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Abstract

Collective attention of investors maps the interests and intention of investors directly in the
stock market. However, the evolution mechanism of the collective attention from the view-
point of complex system is missing. In this paper, we empirically investigate the investor
collective attention mechanism based on a best-known stock trading platform between 2014
and 2016. Taking the global and recent popularity effects into account, we introduce a gen-
erative model for the collective attention of millions of investors who are deciding their
trading behavior among thousands of stocks in Chinese stock market. The experimental
results show that the investor attention is more closely affected by recent attention, with
the optimal case, when the memory effect parameter T = 10 and the recent popularity
parameter γ = 0.1, the model could regenerate the collective attention more accurately,
say Kendall’s τ = 0.92 for the Shanghai Stock Exchange(SSE) and Shenzhen Stock Ex-
change(SZSE) simultaneously. This work may shed some lights for deeply understanding
the mechanism of the investor collective attention for the financial market.
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1 Introduction

Collective attention given by the investors in the stock market closely reflects the
investors’ potential interests and trading behaviors, therefore, it is of significant
for understanding how investor attention to different stocks propagates and eventu-
ally fades among large population. Particularly, recent studies provide a theoretical
framework in which investor limited attention can affect asset pricing statics as well
as dynamics [1–3]. Heiberger et al. [4] argued that collective attention shifts pre-
cede structural changes in stock market networks and that this connection is mostly
carried by companies that already dominate the development of the S&P 100. How-
ever, the evolution mechanism of the investor collective attention is missing, which
could help us to understand the interaction between investor attention and stock
market performance. In this paper, we empirically investigate the statistical prop-
erties of the collective attention for Chinese stock market, and present a generative
model for regenerating the collective attention of the investors from the viewpoint
of complex system.

The problem of collective attention is at the heart of decision making and the spread
of ideas, and, it has been studied in a wide range of disciplines. Wu and Huberman
[5] argued that novelty within groups decays with a stretched exponential law, sug-
gesting the existence of a natural time scale over which attention fades. Lehmann et
al. [6] focused on spikes of collective attention in Twitter and found that epidemic
spreading was mostly driven by exogenous factors. Mocanu et al. [7] refered that
the users who were prominently interacting with alternative information sources
were more prone to interact with false claims. In order to understand the collec-
tive attention deeply, researchers proposed many different models to analyze it, for
instance, Kyumin et al. [8] developed spam classifiers to detect spam messages
generated by collective attention spammers. Ye et al. [9] presented a study of the
group purchasing behavior of daily deals in Groupon and LivingSocial and formu-
lated a predictive dynamic model of collective attention for group buying behavior.
Sasahara et al. [10] proposed a simple method for detecting and measuring the
collective attention evoked by various types of events. Bao et al. [11] proposed a
generative probabilistic model using a self-excited Hawkes process with survival
theory to model and predict the process through which individual items gain their
attentions. All the researches would be a strong basics for understanding the in-
vestor collective attention.

In fact, every investor eager to capture more information about the evolution dy-
namic of stocks, however, each investor could only get limited information of lim-
ited number of stock items due to the time and energy. They would add the potential
interested stocks into the watching list to capture the dynamic properties, and pay
more attention to the attracted information to adjust their trading behavior, leading
to the movement of the stock market [12–14]. Therefore, investor attention, as a key
factor in the stock market, attracted more and more attention. In order to describe
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the investor attention as exact as possible, many researchers uncover different kinds
of proxies, including extreme return [15], trading volume [16,17], turnover [18],
search volume index (SVI) [19–21], social network (Twitter feeds, blogs, forum,
Wikipedia etc.) [22–25], news [26,27], etc. [28,29]. In particular, the massive data
sources resulting from human interaction with the Internet have offered a new per-
spective on the behavior of market participants besides investors in the stock market
[30]. For example, Yang et al.[31] found that the increments of the attention volume
for each stock (IAVS) from the stock trading platform positively correlated with the
next day price of the corresponding stock index for the 2014-2016 three-year data,
which suggests that the collective attention of the stock investors contain more im-
portant information for the investing strategy. More concretely, the measure IAVS
refers to the daily increments of each stock which is chosen by investors into their
watch lists in a stock trading platform, and we call it “stock attention” for ease of
understanding in this paper. Figure 1 shows the evolution dynamic property of the
cumulative and daily increment attention of one specific stock in 2014.

Fig. 1. (Color Online) Illustration of the cumulative and daily increment attention for
the stock in 2014, which shows the investor collective attention of stock market from a
stock trading platform named Choice, available online at http://choice.eastmoney.com/. In
fact, the collective attention infers to the total attention number of each stock which is in the
investors’ watch lists and the daily increment for the stock infers to the increasing attention
number of each day for each stock located in the investors’ watch lists.

The stocks locating at the top position of the stock list may attract more investors’
attention, leading to the “rich get richer” phenomenon, which has been extensively
investigated in the popularity dynamics and network science [32,33]. Borghol et
al. [34] empirically measured the popularity of videos and found that preferential
selection could be used to interpret the video popularity evolution. Szabo et al. [35]
found that the long time popularity of online content could be predicted by the early
user accesses. Comparing with the rich-get-richer phenomenon, Bentley et al. [36]
introduced a “memory” parameter defined as the number of previous steps which
affects an individual’s decision. Furthermore, it should be noticed that the popular-
ity of most empirical systems is heterogeneous [37]. Liu et al. [38] found that the
online user interests could be divided as common interests and specific interests. Li
et al. [39] uncovered the popularity mechanisms for Facebook Apps and found the
recent popularity plays more important role as the popularity of Facebook Apps in-
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crease. The heterogeneous physics of the object popularity plays an important role
for the online social systems evolution [40].
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Fig. 2. (Color Online) The rank of the total number of cumulative attention for stocks of
Shanghai and Shenzhen Stock Exchange in each year from 2014 to 2016. One can find
that, for each year, the total number of cumulative attention increases from 2014 to 2016
and there are similar patterns for the cumulative attention of the SSE and SZSE respectively.

In this paper, we investigate the roles of the cumulative and recent attention in the
collective attention pattern of the investors for the stock market. Based on the in-
vestor collective attention on the stock trading platform, we calculate the statistical
properties of investor attention for above 2000 stocks in Shanghai and Shenzhen
Stock Exchanges from 2014 to 2016. Then, taking into account the cumulative and
recent number of attention, we present a model to regenerate the collective attention
pattern of the empirical attention of stocks, and find that either for the SSE and the
SZSE, the recent popularity of the collective attention plays more important role to
regenerate the collective attention ranking list of the the investor behaviors, which
suggests that the information technology, such as the App download list, online
social network, affects the user behaviors more closely. Moreover, investor atten-
tion is more affected by recent attention both in Shanghai Stock Exchange(SSE)
and Shenzhen Stock Exchange(SZSE). Finally, we analyze the trend of collective
attention pattern of the investors for the stock market in terms of different market
environments.
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2 Data and model

2.1 Description of the dataset

The original dataset includes the number of cumulative attention for each stock
in Shanghai Stock Exchange(SSE) and Shenzhen Stock Exchange(SZSE) in main-
land China from January 1, 2014 to December 31, 2016, spanning amax = 1095
days. All the data collected from the stock trading platform named Choice from
eastmoney.com (http://choice.eastmoney.com/), which is one of the best-known fi-
nancial trading platform in mainland China with approximately 1.6 million active
users daily and more than one hundred million users so far. As shown in Fig. 2, for
the investors’ collective attention of the stock trading platforms, the smallest cumu-
lative attention number of stocks is only six, while the largest attention number of
stocks is over ten million both in Shanghai Stock Exchange and in Shenzhen Stock
Exchange from 2014 to 2016. In addition, the total number of cumulative attention
of the stocks in the stock market shows a trend of rising year by year and there are
similar patterns for the cumulative attention of the SSE and SZSE respectively.

In this paper, we take into account the stocks which are listed in the stock trad-
ing platform at the beginning of each year and whose launch times are unknown.
Finally, by removing the stocks with missing information, the amount of stocks
mentioned in our following study is detailed in Table 1. As shown in Table 1, we
calculate the statistical properties of the empirical data, where the measure CAVS
refers the cumulative attention volume of each stock which is chosen by investors
into their watch lists in the stock trading platform. In fact, the investors would like
not only to choose new stocks but also to cancel some stocks. Generally speak-
ing, when the investors pay attention to the stocks, it is possible for them to buy it,
thereby causing the movement of the corresponding stocks. However, the investors
would cancel their attention any time with no significant effect on the movement
of the stock market, as explained by Barber et al. [12,15].Therefore, we only take
account of the number of choosing stocks by investors in this paper.

2.2 Construction of the Regenerative model

Taking the cumulative and recent attention into account, we present a model to re-
generate the collective attention behaviors for the stocks of SSE and SZSE. Since
there are significant difference between the SSE and SZSE, say the SSE mainly
include the heavyweights while the SZSE mainly include the SME (Small and
Medium-sized Enterprises) board companies, we suppose the investor’s attention
behaviors depends on the stocks of SSE or SZSE separatively. Then, the model
could be given in the following way. Firstly, the total number of attention for all
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Table 1
The statistical properties of the empirical data for each year. CAVS refers the Cumulative
Attention Volume of each Stock

Year Exchange # stocks max CAV S avg CAV S med CAV S min CAV S

2014 SSE 986 5,403,434 272,959 217,769 86

2015 SSE 984 12,765,074 783,611 537,831 401

2016 SSE 1073 28,339,129 1,126,740 819,464 5,621

2014 SZSE 1254 3,154,883 217,230 178,934 4

2015 SZSE 1202 8,163,248 550,947 429,314 113

2016 SZSE 1249 9,514,702 910,789 746,150 167

stocks at time a, denoted by F (a), is calculated by,

F (a) =
∑

i

f̃i(a), i ∈ SSE or SZSE, (1)

where f̃i(a) is the number of attention of stock i at time a, the stock i belongs to
the SSE or SZSE respectively. For the SSE or SZSE, the total increment F (a) at
time a is redistributed to each stock i with probability pi(a), which is given as,

pi(a) = γpci(a) + (1− γ)pri (a), (2)

where pci(a) is defined as the cumulative attention that users pay attention to stock
i at time a with a probability proportional to its cumulative attention ñi(a − 1),
yielding

pci(a) =
ñi(a− 1)

∑
i ñi(a− 1)

, (3)

and pri (a) is defined as the recent attention that users pay attention to stock i at time
a in terms of the probability proportional to its recent received attention, which is
described as

pri (a) =

∑a−1
t=1

1
T
e

−(a−t)
T f̃i(t)

∑
i

∑a−1
t=1

1
T
e

−(a−t)
T f̃i(t)

, (4)

where e−(a−t) is an exponential “memory” function which assigns weight to the
age-shifted increment f̃i from t days ago [36,41], the parameter T denotes the time-
liness of memory effect. In Fig. 3, we show results for stochastic simulations using
an exponential response-time distribution ω(a) = 1

T
e

−a
T to determine the weights

assigned to attention from a days earlier for varying response-time parameters T .
One can find that, the curve of the attenuation function ω(a) = 1

T
e

−a
T get slow

down with the T increase, that is to say, the timeliness of memory effect get longer
as T increase.

In the regenerating process for each time step, the ñi(a) in Eq.(3) and f̃i(t) in Eq.(4)
are obtained from the empirical data to determine the probability pi(a) of Eq.(2).
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Fig. 3. (Color Online) Illustration of attenuation function ω(a) under different memory
effect parameter T . The response-time parameter T denotes the timeliness of memory
effect, as the T increase from 1 to 50, the curve of the attenuation function ω(a) begin to
slow down.

The attention probability pi(a) interpolates between the extremes of γ = 0 (recent
attention) and γ = 1 (cumulative attention). After distributing each total incre-
ment F (a), we regenerate the age-shifted increment f̃i(a) of each stock exchange.
Specifically, the collective attention of last trading days from 2014 to 2016 is regen-
erated in this paper, and the stock’s initial age-shifted increment f̃i(1) is extracted
from the empirical data. The results for other time parameter a are similar with this
case.

3 Experimental results

3.1 Measurement

For the SSE and SZSE, to investigate the performance of cumulative and recent
attention for investor attention, we introduce the Kendall’s τ [42] to measure the
rank correlation between the regenerated number of attention f and the empirical
number of attention f̃ . Mathematically, it reads
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τ =

∑
i∈M

∑
j∈M sgn[(fi − fj)(f̃i − f̃j)]
|M |(|M | − 1)

(5)

where M is set of the different stock exchanges e.g. SSE and SZSE, sgn(x) is the
sign function, which returns 1 if x > 0; −1 if x < 0; and 0 for x = 0. According
to the definition, τ ∈ [−1, 1]. A higher τ indicates a more accurate estimation of
objects’ true quality.

More generally, the Kendall’s τ is a non-parametric statistic used to measure the
degree of correspondence between two rankings and assessing the significance of
this correspondence. In other words, it measures the strength of association of the
cross tabulations. Firstly, if the agreement between the two rankings is perfect (i.e.,
the two rankings are the same) the coefficient has value 1. Secondly, if the dis-
agreement between the two rankings is perfect (i.e., one ranking is the reverse of
the other) the coefficient has value−1. Thirdly, for all other arrangements the value
lies between −1 and 1, and increasing values imply increasing agreement between
the rankings. If the rankings are completely independent, the coefficient has value
0 on average.

For understanding the meaning of τ , we give an example here. Suppose we rank
a group of eight people by height and by weight where person A is tallest and
third heaviest, and so on: Persons = {A,B,C,D,E, F,G,H}, Rank Height =
{1, 2, 3, 4, 5, 6, 7, 8}, Rank Weight = {3, 4, 1, 2, 5, 7, 8, 6}. We see that there is
some correlation between the two rankings but the correlation is far from perfect.
We can use the Kendall’s τ coefficient to objectively measure the degree of cor-
respondence, and get that τ = 0.57, suggesting that, roughly speaking, there is a
positive correlation between the two ranking lists.

3.2 Result Analysis

Firstly, we investigate the Kendall’s τ by varying response-time parameters T in
terms of the effect of recent or cumulative attention on the following investor at-
tention of stocks for SSE from 2014 to 2016. From Fig. 4 (a)-(c), one can find that
investor attention is more likely to be affected by recent attention for the SSE with
long memory (γ ≤ 0.1, τ ≥ 0.94, T = 10) during the study time, and investor at-
tention is also more likely to be affected by recent attention for the SSE with short
memory (γ ≤ 0.3, τ ≥ 0.89, T = 5) during the study time. Particularly, the model
parameter achieve the best condition with τ ∗ = 0.95 while γ ≤ 0.1 and T = 5
or T = 10 for the SSE during the study time, that is to say, the generative model
emphasizes the investor recent attention of stocks over their cumulative attention
for SSE with short memory and long memory.

Secondly, we investigate the Kendall’s τ with different response-time parameters
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Fig. 4. (Color Online) Distribution of the Kendall’s τ of the SSE and SZSE for different
parameter γ and different response-time parameters T during 2014 and 2016, where
the Kendall’s τ is calculated according to the ranking lists of the generated and empirical
collective attention of the last day in each year, and the parameter γ indicates the effect of
the cumulative and recent popularity effects. (a-c) Distribution of the Kendall’s τ as T = 1,
T = 5, T = 10, T = 50 for SSE from 2014 to 2016. (d-f) Distribution of the Kendall’s τ
as T = 1, T = 5, T = 10, T = 50 for SZSE from 2014 to 2016. From which one can find
that, for both SSE and SZSE stock exchanges, the Kendall’s τ will reach its largest values
when the γ is close to 0 when the decay function parameter T =5, 10, or 50, suggesting
that the recent popularity plays more important role for the collective attention evolution.
Technical speaking, the model could be used to measure the effect of collective attention
for each day of different markets.

T in terms of the effect of recent or cumulative attention on the following investor
attention of stocks for SZSE from 2014 to 2016. From Fig. 4 (d)-(f), one can find
that investor attention is more likely to be affected by recent attention for the SZSE
with long memory (γ = 0.1, τ = 0.92, T = 10) during the study time. However, the
effect of recent or cumulative attention on the following investor attention of stocks
changed for the SZSE with different response-time parameters T in the view of
short memory effect. As T = 1, the model parameter achieve the varying condition
with τ = 0.83 while γ = 0.4 in 2014, τ = 0.78 while γ = 0.7 in 2015, τ = 0.74
while γ = 1.0 in 2016, which shows that both the recent attention and cumulative
attention affect the following investor attention of stocks for SZSE between 2014
and 2016. More over, as T = 5, the model parameter achieve the relative stable
condition with τ = 0.93 while γ = 0.1 in 2014, τ = 0.91 while γ = 0.1 in 2015,
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τ = 0.89 while γ = 0.2 in 2016, which shows that the recent attention gives more
influence on the following investor attention of stocks for SZSE between 2014 and
2016.

Generally speaking, by comparing the results with different response-time parame-
ters T , we find that the influencing trend of cumulative or recent investor attention
get stable gradually with the T increase and the most stable results is the state of
T = 10 both in SSE and in SZSE simultaneously. For the optimal case, when the
memory effect parameter T = 10 and the recent popularity parameter γ = 0.1,
the regenerative model could identify the popularity stock list more accurately, say
Kendall’s τ = 0.92 for the SSE and SZSE simultaneously. From the experimental
results, we get a stable result that the investor attention is more closely affected by
recent attention in Chinese stock market. See the detailed data in Table 2.
Table 2
The optimal Kendall’s τ and the corresponding parameters of experimental results

exchange year γ∗T=1 τ∗T=1 γ∗T=10 τ∗T=10

SSE 2014 0.30 0.86 0.00 0.94

SSE 2015 0.20 0.89 0.00 0.95

SSE 2016 0.40 0.88 0.10 0.95

SZSE 2014 0.40 0.83 0.10 0.92

SZSE 2015 0.70 0.83 0.10 0.92

SZSE 2016 1.00 0.74 0.10 0.92

4 Conclusion and discussions

Collective attention of the stock market investors maps the interests and intention
of investors directly. Different from the investigation of the physics of collective
online behavior for online social systems [43,44], we focus on the collective atten-
tion pattern of the investors for the stock market. First, we investigate the number
of cumulative attention for stocks in SSE and SZSE from 2014 to 2016 based on
the investor collective attention on the stock trading platform, and find that for each
year, the total number of cumulative attention increases from 2014 to 2016 and
there are similar patterns for the cumulative attention of the SSE and SZSE respec-
tively. Then, we present a model to regenerate the collective attention pattern of the
empirical investor attention of stocks in term of the cumulative and recent popular-
ity of different stocks, and measure with Kendall’s τ of the regenerated watching
list from 2014 to 2016. Our model suggests that investor attention guided more by
recent attention both in SSE and SZSE in the view of long memory effect. More
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over, under different stock market environments, the effect of recent or cumulative
attention on the following investor attention of stocks changed in different pattern
with different stock exchanges.

We analyze the collective attention pattern of the investors for the stock market.
First, give a brief review of the Chinese stock market for the years from 2014 to
2016. In 2014, A shares ushered the bull market and created a new high of nearly
five years, e.g. the SSE index broke 3200 points, showing the 52.87% uplift, the
SZSE index broke 11000 points, showing 35.62% uplift, and the highest volume
breakthrough trillion yuan, which is the so-called “bull market”. In 2015, SSE in-
dex seesawed between the highest point 5178 and lowest point 2850, and SZSE
index seesawed between the highest point 18211 and lowest point 9259, and we
call it as “shocked and crashed market”. In 2016, both SSE index and SZSE index
produce a negative income with −12.31% and −19.64%, which is the so-called
“bear market”. In addition, the listed companies in Shanghai Stock Exchange have
the characteristics of larger financing scale in the key industries of the country and
the listed companies in Shenzhen Stock Exchange almost are growth enterprises
with small or medium size.

To summarize, the investor attention is more closely affected by recent attention
in the view of longer memory effect both in SSE and SZSE. But, specifically, on
the one hand, although the stock market environments changed greatly, the recent
attention always plays an important effect on the following investor attention of
stocks in Shanghai Stock Exchange both in the views of short and long memory
effect, which indicates that the stocks of the listed companies with larger financing
scale is more likely to be affected by the recent attention. On the other hand, the
influencing trend of cumulative or recent attention on the following investor atten-
tion in SZSE is differ in SSE, and both the cumulative or recent attention play role
in the investor attention in the view of short memory effect as T = 1 in SZSE,
which indicates that the stocks of the listed companies with small or medium size
is affected by both the recent attention and the cumulative attention. To our under-
standing, compared with the listed companies with larger financing scale, investors
are more likely to overview the listed companies with small or medium size from
the historical and recent perspectives. The results may shed some lights for deeply
understanding attention mechanisms of the investors for the financial market.

From a theoretical perspective, our study enriches extant research by focusing on
the investor attention pattern of the stock market. Specifically, we present a model
to regenerate the collective attention pattern of the empirical attention of stocks to
test the effect of cumulative attention and recent attention on the following investor
attention of stocks. From a practical perspective, our findings may help the supervi-
sors to better understand the investor collective attention pattern, thereby to predict
the trends of stock market, based upon which they can make better investment de-
cisions or predict risk. A next step in this research initiative considers applying the
model to test the collective attention pattern of new stocks to predict the attention
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growth, thereby to predict the returns. For another, the path from investor atten-
tion to investor trading behavior is still incompletely clear, which also is a valuable
research issue to be discussed.
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 Taking  into  account  the  cumulative  and  recent  popularity,  we  introduce  a
generative model for the collective attention of investors.

 The  investor  attention  is  more  closely  affected  by  recent  attention.  With  the
optimal case, the Kendall’s τ=0.92 for two different stock exchanges.

 This work enrich the research of investor collective attention from the view of
complex system.


