
MAPE �6.671*** �1.951** �2.776*** �3.766*** �3.750*** �2.518** �2.858***

GRU MAE �3.385*** �1.639 �2.775*** �2.571*** �2.698*** �2.155** �2.447**
MAPE �2.996*** �1.455 �2.878*** �2.256** �2.351** �1.992** �2.232**

LSTM MAE �1.687* �0.596 �1.003 �0.987 �0.982 �1.184
MAPE �1.608 �0.354 �0.749 �0.731 �0.731 �0.924

Note: This table reports the DM test values for MAE and MAPE loss functions results in one-day-ahead forecasting of INE crude oil futures price (RMSE cannot be used for DM
test). The baseline model is the LSTMwith SENT_VOT and the negative value indicates that the baseline model is superior to the comparisonmodel. * denotes a rejection of the
null hypothesis at the 10% significance level. ** denotes a rejection of the null hypothesis at the 5% significance level and *** denotes a rejection of the null hypothesis at the 1%
significance level.
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Combining the above two comparisons results, the LSTMmodel
with the SENT_VOT variable yields the lowest MAE as well as MAPE
and the highest DS among all other contrasting models.

To further verify the results, we also employed the
DieboldeMariano test to assess the significance of the forecasting
errors from the AR, SVR, MLP, RNN, GRU, and LSTM models, the
results of which are reported in Table 6. The baseline model is the
LSTM model with SENT_VOT. The results showed that the baseline
model performs best by criteria of both MAE and MAPE for all the
DM test values are negative.
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3.4. Two-day-ahead prediction results

To more clearly show the validity of the proposed LSTM-
SENT_VOT approach, we perform the two-day-ahead forecasting
in this subsection (see Table 8). The same empirical process is used
as in one-day-ahead prediction, and the forecasting model is pre-
sented in Eq. (14). The results of the empirical study are shown in
Tables 9 and 10, and Fig. 8. The DieboldeMariano test was also used
in the performance evaluation which is presented in Table 11. The
conclusions are clearly analogous to those of one-day-ahead fore-
casting results.



Table 9
Comparions of two-day-ahead forecasting performance by different models and sentiment indexes.

Model Evaluation Indicators Without Sent SENT_VOT SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

AR MAE 1061.578 1053.088 1056.389 1061.937 1063.321 1049.247 1051.247
MAPE 2.990 2.935 2.967 2.963 2.979 2.940 2.939
RMSE 16.082 15.923 15.868 16.003 16.056 15.874 15.817
DS 36.957 36.957 38.043 34.783 38.043 38.043 38.043

SVR MAE 638.983 687.557 698.747 710.471 730.969 664.126 706.744
MAPE 1.773 1.897 1.923 1.957 2.000 1.830 1.935
RMSE 9.145 9.829 9.942 9.987 10.018 9.480 9.726
DS 65.217 55.435 55.435 50 45.652 59.783 55.435

MLP MAE 855.432 813.736 785.172 785.956 848.693 754.827 729.587
MAPE 2.391 2.183 2.113 2.11 2.248 2.033 1.999
RMSE 11.325 11.018 10.779 10.774 11.207 10.500 10.499
DS 39.13 55.435 58.696 58.696 54.348 59.783 51.087

RNN MAE 1097.443 690.887 800.285 765.323 777.665 727.064 738.268
MAPE 2.779 1.932 2.172 2.086 2.117 1.982 2.017
RMSE 13.451 9.996 10.996 11.089 11.115 10.394 10.573
DS 55.435 57.609 60.87 54.348 45.652 53.261 50

GRU MAE 644.67 626.769 633.986 639.646 639.945 631.815 644.237
MAPE 1.783 1.750 1.769 1.771 1.771 1.752 1.78
RMSE 9.494 9.343 9.501 9.319 9.337 9.256 9.321
DS 55.435 56.522 59.783 52.174 51.087 55.435 54.348

LSTM MAE 627.14 613.708 631.166 625.976 625.765 624.448 629.765
MAPE 1.739 1.704 1.739 1.731 1.73 1.727 1.738
RMSE 9.181 9.106 9.148 9.127 9.122 9.114 9.145
DS 52.174 59.783 53.261 53.261 53.261 54.348 53.261

Note: The table reports the two-day-ahead prediction performance of different models with or without various sentiment indexes. Each column represents the prediction
results of different models using the same investor sentiment index and each row displays the forecasting result of the same model with different investor sentiment indexes.
The best prediction results are shown in bold.

Table 10
The improvement percentages of the LSTM model with SENT_VOT approach on two-day-ahead forecasting results.

Models Evaluation Indicators Without Sent. SENT_VOT SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

AR MAE 42.19% 41.72% 41.91% 42.21% 42.28% 41.51% 41.62%
MAPE 43.01% 41.94% 42.57% 42.49% 42.80% 42.04% 42.02%
RMSE 43.38% 42.81% 42.61% 43.10% 43.29% 42.64% 42.43%
DS 61.76% 61.76% 57.15% 71.87% 57.15% 57.15% 57.15%

SVR MAE 3.96% 10.74% 12.17% 13.62% 16.04% 7.59% 13.16%
MAPE 3.89% 10.17% 11.39% 12.93% 14.80% 6.89% 11.94%
RMSE 0.43% 7.36% 8.41% 8.82% 9.10% 3.95% 6.37%
DS �8.33% 7.84% 7.84% 19.57% 30.95% 0.00% 7.84%

MLP MAE 28.26% 24.58% 21.84% 21.92% 27.69% 18.70% 15.88%
MAPE 28.73% 21.94% 19.36% 19.24% 24.20% 16.18% 14.76%
RMSE 19.59% 17.35% 15.52% 15.48% 18.75% 13.28% 13.27%
DS 52.78% 7.84% 1.85% 1.85% 10.00% 0.00% 17.02%

RNN MAE 44.08% 11.17% 23.31% 19.81% 21.08% 15.59% 16.87%
MAPE 38.68% 11.80% 21.55% 18.31% 19.51% 14.03% 15.52%
RMSE 32.30% 8.90% 17.19% 17.88% 18.07% 12.39% 13.87%
DS 7.84% 3.77% �1.79% 10.00% 30.95% 12.25% 19.57%

GRU MAE 4.80% 2.08% 3.20% 4.06% 4.10% 2.87% 4.74%
MAPE 4.43% 2.63% 3.67% 3.78% 3.78% 2.74% 4.27%
RMSE 4.09% 2.54% 4.16% 2.29% 2.47% 1.62% 2.31%
DS 7.84% 5.77% 0.00% 14.58% 17.02% 7.84% 10.00%

LSTM MAE 2.14% 2.77% 1.96% 1.93% 1.72% 2.55%
MAPE 2.01% 2.01% 1.56% 1.50% 1.33% 1.96%
RMSE 0.82% 0.46% 0.23% 0.18% 0.09% 0.43%
DS 14.58% 12.25% 12.25% 12.25% 10.00% 12.25%

Note: The table reports the improvement percentages of the models against the baseline approach on two-day-ahead forecasting results of INE crude oil futures price. Each
column represents the prediction results of different models using the same investor sentiment index and each row displays the forecasting result of the same model with
different investor sentiment indexes. The baseline approach is the LSTM model with SENT_VOT.
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Fig. 8. Comparison Results of Two-Day-Ahead INE Crude Oil Futures Forecasting Performance.

Table 11
Diebold-Mariano statistics for MAE and MAPE loss functions results in two-day-ahead forecasting.

Models Evaluation Indicators Without Sent SENT_VOT SENT_AVE SENT_MKT SENT_B SENT_A SENT_T

AR MAE �4.795*** �4.822*** �4.876*** �4.685*** �4.792*** �4.753*** �4.806***
MAPE �4.152*** �4.155*** �4.163*** �4.025*** �4.154*** �4.102*** �4.108***

SVR MAE �1.079 �2.098** �2.343** �2.789*** �3.573*** �1.755* �2.586***
MAPE �1.097 �2.188** �2.458** �2.851*** �3.430*** �1.757* �2.631***

MLP MAE �4.126*** �4.428*** �3.865*** �3.747*** �5.009*** �3.225*** �3.006***
MAPE �3.751*** �4.256*** �3.686*** �3.576*** �4.732*** �3.089*** �2.943***

RNN MAE �7.267*** �1.938* �3.902*** �3.501*** �3.964*** �3.208*** �3.270***
MAPE �6.362*** �1.851* �3.634*** �3.345*** �3.721*** �2.884*** �3.013***

GRU MAE �2.381** �1.479 �1.486 �2.895*** �2.838*** �2.101** �2.490**
MAPE �1.965** �1.648* �1.879* �2.811*** �2.712*** �2.134** �2.475**

LSTM MAE �2.026** �1.671* �1.666* �1.709* �1.416 �1.886*
MAPE �1.776* �1.412 �1.521 �1.528 �1.286 �1.750*

Note: This table reports the DM test values for MAE and MAPE loss functions results in two-day-ahead forecasting of INE crude oil futures price (RMSE cannot be used for DM
test). The baseline model is the LSTMwith SENT_VOT and the negative value indicates that the baseline model is superior to the comparisonmodel. * denotes a rejection of the
null hypothesis that the models perform equally at the 10% significance level. ** denotes a rejection of the null hypothesis at the 5% significance level, and *** denotes a
rejection of the null hypothesis at the 1% significance level.
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4. Conclusions and implications

The establishment of its crude oil futures market was a critical
step in the process of China's financial opening. Behavioral eco-
nomics theories are excellent for explaining the characteristics of
futures because they are inherently forward-looking and can be
used specifically to predict future spot prices. This means that fu-
tures respond not only to the current state of the economy but also
to investors' expectations regarding the future of macroeconomics.
Furthermore, not only has the rapid development of the Internet
provided abundant textual data for studying investor sentiment
regarding the futures market, the increasingly powerful algorithms
for sentiment analysis have enabled computers to single out
13
people's emotional states from the massive amounts of text.
In this study, we investigated the predictive ability of sentiment

indexes, which were constructed from the most active online
finance forum in China. These were then combined with other
variables to forecast the INE crude oil futures prices. First, we used
multi-source and voting-like methods to calculate the daily senti-
ment score. We then employed a series of forecasting models and
found that LSTM performed best.

This study yielded some notable results, one of which was that
direct investor sentiment was shown to have a significant impact
on the price of INE crude oil futures. Second, the voting-like deci-
sion-making method utilized in the multi-source sentiment anal-
ysis had better predictive accuracy compared to the sentiment
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indexes obtained using other methods. Most importantly, the LSTM
model exhibited the best predictive performancewith regard to the
price forecasting of INE crude oil futures.

These findings will provide significant practical guidance for
both policymakers and investors. First and foremost, this research
can help members of market regulators to better understand the
nuances of China's new crude oil futures market and to predict
market risk based on changes in market sentiment. Specifically,
regulators can analyze investor sentiment to better identify po-
tential risks in the market and take precautionary measures to
prevent excessive volatility when extreme sentiment occurs.
Additionally, as the proposed forecasting model incorporated with
investor sentiment offers a higher degree of precision, our study
can also help investors to make more informed decisions about the
energy futures market.

While this paper makes several contributions to the literature,
there are limitations that must be overcome in future studies. First,
although we used data from the active financial forum to measure
investor sentiment, it remains difficult to confirm if the comments
used were frommarket participants since the forums were open to
all internet users. We suggest that future studies determine a
technique for distinguishing comments between investors and
general readers. Second, we used unoptimized machine and deep
learning models to compare the advantages and disadvantages of
each forecasting model. In our future work, we will add the opti-
mization algorithm into LSTM to further improve prediction accu-
racy. Additionally, the conclusions from this study may be further
validated via other datasets, including comment data from other
forums.
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