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The mix of competition and cooperation (C&C) is ubiquitous in human society, which, however, remains 
poorly explored due to the lack of a fundamental method. Here, by developing a Janus game for 
treating C&C between two sides (suppliers and consumers), we show, for the first time, experimental 
and simulation evidences for human behavioral regularity. This property is proved to be characterized by 
fractional Brownian motion associated with an exotic transition between periodic and nonperiodic phases. 
Furthermore, the periodic phase echoes with business cycles, which are well-known in reality but still 
far from being well understood. Our results imply that the Janus game could be a fundamental method 
for studying C&C among humans in society, and it provides guidance for predicting human behavioral 
activity from the perspective of fractional Brownian motion.

© 2016 Elsevier B.V. All rights reserved.
1. Introduction

Competition and cooperation (C&C) [1–3] are two opposite ac-
tivities, which, however, widely coexist in human society [4,6,7,5,
8–10]. They are even found and studied in the microbial systems 
[11,12]. In spite of extensive researches, C&C still remains poorly 
explored due to the lack of fundamental and reliable methods. 
Nevertheless, the comprehension of C&C is particularly important 
because of the exigent need to understand and predict behavioral 
activity of human individuals or crowds [13]. For this purpose, 
minority game models based on multi-agents [3,5,8–10,14,15] are 
believed to be a fruitful and fundamental method.

In this work, we propose a free-competition artificial market 
with two substitute products. Participants in the market are di-
vided into two groups, namely, suppliers and consumers. Every 
supplier tries to choose which type of products to produce, while 
every consumer has to decide which to buy, for the purpose of 
maximizing their own utilities. Hereafter we use “Janus game” to 
denote the market proposed in this work. As is known, the word 
“Janus” refers to one kind of God with two faces in the ancient Ro-
man myth. There are two main reasons for naming “Janus game”: 
two opposite kinds of roles, producers and consumers, are involved 
in the market-based economy; there exist two opposite goals of 
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the game, competition and cooperation. As an application, we shall 
show that the Janus game may help to realize human behavioral 
regularity, which is characterized by fractional Brownian motion 
associated with an exotic transition between periodic and nonpe-
riodic phases. Specifically, the periodic phase herein reflects the 
occurrence of business cycles, which are well-known in economic 
activities but still far from being satisfactorily understood [16–19].

Business cycles bring economic recovery and prosperity, as well 
as the burst of bubbles and depression. Most of the literatures 
on business cycles focus on either the empirical factors affecting 
the properties of business cycles [20–22] or the technical meth-
ods of analyzing business cycles time series [23–25]. They seldom 
relate to microscopic understandings regarding individual agents. 
This work presents a bottom-up model called Janus game in the 
light of minority game [8–10,26], and we shall show that the Janus 
game would be appropriate to construct behaviors of suppliers and 
consumers, thus yielding a possible microscopic understanding of 
the dynamics of business cycles.

2. The Janus game

Fig. 1 shows a sketch of the Janus game, the details of which 
are described as follows.

1. The market is isolated without any external interference. The 
individuals in the market, who are supposed to be rational, 
take aim at earning payoffs as much as possible.
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Fig. 1. Sketch of the Janus game with two basic groups of participants, M suppliers 
and N consumers, for two types of products, Product 1 and Product 2: M = M1 +M2

and N = N1 + N2.

2. Two products, labeled as Product 1 (P1) and Product 2 (P2), 
are freely traded in the market. The two products are alter-
native for each other, which means that their price elastic 
coefficients are nearly the same.

3. The market participants are randomly assigned to two roles, 
namely, suppliers and consumers. M and N denote the total 
numbers of the individuals in the two groups respectively.

4. Suppliers are supposed to choose products to produce, whereas 
consumers should choose which product to buy. According to 
their strategies, which should be also subject to the compe-
tition and cooperation situations, each individual can choose 
any one of the two products.

5. Every one of suppliers (or consumers) is assumed to produce 
(or purchase) only one unit of the product he chooses. So, 
the amount of supply and demand for P1 and P2 can be 
denoted as the actual numbers of suppliers and consumers 
for each product, i.e. M1, M2 and N1, N2 respectively, where 
M = M1 + M2 and N = N1 + N2.

6. The market operates in discrete time steps, which means that 
it is a repeated game like minority game [8–10]. However, be-
cause of poor liquidity of resources, suppliers wouldn’t change 
their choices much too frequently, until the arbitrage chance 
in the market gradually fades away.

Since the model is built based on minority game, it can be ba-
sically interpreted as one kind of two-sided minority game, where 
the minority of consumers and the minority of suppliers could win 
at the same time. We can see that the market equilibrium occurs 
at the point when M1/N1 = M2/N2. If M1/N1 > M2/N2, it indi-
cates that consumers, on average, are able to buy more P1 than 
P2 produced by suppliers. It also means that the average “cost” 
for consumers buying P2 is relatively higher than that for con-
sumers buying the other product. So, consumers who choose to 
buy P1 obtain relatively more payoffs than the other consumers. 
At the same time, suppliers who choose to produce P2 actually 
obtain relatively more payoffs than the other suppliers. Hence, we 
can say that suppliers of producing P2 and consumers of buying 
P1 win at this time due to right choices. In contrast, in the case of 
M1/N1 < M2/N2, suppliers who produce P1 and consumers who 
buy P2 are the winners. It’s worth noting that in the game, prices 
of products are not necessary information since what the individ-
uals really concern is only the win–lose outcome. Regarding the 
assumption of “rational man”, actually no matter which roles the 
individuals are, all should make their best choices with the intent 
to obtain benefits.

3. Agent-based simulation

3.1. Decision-making process

Inspired from the market-directed resources allocation game 
(MDRAG) [9,10], the similar decision-making processes for agents 
are adopted in the Janus game. The MDRAG, where agents’ hetero-
geneous preferences are introduced, is actually an extended model 
derived from the minority game [8]. According to the minority 
game [8], if m denotes the memory length of an agent, then the 
number of all situations he may be confronted with should be 2m . 
However, Cavagna proved that the memory of minority game is 
irrelevant to decision-making processes [27], thus suggesting that 
the m-bit detailed situation set could be encoded by integers. We 
assume that the number of possible situations that an agent may 
encounter is P , which is generally in the range of 1 to 2m . Each 
value of P corresponds to a choice, 1 or 0 (1 refers to P1 while 
0 refers to P2). Since the length of situations is P , the full strat-
egy pool should be 2P . Every agent’s initial S pieces of strategies 
are randomly selected from this pool. So the strategy table of each 
agent is a P × S matrix containing the bits of 1 or 0. When P
is large enough, the probabilities of 0 or 1 in every strategy are 
nearly the same, 50% [8,9]. This leads to the homogeneous prefer-
ence for 0 or 1, no matter which strategy the agent uses. However, 
this kind of homogeneous preference cannot easily bring the mar-
ket into equilibrium, especially when the population bias between 
the two products is too big. Thus, following the MDRAG, in this 
work we adopt the parameter P to take into account the hetero-
geneous preferences of agents. Whatever the present situation is, 
all of the agents ought to make choices according to their highest-
scored strategies. At each time step, after their choices have been 
made and the win–lose result has come out, all the strategies, 
which may lead the agent to win under the present situation, 
should be scored.

In the mean time, consumers in the Janus game are able to 
make new choices for buying products. Moreover, in spite of in-
evitable transfer costs and poor liquidity of resources, suppliers are 
given the abilities to determine the time when they should make 
new choices for producing products. The length of the time inter-
vals for changing is denoted as �T . In fact, if M1/N1 = M2/N2, 
the market will be in the balanced state (equilibrium). As long as 
the system reaches the equilibrium, the population ratio of choos-
ing the two products will keep stable. At this time, everyone who 
wants to break the equilibrium will make himself at a disadvan-
taged situation where the number of players of his type (maybe 
producers or consumers) has already been saturated. Moreover, in 
the perspective of entropy, a well-balanced system corresponds to 
a maximal entropy. Therefore, it becomes hard for suppliers or 
consumers to break the stable equilibrium. To find how far the 
system is deviated from the equilibrium, an arbitrage index (aI ), 
which is derived from the Shannon entropy, has been defined as

aI = 1 +
2∑

i=1

pi log2 pi .

Here pi is understood as the non-balanced degree of market sup-
ply and demand, defined as

pi = Mi/ 〈Ni〉
M1/ 〈N1〉 + M2/ 〈N2〉 .

〈· · · 〉 in pi represents for the average of · · · from the last time 
step when suppliers make their choices to the current time step. 
aI has a value in [0, 1). It is evident that a lower value of aI means 
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Fig. 2. (a) One executed simulation result of the 20 runs with the same parameter combination, S = 32, P = 32 and AI = 0.05, N1/N and M1/M . (b) The local linear kernel 
regression results for time series N1/N . (c) The frequency spectrum analysis result for N1/N . (d) The local linear kernel regression results for M1/M . (e) The frequency 
spectrum analysis result for M1/M .
that the market is closer to the balanced state (M1/N1 = M2/N2). 
To mimic the real word, we suppose that suppliers will make 
new choices from the two types of products once aI decrease be-
low a pre-defined warning value, AI . However, when the arbitrage 
index drops down to the warning threshold, part of producers 
would switch their production strategies, thus making themselves 
possible disadvantages as analyzed before. But, the other part of 
producers will be brought higher expected profits because of the 
unsaturation. In a word, whenever the equilibrium is broken, the 
population ratio will be biased, and there will exist arbitrage op-
portunities to earn profits.

All simulations are performed with the same numbers of sup-
pliers and consumers, i.e. M = N = 100. In addition, each simula-
tion with one parameter combination of S , P and AI , has been 
conducted for 5000 time steps long and repeated 20 times for 
statistical analyses. Two short pieces of time series of N1/N and 
M1/M , the result of one single run of the 20 repeated runs, are 
shown in Fig. 2(a). It is known that a time series y(t), represent-
ing for an economic index, is usually can be separated into two 
main parts. That is y(t) = f (t) + ε(t), where f (t) stands for the 
underlying and smooth trend and ε(t) refers to the noise fluctu-
ations around the trend [28]. Local linear kernel regression [28,
29] is a good nonparametric regression method to obtain the best 
estimate for the underlying trend. So we apply this method to 
capture the trends of the simulated results, N1/N and M1/M . In 
Fig. 2(b) and (d), the noise fluctuations are separated from the 
“kernel” parts, which have shown a degree of periodicity. To in-
vestigate the possible cyclical properties on the “kernel” parts, it is 
natural for us to use the discrete Fourier transform to show the pe-
riodic properties in the frequency domain. Fig. 2(c) and (e) depict 
three prominent frequency peaks ( f1, f2, and f3), which actually 
indicate the cyclical properties of the time series generated from 
Janus game. It is found that the frequencies of the three peaks is 
generally determined by the adaptability levels of the agents and 
the arbitrage index warning threshold, i.e. the parameter combina-
tion of S , P and AI .

3.2. Fractional Brownian motion

It is known that the power spectral density distributions for 
self-affine time series generated in a wide variety of physical 
systems, possess a common power-law form, namely, D( f ) ∼
1/ f β [30–35]. D( f ) in the form refers to the power spectral 
density at frequency f , and the power-law exponent β indicates 
the strength of persistence or the “color” of the time series. So, 
besides the previous method, we also employ the Periodogram 
method [36], which is widely used for calculating the power spec-
tral density, to analyze the “kernel” parts of the two series. The 
process with β > 1 is nonstationary with strong persistence. In 
contrast, the process with β < 1 has a property of stationarity and 
weak persistence. Accordingly, β = 1 serves as a boundary between 
β > 1 and β < 1.

After calculating the values of β by using the Periodogram 
method as shown in Fig. 3(a) and (b), we find that there are ba-
sically two kinds of series with different properties. Since the tail 
parts in Fig. 3(a) and (b), roughly 90% of the total points, are noisy 
and meaningless for our statistics [36], we neglect the tail parts 
when performing the linear fitting to get the values of β . However, 
according to the statistics of time-average mean-squared displace-
ment [37,38], the scatter distribution of its dimensionless ampli-
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Fig. 3. (a) The Periodogram method results for the one simulation result of N1/N where S = 32, P = 32 and AI = 0.05 (The series is shown in Fig. 2 (a)). (b) The Periodogram 
method results for the one simulation result of N1/N where S = 32, P = 32 and AI = 0.5. The inset shows the corresponding time series of N1/N . Only the 500th to 1000th 
time steps are displayed for simplicity. (c) The relation plot between averaged β (power-spectral exponent) and the warning threshold AI when S = 32 and P = 32. The bars 
(associated with the symbols) indicate standard deviations. (d) The surface map of β (whose values are denoted by the color surface) as a function of S and P .
tudes, and p-variation test [39,40], we know that fractional Brow-
nian motion is the driving process for many generated time series 
[41]. In fact, different adaptability levels and different warning val-
ues of arbitrage index AI lead to various subdiffusive coefficients of 
the generated time series, which are related to the power spectral 
exponent, β . If the generated series exhibits distinctive features 
of non-stationarity or periodicity (β > 1), as shown in Fig. 2(a) 
or Fig. 3(a), we can say that the series has a larger subdiffusive 
coefficient. Nevertheless, the other kind of series behaves more 
randomly along with the time, changing ceaselessly. This property 
of stochasticity indicates that both β and the subdiffusive coef-
ficient approximately equal to 0 (stationarity or non-periodicity); 
see Fig. 3(b) and its inset.

More details on how to identify fractional Brownian motion 
process can be found in Appendix A.

3.3. Transition between periodic and nonperiodic phases

To show and check how the arbitrage index warning value AI

affects the properties of generated series, we plot the relationship 
between AI and the exponent β of N1/N in Fig. 3(c). As a re-
sult, when AI is relatively low, the β of the series is obviously 
close to 2, showing distinctly cyclical characteristics; for a rela-
tively high warning value, the produced series behaves more ran-
domly. Namely, the cyclical phenomenon is more apparent in the 
non-stationary phase (β > 1) than in the stationary phase (β < 1). 
In addition, as shown in Fig. 3(c), by increasing AI , β abruptly 
drops down from the upper part where it’s greater than 1 to the 
lower part smaller than 1. This indicates a phase transition from 
the non-stationary (periodic) phase to the stationary (nonperiodic) 
phase. Since it arises in a social human system and essentially dif-
fers from the traditional phase transition in physics, we call this 
kind of phase transition as exotic (phase) transition.

Furthermore, we should note that the number of strategies, S , is 
in fact related to individuals’ decision-making capacity, or say the 
ability of choice deliberation [9,10]. If S is relatively small and P
(the volume of a strategy) is too large, in spite that the agent may 
know more about the environment, he may not be clever enough 
to make a better choice. In other words, larger values of S and 
smaller values of P can represent for agents’ higher adaptability 
levels.

To investigate the dependence of adaptability levels on the 
properties of our system, we draw a three-dimensional surface 
map to show β as a function of S and P in Fig. 3(d). The ex-
otic transition between the non-stationary periodic phase (β > 1) 
and stationary nonperiodic phase (β < 1) clearly occurs at the 
critical line where β = 1. Compared with the agents in the station-
ary (nonperiodic) phase, agents in the non-stationarity (periodic) 
phase generally have higher values of S alongside with lower val-
ues of P , which refer to higher levels of adaptability. The series 
generated by the model with low S and high P locates in the 
lower-right corner of the three-dimensional surface map while, for 
high S and low P , the series locates in the upper-left corner. That 
is, the adaptability level of the agents can affect the properties of 
the system. In other words, the transition between periodic and 
nonperiodic phases can appear indeed as the level of adaptability 
changes.

4. Controlled human experiment

In order to help validate the above simulation results, we are 
obligated to provide experimental evidences. To proceed, we first 
describe the specific settings of our controlled human experiment. 
We designed a web game on local area network according to the 
Janus game and recruited about 50 students from Fudan University 
to participate in the experiment. Each student received a leaflet 
to the human experiment before starting the game, the details of 
which can be found in Appendix B. They were randomly assigned 
to the roles of suppliers or consumers at the very beginning. Then 
consumers should make their choices at each time step, while 
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Fig. 4. (a) The controlled human experiment result, N1/N and M1/M . (b) The local linear kernel regression results for time series N1/N . (c) The frequency spectrum analysis 
result for N1/N . (d) The local linear kernel regression results for M1/M . (e) The frequency spectrum analysis result for M1/M .
suppliers can make choices every �T time steps. Without loss of 
generality, three stages about the �T are set as 10, 6, 3 time steps 
respectively. Every stage lasted for around 40–50 time steps totally. 
The �T here was nontrivially set to mimic the real world where 
suppliers weren’t able to change production very often. Further-
more, it also corresponded to the arbitrage index (aI ) which has 
been discussed in the previous agent-based simulations section.

At each time step, one score would be given to all the suppliers 
and consumers who obtained relatively more payoffs (i.e. who won 
at that time step). In spite of the two different roles, all the hu-
man subjects were inspired to do their best to earn every possible 
score. To encourage the subjects to perform better in the experi-
ment, we informed them of the experiment incentive mechanism 
before it started. The students would exchange their total scores 
into cashes (Chinese Yuan) according to the exchanging ratio 1:1, 
and the top three subjects could also win additional cash rewards 
(i.e. 150, 100, and 50 Chinese Yuan, respectively) after finishing the 
whole experiment.

After several warm-up time steps, our experiments were fi-
nally performed for 127 time steps. Fig. 4(a) depicts the changes of 
N1/N and M1/M , i.e. the ratio of consumers buying P1 as well as 
the ratio of suppliers producing P1. The small fluctuations at cer-
tain time steps after the experiment started were caused by small 
changes of the overall number of the students. It was because we 
had allowed one or two tardy students into the game in the mid-
way. However, this small changes didn’t affect the later statistical 
results indeed.

We find that the ratio of consumers buying P1, N1/N , always 
fluctuates around the ratio of suppliers producing P1, M1/M . In or-
der to make the underlying trends more clear, we apply local linear 
kernel regression as well. As previously mentioned, to investigate 
the cyclical properties, we should eliminate the small noises from 
the inherent trends of the experiment results, N1/N and M1/M . 
Accordingly, the local linear kernel regression is applied to smooth 
the series. The captured underlying trends (“kernel” parts) and the 
eliminated noises (“residual” parts) are shown in Fig. 4(b) and (d). 
In fact, after wiping off the noises, the extracted “kernel” parts 
are nontrivial because of possible information about cycles. For 
the purpose of finding whether cycles occur in the experiment re-
sults, we employ frequency spectral analysis. By method of discrete 
Fourier transform on the extracted “kernel” parts as well as previ-
ously used, the frequency spectral results for the two series are 
shown in Fig. 4(c) and (e). On one hand, we find that there exists 
a kind of nontrivial relationship between the peaks frequencies f2, 
f3 and f4 and the time interval �T (which were set to be 10, 6, 
and 3 successively in the experiment), i.e. f i ≈ 1

2�T (i = 2, 3, 4). 
On the other hand, the smallest frequency f1 = 0.016 (round−1) 
in the two panels refers to an intrinsic periodicity underlying the 
two kernel series in fact. In addition, we have also tried to fig-
ure out how the relationship between AI and choice time inter-
vals. According to the real data from human experiments, we can 
obtain the real-time arbitrage index. As a result, the calculated 
arbitrage indexes are essentially more than 0.9, and increase in 
average along with time during different time intervals. The aver-
age arbitrage indexes are different in the end of different �T , i.e. 
0.020 ± 0.014, 0.022 ± 0.015 and 0.047 ± 0.015 corresponding to 
�T = 10, 6 and 3. In spite of this, because of the obvious volatil-
ity of human experiment, however, we couldn’t conclude that the 
arbitrage index is truly related to the time intervals.

In general, through such analyses, we have hitherto found some 
human behavioral periodicity phenomena when analyzing the hu-
man experimental data. It implies that under the background of 
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Fig. 5. Ensemble-averaged MSD of N1/N (black dots) and M1/M (blue dots) for different AI from 0.05 to 0.3, which is corresponding to the pow-spectral exponent β varying 
from 2 to 0. All the six panels are fitted by �α , to which the 

〈
δ2(�)

〉
for fractional Brownian motion processes is proportional. (For interpretation of the references to color 

in this figure legend, the reader is referred to the web version of this article.)
free competition with two substitutes in the whole market, busi-
ness cycle may be induced by the endogenous factors. Although 
the business cycle phenomenon shows distinctly in our controlled 
human experiments, it should be noted that the experiments in-
evitably have some shortages. First, the number of human subjects 
and the time steps conducted in the experiments are limited. Sec-
ond, the �T is set manually by the organizers of the experiments 
(to simply mimic the real world), but a better way should be that 
suppliers can decide �T by their own (which is more close to the 
real world) just as what the simulations do.

5. Conclusions

In the light of minority game [8], we have designed a Janus 
game for studying the C&C in human society. As a general model, 
our Janus game can be immediately enriched by adding more 
items. For example, an information generator can be added to 
broadcast good or bad news related to the products, for the pur-
pose of investigating the effect of exogenous information. Besides, 
the herd effect [10] can be studied as well. Certainly, this game can 
also be modified to contain more types of products for participants 
to trade with.

In particular, by performing agent-based simulations, we have 
revealed evidences for human behavioral regularity, which is char-
acterized by fractional Brownian motion associated with an exotic 
transition between periodic (or stationary) and nonperiodic (or 
nonstationary) phases as either the warning value of arbitrage in-
dex (AI ) or the adaptability level of agents varies. The periodic 
phase echoes with business cycles, which are well-known in reality 
but far from being satisfactorily understood. The simulation results 
have been confirmed by our controlled human experiments.

Our work suggests that the Janus game could be a fundamental 
method for studying C&C among humans in society, and it could 
provide guidance for predicting human behavioral activity from the 
perspective of fractional Brownian motion involving exotic transi-
tions between periodic and nonperiodic phases. This work is help-
ful to inspire future researches on understanding human systems 
by using traditional statistical physics.
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Appendix A. Identification of fractional Brownian motion 
process

We have identified the driving motions of the stochastic sig-
nals generated in our model by an unarguably common way — 
the time-averaged mean squared displacement (MSD), δ2(�). And 
we conclude that the signals whether M1/M or N1/N ought to 
be conducted by unconfined fractional Brownian motion processes. 
Whatever the power-spectral exponent β is, all generated series 
should be deemed to be driven by the fractional Brownian motion 
process. As discussed in the content about subdiffusive motion [37,
38], we plot the ensemble mean of the time-averaged MSD of the 
signals in different warning values of arbitrage index (AI ), which 
is the controllable parameter. The results are shown in Fig. 5.

Along with the increase of AI , the power-spectral exponent β
of the generated time series changes from 2 downward to about 0, 
for both M1/M and N1/N series. As shown in Fig. 5, the ensemble-

averaged MSD 
〈
δ2(�)

〉
is approximately linearly scaling to �α as 

a function of the lag time � where � increases generally over 
than 10. As discussed in Refs. [37,38], the fractional Brownian mo-
tion theoretically shows the same power-law behavior as M1/M
and N1/N time series. We can see that the fraction value of frac-
tional Brownian motion α is finally related to the controllable 
parameter AI . However, M1/M and N1/N show different behav-
iors when � < 10. N1/N signal scales approximately to a constant, 
which behaves like confined fractional Brownian motion, yielding 〈
δ2(�)

〉
∼ �0. The reason is that, in general, consumers’ choices 

(N1) would always converge to suppliers’ (M1) with little fluctu-
ations at the equilibrium. And this kind of confined fluctuations 
lead the MSD to a constant.

For more clarity, we also plot the distribution of the scatter of 
the dimensionless amplitude ξ = δ2(�)〈

δ2(�)
〉 , which is the ratio of the 

time-averaged MSD of individual time series over the ensemble 
mean of MSD at lag time �; see Fig. 6.

The probability distribution function φ(ξ) of the scatter basi-
cally converges to a Gaussian form near ξ = 1. When AI is higher 
than 0.3 or so, the power-law exponent α of �α is closer to 0 and 
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Fig. 6. Probability distribution of dimensionless amplitude (ξ ), φ(ξ), for different AI from 0.05 to 0.3.
Fig. 7. The partial sum of increments of the generated time series for p = 2 (upper 
panel) and p = 1/H (lower panel), respectively. Here H = α/2 = 0.25 for the time 
series of AI = 0.05.

φ(ξ) is closer to a sharp form δ(ξ − 1), thus confirming the frac-
tional Brownian motion in fact. However, if the signal is a random 
walk process of continuous time, the shape of φ(ξ) will have an 
exponential decay and reach a finite value at ξ = 0.

Finally, we also use the method of p variation [39] to judge 
the motion of the signals generated from our model. Our analysis 
results are consistent with the p variation test for the fractional 
Brownian motion process. Here, we just take the generated time 
series when AI = 0.05 for example. Fig. 7 shows the n-order partial 
sum of increments V p

n (t) as a function of t for p = 2 and p = 1/H , 
respectively. The variation for p = 2 increases when n increases, 
but shows no trend for p = 1/H with increasing n. This kind of 
behavior is just in accordance with the fractional Brownian motion 
process.
So far, we have tried several methods to confirm that the sig-
nals with 1

f β power spectral density as used in the main text is 
driven by the fractional Brownian motion process.

Appendix B. Leaflet to the human experiment

Welcome to do the experiment! Please log into the web game 
by using your own student number. Do not make any redundant 
operations on your computer until the notice of the organizer. In 
addition, you should carefully read the followings about how the 
web game runs.

In our laboratory market, there are two commodity sub-
markets, which are represented by two virtual rooms (Room 1 and 
Room 2). The two commodities in each sub-market have the same 
price elastic coefficients, which means that they are alternative. 
Once the experiment starts, everyone will be randomly assigned 
a role of supplier or consumer. The role remains unchanged until 
the end of the experiment. The only aim of you in this experi-
ment is to earn winning points as more as possible in competition 
with other participants. Every one of you has an initial score with 
0 point.

This experiment runs continuously by discrete time steps. In 
each time step, you should make a choice to supply or buy com-
modities in one of the two rooms according to your role, your his-
torical information and your personal evaluation or prediction. The 
computer system will automatically record your choice and sum up 
the numbers of suppliers and consumers in the two rooms at the 
end of every time step. The win–lose outcomes will be calculated 
according to those numbers and the relation between supplies and 
demands.

For example, in one time step, the numbers of suppliers in 
Room 1 and Room 2 are M1 and M2, while N1 and N2 denote the 
numbers of consumers in Room 1 and Room 2. If M1/N1 > M2/N2, 
the winners are both those suppliers who have chosen Room 2 
(M2) and those consumers who have chosen Room 1 (N1). Each 
winner (or loser) gets 1 (or 0) point added to his/her score.

If your role is a supplier, because of high capital transfer costs, 
your behavior will be limited to conform to the actual situations. 
In this experiment, you (as a supplier) can only make choices in 
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some time steps (specifically, every �T time steps). In the other 
time steps, your choice will be same as your last choice. On the 
other hand, if you are a consumer, you should make your own 
choice every time step, in order to respond to the change of mar-
ket environment. You can make a random choice at the first time 
step because there is no information for decisions (except for the 
leaflet).

In addition, please notice that the experiment contains three 
stages with �T = 10, 6, and 3 time steps in Stage 1, 2, and 3, re-
spectively. The experiment will continue from Stage 1 to Stage 2, 
and to Stage 3 continuously. The time when it changes the stage 
will not be announced. So, you should be careful!

After the end of the experiment, all the participants’ points will 
be exchanged with cash (Chinese Yuan) according to the ratio: 
1 point = 1 Chinese Yuan. In addition, the three top participants 
(who achieve the three highest scores) will be rewarded with ad-
ditional 150, 100 and 50 Chinese Yuan, respectively.

Any kind of communication is forbidden during the experiment. 
That is, you must carry out the experiment independently.
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