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a b s t r a c t
Exploring the scientific impact of online big-data has attracted much attention of researchers from different fields in recent years. Complex financial systems are typical open
systems profoundly influenced by the external information. Based on the large-scale data
in the public media and stock markets, we first define an information driving force, and
analyze how it affects the complex financial system. The information driving force is
observed to be asymmetric in the bull and bear market states. As an application, we then
propose an agent-based model driven by the information driving force. Especially, all the
key parameters are determined from the empirical analysis rather than from statistical
fitting of the simulation results. With our model, both the stationary properties and nonstationary dynamic behaviors are simulated. Considering the mean-field effect of the
external information, we also propose a few-body model to simulate the financial market
in the laboratory.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Open complex systems are many-body systems whose interplay with the external environment should not be ignored.
It is well known in physics that the external force plays a crucial role in dealing with the open systems. As an important
example of open complex systems, the financial market is substantially influenced by the external information. However,
our understanding of the external information and its controlling effects in the agent-based modeling is still limited [1–4].
Furthermore, the interactions among the agents may arise from or be influenced by their response to the external
information. On the other hand, it is rather challenging in the laboratory to capture the statistical features of the financial

*
**

Corresponding author at: Department of Physics, Zhejiang University, Hangzhou 310027, PR China.
Corresponding author at: School of Information Engineering, Ningbo Dahongying University, Ningbo 315175, PR China.
E-mail addresses: zhengbo@zju.edu.cn (B. Zheng), xfjiang@nbdhyu.edu.cn (X.-F. Jiang).

https://doi.org/10.1016/j.physa.2017.12.128
0378-4371/© 2017 Elsevier B.V. All rights reserved.

594

T.-T. Chen et al. / Physica A 496 (2018) 593–601

system only with the internal interactions. This may be due to the small number of experimental subjects. Thus the external
information shows its very importance in the human experiments [5–8].
In recent years, exploring the scientific impact of online big-data has attracted much attention of researchers from different fields. The massive new data sources resulting from human interactions with the Internet offer a better understanding
of the profound influence of the external information on the complex financial system [9–17]. For example, the trading
behavior of the traders can be quantified with the Google search volumes and Wikipedia topic view times [11,12]. The web
search volumes and news are positively correlated with the trading volumes [10,13]. The time perspective of the traders
can be investigated with the Google query data [9,15]. Although the agent-based modeling has become one of the key tools
to study the financial system [18,19], the external information is usually either ignored or simply treated as the exogenous
noises in previous agent-based models [20–27].
To understand the financial market comprehensively, it is also important to investigate the non-stationary dynamic
properties [28–30]. Phenomenologically, the dynamic relaxation processes both before and after the large fluctuations are
characterized by a power law, and are asymmetric at the daily time scale [31,32]. It has been suggested that the external
forces could drive the financial system to a non-stationary state and induce the time-reversal asymmetry of the dynamic
relaxation processes. With our model, we reproduce not only the stationary statistical properties, but also the non-stationary
dynamic behavior of the financial system. In Section 2, we analyze the information driving force based on the web query
data. In Section 3, we construct an agent-based model driven by the information driving force. In Section 4, taking the meanfield effect of the external information into account, we propose a few-body model to simulate the financial market in the
laboratory.
2. Empirical information driving forces
2.1. Data
From Google Trends (http://trends.google.com), we retrieve the weekly Google search volumes for the S&P 500 components from September 7, 2008 to July 19, 2014. The searching keywords are in the form of ‘‘ticker symbol + stock’’. The ticker
symbol is used to ensure that the searched term is related to the stock market [14]. The search volumes provided by Google
Trends are given as the adjusted ratios to the total number of searches on Google in the corresponding time interval. The
zero search volume actually is not zero, but below a threshold.
Further, we collect the historical market data, such as the daily and weekly closing prices and the weekly trading volumes
of the S&P 500 components in the same period from Yahoo! Finance (http://finance.yahoo.com). We exclude the stocks which
report either zero search volumes frequently, or no available market data in the corresponding time period. Finally, there
are 108 stocks.
At time t, the Google search volume, trading volume and closing price for the ith stock are denoted by Gi (t), Vi (t) and Yi (t)
respectively. The logarithmic price return is defined as
Ri (t) = ln[Yi (t)/Yi (t − ∆t)],

(1)

where ∆t is the time interval. For the daily closing prices, ∆t = 1 day, and for the weekly closing prices, ∆t = 1 week. For
simplicity, the volatility is defined as the absolute value of the return in this paper. The calculations in Section 2 are based on
the weekly Google search volumes, trading volumes and closing prices for the S&P 500 components. In Section 3, the daily
closing prices are treated as comparisons.
2.2. Definitions and results
The complex financial system is an open system with many-body interactions [33–36], and its interplay with the external
environment should not be ignored. We define an information driving force based on the web query data combining with
the stock market data, and analyze how it drives the financial system. The web query data can not only reflect the arrival
of news, but also provide a proxy measurement of the information gathering process of the investors before their trading
decisions. In this section, the calculations are based on the weekly Google search volumes, and the corresponding historical
market data for the S&P 500 components.
The states of the external information, i.e., the Google search volume Gi (t), may be complicated [13,17]. Here, the
information states are classified into two states, i.e.,

{
Si (t) =

1
0

Gi (t) > Ḡi
Gi (t) ≤ Ḡi ,

(2)

where Ḡi is the mean value of Gi (t) for the ith stock. The investors are more influenced by the external information at Si (t) = 1,
while less at Si (t) = 0.
For the comparison of different time series, we normalize a time series Q (t ′ ) by
q(t ′ ) = [Q (t ′ ) − ⟨Q (t ′ )⟩]/σ ,

(3)
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Fig. 1. (a) The probability distributions of the Google search volumes and trading volumes of the S&P 500 components. The dashed line corresponds to a
power law fit with the slope = 3.5. (b) The average auto-correlation functions of the Google search volumes, trading volumes and the information states
of the S&P 500 components. The curve for the trading volumes is shifted down slightly. A power-law fit with the slope = 0.30 is given by the dashed line.
As shown in the dot-dashed line of the inset, we also fit the curve with an exponential law, i.e., A(t) = c exp(−t /τ ) with τ = 26.

√

where ⟨· · · ⟩ denotes the average over time t ′ , and σ =
⟨Q (t ′ )2 ⟩ − ⟨Q (t ′ )⟩2 is the standard deviation of Q (t ′ ). The
normalized variables for Gi (t ′ ), Vi (t ′ ), and Ri (t ′ ) are denoted by gi (t ′ ), vi (t ′ ) and ri (t ′ ) respectively. As displayed in Fig. 1(a), the
probability distributions of both the Google search volumes and the trading volumes are roughly symmetric with powerlaw-like tails. The similar scaling phenomena of gi (t ′ ) and vi (t ′ ) cast a new insight on the relationship between the external
information and the trading behavior of the investors. To investigate the temporal dynamics, we define the auto-correlation
function of the variable q(t ′ ) as
A(t) = [⟨q(t ′ ) · q(t ′ + t)⟩]/A0 ,

(4)

where A0 = ⟨q(t ) ⟩. For each stock, the auto-correlation functions of gi (t ), si (t ) and vi (t ) are computed. Then we average the
auto-correlation functions over i. As displayed in Fig. 1(b), the average auto-correlation functions of gi (t ′ ) and si (t ′ ) exhibit a
power-law-like behavior in a certain period of time. This is similar to that of vi (t ′ ). On the other hand, all the three curves start
deviating from the power law at about t = 26 weeks. A more careful analysis such as fitting the curve to an exponential law
shows that the correlating time of the Google search volumes is just about τ = 26 weeks, which represents the approximate
persisting time of the information states.
To investigate the influence of external information on the trading behavior of the investors, we compute the moving time
averages of the trading volumes in different information states. Here we adopt the correlating time τ of the Google search
volumes as the length of the moving time window. Since τ represents the approximate persisting time of the information
states, the average values in the moving time window t ′ ∈ (t , t + τ ) should capture the characteristic dynamic behavior of
the stock market. In fact, the results are robust for τ in the range from 20 to 35 weeks. Denoting the moving time averages
of the trading volumes at Si (t ′ ) = 1 and Si (t ′ ) = 0 by Vi1 (t) and Vi0 (t) respectively, one can simply compute
′ 2

′

′

′

Vi1 (t) = ⟨Vi (t ′ )⟩τ |Si (t)=1 ,
Vi0 (t) = ⟨Vi (t ′ )⟩τ |Si (t)=0 ,

(5)

where ⟨· · · ⟩τ represents the average over the time window t ∈ (t , t +τ ). We then empirically define the information driving
force for the ith stock on time t
′

F̃i (t) = Vi1 (t)/Vi0 (t) − 1.

(6)

If F̃i (t) > 0, i.e.,
>
the investors trade more frequently at the state Si (t) = 1, and the external information
does drive the market to be more active. The positive information driving forces reflect the information gathering process
of the investors before their trading decisions. If F̃i (t) < 0, i.e., Vi1 (t) < Vi0 (t), the investors trade less frequently at the state
Si (t) = 1, and the market is not driven to be more active. The negative information driving forces may be related to the
ambiguous or uncertain information which does not play a key role in the trading behavior. As displayed in Fig. 2, both the
positive and negative F̃i (t) are observed. The probability distribution of F̃i (t) is obviously asymmetric with a heavier positive
tail. Particularly, the maximum positive F̃i (t) is up to 4.8, while no negative F̃i (t) is smaller than −0.6. This result indicates
that the external information usually drives the market to be more active, which is consistent with the previous empirical
findings for the web query data or news [13,10].
R′i (t) is defined as the moving time average of Ri (t) over the time window t ′ ∈ (t , t + τ ). Similarly, the moving time
average of Vi (t) is denoted by Vi′ (t). The stock market is defined to be in a bullish state if R′i (t) > 0, and in a bearish one if
Vi1 (t)

Vi0 (t),
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Fig. 2. The probability distribution of the information driving forces for the S&P 500 components. An exponential fit for F̃i (t) > 0 is displayed in the solid
line, i.e., P(F̃i ) = a1 exp(−b1 F̃i ) with b1 = 3.5. The dashed line corresponds to an exponential fit for F̃i (t) < 0, i.e., P(F̃i ) = a2 exp(b2 F̃i ) with b2 = 10.5.

R′i (t) < 0. To investigate the information driving forces in different market states, we define the average information driving
forces F̃ bear and F̃ bull for the bull and bear markets respectively,
F̃ bear =

1

∑

NR′ (t)<0

t ,i

1

∑

NR′ (t)>0

t ,i

i

F̃ bull =

i

F̃i (t)|R′ (t)<0 ,
i

F̃i (t)|R′ (t)>0 .

(7)

i

Here NR′ (t)>0 and NR′ (t)<0 are the numbers of positive and negative R′i (t) respectively. Thus the difference of the average
i

i

information driving forces F̃ bear and F̃ bull for the bull and bear market states is computed,

∆F̃ = (F̃ bear − F̃ bull )/⟨F̃ ⟩,

(8)

where ⟨F̃ ⟩ is the mean value of F̃i (t) for all different t and i. The result is ∆F̃ = 0.4, i.e., the information driving forces in
the bear market are stronger than that in the bull market. The asymmetric information driving forces in the bull market and
bear market indicate that investors are more sensitive to the information in the bear market.
3. Agent-based herding model driven by information driving forces
3.1. Model framework
As an application, we propose an agent-based model driven by the information driving force in this section. In our model,
there are N agents, and each agent operates one share at time t. Because of the highly incomplete information for the
investors in the real market, the decisions of agents to buy, sell or hold are assumed to be random. At time t, the m-agent
makes a trading decision
1

{

ψm (t) = −1
0

buy
sell
hold.

(9)
buy

hold
The probabilities for the mth agent to buy, sell and hold at time t are denoted by pm (t), psell
m (t) and pm (t) respectively, and
buy
buy
hold
sell
sell
pm (t) + pm (t) + pm (t) = 1. In Ref. [20], it is assumed that pm (t) = pm (t) = p, and p is a constant estimated to be 0.0154.
buy
buy
sell
In our model, we still assume pm (t) = psell
m (t), but the trading probability of the mth agent pm (t) = pm (t) + pm (t) evolves
with time.
The price return R(t) in our model is defined as the difference between the demand and supply of the stock, i.e., the
difference between the numbers of agents buying and selling the stock,

R(t) =

N
∑

ψm (t).

(10)

m=1

Based on the results of the empirically-defined driving forces in the previous section, we introduce the information driving
force Fm (t) of the mth agent in our model. We assume that Fm (t) induces a dynamic fluctuation of the trading probability pm (t),
pm (t) = [1 + Fm (t)]p(0),

(11)
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where p(0) is the initial value of p(t). We set p(0) = 2p/(1 + F̄ ) to ensure the time average of the trading probabilities for
the mth agent ⟨pm (t)⟩ = 2p. Here F̄ is the mean value for the distribution of the information driving forces Fm (t).
The simplest form of Fm (t) should be
Fm (t) = sm (t)η(t),

(12)

where sm (t) is the state of the mth agent, and η(t) is a stochastic variable. According to Section 3, we suppose η(t) obeys the
probability distribution P(η) ∼ exp(−αη) with α = 3.5. We only consider the positive information driving forces, since the
negative ones are not dominating.
As mentioned in Section 3, there are two information states for the market, i.e., S(t) = 1 and S(t) = 0. The information
driving force plays an important role only at the state S(t) = 1. The information state will flip between S(t) = 1 and
S(t) = 0 with an average transition probability pt = 1/τ , where τ is the correlating time of the Google search volume.
Each time t, we set the states for a dominating percentage of the agents to be sm (t) = S(t), and the states for the others
to be sm (t) = 1 − S(t). This percentage will impact the trading probability, and thus influence the simulation results. The
simulation results, however, remain robust when the percentage is ‘‘dominating’’, e.g., above 80%. In our simulations, the
percentage is set to be 95%.
The investment horizon is defined for a better description of agents’ behavior based on the previous stock performance
of different time scales [21]. The integrated investment basis R′ (t) is defined as
R′ (t) =

M
∑

⎡
⎣γl

l=1

l−1
∑

⎤
R(t − j)⎦ .

(13)

j=0

−1
Here γl ∝ l−1.12 represents the relative portion of the investors with a l-days investment horizon, and Σjl=
0 R(t − j) represents
their simplified basis for estimating the previous price movements [20]. The maximum investment horizon is denoted by
M. In our model we estimate M to be τ , which is the correlating time of Google search volumes. For M between 50 and 500,
the simulation results remain qualitatively robust.
The stock market is assumed to be in a bullish state if R′ (t) > 0, and in a bearish one if R′ (t) < 0. To describe the
asymmetric trading behavior of agents in the bull and bear markets, we complete the form of Fm (t),

Fm (t) = sm (t)η(t)[1 + c · sign(R′ (t − 1))],

(14)

where c is the asymmetric coefficient. We assume that the asymmetric coefficient c = ∆F̃ /2. Here ∆F̃ is the difference of
the empirically-defined information driving forces in the bull and bear markets, which is computed from Eq. (8).
The herding behavior can be accounted for by the information dispersion [37,38]. The agents behave similarly since they
are exposed to the same information. We assume that the agents whose information driving force Fm (t) > 0 are divided
into groups. The average number of agents in each group n(t) should be related to the information driving force, and we set
1 N
n(t) = p−
t Σm=1 Fm (t)/N. Here N is the number of agents.
3.2. Simulation
With the number of agents set to be N = 10,000 in our model, we perform the numerical simulation in the following
procedures.
Initially, R(t) of τ days are set to be zero.
On day t, we first set the information state S(t) of the market and the state sm (t) of each agent.
Then we compute R′ (t − 1) with Eq. (13) and Fm (t) with Eq. (14). Thus pm (t) can be calculated with Eq. (11).
The agents whose Fm (t) > 0 are divided into N /n(t) groups. The agents in the same group will adopt the same trading
choice, i.e., buy, sell, or hold.
(5) After all agents have made the trading decisions with the probability pm (t) according to Eq. (9), the return R(t) is
computed with Eq. (10).

(1)
(2)
(3)
(4)

Repeating procedures (1)–(4), we obtain the return time series R(t). The first 10,000 data points are abandoned for
equilibration, and then 10,000 data points of R(t) are collected.
To reduce the fluctuations, the calculations for the empirical data are averaged over different stocks. The price return
R(t) is normalized to r(t) according to Eq. (3). The model reproduces the statistical features of the real stock markets. The
cumulative probability distributions P(|r | > x) of the absolute values of price returns are displayed in Fig. 3(a), and the fat
tails are observed. The volatility clustering is characterized by the auto-correlation function A(t) of volatilities, seen in Eq. (4).
As shown in Fig. 3(b), A(t) from the simulation is in agreement with that from the empirical data. The hurst exponent of A(t)
is calculated to be 0.90, which also indicates the long-range correlation of volatilities [39].
To describe how past returns affect future volatilities, the return-volatility correlation function L(t) is computed [40],
2

L(t) = [⟨r(t ′ )|r(t ′ + t)| ⟩]/Z ,
′ 2 2

(15)

where Z = ⟨|r(t )| ⟩ . The average L(t) over the S&P 500 components shows a negative correlation, which is the well-known
leverage effect [41]. As displayed in Fig. 4, L(t) from our simulation is in agreement with that from empirical data.
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(a)

(b)

Fig. 3. (a) The cumulative probability distributions of the absolute values of returns for the S&P 500 components, and for the simulation. (b) The autocorrelation functions of volatilities for the S&P 500 components, and for the simulation.

Fig. 4. The return-volatility correlation functions for the S&P 500 components and for the simulation.

3.3. Non-stationary relaxation processes
It is important to investigate the non-stationary dynamic properties to understand the financial market comprehensively.
A typical example is the so-called financial crash. It has been suggested that the external forces could drive the financial
system to a non-stationary state and induce the time-reversal asymmetry of the dynamic relaxation processes [31,42].
To study the dynamic relaxation processes after and before the large fluctuations, we introduce the remanent and antiremanent volatilities,

vc+ (t) = [⟨r(t ′ + t)|⟩c − ⟨|r(t ′ )|⟩]/Z ,

(16)

vc− (t) = [⟨r(t ′ − t)|⟩c − ⟨|r(t ′ )|⟩]/Z ,
′

′

(17)
′

where Z = ⟨|r(t )|⟩c − ⟨|r(t )|⟩. Here ⟨· · · ⟩c represents the average over those t with specified large volatilities, and ⟨· · · ⟩
represents the average over time t ′ . The large volatilities are selected by the condition |r(t ′ )| > ζ , and the threshold ζ is
well above σ , i.e., the standard deviation of r(t ′ ). When ζ is sufficiently large, the selected events correspond to the financial
crashes or rallies. To reduce the fluctuations, the cumulative function of vc± (t) is computed as
Vc± (t) =

t
∑

vc± (t ′′ ).

(18)

t ′′ =1

We collect the daily closing prices of the S&P 500 index from November 27, 1974 to July 18, 2014. The previous study
shows that the dynamic relaxation processes both before and after the large fluctuations are characterized by the power law
and are time-reversal asymmetric at the daily time scale [31]. Especially, the time-reversal asymmetry and ζ -dependent
Vc± (t) are mainly induced by exogenous events [31,32]. With our model, we generate 100,000 data points in the simulation.
As displayed in Fig. 5, the simulation results are consistent with those of the empirical data. Particularly, we reproduce the
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(b)

Fig. 5. The cumulative remanent and anti-remanent volatilities for (a) the S&P 500 index and for (b) the simulation. The threshold is ζ = 2σ , 4σ , 6σ , and
8σ respectively. For clarity, the curves are shifted up or down.

time-reversal asymmetry and ζ -dependent Vc± (t), which are the characteristics of the non-stationary dynamics. Here we
emphasize that, driven by the information driving force, our model naturally reproduces the exogenous events. This implies
that the web query data reflect the arrival of news for the exogenous events.
To summarize, our model reproduces not only the well-known stationary statistical properties of the real markets,
but also the non-stationary relaxation processes after and before the large fluctuations. These results provide a better
understanding of the controlling effects of the information driving force on the financial system, and illustrate the potential
of combining the interactions among the agents with their response to the external information. The ideology of the
information driving force may be applied to the agent-based modeling of other open complex systems.
4. Mean-field effect of information driving forces
How to reproduce the statistical properties of financial markets in the laboratory is an appealing topic. However, due to
the limitations of laboratory conditions, it is difficult to recruit very many subjects in the experiments. In the laboratory,
therefore, herding is usually controlled by the external information that represents a kind of mean-field effects [5–8]. Now
we would like to take the mean-field effect of information driving forces into account, and propose a few-body model to
simulate the financial market in the laboratory.
Let us denote agents’ trading behavior on day t by a vector

[
p(t) =

]

pbuy (t)
.
psell (t)

(19)

The probabilities for agents to buy and sell are assumed to be constants and equal to each other when there is no external
information driving force. The initial trading behavior is denoted by

[ ]
p(0) =

1
p .
1 0

(20)

Involving the herding effect to the mean-field effect of information driving force, we define the information driving force
F ± (t) for the whole market. There are mainly two kinds of information driving forces, i.e., F + (t) and F − (t). F + (t) and F − (t)
drive the dynamic fluctuation of pbuy (t) and psell (t) respectively,
pbuy/sell (t) = (1 + F ± (t))p(0).

(21)

Here F ± (t) takes the form
F ± (t) = S(t)η(t)[1 + c · sign(F ′ (t − 1))].

(22)

c is the asymmetric coefficient, which describes the asymmetric trading behavior of agents who have received the positive or
negative external information. We also assume c = ∆F̃ /2, where ∆F̃ is the difference of the empirically-defined information
driving forces in the bull and bear markets.
In a real market, the trading behavior of agents will be influenced by not only the instant information but also the previous
one [10,20]. To quantify the effect of the historical external information, we introduce a historical force F ′ (t). At time t, for
−1
±
an agent with an investment horizon of l time steps, Σjl=
0 g(t)F (t − j) represents the basis for estimating the previous
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information driving force. Thus the historical force F ′ (t) is defined as
F ′ (t) =

M
∑

⎡
⎣γl

l=1

l−1
∑

⎤
g(t)F ± (t − j)⎦ .

(23)

j=0

Here g(t) = 1 for F + (t), and g(t) = −1 for F − (t). Since the auto-correlation of price returns is extremely weak [43], g(t) is
randomly set to be 1 or −1 at each time t. γl and M is defined in Section 3.1.
With N = 100, p(0) = 0.1 and µ = 1, we perform the numerical simulation in the following procedures. Initially, F (t) of
the first τ times are set to be zero. On time t, we compute F ′ (t − 1) with Eq. (23), then F ± (t) with Eq. (22). Next, we set the
sign of g(t) randomly, and calculate p(t) with Eq. (21). After all agents have made the trading decisions with the probability
p(t) according to Eq. (9), the return R(t) is computed with Eq. (10). Repeating the procedures, we obtain the return time
series R(t). The first 1000 data points are abandoned for equilibration, and then 1000 data points of R(t) are collected. We
obtain similar results with the simplified mean-field model, as shown in Figs. 3 and 4.
5. Summary
Open complex systems are many-body systems whose interplay with the external environment should not be ignored.
As an important example of the open complex systems, the financial system is substantially influenced by the external
information. In this paper, we investigate the information driving force based on the Google query and stock market data,
and analyze how it affects the financial system. The information driving forces are stronger in the bear market state than in
the bull one, i.e., the investors are more sensitive to the external information in the bear market.
As an application, we propose an agent-based model driven by the information driving force, and determine the key
parameters from the empirical analysis rather than from statistical fitting of the simulation results. On one hand, the
stationary properties of the real markets, such as the fat-tailed distribution of price returns, volatility clustering, and leverage
effect are reproduced with the model. On the other hand, considering the mean-field effect of the external information,
we also propose a few-body model to simulate the financial market in the laboratory. The asymmetric dynamic relaxation
processes after and before the large fluctuations at the daily time scale are also simulated. Driven by the information driving
force, the model naturally produces the exogenous events, which induce the time-reversal asymmetry of the dynamic
relaxation processes.
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