:' frontiers | Frontiers in Physics

‘ @ Check for updates

OPEN ACCESS

EDITED BY
Xiaoke Xu,
Dalian Nationalities University, China

REVIEWED BY

Sergio Da Silva,

Federal University of Santa Catarina,
Brazil

Leonardo H. S. Fernandes,

Federal Rural University of Pernambuco,
Brazil

Chuan Qin,

Shanghai University of Finance and
Economics, China

Yu Xiao,

Shanghai University of International
Business and Economics, China

*CORRESPONDENCE
Zi-Yi Wang,
wangzy@163.sufe.edu.cn
Jian-Guo Liu,
liujg004@ustc.edu.cn
Xi-Hua Zhu,
simexihuazhu@163.com

These authors have contributed equally
to this work and share first authorship

SPECIALTY SECTION

This article was submitted to Social
Physics,

a section of the journal

Frontiers in Physics

RECEIVED 22 October 2022
ACCEPTED 29 November 2022
PUBLISHED 04 January 2023

CITATION

Yang Z-H, Su B, Wang Z-Y, Zhu X-H and
Liu J-G (2023), A representation and
classification method for collective
investor attention in the

financial market.

Front. Phys. 10:1076878.

doi: 10.3389/fphy.2022.1076878

COPYRIGHT
© 2023 Yang, Su, Wang, Zhu and Liu.
This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original
publication in this journal is cited, in
accordance with accepted academic
practice. No use, distribution or
reproduction is permitted which does
not comply with these terms.

Frontiers in Physics

TvpeE Original Research
PUBLISHED 04 January 2023
pol 10.3389/fphy.2022.1076878

A representation and
classification method for
collective investor attention in
the financial market

Zhen-Hua Yang'?#, Bo Su*', Zi-Yi Wang**, Xi-Hua Zhu®>* and
Jian-Guo Liu®”*

*School of Economics and Management, Huzhou University, Huzhou, China, 2Zhejiang Ecological
Civilization Executive Leadership Academy, Huzhou, China, *China Unionpay Data, Shanghai, China,
“School of Humanities and Social Science, Xi'an Jiaotong University, Xi'an, China, *Faculty of Business
Information, Shanghai Business School, Shanghai, China, ®Institute of Accounting and Finance,
Shanghai University of Finance and Economics, Shanghai, China, "Research Group of Computational
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Introduction: It is increasingly becoming integral to analyze the collected
information effectively.

Methods: We propose a representation and classification method for collective
investor attention in the financial market, taking the Chinese stock market as an
example. The method includes three key steps: 1) converting the hourly search
volume of each stock per week to an image representation for describing the
changes of collective investor attention; 2) extracting features of each image by
utilizing a self-encoding algorithm in deep learning; and 3) clustering generated
images by K-means to arrange stocks into different groups.

Results: The empirical results show that the portfolio considering the clustering
information outperforms the HS300 index.

Discussion: The method may not only use deep learning features for stock
similarity measurement, but also shed some light on profoundly understanding
the mechanisms of the collective investor attention for the financial market.

KEYWORDS

collective investor attention, representation, classification, financial market, deep
learning

1 Introduction

Collective attention given by the investors in the financial market is related closely to
the investors” potential interests and trading behaviors. The financial market is a typical
complex system characterized by a highly intricate organization and the emergence of
collective behavior [1,2]. Therefore, it is significant to understand how investors pay
attention to different stocks propagating among a large population in the financial market.
Attention becomes a scarce cognitive resource [3], especially in this society with
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information overload. Millions of investors remain active to
generate information in the financial market to form a vast
knowledge base [4-6]. Researchers have recently provided a
theoretical framework in which investor-limited attention can
affect asset pricing statics and dynamics [7-9]. However, it still
has a research gap about the proper method to represent and
classify the considerable knowledge base of collective investor
attention, which could help us understand massive user-
generated data in the financial market. This work offers an
exploration for collective investor attention by proposing a
representation and classification method from the viewpoint
of user-generated data.

Because of the network technology development, the methods
for measuring investors™ attention have gone through three main
stages. The first stage is based on the endogenous data, mainly
including extreme return [10], trading volume [11-13], and
turnover [14,15]. The second stage is based on the primary
exogenous data, mainly including news media coverage [16-18]
and advertising expenses [19,20]. The third stage is based on the
advanced exogenous data, mainly including search volume index
(SVI) [21-25] and social network (including Twitter feeds, blogs,
forum, and Wikipedia) [26-30]. Above all, the massive data sources
resulting from human interaction with the Internet have offered a
new perspective on the behavior of market participants besides
investors in the stock market. For example, Da et al. [21] found that
the increase in the SVI could successfully predict higher stock prices
in a short term and an eventual price reversal. Based on Google
Trends or Baidu index, the similar results have been found in French,
Japanese, Chinese, and other stock markets [4,23,31-33]. Inspired
by the previous research works, this work collects the search volumes
through a specific web browser hourly to analyze the collective
investor attention in the financial markets in this paper.

Moreover, convolutional deep learning approaches, such as
Convolutional ~ AutoEncoder  (CAE, unsupervised) [34],
Convolutional Neural Network (CNN, supervised) [35], and
multilayer supervised network [36,37], have achieved very
impressive performance for analyzing visual imagery. It has
motivated researchers to convert raw input signals to other
modalities of images to be processed by CNNs or CAEs. Some
of the good results have been achieved for diverse applications. For
example, [38] introduced a new approach to computer Go that used
networks to evaluate board positions and policy networks to select
moves; [39] described implementation of the standard i-vector-
PLDA framework for the Kaldi speech recognition toolkit. In
particular, [40] applied Convolutional AutoEncoder to learn a
stock representation and proposed a novel portfolio construction
strategy, which combined high returns with low risk. In this work,
however, we introduce a representation and classification method
for collective data by taking the Chinese stock market as an example.
This method employs the image representation and self-encoding
algorithm in deep learning. The aim of this work is to offer a method
to identify a more profitable portfolio by clustering stock groups of
collective investor attention in the financial market. The main
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analyzing steps are as follows: imaging search volume data for
collective investor attention, extracting the imaged features of the
collective investor attention trend, and clustering stocks based on the
imaged feature.

2 Methodology

We propose a representation and classification method for
collective investor attention in the financial market through
empirical experiments in the Chinese stock market. This method
comprises three key steps: 1) converting the hourly search volume of
each stock to a candlestick chart per week for describing the changes
in collective investor attention; 2) extracting features of each image
by utilizing self-encoding algorithm in deep learning; and 3)
clustering generated images by K-means to arrange stocks into
different groups. Figure 1 gives the structure framework of this work.

2.1 Visualizing the structured collective
investor attention for each stock

A candlestick chart shows opening and closing values overlaid
on the top of a total variance, which is often used to show stock value
behavior. In this paper, we convert the hourly search volume of each
stock per week to a candlestick chart inspired by the stock price
candlestick chart based on three rules mentioned in the following
paragraphs. Namely, we convert the raw data of collective investor
attention into the image representation, and it would be formed as
one chart for each stock based on its hourly search volume in each
week. After following the steps, we have 139,298 charts for all the
stocks in the Chinese A-share market.

1. Calculate four basic data: the highest collective investor attention
per hour per day, the lowest collective investor attention per hour
per day, the daily average collective investor attention, and the
previous daily average collective investor attention for each stock.

2. Color the columns red in the candlestick chart if the
daily average collective investor attention on that day is
higher than that on the previous day; otherwise, color
them green. Upper and lower hatchings represent the
highest and lowest collective investor attention data of the day.

3. Chart the trend of each individual stock on a weekly basis.

Figure 2 shows an example of Vanke A (000002) where the
structured data of an hourly search volume are visualized based on
the aforementioned three rules. The candlestick chart demonstrates
the collective investor attention which contains four numbers: the
highest/lowest search volume of the day, the average search volume
of the day, and the average search volume of the previous day. The
candlestick chart based on collective investor attention for each stock
could lead to a better understanding of the collective investor
attention.
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Structure framework of this work.
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FIGURE 2

Illustration of Vanke A’s collective investor attention trend in
one sample week. The horizontal axis is the date, and the vertical
axis represents the search volume on the day.

2.2 Extracting visualized features of the
collective investor attention for each stock

After visualizing the structured data of collective investor
attention for each stock, we extract the features from each image
in order to cluster groups by utilizing self-encoding algorithm in
deep learning.

The self-encoding algorithm, as a self-supervised learning
method, aims at reconstructing input information, constructing a
neural network to learn the objective function, dy () = x, and
extracting features from unlabeled data (images) automatically.
Construction of the self-encoder is mainly divided into three
steps: constructing the coding layer f, establishing the decoding
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layer g, and setting the loss function. So the neural network
includes the coding layer, the hidden layer, and the decoding
layer.

Usually, f and g can be denoted as follows:

h=f(x)=8Wx+b), (1)

x'=g(h)=8W'h+?b'), (2)
where x, x', and h represent vectors of the input, decoding,
and hidden layers, respectively. b and b’ represent the bias vectors
of the input and output layers, respectively. W and W' are weight
matrices of the input and output layers, respectively. § is a non-
linear activation function.
Minimizing the loss function by optimizing {W, W', b, b'}:

n

min 3 ' - x|
WWbb' o

(©)

>

where n is the size of the input layer.
The core steps of imaged feature extraction in this paper are
as follows:

. Import the image processing module by Python to process the
image data.

. Create a four-dimensional array to store the color image data
of each week; then, reduce the three-dimensional array data of
each stock into one-dimensional arrays.

. Build a coding layer model to compress data as three-
dimensional features.

. Construct a decoding layer model, and decompress
the three-dimensional features into a one-dimensional
array.

. Train the dataset, and extract the three-dimensional data
features from the middle layer.
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Clustering results of collective investor attention based on the visualized features of the sample week. X is feature 1, Y is feature 2, and Z is

feature 3.

2.3 Clustering the collective investor
attention based on the visualized features

The visualized features extracted in the aforementioned steps
are unlabeled, and the appropriate number of clusters is
unknown as well, so it is reasonable to choose one clustering
algorithm without specifying any cluster number. Taking into
account the number of samples and the feasibility of portfolio
construction, the K-means clustering method is employed finally
in this work, and the initial cluster center number is set to 10.

Figure 3 shows the clustering results of the first week on
collective investor attention by the K-means method. Three
features are extracted by the self-encoding algorithm: X, Y,
and Z axes. Ten various colors are the 10 labels which are set
in the K-means clustering method initially.

Figure 4 shows the partial results of image-based clustering
results for the first week. For instance, 000761
(BENGANGBANCAI Stock), 000777 (ZHONGHEKE]I
Stock), and 000785 (WUHANZHONGSHANG Stock) are
in one cluster. The main feature of this cluster is that the
average collective investor attention goes up in the week and a
few changes happen in the search volume from the first
working day to the last weekend day. Another cluster
contains stocks 000782 (MEIDAGUFEN Stock), 000783
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(CHANGJIANGZHENGQUAN Stock), 000789
(WANNIANQING  Stock), and 000790 (HETAIJIANKANG
Stock), and their common features are their first weekday search
volume increasing significantly compared with the last weekend, and
the average search volume is stable during the whole week.

3 Experiments

In this section, we introduce our dataset and experiment
settings first. The experiments are divided into two parts, each
of which includes two sections. The sections in the first part
explain estimation of the correlations between collective
investor attention and the current-stage returns and next-
stage returns, respectively. The second part explains building
portfolios based on collective investor attention and
calculating the Sharpe ratio and market value factors to
test the effectiveness of collective investor attention. Then,
we discuss the experiment results of our portfolio strategy. It
is verified that collective investor attention is positively
related to the current-stage stock returns and negatively
correlated with the next-stage stock returns. We also
compare the investment strategy offered based on the
method with other strategies.
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FIGURE 4

Partial clustering results of image-based clustering results on the sample week. Borders of the same thickness are grouped in the same cluster,
in which 000761 (BENGANGBANCAI Stock), 000777 (ZHONGHEKEJI Stock), and 000785 (WUHANZHONGSHANG Stock) are in one cluster. The
horizontal axis represents the date and the vertical axis represents the search volume on the day in each thumbnail.

3.1 Describing the dataset and settings

The data in this article are collected from the search records
of all stocks in a specified web browser, whose names remain
anonymous because of privacy. The search keywords include
stock names or stock codes with time stamps, so the dataset
contains the stock code, stock name, and hourly search volume.
We use the hourly search volume of each stock as the collective
investor attention in this research. For example, if one investor
searches one stock code in the specified web browser, the search
volume of this stock would be raised by one in this hour. It
contains 23.4 million hourly records in the dataset for all stocks
in the A-share market of China. The period of all records is from
January 2016 to January 2017.

Frontiers in Physics

All back-testing experiments in this paper are quantified through
the Uqer platform (https://uqer.io/), with Python scientific computing.

3.2 Estimating the correlations between
collective investor attention and different
stage returns

The current collective investor attention is positively correlated
with the current-stage return but negatively correlated with the next-
stage return, which is mentioned in previous research studies with a
similar proxy of investor attention [21]. We use back-testing
experiments to estimate correlations with the collected data in
this paper. Two correlations of portfolios are as follows.

frontiersin.org


https://uqer.io/
https://www.frontiersin.org/journals/physics
https://www.frontiersin.org
https://doi.org/10.3389/fphy.2022.1076878

Yang et al.

75.00%

50.00%

25.00%

0.00%

-25.00%

10.3389/fphy.2022.1076878

2016-01

FIGURE 5

2016-02 2016-03  2016-04 2016-05 2016-06 2016-07 2016-08 2016-09 2016-10 2016-11 2016-12  2017-01

Back-testing of the strategy considering the current collective investor attention. The horizontal axis is the date, and the vertical axis represents
the return of the strategy. The black line is the return of HS300 as a benchmark, and the blue line is the return of the strategy considering the current

collective investor attention.

3.2.1 The correlation between collective investor
attention and the current-stage return

To estimate the correlation between collective investor attention
and the current return, we provide a portfolio strategy as follows:

1. Sort the daily collective investor attention for each stock.

2. Buy the top 20 stocks with the highest collective investor
attention on the current day at the opening time of the stock
market. It is equal to the rationality of the actual investment
portfolio.

3. Hold the stocks in the new sorting list of updated top 20 stocks
with the highest collective investor attention at the opening
time on the next day of the stock market, and sell out the
others. Meanwhile, buy new ones appearing in the next-
day list.

4. Set the back-testing time of the strategy from January 2016 to
January 2017. Other initial parameters are kept unchanged in
the system, such as the initial capital which is 10 million yuan,
and the benchmark is the HS300 index.

3.2.2 The correlation between collective
investor attention and the next-stage return

The normal information coefficient (IC) refers to the cross-
sectional correlation coefficient between forecasts of excess
returns and actual returns, which can reflect the predictive
ability on the factor to the return of the next rate [41,42].
First, calculate the normal IC values of the collective investor
attention on the day and the next five-day returns:

_cov(X,Y) E[(X - ) (Y — pay)]
- Ox0y - Ox0y ’

(4)

XY
where X represents the collective investor attention of

individual stocks in tdays. Y represents the returns of
individual stocks in ¢ + i days, and Y is calculated as follows:
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y = Pr+i — Pt

5
o ®)

where p;, is the closing price of the target stock on the f day
and p;,, is the closing price of the target stock on the ¢ + i day.

To estimate the correlation between collective investor
attention and the next-stage return, we provide a portfolio
strategy as follows:

1. Sort the daily collective investor attention for each stock, and
divide stocks into ten groups from low to high.

2. Conduct experiments in ten groups. In each experiment, buy the
stocks in the same group but do not hold at the opening time of
the stock market on the day. Sell out the stocks which had have
been held but not in the same group after the updated grouping
on the previous day. The aim of this step is to hold the stocks of
the specified quantile array and then hold the equal positions.

3. The rest of the parameters are set as mentioned previously.

3.2.3 Experiment results of two different
correlations

There is no doubt that the relationship between the collective
investor attention and the stock return is in the same stage.
Compared with the HS300 benchmark (black) in the same stage,
the strategy of holding stocks with the high collective investor
attention on the day (blue) showed super high excess returns,
which illustrates that the current collective investor attention is
positively related to the current stock return, as detailed in Figure 5.
This strategy would be used as an experimental back-testing because
of the use of future information. However, it offers the same
conclusion as the current collective investor attention is positively
correlated with the current-stage returns.

We divide all stocks into ten groups according to the
collective investor attention from low to high and hold stocks
corresponding to only one group in each experiment. The

frontiersin.org
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Performance of each indicator on back-testing. The horizontal axis represents the ten groups, the left vertical axis represents the percentage for
annual return, drawdown, Alpha, and return fluctuation, and the right vertical axis represents the value of the Sharpe ratio. Five indicators are
illustrated in Figure 6, including the Sharpe ratio as the histogram, annual return as a line with hollow circles, drawdown as a line with hollow
diamonds, Alpha as a line with triangles, and return fluctuation as a line with squares. The return fluctuation and drawdown lines are positively
correlated with the collective investor attention, while the other three lines are negatively correlated with the collective investor attention.

TABLE 1 Correlation results between the collective investor attention and
the stock return. It shows the normal IC statistic distribution between the
collective investor attention on day T and the return on days T+1, T+2, T+3,
T+4, and T+5, including mean, standard deviation, minimum, 25%
quantile, 50% quantile, 75% quantile, and maximum.

IC T+1 T+2 T+3 T+4 T+5
Mean 0.0283 0.0159 0.0067 0.0029 0.0012
Standard deviation =~ 0.0841 0.0631 0.0557 0.0458 0.0394
Min -0.2109 = -0.2109 -0.2109 = -0.1595 -0.1226
25% -0.2166 = -0.0187 = -0.0254 = -0.0227 —-0.0216
50% 0.0112 0.0073 0.0015 0.0000 —-0.0022
75% 0.0769 0.0495 0.0359 0.0222 0.0216
Max 0.3432 0.2530 0.2107 0.2011 0.1646

experiment results show that the Sharpe ratio, annual return, and
alpha indicator are negatively correlated with the collective
investor attention; return fluctuation and maximum
retracement are positively correlated with the collective
investor attention. It verifies that the current collective
investor attention is negatively correlated with the next-period
stock return, which is detailed in Figure 6. Specifically, the Sharpe
ratio is calculated according to Eq. 6 in Section 3.3.1, the annual
return refers to the annual return of each stock group, drawdown
refers to the peak-to-valley loss as a percentage figure, the Alpha
indicator refers to the excess return [43], and the return
fluctuation refers to the standard deviation of all daily returns

during the back-testing period. More detailed correlation results
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between the current collective investor attention and the future
stock return can be seen in Table 1. Above all, we have verified the
effect of collective investor attention, which shows that the
collective investor attention is positively related to the
current-stage stock return and is negatively correlated with
the next-stage stock return and also occurs in the Chinese
stock market.

3.3 Building portfolio with clustering
results and different factors

The clustering results are obtained according to the trend of
collective investor attention images. Within Uqer, a professional
platform for financial quantitative analysis, we claim two
strategies taking into account two factors: one is the Sharpe
ratio, and the other is the market value.

3.3.1 Investment portfolio strategy considering
clustering results and the Sharpe ratio

The Sharpe ratio (SR) is a measure of a portfolio’s
performance over an evaluation period. SR is expressed as
the portfolio’s average excess return per unit of risk [43,44].
The Sharpe ratio is calculated by subtracting the risk-free rate
from the return of the portfolio and dividing the results in the
standard deviation of the portfolio’s excess return. It adjusts a
portfolio’s the expected future
performance, for the excess risk that is taken by the

past performance, or

investor. Compared to similar portfolios or funds with
lower returns, the higher the Sharpe ratio is, the better the
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FIGURE 7

Six subfigures are shown. In each subfigure, the horizontal axis represents the data time from January 2016 to January, 2017, and the vertical

axis represents the return of the portfolio. The black line represents the performance of HS300 as a benchmark in each subfigure. The blue lines show
the performance of different portfolio strategies. (A) Constructing the return of the portfolio strategy by clustering results combined with the Sharpe
ratio, —41%, which is extremely lower than the benchmark. (B) Portfolio strategy only constructed by the Sharpe ratio and the return is 39.4%,
which is also lower than the benchmark. Other four portfolios perform better than the benchmark, clearly. It is noticed that the annual return
percentages of the portfolio are 52.6%, 20%, 59.7%, and 18.7%. The strategy in (C) is the return of the portfolio with clustering results combined with
the small market value. The strategy in (D) is the return of the portfolio constructed by the small market value. In (E), it takes an assumption that
30 chosen stocks as a portfolio of clustering results combine with a small market value and show the return of the portfolio. In (F), the return of the

portfolio is constructed only by the small market value.

performance is [45]. We calculate the weekly Sharpe ratio
based on the clustering results for each stock as follows:

RP - Rf
Op

Shar pRatio = (6)

where R, is the weekly return of the portfolio, Ryis the weekly
risk-free rate, and 0, is the standard deviation of the portfolio
which exceeds the return during the week.

The investment portfolio strategy considering clustering
results and the Sharpe ratio is selected by three steps as
follows:

1. Calculate the weekly Sharpe ratio for individual stocks in the
A-share market of China.

2. Select the stock with the highest Sharpe ratio value from each
clustering group in Section 2.3.
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3. Form a portfolio with ten stocks selected from each clustering
group in each week, and adjust the positions every week to test
the return.

In order to verify the effectiveness of the collective investor
attention factor, it is necessary to compare the aforementioned
strategy with one simple strategy, as a baseline, which contains
10 stocks carrying the highest Sharpe ratios.

3.3.2 Investment portfolio strategy considering
clustering results and the market value

The market value represents the economic size of an enterprise.
Plenty of popular stock classification rules are based on the market
values, such as the Se4P Small 400 Index and the SeP Medium
600 Index in the American stock market and the SSE 50 and SSE
180 in the Chinese stock market. Therefore, we also establish a
portfolio based on the market value and clustering results in this paper.
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The investment portfolio strategy considering clustering
results and the market value is selected by two steps as
follows:

1. Calculate the total market value of stocks in the whole market.

2. Sort each clustering group according to the market value and
select one stock with the smallest market value in each
clustering group as described in Section 2.3. The portfolio
is made up of ten stocks with the smallest market value in each
group. The position is adjusted weekly, and the returns are
tested.

The final strategy that we constructed is made up of a total
of 30 stocks from 10 groups, with three stocks having the
lowest market value in each group, and other conditions are
kept the same to avoid the individual error of the strategy.
Similarly, we also compare these strategies with baselines that
contain 10 stocks (30 stocks) with the lowest market values
selected from the whole A-share market of China. This is to
verify the factor contributions in the strategy we offered in
this work.

3.3.3 Portfolio performances

The performances of different portfolio strategies are
illustrated in Figure 7, which contains six subfigures. The
black line is the annual return of HS300 as a benchmark in
each subfigure. The results show the following: first, the return
of the portfolio strategy, considering that both clustering
results and the Sharpe ratio are lower than the benchmark
during the observation timespan, which is detailed in
Figure 7A. Second, the return of the portfolio strategy,
which is constructed only by the Sharpe ratio, is also lower
than the benchmark, which is detailed in Figure 7B. The
Sharpe ratio is applicable to active funds, including bond
funds and stock funds, to measure the risk control ability of
fund managers, which maybe the main reason for these results.
Third, the portfolio strategies selected by considering both the
clustering results and the small market value perform better
than the benchmark. In Figure 7C, the strategy’s annual return
is 52.6%, and its maximum drawdown is 9.8%, which has
improved significantly in the income and risk. The strategy in
Figure 7D is the return of the portfolio constructed by the
small market value, whose annual return is 20.0% and the
maximum drawdown is 9.8%. Comparing Figure 7C with
Figure 7D, it is found that there are few changes in the
maximum drawdown, but the annual return of the portfolio
with clustering results performs better. Figure 7E shows that
30 stocks are chosen as a portfolio of clustering results with a
small market value, and it shows the return of the portfolio.
The portfolio’s annual return is 59.7%, and the maximum
drawdown is 12.5%. Meanwhile, in Figure 7F, it is noticed that
the return of the portfolio with 30 chosen stocks constructed
only by the small market value is lower than the return shown
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in Figure 7E. Its annual return is 18.7%, and its maximum
drawdown is 9.2%. From the results of the comparison of
Figure 7E and Figure 7F, the return of the portfolio is selected
by considering that the clustering is higher, which is just as
same as the results from Figure 7C and Figure 7D. The stability
of our method is considerable.

4 Conclusion and discussion

This paper introduces an image representation and
classification method for collective investor attention in the
financial market. First, we convert the hourly search volume of
each stock per week to an image representation for describing
the changes in collective investor attention. Second, we extract
features of each image by utilizing a self-encoding algorithm in
deep learning. Third, we cluster the generated images by the
K-means method to divide all stocks into different groups. In
addition, we construct portfolios to test the representation and
classification method proposed in this work. From the
portfolio experiments, two investment portfolio strategies,
considering clustering results on the Sharpe ratio and the
market value, outperform the annual return of HS300 as
the baseline. Typically, small-size stocks are more affected
by collective investor attention than large-size and medium-
size stocks.

The representation and classification method for collective
investor attention in this work is a novel application of
candlestick in the financial market. It would not only mine
the potential information of the collective investor attention
using deep learning but also form a specific group for stock
similarity measurement. In this work, we put forward a new
path to effectively analyze the vast quantities of user-generated
data to deeply understand the collected information’s
mechanism. As it is only a preliminary exploration in this
work, it could be wused in other stock markets
272 different periods in the financial field to testify its
validity in the future works. The method is expected to be

or

extended to other areas in the next step.
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