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Agent-based modeling and controlled human experiments serve as two fundamental research methods
in the field of econophysics. Agent-based modeling has been in development for over 20 years, but
how to design virtual agents with high levels of human-like “intelligence” remains a challenge. On
the other hand, experimental econophysics is an emerging field; however, there is a lack of experience
and paradigms related to the field. Here, we review some of the most recent research results obtained
through the use of these two methods concerning financial problems such as chaos, leverage, and
business cycles. We also review the principles behind assessments of agents’ intelligence levels, and
some relevant designs for human experiments. The main theme of this review is to show that by
combining theory, agent-based modeling, and controlled human experiments, one can garner more
reliable and credible results on account of a better verification of theory; accordingly, this way, a wider
range of economic and financial problems and phenomena can be studied.
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1 Introduction

Since the emergence of modern economics, basic science
has never been far removed from its development. Nu-
merous data have impeded the traditional ways of classi-
cal economics, and this has left economists appealing to
mathematical and physical models and methods. Now
that we are in the age of “big data”, more and more
physicists are starting to work in the field of economics.
The fusion of different disciplines could be beneficial to
all involved.

Generally, in our opinion, there are basically three
methods of analyses in econophysics — namely, em-
pirical analyses (mainly data analyses of historical in-
formation), computer simulations (such as agent-based
modeling), and controlled human experiments (real peo-
ple participating in designed econophysical experiments).
The following briefly introduces econophysics and each of
these approaches.

1.1 The birth of econophysics and original research
methods

The timing of the birth of physics and of economics
is difficult to confirm, since even ancient humans were
able to handle forces and fire, and use shells as a trans-
action medium. It is obvious that advances in physics
have brought significant changes to human lives (e.g.,
steam power, electricity, computers, and communication
satellites). It is therefore reasonable that the methods of
physics could be used in service of nature and human
society.

Economics has become an increasingly important dis-
cipline, as people in modern society conduct transactions
with others more frequently than was the case in ancient
times. For this reason, mathematics has been introduced
into the field of economics to more effectively handle
data and numbers that pertain to transactions. How-
ever, given that the subjects of transactions are human
beings — which are extremely difficult to abstract —
real and basic principles and processes regarding trans-
actions remain far from satisfactory. This challenge ap-
peals to physicists (especially statistical physicists), and
they have sought to produce further advances in eco-
nomics by using physical models.

The concept of “econophysics” first appeared in the
literature in an article by Stanley [1]. The thrust of this
discipline is the study of financial and economic prob-
lems through the use of physical ideas and models [2].

The main advantage inherent in this approach is that
traditional physics can provide a different perspective by
which to scrutinize some complex financial or economics
problems that require quantification and modeling.

The original methods used in econophysics mainly
comprise mathematical and statistical analyses of exist-
ing data (in what is sometimes called “empirical analy-
sis”) [3–5], as well as primary theoretical analysis (mostly
with agent-based modeling [e.g., the distinguished “mi-
nority game”] [6–10]).

In the early days of econophysics, most research fo-
cused on empirical analysis, since scientists should first
derive some stylized facts based on existing data from
real financial markets. Some theoretical analyses have
also been undertaken to supplement empirical studies.
In terms of research that embraces these methods, some
monographs [11–14] and reviews [2, 15–17] are worth
reading.

1.2 Brief introduction to agent-based models

The thinking behind agent-based modeling is borrowed
from molecular dynamics simulations [18] and Monte
Carlo simulations [19, 20]. This means of modeling is
a way of deriving macroscopic results, and it is done by
simulating the microscopic units of a system under cer-
tain evolutionary mechanisms. Econophysicists would do
well in undertaking considerable and effective research,
given its simplicity and underlying intuition [12, 13, 21–
23].

Although the concept of agent-based modeling has a
long history, it did not proliferate widely until the 1990s,
when the performance of modern computers reached a
certain threshold of sophistication [24]. Textbooks [25]
and specialized journals (e.g., the Journal of Artificial
Societies and Social Simulation [JASSS] and Complex
Adaptive Systems Modeling [CASM]) subscribe to this
particular research method. In its early days, agent-
based modeling was mainly used to study certain issues,
such as migration, disease propagation, communications,
and social networks [26–28]. More recently, agent-based
simulations have been applied to a wider range of ar-
eas, including human cognition [29] and decision making
[30].

Since we are talking about econophysics here, a sim-
ple overview of the application of agent-based model-
ing to the field of economics would be of benefit. The
agents here are individual units within complex adap-
tive systems, and they interact with each other under
certain evolutionary rules based on initial system con-
figurations. System behaviors and stylized facts are ob-
tained at the end of the evolutionary process. Numerical
simulations could generate new findings that are unavail-
able through conventional methods. Learning processes
and external interference are sometimes involved during
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the simulation; as such, agent-based modeling is actu-
ally a bottom-up approach to studying economics [31].
It acts as a supplement to theoretical results and a ver-
ification of real-world data. Agent-based modeling has
been applied to a variety of research fields, such as com-
petition and collaboration [32], asset pricing [33], market
structure [34], hedging [35], financial crises [36, 37], and
even macroeconomics [38].

1.3 The advantages of experimental econophysics

Controlled human experiments in the field of econo-
physics were first introduced by Platkowski and Ramsza
in 2003 [39], much later than the birth of this research
area. Some people believe that agent-based simulations
should also be incorporated into the scope of experimen-
tal econophysics, since such simulations constitute one
kind of “experiment”. However, in this review, we limit
the denomination of “experimental econophysics” to con-
trolled human experiments done in the field of econo-
physics. In this context, the word “controlled” means
that these laboratory experiments that involve real peo-
ple are controlled by the experiment organizer by tuning
one or more variables or conditions among experiment
sessions. There are mainly two advantages inherent in
experimental econophysics: (i) in both experiments and
real markets, the subjects are humans, and this allows
for direct comparisons of results, and (ii) causality can
be confirmed or disproven by controlling the experimen-
tal conditions.

Since a combination of experimentation and theory is
absolutely valid in traditional physics, it is natural to
conduct human experiments in econophysics [2]. How-
ever, as the subjects are human, some points should be
emphasized. First, besides human experiments, empiri-
cal analyses should also be undertaken, and their results
compared to those obtained in the laboratory. Second,
the experiments should be conducted for specific pur-
poses (e.g., verifying specific properties found in empiri-
cal analyses); this means that the mechanisms of the hu-
man experiments need to be carefully designed. Third,
the provision of theoretical analyses (if possible) can bet-
ter verify the causality studied if they resonate with re-
ality. Nevertheless, it is sometimes difficult to undertake
a full complement of theoretical, empirical, and experi-
mental analyses, given the complexity of human society
and psychology.

1.4 Chaos, leverage, and business cycles

In this review, we look to present and explain new re-
sults regarding chaos, leverage, and business cycles, all
of which are obtained by undertaking agent-based mod-
eling and human experiments. It is worthwhile first to

present some basic knowledge concerning these research
areas.

The concept of “chaos” describes a group of system be-
haviors that are extremely sensitive to initial conditions
(where even the systems are deterministic and nonran-
dom) and which therefore make it impossible to make
long-term predictions [40, 41] (i.e., the predictability of
chaotic systems is approximate). Chaotic behaviors are
common in weather and climate, as well as in geolog-
ical, mathematical, social, physical, economic [42, 43],
financial [44, 45], engineering, biological, ecological, and
psychological [46] systems.

Leverage has been widely used in financial markets
worldwide to multiply gains and losses [47], chiefly by
borrowing “funds”. Obviously, risk is enhanced given the
possibility of shrinkage of the borrowed money. Actually,
leverage, mortgage debts, options, and future contracts
can also be treated as products. Given the widespread
use of leverage, banks and supervisors within the mar-
ket have imposed various kinds of limitations and reg-
ulations [48]. Even so, many attribute the 2007–2009
financial crisis to leverage.

Typically, the term “business cycles” refers to the up-
ward and downward movement of gross domestic product
against its trend [49]. More extensively, a single business
cycle can refer to a sequential boom and contraction.
The causes of business cycles were originally thought to
be overproduction and underconsumption, both of which
are caused by wealth inequality. Later, multiple expla-
nations for business cycles were proposed; for example,
Keynesians believe that business cycles are caused by
employment levels that are higher or lower than the equi-
librium, and that they can be resolved by implementing
monetary and fiscal policies.

2 Relevant knowledge

Here, we present some relevant knowledge in preparation
for reading this review. Having a thorough understand-
ing of these concepts will be useful in considering the
information in the following sections.

2.1 The methodology for agent-based modeling

In deriving agent-based simulations, it is essential that
one start from general evolutionary laws and the prin-
ciples of each agent, and then gather from each agent
the feedback that forms the behaviors of the overall sys-
tem [50–52]. This is a bottom-up approach to studying
complex systems.

The basic components of an agent-based model are: (i)
a large number of agents, (ii) learning rules or adaptive
processes for these agents, and (iii) a complex system
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comprises specific topologies. Typically, there are two
ways of designing learning rules or adaptive processes—
namely, abstracting real-world systems and borrowing
physical models [2]. Although the rules may be simple,
agent-based modeling could obtain system behaviors dif-
ferent from those in equilibria. The system topologies al-
most approximate network or lattice structures. In other
words, agent-based modeling is more like an inductive
process by which researchers look to determine phenom-
ena after agents interact with each other under certain
rules.

The goal of agent-based modeling is to understand
the microscopic dynamics of a particular behavior; this
represents the single greatest potential benefit of agent-
based modeling. Besides equilibria, the robustness of the
system can also be tested through agent-based modeling;
this is relevant to the diversity and connectedness of the
agents. The relationship between agent-based models
and complex network-based models has been strength-
ened [53] by rapid developments in network science. The
agent environment could also be of importance [54]. One
final point is that agent-based models still need to be
verified and validated, to ensure that they are working
correctly [55].

2.2 The methodology for controlled human experiments

For hundreds of years, physicists have conducted exper-
iments to verify theories. While studying the potential
cause of a behavior, controlled experiments are under-
taken to better understand exact causes. Since this study
examines human actions and market interactions within
the field of econophysics, we should surely conduct con-
trolled human experiments to better explain related the-
ories. In reality, many psychologists have already under-
taken many human-behavior-based experiments, ranging
from simple to complex. During such experiments, the
organizer may give the subjects certain orders and in-
structions, and the subjects behave as they wish, accord-
ing to certain rules. Given the large number of agents
required for most experiments, many human experiments
today are processed online, in a manner seen in much our
research.

Figure 1 is a schematic flow chart that explains the
process of preparing computer programs for human
experiments. The left panel shows the roles of the
server; these include distributing necessary information
to clients, and storing and processing data. Users need to
upload their choices according to different environments.
Most of the time, for clarity, the client is designed as a
web page. In most of our research concerning controlled
human experiments, we use the PHP language to com-
pile web pages, and MySQL to store and process data.
Figure 2 is a photograph taken during our human exper-
iment that was conducted on September 21, 2014.

Fig. 1 Schematic flow chart for designing computer pro-
grams for controlled human experiments. Revisions can be
made according to specific circumstances of the researched
system. Reproduced from Ref. [56].

2.3 El Farol Bar problem

The El Farol Bar problem was first addressed by Arthur,
in 1994 [57]; it has become one of the most significant
problems (i.e., dilemmas) in the field of game theory. A
detailed description of this problem is as follows. In the
city of Santa Fe, New Mexico, there is a small bar called
El Farol Bar. A certain population of people like to go
there every Thursday night. However, the bar is small,
and so it cannot accommodate all the people who want
to have fun there. The following are the assumptions
made: (i) if less than 60% of the population goes to the
bar, those at the bar will have a better time than if they
stay at home, and (ii) if more than 60% of the population
goes to the bar, those at the bar will have a worse time
than if they were to stay at home. Unfortunately, it is
compulsive for everyone to decide whether he or she will
go to the bar at the same time, without consulting the
others (i.e., no one knows how many people will go to
the bar before he or she makes his or her own decision).

What makes this problem interesting is that there does
not exist a pure-strategy Nash equilibrium — that is, if
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Fig. 2 A photo taken at our human experiment conducted on September 21, 2014.

everyone uses the same pure strategy, no one will win the
“game”. There only exists a mixed-strategy Nash equilib-
rium, which allows each person to make a choice with a
particular probability. (Here, in this case, it is likely that
60% will go.) This is the only symmetric Nash equilib-
rium for this problem. Some asymmetric Nash equilibria
are discussed in Ref. [58].

The El Farol Bar problem became famous because it
reveals an important focal point in modern society —
namely, resource allocation. The fact is that people are
always competing, quite spontaneously, for limited re-
sources. The El Farol Bar problem merely oversimpli-
fies this competitive behavior. Resource allocation is es-
pecially and obviously more important in the field of
economics, and many assumptions made in former eco-
nomics theories do not easily hold in real markets. Prob-
lems such as the El Farol Bar problem usually appear
when there are no dominated pure strategies for each per-
son. Even when dominated strategies do exist, it is still
difficult for everyone to discover and implement these
strategies, on account of their limited knowledge, ratio-
nality, and deductive-reasoning abilities [2].

Game theory serves as an abstraction of real-world
economics-based situations, in which people compete
with others to benefit themselves. One concept vital
to theory is “complete knowledge”, in which everyone
knows how others will act under all circumstances. The
solution (mixed strategy) for the El Farol Bar problem
is obtained under such circumstances. However, it is im-
practical to assume that human beings will act fully
rationally. Each person has his or her own strategies
for predicting bar attendance, while considering others’
strategies. Ultimately, some kind of equilibrium will be
reached. This problem gave birth to the distinguished

“minority game” in econophysics, which will be intro-
duced in the following subsection.

2.4 Minority game

The “minority game” was proposed by Challet and
Zhang [6, 13]. The setup of this game is simple: there are
an odd number of players, and each player should inde-
pendently make one of two choices in each game round.
After all players have made a choice, those who end up
on the minority side win. This process continues for
many rounds. Its similarity to the El Farol Bar problem
is that no dominated pure strategies exist. In the mixed-
strategy symmetric Nash equilibrium, everyone chooses
a side with a 50% probability. The authors also ana-
lyzed the collective behavior of the players in this com-
plex adaptive system. A considerable body of research
has been undertaken regarding the minority game and
its applications [12, 13].

Historical information plays an important role in a
minority game. The agents in a simulation can learn
from history in order to improve their performance in
the forthcoming round. Nevertheless, there should not
be a universal dominated pure strategy. For a memory
length of m, there are 22

m possible strategies. These
strategies are randomly allocated to each player at the
beginning of the game.

One of the applications of a minority game is to sim-
ulate stock markets, since the two sides in the game are
similar to the two choices of stock market participants
(i.e., buy and sell) [59, 60]. Some research results support
the viewpoint that stock prices vibrate around their equi-
libria. Furthermore, competition and cooperation prob-
lems can also be studied through the use of a minority
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game [61, 62].

2.5 Complex networks and network of networks

A large number of interacting individuals form a net-
work, and if the network has nontrivial topological fea-
tures (i.e., they do not appear in simple-structure net-
works), it is then called a complex network. Most real-
world systems are complex networks, because there are
rarely simple topologies or interactions. Initially, in the
fields of computer science, brain science, and social sci-
ence, scientists began to study complex networks. With
the growing sophistication of computer performance, the
study of complex networks has become an appealing
area.

The word “complex” means that interactions among
the elements of the network cannot be simply described.
Such features are invisible in regular lattice networks or
random networks [63]. Two types of well-known complex
networks are scale-free networks [64] and small-world
networks [65, 66]. The node degrees of a scale-free net-
work are power-law distributed; a small-world network,
on the other hand, has a short edge length and a high
clustering coefficient. Therefore, both of these network
types have nontrivial features. Other main research ar-
eas include node failures and recoveries [67], the control
of disease propagation, and the modeling of city traf-
fic [68], among others.

Recently, research about complex networks has been
expanded to the concept of a “network of networks” [69].
The interdependence of the networks makes them more
fragile to external attacks and internal node failures, gen-
erating cascading failures and exhibiting first-order per-
colation transitions [70]. Chen, Zhang, and Huang pro-
posed in 2007 the origins of a “network of networks” [71]:
they create a normal Watts–Strogatz network of vertices
and replace each vertex with another Watts–Strogatz
network with a specific degree (Fig. 3). The subvertices
in a specific vertex have the same number of connections,
while subvertices in different vertices have different num-
bers of connections. The number of subvertices in each
vertex is distributed according to a particular probabil-
ity distribution. This network setup is analogous to a
hierarchy structure. As one can see, the subvertices here
are similar to a small-world network, and these networks
are connected by edges; this is identical to the concept
of “network of networks.”

3 Principles for the design of agent-based
models

Agent-based models typically imitate the microscopic
models in statistical physics. The only difference is that
units in agent-based models represent human beings or

Fig. 3 Upper panel: Sketch graph of the Watts–Strogatz
network, with each vertex connected to its two nearest neigh-
bors. Lower panel: Sketch graph of the network built by the
authors (i.e., each vertex actually comprises many subver-
tices). Reproduced from Ref. [71].

social organizations, while those in microscopic models
are interacting entities with zero intelligence.

The term “intelligence” is used here to describe one’s
capacity for logic, understanding, learning, creativity,
and problem-solving, and so it is reasonable that we
should define “intelligence” for agents in agent-based
models. A better agent-based model should adopt more
intelligent agents. However, there still lacks a universal
principle by which to define agent intelligence.

Hence, in Ref. [72], our group proposes three princi-
ples for designing highly intelligent agents (i.e., iAgents).
These principles are set according to the needs in mod-
eling financial markets. We use the processing of mul-
tiple information, inductive learning, and a dynamic ge-
netic algorithm to explain improvements in iAgent intel-
ligence. We acquire the previously defined intelligence
level of iAgents (i.e., their accumulated profits in trad-
ing) by letting them do virtual index trading in stock
markets — namely, the S&P 500 and NKY 225 indices.
We also compare the intelligence level of our iAgents to
those of agents from other agent-based models.
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3.1 Principles

We propose three principles, and the design of highly
intelligent agents should follow the following rules.

Principle 1: iAgents should have a high level
of information-processing ability. Since considerable
amounts of information flow into and out of the financial
markets, iAgents should be able to handle such informa-
tion.

Principle 2: iAgents should have a high level of learn-
ing ability. Real traders in financial markets are always
learning from others, new and incoming information, and
the whole market, in order to improve their own strate-
gies. This means that there should exist a mechanism
by which the iAgents learn.

Principle 3: iAgents should have a high level of abil-
ity to adapt to environmental changes. Given the ever-
changing internal and external environment of financial
markets, traders should be adaptive to all kinds of sit-
uations in order to see steady gains over the long term.
That is, iAgents should update their strategies in line
with different circumstances.

3.2 Model

We design an agent-based model that satisfies the three
aforementioned principles. The details of the model are
as follows.

Information in financial markets can be classified in
many respects, such as fundamental information, tech-
nical information, and many other specific types of in-
formation. Our iAgents should be able to handle three
kinds of technical information — price change series
{Rt}, trading volume change series {Vt}, and market
volatility change series {At} (At = |Rt| − |Rt−1|). By
monitoring the signs of these three series (which result
in three sign series {Mt}, {Dt}, and {Yt}), the iAgents
decide their stock positions. The values in the three sign
series could be −1 (negative values in the original series),
0 (0 in the original series), and +1 (positive values in the
original series). The influence of these values will decay
with time in an exponential form [73]. At time step t,
the influence of information on a single iAgent can be
normalized into:

IM (t) =

TM∑
τ=1

Mt−τ exp
(
−τ − 1

TM

)/ TM∑
τ=1

exp
(
−τ − 1

TM

)
,

ID(t) =

TD∑
τ=1

Dt−τ exp
(
−τ − 1

TD

)/ TD∑
τ=1

exp
(
−τ − 1

TD

)
,

IY (t) =

TY∑
τ=1

Yt−τ exp
(
−τ − 1

TY

)/ TY∑
τ=1

exp
(
−τ − 1

TY

)
,

(1)

where TM denotes the half-life time, and IM (t), ID(t),
IY (t) ∈ [−1,+1], ∀t, are impact factors of the technical
information.

iAgents should also learn from information. A single
iAgent could choose from a variety of weights α, β, γ ∈
[0, 1] (α + β + γ = 1) and directional parameters eM ,
eD, eY (−1 or +1) for the three impact factors. The
position-changing level L(t) is defined as

L(t) = αeMIM (t)+βeDID(t)+ γeY IY (t) ∈ [−1,+1], ∀t,
(2)

and the position for a particular agent at time step t is
defined as

P (t) = [L(t)Pmax], (3)

where Pmax is the position limit for this iAgent. It is
obvious that eM , eD, and eY determine the influence of
the impact factors on the agents’ stock positions.

Furthermore, the iAgents should be able to optimize
the model, which tunes the parameters of α, β, γ, eM ,
eD, eY , TM , TD, and TY . Different parameter choices
can lead to different simulation results, and so it is rea-
sonable that the iAgents be able to tune the parameters
automatically through a learning process to reach an op-
timized state. Therefore, we define the strategy forms as
{α, β, γ, eM , eD, eY , TM , TD, and TY }. Each iAgent
has S strategies, and all of them will be used to under-
take fake stock-trading at each time step, while his or
her accumulated profits will be calculated and recorded.
The iAgents will always use the strategy that derives the
largest profit. Since the iAgents can tune the parameters
themselves, problems concerning the manual calibration
of too many parameters do not exist.

We also introduce the dynamic genetic algorithm
(DGA) method to improve the iAgents’ strategies. In
every ga time steps (the DGA period) there would occur
crossovers, mutations, and communications. Figure 4 is
a schematic diagram of DGA, and some details of DGA
can be found in Ref. [72].

3.3 Results

We let the iAgents trade virtually on the S&P 500 and
NKY 225 indices, so the intelligence level of each iAgent
is assessed. We then compare the performance of our iA-
gents with those of random traders, wealth game (WG)
agents [74], and WG-DGA agents (i.e., upgraded WG
agents whose evolution adheres to the DGA method).
The differences among these four kinds of agents are
listed in Table 1.

We evaluate agent performance as follows. Initially,
they have no cash or stock. They can borrow any amount
of money or short-sell any stock units, only if they sat-
isfy |P (t)| ≤ Pmax = 10. The accumulated profit of an
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Fig. 4 A schematic diagram of DGA used in the evolution of the iAgents’ strategies. Reproduced from Ref. [72].

Table 1 Intelligence level of four types of agents, based on
the three principles. Reproduced from Ref. [72].

Random
traders

WG
agents

WG-DGA
agents iAgents

Information processing none low low high

Learning none low low high

Adaptation none low high high

agent is his or her total value of cash and stocks. Market
impact and trading costs are not considered.

We divide the two traded indices into two parts —
namely, the optimization period and the test period — as
shown in Fig. 5. For the optimization period, we simulate
our iAgent model and WG-DGA model for 1000 cycles
to find their optimal strategies. For the random agents
and WG agents, we need to simulate the former period
only once, since they cannot optimize their strategies
themselves. The accumulated profits of all agents are
set back to zero at the end of the optimization cycle
(the beginning of the test period), and their strategies
remain. Details of the other simulation settings can be
found in [72].

We simulate 10 000 agents for each of the four types;
their distributions of accumulated profits in the two pe-
riods and with the two indices are shown in Figs. 6 and 7
and summarized in Tables 2 and 3. In analyzing the dis-
tribution patterns of the agents, we decide to use the
mean accumulated profits to describe the intelligence
level of each agent type.

We can see from the graphs and tables that the mean
wealth of random agents is close to zero; this is reason-
able. The WG and WG-DGA agents perform at a level
worse than the average market performance level. How-
ever, in the test period, the mean wealth of the iAgents

Fig. 5 The S&P 500 and NKY 225 indices used to assess
agent intelligence level. Each index is divided into two peri-
ods, as shown by the black and red lines. Reproduced from
Ref. [72].

Table 2 Agents’ mean wealth from index trading on the
S&P 500 index, at the end of the optimization and the test
periods. Reproduced from Ref. [72].

Optimization period Test period
Market performance 7996.7 1832.8

Mean wealth SD Mean wealth SD
Random traders 35.66 3865.67 −13.22 4036.10
WG agents 5657.24 2075.80 1132.34 2450.09
WG-DGA agents 10147.21 654.09 1619.46 1066.86
iAgents 1243.27 2409.27 15679.84 2362.30
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Table 3 Agents’ mean wealth from index trading on the
NKY 225 index, at the end of the optimization and the test
periods. Reproduced from Ref. [72].

Optimization period Test period

Market performance 70954.3 22013.5

Mean wealth SD Mean wealth SD

Random traders 624.71 72227.74 −211.28 46446.92

WG agents −43498.95 58847.92 −2908.69 36037.43

WG-DGA agents 73843.27 43030.82 −61501.22 30347.29

iAgents 45438.43 56210.40 16120.84 31853.90

Fig. 6 Accumulated profit distributions of the 10 000
agents from each of the four types — namely, (a) random
traders, (b) WG agents, (c) WG-DGA agents, and (d) iA-
gents — by trading on the S&P 500 index. The graphs in
the left-hand column show the agents’ wealth at the end of
the optimization period; those in the right-hand column show
the agents’ wealth at the end of the test period. Reproduced
from Ref. [72].

Fig. 7 Accumulated profit distributions of the 10 000
agents from each of the four types — namely, (a) random
traders, (b) WG agents, (c) WG-DGA agents, and (d) iA-
gents — by trading on the NKY 225 index. The graphs in
the left-hand column show the agents’ wealth at the end of
the optimization period; those in the right-hand column show
the agents’ wealth at the end of the test period. Reproduced
from Ref. [72].

could be 8.56 times larger than the market performance
of the S&P 500 index. Similar results are seen in the
summary of simulations on the NKY 225 index. Among
the four types of virtual agents, our iAgents perform best.

3.4 Concluding remarks

There is a further note regarding the algorithmic trad-
ing of the iAgents. We set the number of strategies S
for each iAgent to be a small value, in order to reduce
the simulation time. It is certain that increasing S can
further improve iAgent performance. In addition, the
evolutionary strength of their strategies is determined

Chen Xin and Ji-Ping Huang, Front. Phys. 12(6), 128910 (2017)
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by ga, gm, and gp (the exact meanings of these parame-
ters are found in [72]), and the number of optimization
cycles. High evolutionary strength may result in agent
overlearning; therefore, a moderate parameter setting is
preferred for our iAgents.

This section presented our principles and the design
of highly intelligent agents in simulating financial mar-
kets. We defined three principles for determining the
intelligence level of financial market traders — which is
to say, their ability to process information, learn, and
adapt. We designed a kind of highly intelligent agent,
an iAgent, and these agents are compared to three other
kinds of virtual agents in terms of virtual trading on the
S&P 500 and NKY 225 indices. Ultimately, we found
that the iAgents perform best. It is worth noting that
the three principles proposed here can also be useful in
modeling other human-based complex adaptive systems.

4 Chaos and periodicity

Minority games [6] have been applied to the study of
various kinds of human collective behaviors and self-
organized systems, such as financial markets and social
problems [75–80]. In 2009, our group proposed a market-
directed resource allocation game (MDRAG) to model
the equilibrium of a system with biased resource alloca-
tion [81]. Most of the extensions of the minority game
dynamically evolve in a single direction (i.e., from an
initial state to an equilibrium). Here, we propose a two-
sided minority game [82] in which resources are movable
and can be transferred and controlled.

Generally, in two-sided minority games [83, 84], there
are two groups of participants who play two distinct roles
(i.e., buyers and sellers, or consumers and suppliers), and
they gain payoffs by trading with others under specific
rules. In our game, the two parties are set to correlate,
and this promises an end state in the game where there
is an equilibrium.

Phase transitions have been observed in many social
systems [85–87]; within our game, we too discover phase
transitions, by spectrum analysis. The critical point of
this phase transition is determined by the complexity of
the system, which is described by an entropy-like quan-
tity and measures the relationships among participants
in different groups. This can be better explained by the
counterpart of quantum mechanics. However, if the crit-
ical point is exceeded, the overall behaviors of the par-
ticipants become convergent and periodic.

4.1 Theory

We can describe complex adaptive systems that comprise
a large number of interacting units by the many-body

Schrödinger equation in quantum mechanics:

HΨ(r1, r2, · · · , rN )=

[
N∑
i

− ~2

2m
▽2

i +

N∑
i

V (ri)

+
∑
i<j

U(ri, rj)

]
Ψ(r1, r2, · · · , rN ),

(4)

where Ψ(r) is the wave function of N electrons with po-
tential V . If we regard the individuals in games as elec-
trons in particles, we can write the “Schrödinger equa-
tion” for complex adaptive systems as

HΨ(1, 2, · · · , N) =

[
N∑
i

(Ti + Vi) +
∑
i<j

U(i, j)

]
×Ψ(1, 2, · · · , N). (5)

Here, the wave function Ψ = Ψ(1, 2, · · · , N) represents
the ensemble of choices in a particular game, Ti is a
stochastic function, and Vi denotes the external resource
ratio. Since the choices available to the individuals in
our game are limited to two options, the Hamilton oper-
ator can be expressed by spins in the Ising model with
up or down orientations.

For example, in a MDRAG, the wave function can be
predicted as a normalized form of

Ψ(1, 2, · · · , N) =

√
N1

N
|1⟩+

√
N2

N
|2⟩ , (6)

where N1 and N2 are the number of agents entering
Room 1 and Room 2, respectively, and |i⟩ (i = 1, 2) rep-
resents the orthogonal basis of the winning agents who
choose Room i. Thus, the reduced-density matrix for the
wave function can be expressed as

ρ = |Ψ⟩ ⟨Ψ | = N1

N
|1⟩ ⟨1|+ N2

N
|2⟩ ⟨2| . (7)

Eq. (7) indicates that the probability of the individuals
making two choices is equal to the resource ratio, which
determines the equilibrium.

4.2 Model and results

Our two-sided minority game is designed on the basis
of a MDRAG, by adding suppliers to the game; this is
done to control the resource supply. Similar to the agents
in the MDRAG, the suppliers could also choose a room
in which to supply their resources. Now that the game
result is completely and internally determined, it is a
better analogy to real markets. In short, the market is
isolated, and there are two kinds of participants (sup-
pliers and consumers) trading two commodities (C1 and
C2). The memory length P and number of strategies for
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each agent S are introduced, as in all kinds of minority
games.

Figure 8 is a sketch graph of our model. The intro-
duction of suppliers differentiates our model from a tra-
ditional minority game, since the resource ratios are also
determined by agents and could be ever-changing.

In one round of the game, the numbers of suppliers
(consumers) entering Rooms 1 and 2 are denoted as M1

and M2 (N1 and N2), respectively. Since every supplier
(or consumer) is equal, the winning judgement of our
game is as follows. After the end of a particular round
(i.e., all the participants have made their choices simul-
taneously), if M1/N1 > M2/N2, the consumers who pur-
chased C1 win; this is because there is an excess supply of
C1, and so its price is relatively low (i.e., these consumers
are on the relatively minority side). Similarly, suppliers
who choose to supply C2 also win. The winning sides
will be reversed if M1/N1 < M2/N2. The winners of the
round get 1 point; the losers get nothing.

Given the fact that the two types of agents inter-
act with each other, we can regard them as two sub-
systems — namely, N and M . Thus, the whole sys-
tem can be expressed as a superposition of multinom-
inal product states. We define the Hilbert space of our
system as HNM = HN × HM , and |1⟩ and |2⟩ as the
orthogonal bases. Thus, the states of the two subsys-
tems can be written as |ψ⟩M =

√
M1

M |1⟩M +
√

M2

M |2⟩M
and |ψ⟩N =

√
N1

N |1⟩N +
√

N2

N |2⟩N , and the state of the
whole system

|ψ⟩NM =
∑
i,j

cij |i⟩N × |j⟩M

= ĉ12 |1⟩N × |2⟩M + ĉ21 |2⟩N × |1⟩M , (8)

Fig. 8 A sketch of our two-sided minority game. Two com-
modities C1 and C2 are freely traded in the two rooms. M
suppliers and N consumers choose from the two commodities.
Reproduced from Ref. [82].

where cij is the composite coefficient, |i⟩N is the basis
state of the winning room for the consumers’ subsystem,
and normalized factors ĉ12 and ĉ21

ĉ12 =

√
N1M2

N1M2 +N2M1
,

ĉ21 =

√
N2M1

N1M2 +N2M1
. (9)

Since the reduced-density matrix for one of the subsys-
tems is the partial trace over the other, we are able to
define an entropy-like quantity to describe the system’s
complexity:

QN = QM = −Tr(ρ log2 ρ) = −
2∑

i=1

ρi log2 ρi, (10)

where ρi = Ni/Mi

N1/M1+N2/M2
. When the value of Q is large,

this indicates a random system state where agents have
plenty of “possible states”. When the value of Q is small,
this indicates reduced system complexity, since arbitrage
opportunities emerge. Thus, it can be seen that the value
of Q also indicates the market’s efficiency (i.e., an effi-
cient market does not exist with arbitrage opportuni-
ties).

In our game settings, only suppliers are able to know
the system complexity [Q(t) = −

∑2
i=1 ρi(t) log2 ρi(t)]

before they make their choices. At equilibrium, Q(t) will
be highest, and arbitrage opportunities will be driven
away from the market. We also define a psychological
threshold value Qth for the suppliers, at which point they
are able to change their choices in order to find new ar-
bitrage opportunities.

Suppose the strategy space for suppliers is {(α, 1−α)},
where α is the proportion of agents providing commodity
C1 (i.e., M1/M). The strategy space for consumers is
{(β, 1 − β)}, and α or β ∈ [0, 1]. We also suppose that
p(t) is the historic information at time step t, then the
suppliers’ and consumers’ strategies can be given as

α(t) =
1

N

N∑
i

ci(s
∗
i (t), p(t)), (11)

β(t) =
1

M

M∑
j

cj(s
∗
j (t), p(t)), (12)

respectively, where s∗i (t) is the best strategy of agent i
and ci is his or her choice (i.e., the value of 1 for the
choice of Room 1, and 0 for the choice of Room 2). If
α < β, the suppliers in Room 1 and consumers in Room
2 win, and the total payoff rαβ = Mα + N(1 − β). If
α > β, rαβ = M(1 − α) + Nβ. The expected value of
the system payoff

r =
∑
α,β

rαβPαβ , (13)
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where

Pαβ = 1.175e−[(α−0.5)2+(β−0.5)2]dαdβ. (14)

The detailed calculation process can be found in subsec-
tion 3.3 of Ref. [82].

Figure 9 shows the payoffs of different combinations
of α and β. Large values of total payoff are shown in
dark grey, and small values in light grey. The case of
α = β corresponds to Pareto optimality and the Nash
equilibrium. The system will always fluctuate around
the equilibrium. By introducing the threshold Qth, the
system finds a way to move away from the equilibrium.

To express the influence of the threshold value Qth on
the α and β strategies, we illustrate in Figs. 10(a) and
(c) the change in strategy α over time, where Qth = 0.88
and 0.72, respectively. With a low threshold, suppli-
ers behave so as to stay in one market for a while (and
the system approaches equilibrium simultaneously), and
to switch markets whenever the real-time Q(t) is be-
low Qth. This is not the case when Qth is high, as it
is difficult for suppliers to jump out of the threshold
“trap”.

We know that a fractional Gaussian/Brownian noise/
motion can be expressed by a pseudo-random series, and
it has a power spectrum density of 1/fγ , where f denotes
the frequency of the noise and γ determines the pattern
of the signal [88, 89]. If γ > 1, the noise behaves as

Fig. 9 The total payoff map of the combinations of strategy
α and β. The gray level in the map indicates the value of the
total payoff rαβ . The strategy combinations under the white
solid line lead to a result where the suppliers of commodity C1

win; those above the white solid line lead to results where they
lose. The two red dashed lines are drawn with Qth = 0.72.
If the suppliers’ strategies fall into the “trap” between the
red lines, they are likely to find a new strategy that is far
from the equilibrium, in order to find arbitrage opportunities.
Reproduced from Ref. [82].

Fig. 10 (a, b) The time series of the α strategy and its
possible trace in the payoff map under a relatively high en-
tanglement threshold (Qth = 0.88). (c, d) The same condi-
tions as for (a) and (b), but with a relatively low threshold
(Qth = 0.72). The time series shown comprise time steps
2500–3500. In (b) and (d), variations in suppliers’ strategies
are plotted with white solid arrows. Whenever the strategy
falls into the “trap”, it will try to jump out of it (white dashed
arrows). For the periodic phases in (a), the traces of strategy
α are almost horizontal; for the phases in (c), however, their
traces are more chaotic. Reproduced from Ref. [82].

a fractional Brownian motion; if γ < 1, it behaves as
a fractional Gaussian noise. By calculating the value
of γ under different values Qth in our simulations, we
find a phase transition around γ = 1 (Fig. 11). For
large Qth values, γ > 1, and the system is in a periodic
phase with nonstationary Brownian motion; for small
Qth values, γ < 1, and the system is in a chaotic phase
with stationary Gaussian noise.

4.3 Experiment

We designed a human experiment that made use of web
pages; we then recruited 38 students from the Depart-
ment of Physics at Fudan University to participate in our
game. As incentives, they received rewards based on their
overall game performance. We conducted five sessions of
experiments with Qth = 0.5, 0.9, 0.92, 0.98, and 0.99.
The participants were randomly assigned as suppliers or
consumers. Whenever the real-time market complexity
Q(t) exceeded the threshold Qth, the suppliers were able
to make new choices. Each game session lasted more
than 30 rounds.

We calculate strategies α for each session; these are
plotted in Fig. 4(b). The results echo those of former
simulations, revealing two phases with a critical point
around Qth = 0.9.
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Fig. 11 (a) The relationship between the value of γ and
Qth. When Qth grows beyond a critical value, γ will approxi-
mate 2, and the series is more like Brownian motion (periodic
phase). If the threshold is smaller than the critical value, the
value of γ will be small, and the series will behave chaotically
as Gaussian noise (chaotic phase). (b) The red stars show the
values of γ obtained in five of our human experiments. The
dotted line shows simulation results with parameters S = 4
and P = 32. Reproduced from Ref. [82].

4.4 Concluding remarks

We designed a two-sided minority game, where two par-
ties (suppliers and consumers) traded in two commodi-
ties. By introducing the suppliers as agents, the resource
ratio in our game was completely controlled by the agents
themselves. We used a quantum mechanics approach to
describe the system, and defined an entropy-like quantity
to characterize the system complexity. We calculated the
power spectrum exponent and found a system transition
from a chaotic phase to a periodic phase; this transi-
tion was found to be relevant to the system complexity
threshold. Human experiments were further conducted
to verify our findings.

The results of this work suggest that most real-world
markets (since they are bipartite) could exist in a transi-
tion between chaotic and periodic phases; as such, they
provide insights into a better understanding of market
states, especially from the perspective of quantum me-
chanics.

4.5 Relevant research

Recently, some agent-based models have been designed
and developed to study many aspects of chaotic and pe-
riodic behaviors. The following provides brief introduc-
tions of, and excerpts from, these works.

Gharehchopogh and Dizaji developed an agent-based
model to predict road accidents [90]. Their model can
provide solutions with regards to accident factors, using
plenty of information and advanced data-mining tech-
niques. They use two algorithms — namely, the particle
swarm optimization algorithm and chaos optimization
algorithms. Their results indicate that their model can
predict such road accidents with 98% accuracy.

Das et al. propose a novel swarm dynamics in better
explorations of agent-based systems [91]. The particle
motions in the swarm are determined by an attractant–
repellent profile that indicates the distance between par-
ticles. They use the Lyapunov function to undertake sta-
bility and chaos analyses of the swarm. They explore the
parameters of chaotic behaviors, and this enables them
to control the system. They also propose a real-world
application for this swarm dynamics.

Yang et al. studied the periodic behaviors of discrete-
time second-order multiagent systems [92]. They con-
sider two system types where the agent dynamic is a
double integrator. The periodic behaviors are derived
by establishing conditions on the feedback gains of the
linear consensus law.

5 Leverage

Leverage is an important concept in modern financial
markets [93–95]. Generally, the term “leverage” refers
to borrowing money to buy more of something. The
leverage ratio is defined as an investor’s total assets (his
or her own assets, plus borrowed assets) divided by his or
her own assets. Leverage is considered an effective way of
amplifying investor profits; meanwhile, higher risk is also
derived, since the investors must return the loans, and
those loans may have shrunk during their investment. A
considerable amount of research has examined the ex-
act influences of leverage on investors [96], firms [97–99],
and financial markets [100–103]. The excessive use of
leverage is believed to be harmful to firms and to be one
of the main reasons for the 2008 global financial crisis.
Therefore, the study of leverage is helpful to individual
investors and policy-makers alike [104, 105].

In Ref. [106], we designed an artificial stock market to
study the influences of leverage. Generally, there are
two kinds of agents in the market: intelligent agents
(i.e., large-scale investors who can use leverage and het-
erogeneous strategies while making decisions) and quasi-
random agents (i.e., small-scale investors who cannot use
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leverage). Furthermore, we do human experiments to
validate our theory and simulation results. We change
only the value of the leverage ratio; all other parameters
remain fixed during the simulations and experiments, to
filter out the direct effect of leverage.

5.1 Model

There is only one stock in the market, and at any dis-
crete time step t, the participants are able to buy or sell
the stock. We simplify the trading process so that they
need to decide only whether to buy or sell and the order
sizes. After all participants have made their decision,
the total demand Od(t) (the sum of all buy orders) and
total supply Os(t) (the sum of all sell orders) are known.
The change in stock price is determined by the excess
demand [107, 108]:

lnP (t+ 1)− lnP (t) = λ[lnOd(t)− lnOs(t)], (15)

where λ is the market depth, which describes the range
of influence of excess demand. We also assume that the
transaction price of time t is the weighted average price
of time t and t+ 1:

Ptrans(t) = (1− β)P (t) + βP (t+ 1), (16)

where β ∈ [0, 1].
For simplicity, we set leverage rules in three respects:

leverage qualification, leverage ratio, and margin call. (i)
At the beginning of the trading, we give each participant
10 000 cash and 1000 shares of stock at a price of P (0) =
10 (i.e., the initial wealth for everyone is 20 000). At any
time t, the wealth of a participant can be expressed as

W (t) = D(t) + E(t)P (t), (17)

where D(t) is the cash he or she holds and E(t) is the
shares of stock he or she holds at time t. We stipu-
late that those whose wealth exceed WL = 25 000 are
able to trade with leverage. (ii) Let Lr denote the lever-
age ratio, and MI the least margin proportion required.
Thus, at any time t′, the total wealth of a participant
W (t′) = LrWL. (iii) Another value concerning leverage
is the maintenance margin requirement (MM ). It is gen-
erally lower than MI , and investors should always keep
the margin larger than MM , lest their stocks be automat-
ically sold to return the loan (in what is called a margin
call). We further introduce the critical percentage loss
lc of the margin from WL, and (1− lc)WL is the critical
margin level. We have

MM =
1− lc
Lr − lc

. (18)

Here, we set the value of lc to be 40% — that is, if
a participant’s margin falls below 15 000 after trading

with leverage, he or she will be forced to close out. If his
or her wealth once again exceeds 25 000, he or she will
become requalified to use leverage.

5.2 Simulations

In the simulations, there exists a mechanism by which
intelligent agents make decisions on their own, under
specific market circumstances. Similar to the minority
game, to fulfill this purpose, we use strategy tables com-
prising history series and corresponding decisions. Table
4 is a schematic strategy table, and detailed explanations
can be found in Refs. [74] and [106]. Each intelligent
agent is assigned S random strategies at the beginning
of the simulation, and the agents will always use the most
successful strategy (i.e., that which would have derived
the most virtual points).

We define an investment ratio ri(t)

ri(t) = 1− exp{−cWi(t)} (19)

to determine the order size, where c is a positive con-
stant. The order size of agent i at time t can be calcu-
lated by

shares to buy = ⌊ri(t)Di(t)/P (t)⌋, (20)
shares to sell = ⌊ri(t)Ei(t)⌋. (21)

Since the quasi-random agents are small-scale in-
vestors, they usually trade randomly and contribute
a small proportion of the trading volume. We there-
fore consider them as a whole. We suppose the to-
tal buy orders and sell orders of intelligent agents at
time t to be Oint

d (t) and Oint
s (t), respectively; then,

the number of buy orders from quasi-random agents is
Rd{Oint

d (t) + Oint
s (t)}, and the number of sell orders is

Rs{Oint
d (t)+Oint

s (t)}. Rd and Rs are two random num-
bers whose values are on the scale of [0.1, 0.3].

Some detailed parameter settings can be found in
Ref. [106]. Generally, we recruit 1000 agents in our sim-

Table 4 A schematic strategy table with memory length
of 3. Reproduced from Ref. [106].

History Choice

000 1

001 −1

010 0

011 0

100 1

101 −1

110 1

111 −1
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ulations, and the value of Lr varies from 1 to 9 at a 0.2
interval. Under each simulation session with a specific
value of Lr, we run 100 rounds with 10 000 time steps in
each round.

5.3 Experiment

We recruited students from Fudan University to play the
role of intelligent agents in human experiments. All the
other settings of the market are the same as those in the
simulations. We undertook two series of experiments;
one was conducted on July 8, 2013 with 22 participants,
and the other on September 27, 2013 with 46 partici-
pants. The value of Lr was set to be 1 and 5 in the
first series of experiments, while in the second series it
was set to 2, 3, and 4. For a single value of Lr, we con-
ducted 60 rounds of trading. Some parameter settings of
the human experiment are depicted in subsection 2.3 of
Ref. [106].

5.4 Results

Stock price fluctuations under different circumstances
are shown in Fig. 12. That figure shows that a large Lr

leads to large stock price fluctuations — which are, in
turn, a negative outcome of leverage. There are mainly
two reasons for this phenomenon: (i) when Lr goes high,
more money will swarm into the market, and (ii) when Lr

goes high, margin calls occur more frequently and small
stock market drops may trigger greater crashes (Fig. 13).
Simulations and experiments show the same trend. Nu-
merical differences are caused by the parameter settings
and experimental limitations.

We further study the kurtosis of the market, using sim-
ulation data. The tails of a probability density function

Fig. 12 Market fluctuations under different leverage ra-
tios for simulations (blue dots and vertical scale) and human
experiments (red stars and vertical scale). For simulations,
the fluctuations are calculated as the ensemble average of 100
simulation rounds. Reproduced from Ref. [106].

Fig. 13 The number of margin calls occurred Nmc over
the number of intelligent agents Nagents (human subjects
Nsubjects in experiments) under different leverage ratio val-
ues. Reproduced from Ref. [106].

Fig. 14 The effect of leverage on fat tails of the PDF of
the price return series: (a) Kurtosis as a function of lever-
age ratio. (b) The PDF curves of the normalized log-return
series of the market under different leverage ratio values. Re-
produced from Ref. [106].

(PDF) represent the likelihood of extreme cases. There
are always fatter tails in financial market return distri-
butions than in Gaussian distributions [109]. Kurtosis
is used to measure the tail of a distribution, and it is
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defined as

kurtosis = µ4

σ4
− 3, (22)

where µ4 is the fourth central moment and σ is the stan-
dard deviation of the series. For a Gaussian distribution,
kurtosis equals 0. Figure 14 shows the kurtosis and PDF
under different Lr values. It is especially interesting to
find that a higher Lr leads to thinner tails.

Figure 15 offers a possible explanation for this phe-
nomenon. Nmc/Nleverage is the percentage of agents
trading with leverage who also end up with margin calls.
We see from Fig. 15 that with tremendous growth in
Lr, Nmc/Nleverage does not grow much, and its highest
value is only 0.557. This means that many of the market
participants trading with leverage were never confronted
with margin calls. It is therefore reasonable to think that
leverage qualification and margin call are two investor fil-
ters that “screen out” the best-performing ones. These
work to protect the market from irrational crashes.

5.5 Concluding remarks

In this study, we designed intelligent agents that are
much more reasonable than those found in previous re-
search; furthermore, our model successfully produced the
fat-tail distribution of price returns under various lever-
age ratio values.

In summary, we designed an artificial stock market,
and studied the influence of leverage with the help of con-
trolled simulation and experimentation. We found that
leverage has two opposite effects on the market. On one
hand, it generates large fluctuations; on the other hand,
a larger leverage ratio leads to thinner tails in the re-
turn distribution, which in turn reduces the probability
of market crashes and crises. Our work could help in-

Fig. 15 The number of margin calls Nmc divided by the
number of times that participants gained the right to trade
with leverage Nleverage, under different leverage ratio values.
Reproduced from Ref. [106].

form financial market regulators as they work to create
healthy financial markets.

5.6 Relevant research

In Ref. [110], our group studied the effects of leverage
on wealth distribution, through the use of controlled hu-
man experiments. We found that higher leverage leads
to a higher Gini coefficient, a measure that represents
unequal wealth distribution due to the higher risk intro-
duced by high leverage and the diversified trading abil-
ities of participants. The results of this study could be
helpful to regulators as they adjust wealth distribution
by means of leverage.

Aymanns and Farmer propose an agent-based model
of leveraged investors in financial systems [111]. The
agents can manage their risk via analyses of the value-
at-risk constraint and historical price series. Their re-
sults indicate the presence of endogenous irregular oscil-
lations with leverage cycles. They further studied this
phenomenon by modeling the dynamics and nature of
feedback loops; a flexible leverage regulation policy was
introduced to tune the system states and reduce the am-
plitude of leverage cycles.

Breuer et al. developed an agent-based model to
exchange leveraged assets under double auction [112].
They verified some results concerning endogenous lever-
age and asset pricing in general equilibrium theory.

Fischer and Riedler propose an agent-based model
with boundedly rational agents trading a risky as-
set [113]. The price of the asset is endogenously deter-
mined and the balance sheet of the asset is given to the
agents. Fischer and Riedler found that a log-normal dis-
tribution of balance sheet size emerges, and higher lever-
age leads to greater inequality among agents and more
bankruptcies and systemic crashes. These phenomena
can be attributed to the credit frictions inherent in var-
ious bank types.

6 Business cycles

Competition and cooperation exist everywhere in human
society [114–120]. It is important to study these phenom-
ena, given the importance of understanding and predict-
ing human behaviors [121].

In Ref. [122], we propose an agent-based model free of
competition, with two products available. The partici-
pants are divided into suppliers and consumers, and they
should decide which product they want to produce/buy.
We call this the “Janus game”. We show that the game
may be helpful to understanding human behavioral regu-
larity. Business cycles can be observed as periodic phases
in our game, whose origin is still far from clarified [123–
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Fig. 16 Sketch of the Janus game with two M suppliers
and N consumers competing for two products (Product 1 and
Product 2). Reproduced from Ref. [123].

125].
Business cycles comprise prosperities and depressions.

However, most research concerning business cycles focus
on their properties. The current work provides a bottom-
up microscopic understanding of business cycles.

6.1 Model

Figure 16 is a sketch of our Janus game. M suppliers
and N consumers are randomly assigned and placed in
an isolated market in which they trade in two products.
Each supplier could produce one unit of the product he
or she chooses, and each consumer could buy one unit
of the product he or she chooses. The game is repeated,
but the suppliers are not allowed to change their choices
unless some conditions are met.

This game is actually a two-sided minority game, like
that introduced in Section 4. The minority of suppliers
and consumers win. The market reaches the equilibrium
when M1/N1 =M2/N2. If M1/N1 > M2/N2, then sup-
pliers producing P2 and consumers purchasing P1 win;
if M1/N1 < M2/N2, then suppliers producing P1 and
consumers purchasing P2 win.

6.2 Simulations

The decision-making process inherent in our Janus game
is the same as that of an MDRAG [81]. We assume that
the number of situations an agent would encounter is P ,
and that 1 < P < 2m, where m is the memory length
of the agent. Each strategy corresponds to a choice of 1
(P1) or 0 (P2). The size of the strategy pool is 2P . At the
beginning of the simulation, S strategies are randomly
assigned to each agent. Hereafter, all agents should make
choices based on their best strategy. Each strategy in-

volving the correct choice in a particular game round
would be given one point.

In our Janus game, we give suppliers the ability to
decide the time (the time interval ∆T ) to supply goods,
since they will all be looking for new arbitrage opportuni-
ties once the system is in equilibrium with maximized en-
tropy. We further define an arbitrage index aI according
to Shannon entropy, to show how far the system state has
deviated from the equilibrium: aI = 1 +

∑2
i=1 pi log2 pi,

where pi is the nonbalanced degree of the system and is
defined as pi = Mi/⟨Ni⟩

M1/⟨N1⟩+M2/⟨N2⟩ . A lower aI value indi-
cates that the system is closer to equilibrium. Once aI
falls below the warning value AI , the suppliers will make
new choices in producing products.

We conduct the simulation under M = N = 100,
and each combination of parameters is simulated for
5000 time steps in 20 iterations. A segment of N1/N
and M1/M values in one of the sessions is displayed in
Fig. 17(a). Generally, a time series y(t) can be separated
into two parts — namely, y(t) = f(t)+ε(t), where f(t) is
the underlying smooth trend and ε(t) is the noise around
the trend [126]. We use local linear kernel regression to
estimate the trend [127]. Figures 17(b) and (d) show the
noise and “kernels” of N1/N and M1/M , respectively,
with clear periodicity indicated. Furthermore, we use

Fig. 17 (a) A segment of the simulation result with S =
32, P = 32, and AI = 0.05. (b) The local linear kernel
regression results for N1/N . (c) The frequency spectrum
for N1/N . (d) The local linear kernel regression results for
M1/M . (e) The frequency spectrum for M1/M . Reproduced
from Ref. [123].
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the discrete Fourier transform to analyze the periodic
properties of the series. The three frequency peaks in
Figs. 17(c) and (e) indicate this cyclical property. These
frequencies are mainly determined by the adaptability
levels of the agents and the arbitrage warning threshold.

The power spectral density distribution for the self-
affine time series can exhibit in the form of D(f) ∼
1/fβ [128–132], where β represents the strength of the
time series persistence. We therefore also use the pe-
riodogram method [133] to analyze the “kernel” of the
time series. Here, β > 1 corresponds to nonstationar-
ity with strong persistence, while β < 1 corresponds to
stationarity with weak persistence.

We calculate the values of β, and the results are shown
in Figs. 18(a) and (b). Basically, two kinds of series are
observed. We neglect the tails in the linear fitting, since
they are meaningless in the context of our research. We
think that Brownian motion is the driving process for
our time series, and different parameter settings lead to
different subdiffusive coefficients (which are relevant to
β). Time series with β > 1 have a large subdiffusive
coefficient with nonstationarity (periodicity), while those
with β < 1 behave randomly.

Figure 18(c) shows how AI affects β. When AI is low,
β is close to 2, and the series is cyclical; when AI is
high, β is close to 0. There is also an abrupt drop in
β when AI gradually increases; this indicates a phase
transition from a periodic phase to a nonperiodic phase.
In addition, the number of strategies for each agent S
(the ability of agents’ decision-making) can also affect
β. Small S values and large P values indicate agents
that are not overly “clever”; meanwhile, large S values
and small P values indicate high adaptability levels. A
three-dimensional map is displayed in Fig. 18(d), and
it shows the relationships among S, P , and β. A clear
phase transition can also be observed.

6.3 Experiments

To verify the aforementioned simulation results, we con-
ducted controlled human experiments. The rules and
settings for our experiment are as follows. We recruited
50 students from Fudan University to participate in the
Janus game, and they were given some essential instruc-
tions before the experiment began. All participants were
randomly assigned as suppliers and consumers; the as-
sumption was that they would make their choices exactly
as the agents in simulations had done. In total, we con-
ducted three sessions of experiments, with 40–50 time
steps in each session. ∆T was set to be 10, 6, and 3 in
the three sessions. Those who won in one time step were
each awarded one point. As incentives for the partici-
pants, the total points they received could be exchanged
into cash at a ratio of 1 : 1.
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Fig. 18 (a) The results derived from the periodogram
method for one simulation result of N1/N with S = 32,
P = 32, and AI = 0.05. (b) The results for N1/N with
S = 32, P = 32, and AI = 0.5. The inset shows the corre-
sponding time series (the 500th to 1000th time steps). (c)
The relation between averaged β and the warning threshold
AI . (d) The surface map of β as a function of S and P .
Reproduced from Ref. [123].

We present the time series of N1/N and M1/M in
Fig. 19(a). It can be seen that N1/N always fluctuates
around M1/M . To make the trend clearer, we adopt
local linear kernel regression in the time series. The se-
ries following the regression (i.e., the kernel part and the
residual part) are shown in Figs. 19(b) and (d). We fur-
ther employ frequency spectral analysis, the results of
which are shown in Figs. 19(c) and (e). It is interest-
ing that there exists a nontrivial relationship between
the peak frequencies f2, f3, f4 and the time interval ∆T
[i.e., fi ≈ 1

2∆T (i = 2, 3, 4)], while f1 refers to the intrinsic
periodicity of the kernel series.

In summary, we found that there was indeed period-
icity in human behavior. The results of this experiment
indicate that in markets under free competition, business
cycles may occur for endogenous reasons.

6.4 Concluding remarks

We designed a Janus game to study human behavior,
which can be considered a fractional Brownian motion
with phase transition between periodic and nonperiodic
phases. Business cycles can be explained in terms of this
periodic phase.
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Fig. 19 (a) The controlled human experiment result of
N1/N and M1/M . (b) The local linear kernel regression
results for time series N1/N . (c) The frequency spectrum
analysis results for N1/N . (d) The local linear kernel regres-
sion results for M1/M . (e) The frequency spectrum analysis
results for M1/M . Reproduced from Ref. [123].

6.5 Relevant research

The authors of [134] studied housing and mortgage mar-
kets and a credit agent-based network. They conducted
a series of simulations to explore the influence of house-
holds’ creditworthiness conditions when granted a mort-
gage. Easier access to credit leads to the inflation of
housing prices and short-run output expansion.

The authors of Ref. [135] studied the effect of credit on
macroeconomics, as well as the reasons behind financial
and credit instability. They developed an agent-based
model to analyze the evolution of an economy; this model
could help reveal the source of recent financial crises.
Specifically, the repercussions of interbank connectivity
on bank performance were simulated, and bankruptcy
waves and business cycles were observed.

7 Summary and perspectives

In the current review, we presented some newly obtained
results regarding chaos, leverage, and business cycles in
financial markets, by making use of agent-based model-
ing and human experiments. We also reviewed a stan-
dard or principle for agent-based modeling. As such, this

review covers some basic concepts and principles, as well
as the latest research on popular topics in the field of
econophysics.

We have sought to combine theory, agent-based mod-
eling, and human experiments in each of our research
projects [136]. Since we are facing real-world problems,
theory is not fully applicable, given the complexity of
human behavior. Thus, a controlled human experiment
can serve as a bridge between theory and reality, because
while the participants are human beings, their behav-
ior in the experiment is limited (i.e., they can do only
one of a few actions that the organizers want them to
do). However, in view of the limited time and number
of participants in experiments, it is difficult to simulate
a macroscopic financial problem solely in a laboratory
environment. The use of agent-based modeling allows
us to simulate such problems on computers and verify
possible factors and reasons for the studied problem.

The development of agent-based modeling has been
undertaken on a full scale, and more and more high-
quality scholarly works have featured numerous agent-
based models. However, as we pointed out in Section 3,
the “intelligence” of agents should be further enhanced.
They should possess the abilities needed to process in-
formation, learn, and adapt to environmental changes.
Future agent-based models should be developed with an
eye to adhering to certain principles [72] that would make
them more human-like.

For the controlled human experiment, in considera-
tion of its shortcomings, a considerable amount of effort
should continue to be made, as it is a relatively new
method in the field of econophysics. It seems essential
to design online experiments to recruit more participants
and conduct within the laboratory a greater number of
experimental sessions. Besides validating theories and
simulations, on account of their effectiveness, such con-
trolled human experiments should be used to predict fu-
ture real-world events (e.g., crises).

In any case, agent-based modeling and controlled
human experiments require further development; they
should better simulate real-world phenomena. Both
methods have their own shortcomings; nonetheless, when
used in concert, relatively comprehensive results could be
obtained. In other words, developments in both meth-
ods complement each other. Many research fields other
than econophysics use agent-based modeling and human
experiments; hence, there is a vast depth of experience
to be referenced from a variety of scientific disciplines.
This richness of experience will be key to maintaining
the prosperity of the field of econophysics.
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