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Abstract

Using an agent-based model we examine the dynamics of stock price fluctuations and their

rates of return in an artificial financial market composed of fundamentalist and chartist

agents with and without confidence. We find that chartist agents who are confident generate

higher price and rate of return volatilities than those who are not. We also find that kurtosis

and skewness are lower in our simulation study of agents who are not confident. We show

that the stock price and confidence index—both generated by our model—are cointegrated

and that stock price affects confidence index but confidence index does not affect stock

price. We next compare the results of our model with the S&P 500 index and its respective

stock market confidence index using cointegration and Granger tests. As in our model, we

find that stock prices drive their respective confidence indices, but that the opposite relation-

ship, i.e., the assumption that confidence indices drive stock prices, is not significant.

Introduction

In recent decades the efficient market hypothesis (EMH) has been generally assumed to be

true in finance [1]. In his classic paper, Fama [2] defined an efficient financial market as one in

which asset prices always fully reflect available information. The EMH is based on three argu-

ments, (i) that investors are rational, perfectly consistent and coherent as they critically exam-

ine their options, and possess enormous computational power, (ii) that some investors are

irrational but because their actions are random they cancel themselves out and do not affect

asset prices, and (iii) that when irrational investors begin to act in concert they are stopped by

rational arbitrageurs who eliminate their influence on asset prices [1].

In the first decade after its development in the 1960s, the EMH became unanimously

accepted, both among theoreticians and those working empirically. Jensen, one of the creators

of the EMH, stated “there is no other proposition in economics which has more solid empirical

evidence supporting it than the efficient market hypothesis” [3].
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In the years that followed, this hypothesis began to be questioned not only from a theoreti-

cal but also from an empirical point of view. First, to bluntly state that people in general and

investors in particular are totally rational is problematic. According to Fisher Black [4], inves-

tors trade on noise instead of on information, but this statement is overly general because

investor behavior is often simultaneously irrational and highly systematic.

Tversky and Kahneman [5] point out that trader actions can indicate a departure from the

conventional rational decision model in several fundamental areas, including their attitudes

towards risk, their mental accounting, and when they exhibit overconfidence. Awareness of

these psychological factors and of the reality that arbitrage is limited has produced a new

approach to the study of financial markets: behavioral finance (BF).

Although conventional financial market models based on such hypotheses as rational selec-

tion and market efficiency are elegant, none has been able to explain such basic empirical char-

acteristics or “anomalies” in real-world financial markets as excessive transaction volume or

price volatility. Thus financial markets have become one of the most active areas within which

researchers using agent-based models attempt to understand regularities found in financial

data. One of the first studies of this type was conducted by Arthur et al. [6], who developed a

dynamic theory of asset pricing that was based on heterogeneous investors who update their

price expectations individually and inductively using classification systems.

Agent-based computational models treat economies as systems made up of independent

agents who interact with each other according to a set of rules. The initial market conditions

are specified and the economy is allowed to evolve over time as the constituent agents repeat-

edly interact. The goal is to investigate the relationship between market prices and

information.

With respect to price formation, which is critical, such models can be classified under four

categories according to LeBaron [7]. The first type uses a slow price adjustment, in which the

market is always in fact in disequilibrium. An example of this category of models is Day and

Huang [8]. A second market mechanism is to set the equilibrium at each period of time

numerically or analytically (the latter method assuming simplifying hypotheses). Examples of

this kind of market adjustment are Arthur et al. [6], Brock and Hommes [9], and more recently

Xu et al. [10], among others. A more realistic and perhaps a more important mechanism is the

simulation of an order book, in which the agents define offers to buy and sell stock. The orders

are then crossed in conformity with some defined procedure, like in Farmer et al. [11], and

Zhou et al. [12]. In Farmer et al. [11], a model is tested in which the agent’s rationality is elimi-

nated almost completely. The model assumes the agents place buy and sell orders randomly,

subject to constraints imposed by the prices. The authors demonstrate that such approach is

able to replicate many characteristics of the price history dataset, that is, this paper helps to

understand which empirical regularities may be the fruit of only the institutions, and which

may be the result of the agents’ learning. On the other hand, Zhou et al. [12] study the order

flow of Shenzhen (China) Stock Exchange for the year 2003. Among other important results, it

is observed that random strategies showed a much better performance than real strategies both

for winners and losers, what seems to corroborate the model by Farmer et al. [11]. Matching is

another kind of adjustment mechanism, where the agents meet at random and if it is conve-

nient for them, they trade with one another. This mechanism may be suitable for situations

where formal trading markets have not been established yet. An example of this type of model

can be found in Beltratti and Margarita [13].

Agent-based models can contribute significantly to the study of financial behavior by com-

putationally analyzing these psychological characteristics. Note that agent-based models

applied to finance are behavioral models themselves because the agents are limited rationally

and usually follow rules that are either preset or learned through experience. Most of the
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models created thus far depart from the behavioral finance approach, however, in that they

assume that the agents exhibit conventional preferences.

Our goal here is to create an agent-based model in which the agents exhibit confidence in

their decision making, in accordance with the behavioral finance approach, and we assume

that the level of agent confidence evolves during the simulation time. According to Odean

[14], the overconfidence of successful agents can be reinforced by a self-attribution bias, i.e.,

when they believe their trading success is the result of their own ability. A small number of

papers in the literature incorporate psychological biases into the agents, among them the stud-

ies by Takahashi and Terano [15], Lovric [16], and Bertella et al. [17]. Takahashi and Terano

[15] use the Bayes error correction model, Lovric [16] the model by Levy, Levy, and Solomon

[18], and Bertella et al. [17] a study by Arthur et al. [6]. Our study is similar to that by Bertella

et al. [17], but it differs in the way we model confidence and how we verify the robustness of

our model.

The study is organized as follows: section one describes the model framework, section two

how agent expectation is determined, section three the behavioral bias that affects agent deci-

sionmaking, section four the econometric analysis of our model, comparing it with the data

from the S&P 500 index and its confidence levels and section five presents some final

considerations.

Model

Our model is based on a study by Bertella et al. [17], and is composed of N agents who decide

whether to invest in a risky asset (e.g., a stock) or in one that is risk-free (e.g., a US Treasury

security).

The dividend paid by the stock per time unit, based on studies by Arthur et al. [6] and

LeBaron et al. [19], is

dt ¼ �d þ r ðdt� 1 þ
�dÞ þ �t ð1Þ

where �d is the dividend base, �t has a normal distribution with mean 0 and finite variance σ2,

and 0< ρ< 1. The utility function is

UðWi;tÞ ¼ � e� lwi;t ð2Þ

where Wi,t is the wealth of agent i at time t and λ is the level of risk aversion. The maximization

of the expected utility is subject to the budget constraint

Wi;t ¼ xi;tðpt þ dtÞ þ ð1þ rÞðWi;t� 1 � ptxi;tÞ ð3Þ

where Wi,t represents the wealth of agent i at time t, xi,t represents the quantity of stocks

ordered by agent i, pt and dt are the price and stock dividend respectively at time t, and r corre-

sponds to the interest rate for the risk-free asset, considered constant over time.

The optimal quantity of stocks ordered by each agent xi,t is

xi;t ¼
Ei;tðptþ1 þ dtþ1Þ � ptð1þ rÞ

ls2
i;t;pþd

ð4Þ

where s2
i;t;pþd is the perceived variance of the returns, described by

s2
i;t;pþd ¼ ð1 � yÞs2

i;t� 1;pþd þ y½pt þ dt � Ei;t� 1ðpt þ dtÞ�
2

ð5Þ

in which parameter θ determines the weight placed on the most recent square error as opposed

to the weight placed on past square errors.
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The market price is determined by the difference between the quantity of stocks ordered by

agent i at t and the quantity at a previous time t − 1. If this difference is positive or zero, the

number of stocks that agent i will buy at t (bi,t) will be the difference itself, and the number of

stocks that the agent will sell at the same time t (oi,t) will be zero. This situation will reverse

when the difference is negative. By adding the contribution of bi,t and oi,t together for all

agents, we can determine the total quantity demanded, Bt, and supplied, Ot. Thus, according to

Farmer and Joshi [20], the stock price at time t is

pt ¼ pt� 1e
Bt � Ot

b ð6Þ

where parameter β eases price fluctuations in the market.

The rate of return at time t can then be calculated using

Ht ¼
pt � pt� 1 þ dt

pt� 1

ð7Þ

Formation of expectations and trading strategies

For the formation of expectations regarding the price and future dividend of the stock traded,

Ei,t(pt+1 + dt+1), the fundamentalists assume certain rules based on the dividend at time t and

therefore estimate that growth will be at a constant rate g, i.e.,

Eðdtþ1Þ ¼ dtð1þ gÞ ð8Þ

and

Eðptþ1Þ ¼
dtð1þ gÞ
k � g

ð9Þ

in which k refers to the discount rate of the flow of future dividends. On the other hand, the

chartists estimate that prices are inertial, that is, if the recent price has increased the future

price will also increase, and vice-versa. Thus based on a study by Takahashi and Terano [15],

our expectations of price and future dividends will be

Eðptþ1Þ ¼ pt� 1ð1þ at� mÞ
2

ð10Þ

and

Eðdtþ1Þ ¼ dt� 1ð1þ at� mÞ ð11Þ

in which term at� m ¼ 1

m

Pm
m¼1

pt� 1

pt� 1� m
� 1

� �
is associated with memory length, which can be of

one, five, or ten units of time (m = 1, 5, and 10, respectively). Fundamentalists believe stock

price converges to fundamental value and they use a dividend discount model to estimate it.

Chartists or technical traders are trend predictors which use past information to predict future

prices.

We carry our simulation for 100 agents, arbitrarily distributed between chartists and funda-

mentalists, who can—at each period of time—order and sell (short) up to a maximum of five

stocks.

Confidence and self-attribution bias

According to Barberis and Thaler [21], behavioral finance studies can be divided into two

categories:

Confidence and self-attribution bias in an artificial stock market
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1. those that show that arbitrage operations are usually unable to keep stock prices attached to

their fundamental values; and

2. those that demonstrate that agents commit systematic errors when facing uncertainty and

deviate from conventional assumptions.

The first category of study demonstrates that arbitrage operations are not perfect. The sec-

ond makes it clear that psychology influences a family’s decisions about consumption and

investment. According to Kahneman and Riepe [22], financial decisions in uncertain environ-

ments are based on established rules and intuition. Thus either an excess or deficit of confi-

dence can affect the actions of an economic agent and lead to irrational trading decisions.

In our study we use the perceived variance of stock returns described by Eq (5) and create a

confidence coefficient that, when multiplied by the perceived variance of returns, characterizes

its under—or over—estimation,

ŝ2
i;t;pþd ¼ oci;t � s2

i;t;pþd ð12Þ

where coefficient oc represents the level of agent confidence. When oc = 1, the agent has a neu-

tral level of confidence and the variance of the stock return is not underestimated. When

oc> 1, the agent lacks confidence and the variance of the stock return is overestimated. When

0 ⩽ oc< 1, the agent is overconfident and the variance of the stock return is underestimated,

i.e., agents strongly believe in the validity of their stock return predictions.

We assume that the level of agent confidence evolves during the simulation time. As men-

tioned above, the overconfidence of successful agents can be further strengthened by a self-

attribution bias. The level of agent confidence is updated based on the success of their predic-

tions. We carry out this updating by first mapping confidence coefficient oc from interval oc 2
[0,1[ into a more convenient interval, C 2 [0, 1]. Thus, as described by Lovric [16], we use a

transformation function T,

Tðoci;tÞ ¼ 1 � 2ð� oci;tÞ
1=4

¼ Ci;t ð13Þ

The transformation function T(. . .) is defined so that the neutral level of confidence (oci,t =

1) can be mapped at the mean point of the transformation function (Ci,t = 0.5). After the level

of agent confidence is transformed into interval C 2 [0, 1], the levels are updated according to

If jEi;t� 1ðpt þ dtÞ � pt � dtj < 2 � oci;t � si;t;pþd;

then Ci;tþ1 ¼ Ci;t � �a

otherwise Ci;tþ1 ¼ Ci;t �
�b

ð14Þ

where σi,t,p+d corresponds to the perceived standard deviation of the stock return. If the differ-

ence between the expected stock return and the actual return is within the interval of confi-

dence defined by the agents, then the level of confidence will be decreased by parameter �a. If it

is not, the agents are less confident and Ci,t is multiplied by parameter �b.

Note that �b > 1 and 0 < �a < 1. It is possible that the updating of the level of agent confi-

dence is biased. For example, the increase in confidence level for good predictions can be

greater than the decrease in confidence level for bad predictions. An example of a non-biased

self-attribution bias occurs when 1 � �a ¼ �b � 1, where �a ¼ 0:99 and �b ¼ 1:01.

Confidence and self-attribution bias in an artificial stock market
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After the level of agent confidence is updated, Ci,t+1 it is mapped at the original interval [0,

1[ using the inverse transformation function as described by Lovric [16],

oci;tþ1 ¼ T � 1ðCi;tþ1Þ ¼
ln ð1 � Ci;tþ1Þ

ln 0:5

� �4

ð15Þ

Results and discussion

This section describes the computer simulations and discusses the results. The simulations are

carried out as follows:

1. In the first simulation we focus on the behavioral heterogeneity of agents with a neutral

level of confidence in a market composed of 25 fundamentalist agents, 25 chartist agents

with m = 1, 25 chartist agents with m = 5, and 25 chartist agents with m = 10.

2. In the second simulation we use the same market configuration but vary the levels of char-

tist agent confidence. The simulation and its descriptive statistics in which all agents are

fundamentalists (reference case) are shown in the S1 Appendix file (A1 Table, A2 Table, A1

Fig and A2 Fig), as well as the initial values of the parameters in the simulations.

Heterogeneous agents with neutral confidence

In this simulation, agents can adopt different trading strategies. The market is composed of

fundamentalist and chartist agents, with different memory lengths (m = 1, m = 5, and m = 10).

The results are shown in Figs 1 and 2.

Fig 1 compares the evolution of the stock price with the reference case (in which there are

only fundamentalists). The evolution pattern of the stock price differs entirely from that of the

Fig 1. Evolution of the stock price (different types of agents). Source: Own creation.

doi:10.1371/journal.pone.0172258.g001
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reference case. Thus the presence of behavioral heterogeneity in the market may explain the

excess volatility and systematic deviations of the asset prices from their fundamental values.

Note that there are periods when the stock price is sustainably higher than the reference price,

periods when the market is volatile, and periods of extreme volatility, which are characteristic

of market crashes.

Fig 2 shows the evolution of the stock rate of return during the simulation time, which con-

firms the presence of excess volatility in the market. Excess volatility occurs at periods when

the dividend value generated by the stock breaks the trend heretofore maintained. The chartist

agents do not expect this break because they do not know the value of the dividend generated

in the prior period. The greater the number of chartist agents in the market, the greater the

impact of their actions and the higher the market volatility. Statistics for this simulation, as

well as the normality test for the rate of return, are shown in Table 1 and Fig 3, respectively.

Note that the mean and median values of the return rate are lower than the values in the ref-

erence case, but the standard deviation and kurtosis values are higher, which indicates a sub-

stantial increase in volatility, the presence of heavy tails, and a considerable discrepancy in the

normal distribution (see Fig 3). All of these characteristics are commonly found in financial

series and may be the result of behavioral heterogeneity in the financial market.

Heterogeneous agents with different levels of confidence

The next simulation focuses on the interaction between different types of agents in the market

and allows their confidence levels to evolve during the simulation. The market is composed of

25 fundamentalist agents not influenced by confidence and 75 chartist agents influenced by

confidence and divided equally according to their memory of analysis. Figs 4–6 show the

results.

Fig 2. Evolution of the stock rate of return (different types of agents). Source: Own creation.

doi:10.1371/journal.pone.0172258.g002
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This simulation takes into account behavioral heterogeneity, but also the effect of the

changing levels of agent confidence. This additional factor allows us to analyze and explain

additional characteristics. Figs 4–6 show that the periods when assets are sharply overvalued

coincide with those when agent confidence level is high, and the periods when prices fall coin-

cide with those when agent confidence level is low. Note that in this case the volatility is also

much higher than when agents have a “neutral” confidence level.

Table 2 shows the descriptive statistics and the Fig 7 reveals the normality test for the stock

rate of return for this simulation. Note how the standard deviation of the return rate is higher

than in the previous case, indicating an increase in volatility. An excess of confidence intensi-

fies volatility, and kurtosis and skewness are less than in the previous case (which had hetero-

geneous agents with a neutral confidence level), but the distribution of the rates of return

remains far from normal.

Econometric analysis

We next measure the robustness of our model by comparing its results with actual data. We

first analyze two variables produced by the model, confidence and price, to determine whether

Table 1. Descriptive statistics (different types of agents). Source: Own creation.

Stock Price Return Rate

Mean 20.5618 0.1946

Median 20.7289 0.1945

St. Deviation 0.8131 0.0305

Kurtosis 5.3023 8.8112

Skewness −1.3694 0.9167

doi:10.1371/journal.pone.0172258.t001

Fig 3. Shapiro-Wilk Normality Test stock rate of return (different types of agents). Source: Own

creation.

doi:10.1371/journal.pone.0172258.g003
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Fig 4. Stock price (different types of agents with confidence). Source: Own creation.

doi:10.1371/journal.pone.0172258.g004

Fig 5. Rate of return (different types of agents with confidence). Source: Own creation.

doi:10.1371/journal.pone.0172258.g005
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confidence determines price or price determines confidence. We then compare the results

with actual S&P 500 index data and with confidence indices calculated for this stock market to

determine whether real-world confidence levels determine stock prices or stock prices deter-

mine confidence levels.

Unit root tests

The hypotheses were first tested for the time series describing random walks: (i) the confidence

index Ct and (ii) the stock price Pt, using the following unit root tests:

1. Ljung-Box Test – LB (Ljung & Box, 1978) [23];

2. Phillips-Perron Test – PP (Phillips & Perron, 1988) [24];

3. Augmented Dickey-Fuller Test – ADF (Dickey & Fuller, 1979; and MacKinnon, 1991)

[25, 26];

Fig 6. Level of confidence (different types of agents with confidence). Source: Own creation.

doi:10.1371/journal.pone.0172258.g006

Table 2. Descriptive statistics (different types of agents with confidence). Source: Own creation.

Stock Price Return Rate

Mean 20.4605 0.1972

Median 20.5626 0.1974

St. Deviation 1.4671 0.0578

Kurtosis −0.1429 1.1202

Skewness −0.5265 0.2280

doi:10.1371/journal.pone.0172258.t002
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4. Kwiatkowski-Phillips-Schmidt-Shin – KPSS (Kwiatkowski et al. 1992) [27].

The adopted econometric procedure tested the following modified pair of hypotheses:

1. H 00: series Ct and Pt are nonstationary

2. H 01: series Ct and Pt are stationary

Fig 8 shows the time evolution containing a sub-set of 500 values for the confidence index

Ct and the stock price Pt, and their respective growth rate, suggesting a non-stationarity behav-

ior in all cases.

All four unit root tests corroborate the results shown in Fig 8 and use as a base a significance

level of 5% (p-value < 0.05), as shown by the values in Table 3.

Thus the results for stock price, its growth rate, confidence index and its growth rate show

that we cannot reject the null hypothesis and thus all the series have a unit root and are non-

stationary.

Cointegration and Granger tests

The random walk analyses carried out in the previous section confirm the non-stationarity of

the series analyzed individually. We now test the series for cointegration in order to determine

whether there is a long-range temporal relationship between the two variables, price and confi-

dence, and their growth rates. We test two hypotheses:

1. H0: series Ct and Pt are not cointegrated

2. H1: series Ct and Pt are cointegrated

Fig 7. Shapiro-Wilk Normality Test stock rate of return (different types of agents with confidence).

Source: Own creation.

doi:10.1371/journal.pone.0172258.g007
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Following Engle and Granger (1987) [28], we test whether the series cointegrate by first

conducting an ordinary least squares (OLS) regression to estimate a time series. Fig 9 shows

the residuals obtained through this regression for the data used, which in this case are stock

prices.

First, to test the cointegration for the price index with respect to confidence index, we use

the most negative Dickey-Fuller (DF) value to select which regression formula we will apply.

When we test the residuals of the regression “confidence vs price” for the existence of a unit

root we get a value of −27.366 for statistic t, with p< 2.2e-16 (and a value of -15.812 for the for-

mula “price vs confidence”), and find that we can reject the null hypothesis. Thus we assume

Table 3. Unit root test.

Indexes Growth Rate

Confidence Price Confidence Price

LB Test (p < 0.05) p = 0.0

(TRUE)

p = 0.0

(TRUE)

p = 0.0

(TRUE)

p = 0.0

(TRUE)

PP Test (p < 0.05) p = 0.01

(TRUE)

p = 0.01

(TRUE)

p = 0.01

(TRUE)

p = 0.01

(TRUE)

ADF Test (p < 0.05) p = 0.01

(TRUE)

p = 0.01

(TRUE))

p = 0.01

(TRUE)

p = 0.01

(TRUE))

KPSS Test (p > 0.05) p = 0.01

(TRUE)

p = 0.1

(TRUE)

p = 0.01

(TRUE)

p = 0.1

(TRUE)

ADF τ critical values

1% 5% 10%

-2.58 -1.95 -1.62

τ = -28.4477

(TRUE)

τ = -28.1368

(TRUE)

τ = -33.3431

(TRUE)

τ = -54.1440

(TRUE)

KPSS τ critical values

1% 2.5% 5% 10%

0.216 0.176 0.146 0.119

τ = 0.1481

(TRUE)

τ = 0.0406

(FALSE)

τ = 0.2161

(TRUE)

τ = 0.1511

(TRUE)

doi:10.1371/journal.pone.0172258.t003

Fig 8. Time series illustrating (on the left) the confidence index and the stock price and (on the right) their respective growth rates. Source: Own

creation.

doi:10.1371/journal.pone.0172258.g008
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that the residual is stationary, and that we cannot reject the hypothesis that the series are coin-

tegrated, suggesting that there is a relationship between confidence and the price index.

We obtain a similar result for the growth rate of the indices. Since the DF value for the

regression formula “growth of confidence vs growth of price” is −62.2409, and −42.0239 for its

opposite, we choose “growth of confidence vs growth of price” to be the dependent variable

and find that we can also, at a 90% confidence level (p-value is 10%), reject the null hypotesis.

Fig 10 shows the autocorrelation function (ACF) of residuals for the test by Ljung–

Box (1978), and Table 4 shows the results of autocorrelation tests for residuals, revealing a

Fig 10. Autocorrelation function of residuals from the regressions (on the left) “confidence vs price” and (on the right) “confidence vs price”

formulas. Source: Own creation.

doi:10.1371/journal.pone.0172258.g010

Fig 9. Residuals from the regressions (on the left) “confidence vs price” and (on the right) “confidence vs price” formulas. Source: Own creation.

doi:10.1371/journal.pone.0172258.g009
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correlation between confidence and price, thus supporting the hypothesis that the series are

cointegrated.

To confirm the cointegration among the series we use the Johansen test [29] to estimate the

confidence level rank of a series or a set of series to test for the null hypothesis of r = 0 (without

any cointegration) and the null hypothesis of r� 1 (with cointegration). In the Johansen test,

when the value for r� 1 is greater than the confidence level value, there is cointegration.

Table 4 shows the test results, which confirm that there is cointegration in both the regression

of the indices and their respective growth rate regression.

According to Alexander [30], when there is cointegration between two time series a causal

Granger-type relationship will also exist. Although cointegration is not required to indicate

the presence of this relationship—which may reflect common characteristics between the

series—the inverse is true, i.e., the presence of a causal relationship suggests that there is coin-

tegration between the two time series.

To identify a causality relationship between the confidence index and the stock price, we

conduct the Granger causality test with up to three discrepancies, for two hypotheses:

1. H0: Stock Price causes Confidence Index

2. H1: Confidence Index causes Stock Price

Table 5 shows the Granger test results for both hypotheses. Note that there is a causality

relationship from the stock price to the confidence index but not from the confidence index to

the stock price. In addition, there is a strong causality relationship (R2 close to 1) between both

hypotheses, and the causality relationship remains in all of the discrepancies tested. A similar

result can also be found in the analysis of the causality relationship from the growth rate of the
stock price to the growth rate of the confidence index, as can be seen in Table 6.

Comparing our model with the S&P 500 and its respective confidence

index

To estimate the robustness of our model, we compare its results in two cases: (i) the S&P 500

index and the stock market confidence indexes calculated by the Yale School of Management

Table 4. Johansen test for confidence x stock price.

Value test for the regression formula: Level of confidence

“confidence vs price” “growth of confidence

vs growth of price”

10% 5% 1%

r = 0 754.49 796.67 6.50 8.18 11.65

r� 1 6269.19 4019.59 15.66 17.95 23.52

doi:10.1371/journal.pone.0172258.t004

Table 5. Results of the Granger test for the causality relationship analysis.

One discrepancy Two discrepancies Three discrepancies

F-test p-value R2 F-test p-value R2 F-test p-value R2

Price causes confidence

4.398977 0.0360106 1 3.948997 0.01933424 1 2.561213 0.05314514 1

Confidence causes price

0.301555 0.5829337 1 0.126766 0.8809426 1 0.2289108 0.876315 1

doi:10.1371/journal.pone.0172258.t005
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(data provided by the International Center for Finance, Yale School of Management, Yale Uni-

versity, USA. The monthly data refer to the period from July 2001 to August 2008. The period

after August 2008 was not considered as the confidence index in the stock market strangely

increased despite a major financial crisis that started in September of 2008, with the Lehman

Brothers’ bankruptcy.), and (ii) the growth rate of both the S&P 500 and its confidence index.

Fig 11 shows the time evolution with the confidence index (Ct) and values for the S&P 500

index on the left and its respective growth rate data for the same variables on the right.

First we check the stationarity of the confidence series for the Yale confidence index and

apply the four unit root tests. Most of the tests indicate that we cannot reject the null hypothe-

sis (see Table 7). We then apply similar stationarity tests to the S&P 500, and obtain very simi-

lar results, suggesting that there is non-stationarity in the S&P 500 and in its corresponding

Yale confidence indices.

To test the results of our model, we next check the cointegration among the prices and their

respective confidence indices. Once again we address the Engle-Granger approach (Engle &

Granger, 1987) by analyzing the stationarity of the residuals of the regression between the S&P

500 index with its respective confidence levels.

Fig 11. Time series illustrating the confidence index and the stock price for the S&P 500 (on the left) and the growth rate of the indices (on the

right). Source: Own creation.

doi:10.1371/journal.pone.0172258.g011

Table 6. Results of the Granger test for the causality relationship analysis between the growth rate of confidence and the growth rate of price.

One discrepancy Two discrepancies Three discrepancies

F-test p-value R2 F-test p-value R2 F-test p-value R2

Price growth causes confidence growth

3.175428 0.0837517 1 0.063755 0.9382357 1 2.550253 0.05396217 1

Confidence growth causes price growth

0.0096450 0.9217715 1 0.149433 0.8612009 1 0.9564453 0.412321 1

doi:10.1371/journal.pone.0172258.t006
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To test the cointegration for the (i) S&P 500 price index with respect to its respective Yale

confidence index, we use the most negative Dickey-Fuller (DF) value to select the regression

formula. Because the DF value for the regression formula “confidence vs price” for the S&P

500 is −1.8234, and −1.9289 for the “price vs confidence”, we choose “the confidence index” to

be the dependent variable and find that we can reject the null hypothesis within a 90% confi-

dence level (p-value is 10%). Thus we can assume that the residual is stationary, suggesting

that there is a cointegration between confidence levels and the S&P 500 index.

In the (ii) S&P 500 growth rate with respect to its corresponding Yale confidence growth

rate case (see Table 8), the DF value of the regression formula “growth confidence vs growth

price” is −5.8269, and for “price vs confidence” it is −6.8574. We choose the “confidence

index” as the dependent variable and find that we can reject the null hypotesis within a 90%

confidence level (p-value is 10%), indicating that the residual is stationary, and that there is

cointegration between the Yale confidence growth rate and the S&P 500 growth rate.

In an alternative approach, we apply the Johansen test to both indices and find that there is

cointegration in all cases: (i) between the S&P 500 and the Yale confidence indexes, and also

(ii) between the growth rates for both indices (see Table 9).

In order to determine causality relations, we apply the Granger tests to all of the series.

Table 10 shows the Granger test result for these indices. The F-test values and p-value for

“S&P 500 causes Confidence” indicate that there is a causality relationship, especially when

two or three discrepancies are considered. In the reverse “Confidence causes S&P 500” case,

the F-test values and p-value indicate that the relationship is nonexistent.

Table 8. Unit root tests for the growth indexes.

Growth of Confidence Yale Growth of S&P 500

LB Test (p < 0.05) p = 0.1656

(FALSE)

p = 0.0001

(TRUE)

PP Test (p < 0.05) p = 0.01

(TRUE)

p = 0.01

(TRUE)

ADF τ critical values

1% 5% 10%

-2.58 -1.95 -1.62

τ = -7.6861

(TRUE)

τ = -4.10604

(TRUE)

KPSS τ critical values

1%, 2.5%, 5%, 10%

0.216, 0.176, 0.146, 0.119

τ = 0.2358

(TRUE)

τ = 0.1096

(FALSE)

doi:10.1371/journal.pone.0172258.t008

Table 7. Unit root tests for the indexes.

Confidence Yale S&P 500

LB Test

(p < 0.05)

p = 0.0001

(TRUE)

p = 0.0001

(TRUE)

PP Test

(p < 0.05)

p = 0.01

(TRUE)

p = 0.01

(TRUE)

ADF τ critical values

1% 5% 10%

-2.58 -1.95 -1.62

τ = -0.06176

(FALSE)

τ = -0.25462

(TRUE)

KPSS τ critical values

1% 2.5% 5% 10%

0.216 0.176 0.146 0.119

τ = 0.3126

(TRUE)

τ = 0.1308

(FALSE)

doi:10.1371/journal.pone.0172258.t007
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Table 11 shows the result of the Granger test for the growth rates of these indices. The

F-test values and p-value for “S&P 500 causes Confidence” indicate that there is a causality

relationship (with pvalue� 0.1), especially when one or two discrepancies are considered. In

the reverse “Confidence causes S&P 500” case, the F-test values and p-value indicate that the

relationship is not significant. As far as we know, there are only two stock market confidence

indexes: the one calculated by Yale University and the other by Prof. Tsutsui from Osaka Uni-

versity, Japan. Therefore, similarly to the S&P 500 and its confidence indices, we repeated the

same procedure for the Japanese stock market Nikkei index and its confidence level. We find

that the Nikkei index is non stationary. However, a stationary behavior was found in its corre-

sponding Osaka confidence index for the period of time that we were interested in. So, this

result did not allow us to proceed with a proper analysis with the methods we used to check

the cointegration and the causality relation between the Japanese indices.

Final considerations

Using an agent based model, we first analyze the interactions between agents using different

trading strategies. We find that behavioral heterogeneity causes asset prices to be significantly

more volatile than fundamental stock values. Next, we use agent-based modeling to analyze

how both excess trader confidence and low trader confidence affects stock market trader deci-

sion-making, stock price dynamics, and rates of return and how agent confidence levels

Table 9. Johansen test for confidence x S&P 500.

Value test for the regression formula: Level of confidence

“confidence vs price” “growth of confidence

vs growth of price”

10% 5% 1%

S&P 500 x Confidence Yale

r = 0 6.56 28.94 6.50 8.18 11.65

r� 1 24.86 68.95 15.66 17.95 23.52

doi:10.1371/journal.pone.0172258.t009

Table 10. Granger test results—causality relationship between the S&P 500 index and its respective confidence index.

One discrepancy Two discrepancies Three discrepancies

F-test p-value R2 F-test p-value R2 F-test p-value R2

S&P 500 causes Confidence

0.00072046 0.978651 1 2.324916 0.104365 1 1.194534 0.031750 1

Confidence causes S&P 500

0.4351712 0.511289 1 0.430911 0.651416 1 0.664147 0.576614 1

doi:10.1371/journal.pone.0172258.t010

Table 11. Granger test results—causality relationship between the growth rates of the S&P 500 index and its respective confidence index.

One discrepancy Two discrepancies Three discrepancies

F-test P–value R2 F-test P -value R2 F-test P–value R2

S&P 500 causes Confidence

3.276768 0.07307387 1 19.51692 6.3521e-08 1 7.40147 0.0001567 1

Confidence causes S&P 500

1.293229 0.2579939 1 16.56494 5.68698-07 1 3.196363 0.2667843 1

doi:10.1371/journal.pone.0172258.t011
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change over time. We find that agent decisions are strongly affected by agent confidence level,

and that agent overconfidence strongly contributes to bubble formation.

We also find that the price series and confidence levels generated by our model, as well as

their growth rates, are non-stationary and cointegrated. We use the Granger test to identify

causality relationships between the two variables and find that price affects confidence level,

but that confidence level does not affect price. The same results are obtained for their growth

rates.

To compare our model with actual data, we examine the S&P 500 index and its respective

confidence levels. As in our model, Engle-Granger and Johansen tests indicate that there is

cointegration between stock prices and stock market confidence indices, and between price

growth and confidence growth rate. Besides, the Granger causality test indicates that price or

its growth rate affects confidence and its growth rate. Therefore, we can assume it supports the

predictions of our agent model and we thus conclude that when we use our proposed agent

model to analyze historic price indices we are able to usefully estimate future market behavior.

Supporting information

S1 Appendix. A1 Table, Values attributed to general parameters. A2 Table, Descriptive Statis-

tics (Agents 100% Fundamentalists). A1 Fig, Evolution of the Stock Rate of Return (Agents

100% Fundamentalists). A2 Fig, Shapiro -Wilk Normality Test Stock Rate of Return (Agents

100% Fundamentalists).

(PDF)

Author Contributions

Conceptualization: MAB FRP HHAR JNS IV HES.

Formal analysis: MAB FRP HHAR JNS IV HES.

Funding acquisition: MAB FRP HHAR JNS IV HES.

Investigation: MAB FRP HHAR JNS IV HES.

Methodology: MAB FRP HHAR JNS IV HES.

Project administration: MAB FRP HHAR JNS IV HES.

Resources: MAB FRP HHAR JNS IV HES.

Software: MAB FRP HHAR JNS IV HES.

Supervision: MAB HES.

Validation: MAB FRP HHAR JNS IV HES.

Visualization: MAB FRP HHAR JNS IV HES.

Writing – original draft: MAB FRP HHAR JNS IV HES.

Writing – review & editing: MAB FRP HHAR JNS IV HES.

References
1. Shleifer A. Inefficient Markets: An Introduction to Behavioral Finance. Oxford University Press; 2000.

Available from: http://www.bibsonomy.org/bibtex/21b02cdbde226c2258285a87bc456613b/gilles.

daniel

Confidence and self-attribution bias in an artificial stock market

PLOS ONE | DOI:10.1371/journal.pone.0172258 February 23, 2017 18 / 20

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0172258.s001
http://www.bibsonomy.org/bibtex/21b02cdbde226c2258285a87bc456613b/gilles.daniel
http://www.bibsonomy.org/bibtex/21b02cdbde226c2258285a87bc456613b/gilles.daniel


2. Fama E. Efficient Capital Markets: A Review of Theory and Empirical Work. Journal of Finance. 1970;

25:383–417. Available from: http://www.bibsonomy.org/bibtex/24090f833036dca5d10951adb8846fef7/

utahell doi: 10.1111/j.1540-6261.1970.tb00518.x

3. Jensen MC. Some anomalous evidence regarding market efficiency. Journal of Financial Economics.

1978 00; 6(2-3):95–101. Available from: http://www.sciencedirect.com/science/article/B6VBX-

45KRN51-6G/1/5f9f658c0f0331cc30510a7892a05864 doi: 10.1016/0304-405X(78)90025-9

4. Black F. Noise. Journal of Finance. 1986; 41:529–543. Available from: http://www.bibsonomy.org/

bibtex/295899c564fe7476e5379521bbb790547/gilles.daniel doi: 10.1111/j.1540-6261.1986.tb04513.x

5. Tversky A, Kahneman D. Rational choice and the framing of decisions. The Journal of Business. 1986;

59(4):251–278. Available from: http://www.bibsonomy.org/bibtex/

2aae89bca3ebcbccbf0f729f7c6645be9/ericzwick doi: 10.1086/296365

6. Arthur WB, Holland JH, LeBaron B, Palmer R, Tayler P. Asset pricing under endogenous expectations

in an artificial stock market. In: Arthur WB, Lane D, Durlauf SN, editors. The economy as an evolving,

complex system II. Redwood City, CA: Addison Wesley; 1997. p. 15–44. Available from: http://www.

bibsonomy.org/bibtex/2f69e6963d96f16ed4be74e869f940de4/butz

7. LeBaron B. Agent-based Computational Finance. In: Handbook of Computational Economics. vol. Vol-

ume 2. Elsevier; 2006. p. 1187–1233. Available from: http://www.sciencedirect.com/science/article/

B7P5C-4JR414P-F/1/e491cce46a315fbf17f43fcf7e16cf6a

8. Day RH, Huang W. Bulls, bears, and market sheep. Journal of Economic Behavior & Organization.

1990; 14(3):299–329. Available from: http://www.sciencedirect.com/science/article/pii/

016726819090061H doi: 10.1016/0167-2681(90)90061-H

9. Brock WA, Hommes CH. Heterogeneous beliefs and routes to chaos in a simple asset pricing model.

Journal of Economic Dynamics and Control. 1998; 22(8-9):1235–1274. Available from: http://www.

sciencedirect.com/science/article/pii/S0165188998000116 doi: 10.1016/S0165-1889(98)00011-6

10. Xu HC, Zhang W, Xiong X, Zhou WX. Wealth share analysis with “fundamentalist/chartist” heteroge-

neous agents. Abstract and Applied Analysis 2014, 328498 (2014). 2014 May;Available from: http://

arxiv.org/abs/1405.5939v1;http://arxiv.org/pdf/1405.5939v1

11. Farmer JD, Patelli P, Zovko II. The predictive power of zero intelligence in financial markets. Proceed-

ings of the National Academy of Sciences of the United States of America. 2005; 102(6):2254–2259.

Available from: http://www.pnas.org/content/102/6/2254.abstract doi: 10.1073/pnas.0409157102

PMID: 15687505

12. Zhou WX, Mu GH, Chen W, Sornette D. Investment Strategies Used as Spectroscopy of Financial Mar-

kets Reveal New Stylized Facts. PLOS ONE. 2011 09; 6(9):1–9. Available from: http://dx.doi.org/10.

1371%2Fjournal.pone.0024391 PMID: 21935403

13. Beltratti A, Margarita S. Evolution of Trading Strategies Among Heterogeneous Artificial Economic

Agents. In: Proceedings of the Second International Conference on From Animals to Animats 2: Simula-

tion of Adaptive Behavior: Simulation of Adaptive Behavior. Cambridge, MA, USA: MIT Press; 1992.

p. 494–501. Available from: http://dl.acm.org/citation.cfm?id=171174.171232

14. Odean T. Do Investors Trade Too Much? American Economic Review. 1999; 89(5):1279–1298. doi: 10.

1257/aer.89.5.1279

15. Takahashi H, Terano T. Agent-Based Approach to Investors’ Behavior and Asset Price Fluctuation in

Financial Markets. J Artificial Societies and Social Simulation. 2003; 6(3). Available from: http://dblp.

uni-trier.de/db/journals/jasss/jasss6.html#TakahashiT03;http://jasss.soc.surrey.ac.uk/6/3/3.html;http://

www.bibsonomy.org/bibtex/237c94b68d6d09edbe68c176bc9ad8473/dblp

16. Lovric M. Behavioral Finance and Agent-Based Artificial Markets. EPS-2011-229-F&A; 2011.

17. Bertella MA, Pires FR, Ling F, Stanley HE. Confidence and the Stock Market: An Agent-Based

Approach. PLoS ONE. 2014 01; 9(1):1–9. Available from: http://dx.doi.org/10.1371%2Fjournal.pone.

0083488

18. Levy H, Levy M, Solomon S. Microscopic Simulation of Financial Markets: From Investor Behavior to

Market Phenomena. Berkeley, CA: Academic Press; 2000. Available from: http://books.elsevier.com/

apcatalog/default.asp?ISBN=0124458904&LOCATION=US&FORM=FORM2;http://www.bibsonomy.

org/bibtex/2ef8da839fedcbccd10fce001cab106d4/gilles.daniel

19. LeBaron B, Arthur WB, Palmer R. Time series properties of an artificial stock market. Journal of Eco-

nomic Dynamics and Control. 1999 Sep; 23(9-10):1487–1516. Available from: http://www.

sciencedirect.com/science/article/B6V85-3Y9RKX5-B/1/dea176592967c35e1109d9931c43a777;

http://www.bibsonomy.org/bibtex/275eb1403db064d7e2e5e79dea9e0ead3/smicha doi: 10.1016/

S0165-1889(98)00081-5

20. Farmer JD, Joshi S. The price dynamics of common trading strategies. Journal of Economic Behavior &

Organization. 2002; 49(2):149–171. Available from: http://www.sciencedirect.com/science/article/pii/

S0167268102000653 doi: 10.1016/S0167-2681(02)00065-3

Confidence and self-attribution bias in an artificial stock market

PLOS ONE | DOI:10.1371/journal.pone.0172258 February 23, 2017 19 / 20

http://www.bibsonomy.org/bibtex/24090f833036dca5d10951adb8846fef7/utahell
http://www.bibsonomy.org/bibtex/24090f833036dca5d10951adb8846fef7/utahell
http://dx.doi.org/10.1111/j.1540-6261.1970.tb00518.x
http://www.sciencedirect.com/science/article/B6VBX-45KRN51-6G/1/5f9f658c0f0331cc30510a7892a05864
http://www.sciencedirect.com/science/article/B6VBX-45KRN51-6G/1/5f9f658c0f0331cc30510a7892a05864
http://dx.doi.org/10.1016/0304-405X(78)90025-9
http://www.bibsonomy.org/bibtex/295899c564fe7476e5379521bbb790547/gilles.daniel
http://www.bibsonomy.org/bibtex/295899c564fe7476e5379521bbb790547/gilles.daniel
http://dx.doi.org/10.1111/j.1540-6261.1986.tb04513.x
http://www.bibsonomy.org/bibtex/2aae89bca3ebcbccbf0f729f7c6645be9/ericzwick
http://www.bibsonomy.org/bibtex/2aae89bca3ebcbccbf0f729f7c6645be9/ericzwick
http://dx.doi.org/10.1086/296365
http://www.bibsonomy.org/bibtex/2f69e6963d96f16ed4be74e869f940de4/butz
http://www.bibsonomy.org/bibtex/2f69e6963d96f16ed4be74e869f940de4/butz
http://www.sciencedirect.com/science/article/B7P5C-4JR414P-F/1/e491cce46a315fbf17f43fcf7e16cf6a
http://www.sciencedirect.com/science/article/B7P5C-4JR414P-F/1/e491cce46a315fbf17f43fcf7e16cf6a
http://www.sciencedirect.com/science/article/pii/016726819090061H
http://www.sciencedirect.com/science/article/pii/016726819090061H
http://dx.doi.org/10.1016/0167-2681(90)90061-H
http://www.sciencedirect.com/science/article/pii/S0165188998000116
http://www.sciencedirect.com/science/article/pii/S0165188998000116
http://dx.doi.org/10.1016/S0165-1889(98)00011-6
http://arxiv.org/abs/1405.5939v1;http://arxiv.org/pdf/1405.5939v1
http://arxiv.org/abs/1405.5939v1;http://arxiv.org/pdf/1405.5939v1
http://www.pnas.org/content/102/6/2254.abstract
http://dx.doi.org/10.1073/pnas.0409157102
http://www.ncbi.nlm.nih.gov/pubmed/15687505
http://dx.doi.org/10.1371%2Fjournal.pone.0024391
http://dx.doi.org/10.1371%2Fjournal.pone.0024391
http://www.ncbi.nlm.nih.gov/pubmed/21935403
http://dl.acm.org/citation.cfm?id=171174.171232
http://dx.doi.org/10.1257/aer.89.5.1279
http://dx.doi.org/10.1257/aer.89.5.1279
http://dblp.uni-trier.de/db/journals/jasss/jasss6.html#TakahashiT03;http://jasss.soc.surrey.ac.uk/6/3/3.html;http://www.bibsonomy.org/bibtex/237c94b68d6d09edbe68c176bc9ad8473/dblp
http://dblp.uni-trier.de/db/journals/jasss/jasss6.html#TakahashiT03;http://jasss.soc.surrey.ac.uk/6/3/3.html;http://www.bibsonomy.org/bibtex/237c94b68d6d09edbe68c176bc9ad8473/dblp
http://dblp.uni-trier.de/db/journals/jasss/jasss6.html#TakahashiT03;http://jasss.soc.surrey.ac.uk/6/3/3.html;http://www.bibsonomy.org/bibtex/237c94b68d6d09edbe68c176bc9ad8473/dblp
http://dx.doi.org/10.1371%2Fjournal.pone.0083488
http://dx.doi.org/10.1371%2Fjournal.pone.0083488
http://books.elsevier.com/apcatalog/default.asp?ISBN=0124458904&amp;LOCATION=US&amp;FORM=FORM2;http://www.bibsonomy.org/bibtex/2ef8da839fedcbccd10fce001cab106d4/gilles.daniel
http://books.elsevier.com/apcatalog/default.asp?ISBN=0124458904&amp;LOCATION=US&amp;FORM=FORM2;http://www.bibsonomy.org/bibtex/2ef8da839fedcbccd10fce001cab106d4/gilles.daniel
http://books.elsevier.com/apcatalog/default.asp?ISBN=0124458904&amp;LOCATION=US&amp;FORM=FORM2;http://www.bibsonomy.org/bibtex/2ef8da839fedcbccd10fce001cab106d4/gilles.daniel
http://www.sciencedirect.com/science/article/B6V85-3Y9RKX5-B/1/dea176592967c35e1109d9931c43a777;http://www.bibsonomy.org/bibtex/275eb1403db064d7e2e5e79dea9e0ead3/smicha
http://www.sciencedirect.com/science/article/B6V85-3Y9RKX5-B/1/dea176592967c35e1109d9931c43a777;http://www.bibsonomy.org/bibtex/275eb1403db064d7e2e5e79dea9e0ead3/smicha
http://www.sciencedirect.com/science/article/B6V85-3Y9RKX5-B/1/dea176592967c35e1109d9931c43a777;http://www.bibsonomy.org/bibtex/275eb1403db064d7e2e5e79dea9e0ead3/smicha
http://dx.doi.org/10.1016/S0165-1889(98)00081-5
http://dx.doi.org/10.1016/S0165-1889(98)00081-5
http://www.sciencedirect.com/science/article/pii/S0167268102000653
http://www.sciencedirect.com/science/article/pii/S0167268102000653
http://dx.doi.org/10.1016/S0167-2681(02)00065-3


21. Barberis N, Thaler R. A survey of behavioral finance. vol. 2 of Advances in behavioral finance. Thaler R,

editor. Princeton University Press; 2005.

22. Kahneman D, Riepe M. Aspects of investor psychology. Journal of Portfolio Management. 1998;(

24):52–65. doi: 10.3905/jpm.1998.409643

23. Ljung GM, Box GEP. On a measure of lack of fit in time series models. Biometrika. 1978; 65(2):297–

303. doi: 10.1093/biomet/65.2.297

24. Phillips PCB, Perron P. Testing for a unit root in time series regression. Biometrika. 1988; 75(2):335–

346. doi: 10.1093/biomet/75.2.335

25. Dickey DA, Fuller WA. Distribution of the Estimators for Autoregressive Time Series With a Unit Root.

Journal of the American Statistical Association. 1979; 74(366):427–431. Available from: http://www.

jstor.org/stable/2286348 doi: 10.1080/01621459.1979.10482531

26. Mackinnon JG. Critical values for cointegration tests. In Engle RF & Granger CWJ, editores, Long-run

economic relationships: readings in cointegration. Oxford University Press; 1991.

27. Kwiatkowski D, Phillips P, Schmidt P, Shin Y. Testing the null hypothesis of stationarity against the alter-

native of a unit root: How sure are we that economic time series have a unit root? Journal of Economet-

rics. 1992; 54(1-3):159–178. doi: 10.1016/0304-4076(92)90104-Y

28. Engle RF, Granger CWJ. Essays in Econometrics. Cambridge, MA, USA: Harvard University Press;

2001. p. 145–172.

29. Johansen S. Estimation and Hypothesis Testing of Cointegration Vectors in Gaussian Vector Autore-

gressive Models. Econometrica. 1991; 59(6):1551–1580. doi: 10.2307/2938278

30. Alexander C. Market Models: A Guide to Financial Data Analysis. John Wiley & Sons; 2001.

Confidence and self-attribution bias in an artificial stock market

PLOS ONE | DOI:10.1371/journal.pone.0172258 February 23, 2017 20 / 20

http://dx.doi.org/10.3905/jpm.1998.409643
http://dx.doi.org/10.1093/biomet/65.2.297
http://dx.doi.org/10.1093/biomet/75.2.335
http://www.jstor.org/stable/2286348
http://www.jstor.org/stable/2286348
http://dx.doi.org/10.1080/01621459.1979.10482531
http://dx.doi.org/10.1016/0304-4076(92)90104-Y
http://dx.doi.org/10.2307/2938278

