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1 Introduction

A financial crisis such as a drastic drop of stock
prices may cause a lot of loss to many investors.
At the same time, due to the globalization, a finan-
cial crisis in one country may influence to the whole
world. As stock market is innate complex, dynamics
and chaotic, management of financial risk has been
proved to be a very difficult task.

In Socionomic Theory of Finance [7, 8], irrational
speculation behaviors play an import role in a fi-
nancial crisis. Nowadays, Social Networking Service
(SNS), such as Twitter or Weibo, is widely used by
many people. Those social networks provide us lots
of information to monitor a financial market situa-
tion and can be used to predict a financial crisis.

The goal of this research is to propose a new fi-
nancial index that measures an extent of a financial
crisis. Microblog is used as a source of our new in-
dex. Hypotheses behind our financial crisis index are
as follows.

• Not many investors focus on financial markets
daily. When a bull market begins and stock price
keeps going up, more beginners come into mar-
kets.

• Those people are intense to take irrational spec-
ulation behaviors. It may cause a panic and a
bear market. Behaviors of beginners may make
a financial risk more serious.

• When many novice investors come into the mar-
ket, they posts messages about financial topics.
Therefore, intensity of attention toward finance
on microblog may has a positive correlation with
a financial bubble level. That is, an amount of
financial messages on SNS can be used as a fi-
nancial crisis index.

In addition, a model to predict a movement(up or
down) of stock prices is trained with past stock prices
as well as our index derived from texts in microblog.
Since historical prices is sequential data, Long Short-
Term Memory (LSTM) has been used for prediction
of a stock price.We train such an LSTM and measure
its ability of prediction to evaluate effectiveness of
our proposed financial crisis index.

2 Related work
Traditional previous researches on financial analy-

sis only worked on history data and past stock prices.
With a wide spread of Web forum and SNS, tex-
tual information obtained from them can be utilized
for the market analysis. Nguyen et al. proposed a
method based on sentiment analysis on social media
to predict a movement of stock prices [4]. Jaramillo
et al. proposed a method to predict a stock price
using a history of prices as well as polarity of com-
pany reports and news [2]. Jianhong et al. applied a
deep learning method on sentiment-aware stock mar-
ket prediction [3]. Similar to these previous studies,
we also use textual information for a stock market
analysis. However, we mainly focus on not predic-
tion of a stock value but financial risk aversion.

Most researchers and investors care about a good
return in the financial market. But how to manage
a risk is more import to avoid massive loss. Some of
the previous work on the financial risk management
were based on historical prices only, but several stud-
ies also tried to use textual analysis [5, 6, 10]. How-
ever, texts on SNS were not paid attention for risk
management. In this paper, comments on Weibo is
used as a source of textual information for manage-
ment of a financial crisis.

3 Financial Attention Index
3.1 Definition

Financial Attention Index (FAI) is our proposed
index that measures an extent of a financial risk. It
is defined as Equation (1).

FAI
def
=

number of financial related
comments on SNS

total number of comments on SNS
(1)

As discussed in Section 1, we suppose that financial
topics are to be more mentioned and discussed on
SNS when many novice investors participate in the
market. Such a situation might cause the market
unstable. Therefore, FAI is supposed to be positively
correlated to a financial risk. Although a financial
crisis can be measured by various points of view, FAI
can be a financial crisis index from one perspective.
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Comments on SNS are classified whether they are
related to financial topics or not. Weibo is chosen as
SNS in this study. Then the number of financial com-
ments and total comments are counted to get FAI. A
classifier of financial related comments is not trained
from Weibo comments. Instead, a labeled data of
news articles is used for training. In our research,
FAI is calculated for every week; the number of com-
ments posted in a period of one week is counted to
get FAI.

3.2 Calculation of FAI

3.2.1 Type of classifier

Two kinds of financial classifiers are trained. One
is the two-way classifier, which classifies a comment
on Weibo as a financial or non-financial related com-
ment. The other is the three-way classifier. It clas-
sifies a comment on Weibo into three classes: (1)
stock-related, which is a comment related to the
stock market, (2) financial-related, which is a com-
ment related to financial markets such as future mar-
ket, bond market and so on, but not related to the
stock market, and (3) other, which is a comment not
related to financial topics. Since we mainly focus on
analysis of stock prices for detection of a financial
crisis, we distinguish topics about stocks with other
financial related topics. When the three-way classi-
fier is used for calculation of FAI, both stock-related
and financial-related comments are treated as the fi-
nancial comments.

3.2.2 Data collection

Two kinds of data are collected to calculate FAI.

Weibo dataset
Comments on Weibo posted from 2013-7-1 to
2016-12-5 are crawled. This period contains sta-
ble, bull, and bear markets as reported later.
The number of collected comments is 2,104,746.
They are collected with their posting time to
calculate FAI for each period of one week.

News dataset
News articles are collected from two sources: the
Tencent news website1 and the text collection of
THUC Project developed by Tsinghua Univer-
sity [9]. In this dataset, each document is an-
notated with its topic (stock related, financial
related and other). Table 1 shows the number
of documents in this dataset.
The news dataset is used to train both the two-
way and three-way financial classifiers. When
the two-way classifier is trained, news articles of
the stock and financial classes are treated as the
financial related documents.

1http://news.qq.com/, http://finance.qq.com/

Table 1: News dataset
Class Website THUC Project
Financial related 800,000 5,000,000
Stock related 5,000 200,000,000
Other 165,000 500,000,000

3.2.3 Training of classifier

Support Vector Machine (SVM) is used for train-
ing our financial classifier. A linear function is chosen
as the kernel function of SVM. The tools of gensim,
sklearn, scipy and jieba are used for training SVM.

Bag-of-words are used as features for training
SVM. Function words are removed by a preprocess-
ing and all content words in a document are ex-
tracted as the features. The weight of each feature
is set as the TF-IDF score.

We found that the number of the features was high,
i.e. nearly 200,000. Therefore, we apply Latent Se-
mantic Analysis (LSA) to reduce the feature space.
LSA is a technique to reduce a size of a matrix of
words by documents using Singular Value Decompo-
sition (SVD). In this study, the number of the fea-
tures is reduced to 50.

4 Stock price movement predic-
tion with FAI

FAI is used for prediction of a stock index to eval-
uate its ability for risk management. LSTM [11] is
chosen for training a prediction model, since it is well
used for prediction of time series. In our model, input
of LSTM is a time sequence of either the stock index,
a difference of the stock index, or FAI. The difference
of the stock index is defined as a change of the stock
index between the current and previous periods. We
also train a model where these three kinds of values
are concatenated as a vector and passed to the input
layer of LSTM. The output of LSTM is a stock index
of the next period. We define a period of LSTM as
one transaction day. Note that FAI is calculated for
each week. If FAI is used for LSTM, the same value
is entered during days in a week. Our LSTM struc-
ture consists of one input layer, two LSTM layers
and one output layer. The input and output layers
consist on one neuron node. The first and second
LSTM layers contain 5 and 100 nodes respectively.

LSTM is learned through training by python deep
learning library Keras [1]. The activate function in
LSTM units is ‘linear’. The model is trained by the
rmsprop method with 1 examples in a batch, with
categorical cross entropy as the objective loss func-
tion. A validation fraction is set as 0.1%. A learning
rate is set as 0.001. All initial weights are set to be
small positive constant values. To prevent overfit-
ting, a dropout is set at 20% and an L2 regularization
constraint is set as 0.01.
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5 Evaluation

5.1 Classification of financial comment

The classifier to judge whether a comment is re-
lated to financial topics takes an import role in FAI.
First, the financial classifier is empirically evaluated.
Ten-fold cross validation on our news dataset is car-
ried out. The performance of the classifier is mea-
sured by the accuracy, which is a ratio of the number
of correctly classified comments to the total number
of comments.

The accuracy of the two-way and three-way clas-
sifier is 83.35% and 86.18% respectively2. The per-
formance of the financial classifiers is satisfying. We
found that the three-way classifier outperformed the
two-way classifier. So the three-way classifier is used
in our next experiments.

5.2 Prediction of stock index move-
ment

5.2.1 Experimental setting

Our LSTM-based stock index prediction model is
evaluated for its ability to predict not the stock index
but a movement of the stock index. More precisely,
we consider a task to classify a movement of the stock
index in one week into one of the following three
classes.

Up : A case where the stock index goes up by T or
more as Pe − Ps > T , where Ps and Pe is the
stock index at the start and end of the period.

Keep : A case where the stock index does not
change drastically as |Pe − Ps| ≤ T .

Down : A case where the stock index goes down by
T or more as Pe − Ps < −T .

We set T as 0.02 in this experiment.

Since our FAI is derived from comments of Weibo
that is Chinese microblogging service, SSE Compos-
ite Index (SCI) is chosen as the stock index in this
experiment. SCI is computed from prices of stocks
of Chinese companies. It is a tool widely used by
investors to describe the market. The SCI values are
obtained from the finance sina website3. The dataset
contains the SCI values of 679 trading days during
2013-10-28 to 2016-8-2, which is almost the same pe-
riod where the comments on Weibo are downloaded.

One hundred and twenty continuous weeks in our
stock index dataset are chosen as test periods. For
each test period, all past values are used as the train-
ing data.

2Recall that the comments are classified as either
“financial-related” or “other” even when the three-way classi-
fier is used; both stock-related and financial-related comments
are regarded as financial-related comments.

3http://finance.sina.com.cn/

5.2.2 Evaluation criteria

Two evaluation criteria are used in this experi-
ment.

Accuracy
It is a proportion of the number of the test pe-
riods for which the predicted movement class
agrees with the true class.

No Lost Accuracy
The main goal of this research is to help investors
not to get a good return but to avoid financial
risks. It is more important to predict the move-
ment “Down” in order not to cause loss. There-
fore, we introduce another criterion called “No
Lost Accuracy”. It is the accuracy of the stock
movement prediction task where the test peri-
ods are classified as either “Down” or not. That
is, “Up” and “Keep” classes are merged into one
class “Not-Down”.

5.2.3 Result and discussion

Table 2 shows the Accuracy (A) and No Lost Accu-
racy (NLA) of four different prediction models. “SI”,
“DI”, “FAI” stand for the model using only the stock
index, the difference of the stock index, and FAI, re-
spectively. “All” stands for the model using three
values.

Table 2: Result of stock movement prediction

Model SI DI FAI All
A 31.1% 42.9% 41.2% 35.3%
NLA 47.9% 62.2% 54.6% 57.1%

“FAI” is better than “SI” in terms of the Accu-
racy and No Lost Accuracy, indicating that FAI is
effective to predict the movement of the stock in-
dex. When combining FAI with other indexes, the
No Lost Accuracy is also improved. However, “FAI”
does not outperform “DI”. It is found that the dif-
ference of the stock index is a strong indicator of the
movement of the stock market.

Figure 1 shows a change of SSE Composite Index
in our dataset. Both a bull market and bear market
are found in this graph. To evaluate the performance
of the prediction models in different situations (bull
market, bear market etc.), we divide the test periods
into 12 terms, where each term consists of 10 test
periods (10 weeks), and measure an average of Ac-
curacy and No Lost Accuracy on each term. Results
are shown in Table 3. The tables include the situa-
tion, which is graphically shown in Figure 1, for each
term.

The results of the experiment show a tendency that
the model “FAI” achieves better performance than
the others in the situations of both a bull and bear
market. Especially, it is good on a front bull situa-
tion (T5). These results indicate that FAI is effective
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Figure 1: Change of SSE Composite Index

to predict a drastic movement of the market. On the
other hand, the model using the difference of the
stock index (DI) works well for the stable situations.
The model using the stock index (SI) is the worst in
our experiment.

6 Conclusion
As a novel index to measure an extent of a finan-

cial risk, this paper proposed the Financial Atten-
tion Index (FAI) that calculates the proportion of
the financial related comments on SNS. We empiri-
cally proved the effectiveness of the FAI in the task
of stock movement prediction. In future, we will in-
vestigate a better design of a structure of LSTM to
accept multiple inputs, i.e. the stock index, the dif-
ference of the index, and FAI.
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