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Abstract: According to its inner property, a crisis in the financial market can be considered as a
collective behavior phenomenon. Through the prism of collective behavior, the crisis does not happen
if the companies are independent of each other. In this work, cooperative movement processes in a
stock market are investigated in a manner similar to that Vicsek first described collective behavior for
self-propelled entities. To this end, a phase space is defined as the one in which the return of volume
of transactions versus return of price is represented with each share in each day corresponding to a
unique point in the space. The findings of the observation show that during times of crisis, the phase
space is limited with the vector velocity of shares in the same direction. In contrast, on a regular day,
the phase space is entirely accessible, with vector velocity aligned randomly. Moreover, in line with
the Vicsek model, an order parameter is introduced, which evaluates the cooperative effects for the
shares so that the higher the value of this parameter, the stronger the collective behavior of the shares.
Keywords: Collective behavior, Vicsek model, Financial crisis

1. Introduction
The emergence of the collective behavior observed in many systems like schools of fish or flocks
of birds actually guarantees the chances of survival for the whole system [1,3? ]. In financial stock
markets, staying in the community of similar entities makes any company exposed to lesser risks and
thus boosts the chances of survival in financial crises rather than being non-cooperative. The question
arises as to what causes the collective behavior of the stocks of the companies to be? One might assert
with a different notion that if there were no financial markets and the stocks of the companies were not
in the structure, there would be no financial crisis. Similarly, the collective movement in schools of
fish causes accumulates of predators around the group. In fact, in spite of getting stronger to be in a
group for each member, it would itself be a major factor to spread a problem of each member within
all the groups. One of the most important issues in financial markets[33,34] is the identification and
forecasting of crises with intense market downturns [4–6]. So far, this has been considered in previous
studies with a variety of approaches [7,8]. Cooperative movement of complex systems such as schools
of fish, flocks of birds, or insects with myriad actors that move in the same direction without any
leadership, can be considered as a brilliant example of collective behavior in nature [9]. Prominently
illustrated the complexity of a flock of migrating geese and its principal distinction from Boeing
747-400 with its millions of components. Also, the authors discussed how this complexity might be
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studied quantitatively and understood entirely by applying network theory. From the physics point
of view, many efforts have been made to identify and understand the general principles governing
cooperative processes [10–12]. While studying Collective order in these systems, in which interaction
between actors is of short-range type for over the latest 25, various models have been suggested to
understand and formulate large-scale features of group movements [13–15]. Nevertheless, in spite of
many cases, the general principles have not been entirely clarified so far: perhaps the most important
reason for the observed ambiguity is that systems are not in equilibrium. Hence, standard theorems
and the statistical mechanics techniques being accurate for description long-range order in equilibrium
systems, bring no use to understand the onset of seemingly similar phenomena in large groups of
conscious actors, self-propelled organisms, or systems of particles. The virtue of privacy makes it
difficult or even impossible to analyze the collective behavior of investors. Thus it seems of value
to examine the movement of stocks which manifest on investment processes in economics. So, a
framework has to be adopted to examine whether or not collective behavior occurs during critical
market days. In order to study the cooperative phenomena in non-equilibrium systems, numerous
models have been suggested. Among them, the prominent one developed by Vicsek et al in 1995 [16]
with its rule that prescribes to align directions that particles are traveling in their neighborhood has
been considered as the most basic simulation platform for further advances in the domain. Later this
platform has been extended in different aspects, e.g. in Czirok model Vicsek, Barabasi and Czirok,1999
observed symmetry breakdown and ordering of self-propelled particles in one-dimension [17] that
contradict previous analytical conclusions severely. In 2000 Levin t al proposed a model [18] in which
he enhanced the scope of Vicsek by taking into account both attractive and repulsive forces. Buhl
model [19], 2006 which implies a modification of velocity weighting of the particles approves rapid
transition from the disordered movement of individual actors to highly aligned cooperative motion. In
contrast to the formless and point-like particles described within the Vicsek model, Peruani attributed
forms and packing coefficients to the actors [20].There are much more models based upon Vicsek
platform such those of Chate [21], Cocker-Smiley [22], Galam [23], and [24]. Here, we analyze the
observations Vicsek framework proposes which is justified because of the basic feature of this model.
Data Description
We used Standard&Poor 0 s500(S&P500) stock market data, which presents activities of 500 large
companies listed on stock exchanges in the United States. The analyzed data consist of the 465 stocks
computed from 2007 to 2019 mid-year and comprise opening price information, closing price, high
price, low price, and adjusted on a daily basis.
Vicsek Model
The model deal with a system of self-propelled particles. The basic idea in the Vicsek model
(VM) is that at each time step, each actor prefers to move In the average direction its neighbors align
but distorted with some noise due to imposed disorder [25]. In other words, all the agents of the
system strive to follow their neighbors. However, the particles might make mistakes while evaluating
their neighbors’ trajectory, which is considered as “noise”. Within the general introduction of the
two-dimensional Vicsek scope, one assumes that VM considers particles on a two-dimensional plane
having periodic boundary conditions. In this model, each particle is characterized by two coordinate
of position and velocity in space. The model implies that the particles move with equal speed and
simultaneously the direction of the velocity vectors of particles changes as a function of time. Thorough
mathematical description of the model defines a circular neighborhood area Un (r0 , t) with the radius
r0 , centered at the n-th particle position Xn (t) and containing the number of close neighbors Kn (t) so
that outside the Un (r0 , t) no interactions occur for the n-th particle. Then the average velocity of the
neighbors of the particle n is calculated by:
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Vn (t) =

1
Kn ( t )

∑

νj (t)

(1)

j:x j ∈Un

where νj (t) denotes the velocity of j-th particle inside Un (r0 , t).
Consequently, the time progress for the velocity νn (t) of n-th particle, pertinent angle θn (t), which
defines the velocity direction, and the particle position rn (t), all being exposed to angle noise of
amplitude η can be written as:
θn (t + ∆t) = Angle[Vn (t)] + ηξ n (t),

(2)

νn (t + ∆t) = ν0 eiθn (t+∆t) ,

(3)

xn (t + ∆t) = xn (t) + νn (t + ∆t)∆t.

(4)

At any time t, the degree of the order in a system might be assessed through the order parameter
Φη (t) [26,27], which is expressed by:
Φη (t) =

1
Nν0

N

∑ νn (t)

.

(5)

n =1

This parameter ranges within [0,1] so that random distribution of the velocity vectors in isotropic
case gives zero, while 1 corresponds to entire alignment of the vectors. It is of value that transition
from a disordered state to large-scale ordered dynamic mode of the agents depends on the density of
those and noise amplitude in the system.
Results and discussion
Prior to simulate the collective behavior of agents in the stock market on the Vicsek model
platform, it is necessary to introduce a coordinate framework to identify and clarify the cooperative
environment. Regarding this closing prices price and trading volumes from daily stock market data
of S&P500 [28] were quantified which actually led to a two-dimensional problem Within this X-Y
coordinate system, each market instrument might be characterized by two parameters: closing price
CPt and trading volume Vt at time interval between t and t − 1, as Eq. 6 portrays:
Xt = CPt − CPt−1

Yt = Vt − Vt−1 ,

(6)

where t takes just discrete values 0, 1, ..., t − 1, t, t + 1, ....
If follow Eq. 6, the X-axis and the Y-axis of the coordinate system show the daily final price
difference and the difference of trading volumes respectively for two successive days both. As
mentioned above density of particles is one of the fundamental factors in collective behavior within
VM.
It seems of value to transform the stocks so to set them on a similar scale and thus to reduce
influence of daily market trends in the model. That might be done through normalization of Xt and Yt
to the mean value in some time period, e.g. previous 20 days.
Xt = ( Xt − µ x )/σx

Yt = (Yt − µy )/σy

(7)

Using the stock coordinate in the new phase space, one can attribute a “speed” parameter for a
daily stock as follows:
Vt = ( Xt+1 − Xt )s x + (Yt+1 − Yt )sy ,

(8)
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where s x and sy are unit vectors along X-axis and Y-axis respectively. Also in the above definition the
variations of the quantities Xt and Yt in time unit are calculated.
Fig. 1 exhibits the velocity vectors of all one-day stocks for three critical market days in
comparison with those of normal functioning of the market. It is seen that during non-crisis period the
stocks tend to move randomly whereas their more coordinated movement across the market indicates
collective behavior on the days of crash. These six graphs show the velocity vector of 465 stocks, which
according to the history of the market, have been referred to three ordinary days and three those of
crisis. We may add that if model the process for other days of the crisis, collective behavior of stocks is
clearly visible as well.

Figure 1. Collective Behavior of stocks in crisis. Comparison of stock movement for three critical
days and for those away from crisis.

The results of our observations give evidence to conclude that there is collective behavior in the
capital market.
Now, it deems significant to develop a daily metric which is related to the phenomenon in the
market and then to compare (capture) their characteristics on different days.
Based on this new measurable value, and by monitoring its trend one can identify the days when
cooperative processes occur and thus to predict the crisis. For convenience, we define local an X-Y
coordinate system for each company’s stock and divide the 2D space into m parts. Therefore putting
the ‘speed” vector into the center of the appropriate system will come to be in one of m sectors.
Further, to aggregate the case we examine all the pairs of shares together so that if A is in sector 1
and B is in sector 2, the pairing brings stocks A and B into the sector (1-2).
performing the same procedure for all stocks and counting the number of different pair-stocks
k
over Cm
+k+1 combinations (k=2), we will find out how many shares have fallen in each coupled sector
every day.
We consider sufficient to assign m = 12, and thus the number of coupled sectors is equal to 78.
As shown in Fig 2 in most of the days, pair-stocks distribute in all possible pair-regions, and these
are the days when stock space is severely restricted. The space in the above description actually refers
to the 12 sectors where each component of the pair of shares comes into. On normal days, pair-shares
can get correspond any of the 78 possible modes, but on the days of the crash, they get into a smaller
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number of sectors depending on the level of crisis.

Figure 2. Bold the figure title. A: The historical trend of S&P500 index for 2018. B: The number
of accessible pair component in each day of 2018 and compare them to the history of the index. C:
Distributions of coupled components in normal day and on the day of crash.

Thus the pair-stock distribution over coupled sectors might be taken into account to indicate the
coming crisis.
Preliminary investigations of the most recent emergence of collective behavior show that the
market had been also experiencing severe fluctuations in the overall index those days.
Actually the observations justified our initial expectations of the collective phenomenon in the
stock market during severe downturns.
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It is of sense to look for a metric in the new coordinate system similar to VM order parameter to
indicate collective behavior that the more it declines, the more evidently cooperative effects manifest
and so the more likely the crisis will happen.
With no doubt It is of sense to look for a metric in the new coordinate system similar to VM order
parameter just to indicate collective behavior that the more it declines, the more evidently cooperative
effects exude and so the more likely the crisis will happen.
In order to quantify the level of the order in collective motion, one might use a scalar parameter
Φη (t) defined as:
Φη (t) =

N

∑ Vn (t)

.

(9)

n =1

In any normal day when the directions of motions are completely random, Φη (t) is small enough
whereas in a day of great crisis, Φη (t) reaches large value because many velocity vectors are aligned.

Figure 3. Bold the figure title. A: historical data of S & P500 index trend from 2010 to 2019. B: The
vectors of order parameter for all the days of 2010 to 2019, and label some crash days.

Conclusion
According to the results, we can claim that in critical times of the market, all stocks have skin in
the game.
The reason for this is that the occurrence of the stock crisis and the emergence of the
collective behavior are strongly interconnected and interdependent We have been able to provide the
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implementation of the Vicsek approach for matching crisis and cooperative phenomenon in a stock
market.
We maintained the framework of VM by defining a specific metric - order parameter based on
summarizing the velocity vectors over all stocks per day and calculating the norm of the sum. Further,
it was shown that this metric reaches its most enormous value on the days of the stock market crash. It
is evident one can also use this order parameter to classify crises.
It is of value to underline that collective motion, such as considered within the Vicsek model,
is not necessarily leading to stock alignment [29], and there might be patterns that imply collective
behavior [30,31] or have a lag due to timing [32]. So it makes reason to modify VM for better
identification, classification, and even prediction of the stock market crash.
An additional exciting result of this review is that, even though on December 24, 2018, as we
pursued the largest merger in the stock market of S&P500, no subsequent crisis was noticed.
Surely, from one hand if decrypt stock market motion properly it might give some evidence of
crisis in advance, on another hand this behavior is merely a reaction to the survival of the entire system
in times of crisis.
Further experts need to discuss how to indicate the structure in which the crisis is occurring and
how to define an order parameter to examine the structure near and beyond the crash.
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