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Abstract 
The objective of this paper is to contribute to a theoretical explanation based 
on Behavioral Finance of three stylized facts of stock market actions which 
are considered puzzles by Efficient Market Hypothesis (EMH): an excess of 
volatility in relation to fundamentals, heavy tail distributions of returns, and 
volatility clustering. Using an agent-based model (ABM), this paper examines 
the dynamics of fluctuations in the rate of return of shares in an artificial fi-
nancial environment for three simulation scenarios: 1) 100% of fundamental 
agents, 2) 75% fundamental and 25% chart agents using anchoring heuristics 
(eight rules of share price forecasts) and 3) the same composition of agents of 
scenario 2, in which the chart agents suffer from excess of confidence or pes-
simism in terms of their expectations. The presence of chart agents in scena-
rio 2 is necessary and sufficient to generate and explain the excess of price 
volatility and the rate of return of shares. In scenario 3, the sentiment of he-
terogeneous chart agents explains the heavy tail distributions of share returns 
and volatility clusters. Also, the linear auto-correlation of absolute rates of 
return decays slowly to become insignificant in large lags, while the log values 
of the linear auto-correlation function of rates of returns decays quickly to 
become insignificant in small lags. The model simultaneously shows the 
emergence of three of the main stylized facts of the stock market, increasing 
the micro-diversity of chart agents and the realism of the expectation forma-
tion rules. 
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1. Introduction 

The theoretical and empirical literature in the finance area reveals that there are 
many stylized facts in the stock markets which require a theoretical explanation 
[1], but four of them stand out ([2]-[7]): 

1) The absence of linear auto-correlation on returns: (linear) auto-correlations 
of asset returns are often insignificant, except for very small intraday timescales 
(20 minutes) where microstructure effects come into play.  

2) Excess volatility of the returns of single stocks or the stock index: empirical 
studies point to the fact that it is difficult to justify the observed level of variabil-
ity in asset returns by variations in “fundamental” economic variables. 

3) Heavy tails: the (unconditional) distribution of returns displays a heavy tail 
with positive excess kurtosis. 

4) Volatility clustering: [8] argues that “large changes tend to be followed by 
large changes, of either sign, and small changes tend to be followed by small 
changes.” A quantitative manifestation of this fact is that, while returns them-
selves are uncorrelated, absolute returns display a positive, significant and slowly 
decaying autocorrelation function, ranging from a few minutes to several weeks. 

There are many alternative explanations for these instances of stylized facts 
with or without explicit micro-fundamentals regarding the behavior of hetero-
geneous agents operating in a complex stock market. The Efficient Market Hy-
pothesis (EMH) composed of representative agents with rational expectations 
can replicate the first stylized fact, but considers the other remaining ones to be 
anomalies or puzzles ([4] and [9]). According to [10]: “Economic and finance 
theory is witnessing a paradigm shift from a representative agent with rational 
expectations to bounded rational agents with heterogeneous expectations. This 
shift reflects growing evidence of the theoretical limitations and empirical chal-
lenges of the traditional view of homogeneity and perfect rationality in finance 
and economics. The existence of limitations to fully rational behavior and the 
roles of psychological phenomena and behavioral factors in individuals’ decision 
making have been emphasized and discussed from a variety of standpoints in the 
economics and finance literature. Due to endogenous uncertainty about the state 
of the world and limits to information and computational ability, agents are 
prevented from forming rational forecasts and solving lifetime optimization 
problems. Rather, agents favor simple reasoning and ‘rules of thumb’, such as 
the well documented technical analysis and active trading practiced by financial 
market professionals. In addition, empirical investigations of financial time se-
ries show a number of market phenomena (including bubbles, crashes, short-run 
momentum and long-run means reverting to asset prices) and some common 
features, the so-called stylized facts, which are difficult to accommodate and ex-
plain within the standard paradigm based on homogeneous agents and rational 
expectations. Moreover, agents are heterogeneous in their beliefs and behavioral 
rules, which may change over time due to social interaction and evolutionary se-
lection.” 
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In turn, econometric models with processes such as GARCH, FIGARCH and 
HAWKES applied to finance, try to explain the phenomenon of volatility clus-
ters of stock returns by the presence of a structural break in the return time se-
ries or by non-stationary stochastic processes without providing a plausible 
theoretical explanation [3]. 

Another research line searches to reproduce the stock market stylized facts 
modelling the market microstructure: the stock market book of purchases and 
sellings, by agent-based models supposing traders bounded rationality [11]. De-
spite the evident theoretical and methodological contribution to the estimation 
parameters and the empiric validation, in this research line the representation of 
the investor’s behavior is not based on principles and concepts of Behavioral 
Economics, which certainly can contribute to improve the model’s explanation 
power [12]. 

Another promising possibility is behavioral finance theory which argues that 
financial phenomena can be understood using models in which some agents are 
not fully rational or present bounded rationality ([13] [14] [15] and [16]). This 
theory focuses on two building blocks: 1) limits to arbitrage, which argues that it 
can be difficult for rational traders to undo the distortions caused by less rational 
traders; and 2) psychology, which catalogues the kinds of deviations from full 
rationality that we might expect to see [17]. However, there are few stock market 
ABMs that explicitly search to model the behavior of bounded rational agents 
using heuristics and behavioral biases to explain the stylized facts. The majority 
of the stock market ABMs search to explain stylized facts by the interaction of 
fundamental and chart traders with heterogeneous expectations and do not ex-
plore the role of anchoring, representative and availability heuristics and beha-
vioral biases such as investor sentiment (excess optimism and pessimism) [10]. 
The formation of heterogeneous expectations by bounded rational agents under 
conditions of uncertainty implies a relevant role for investor sentiment in the 
endogenous dynamics of price formation (see [18] and [19]): excess volatility, 
heavy tails and volatility clustering strongly suggest that self-perpetuating effects 
or positive feedback loops are at play. So, despite the fact that mathematical 
models with processes like GARCH or HAWKES explicitly describe such feed-
back effects, they do not provide an understanding of its microscopic source 
([20] [21] and [22]). 

In this new research line based on Behavioral Finance Theory, one strategy 
consists on applying the Prospect Theory to formulate agent-based models of ar-
tificial financial markets composed by bounded rational traders who suffer from 
disposition effect and risk aversion. The contribution of [23] to the literature is 
to offer a unified way to model noise traders. Regularly, agent based models in 
finance use different rules to model the behavior in the financial market: one for 
the skilled investors and other to more naïve ones. The noise traders would be 
included in the second group. The proposal is to model both groups with the 
same rule searching to replicate stylized facts, such as: clusters of volatility, ne-
gotiation volume responds to the volatility, skewness and kurtosis of returns that 
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match with the observed ones. On the other hand, the contribution of the paper 
of [24] is to formulate an agent based model with a multi-asset framework when 
investors’ trading exhibits the disposition effect. The artificial financial market is 
populated with traders following two heterogeneous trading strategies: the tech-
nical and the fundamental trading rules. By simulation, the switching behavior 
among multiple assets is investigated, to explain important stylized facts in fi-
nancial time series, such as random walk price dynamics, bubbles and crashes, 
fat-tailed return distributions, persistent long memory of volatility and excess 
volatility. Despite the advances in modelling the chart trader’s behavior, both 
works do not explore the effect of chart traders who adopt anchoring heuristics 
and suffer from attribution bias or pessimism related to their expectation about 
future stock prices in the aggregate dynamics of the stock market. 

Another strategy, following the behavioral finance approach used in [25], it 
was built an agent-based model to examine the price fluctuations and the return 
rate dynamics in an artificial stock market under two scenarios. In Scenario 1, 
the focus is on the heterogeneity of the agents’ behavior with a neutral confi-
dence level or sentiment in a market formed by 25 fundamental and 75 chart 
agents (25 chart agents with prices and dividend memory size = 1, 25 chart 
agents with memory size = 5, and 25 chart agents with memory size = 10). In 
scenario 2, it was used the same market configuration but varied the chart 
agents’ level of confidence. They found that chart agents who are confident gen-
erate higher price and rate of return volatilities than those who are not and that 
kurtosis and skewness are lower in their simulation study of agents who are not 
confident. They also showed that the stock price and confidence index are coin-
tegrated and that stock price affects confidence index but confidence index does 
not affect stock price.  

However, despite the theoretical advances in terms of the micro-fundamentals 
of the chart agents’ behavior, some limitations persist in [25]. The first is that 
there is little diversity of expectation formation rules, and this lack of realism in 
supposing that trend following chart agents make projections of price and divi-
dends simultaneously and adjust the perceived risk of price and dividends. In the 
process of expectation formation, a standard behavior of trend following chart 
agents is to consider only price time series and not dividend ones, according to 
[26]. Another limitation is the lack of an explanation of the absence of linear 
auto-correlation on returns and volatility clustering based on the interaction of 
heterogeneity and the dynamics of investor sentiment. 

The contribution of the present paper is to explore a complementary and al-
ternative research strategy to model the behavior of the chart traders with 
bounded rationality assuming that these chart traders use an anchoring heuris-
tics in the evaluation and stock trading decision. These agents also suffer from 
attribution bias/excess pessimism according to how accurate/mistaken their 
price expectation was. So, the objective is to improve the analysis developed 
about stock market through an ABM by building a market capable of simulta-
neously explaining three of the main stylized facts of the stock market, increas-
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ing the micro-diversity of chart agents and the realism of the expectation forma-
tion rules. 

Regarding the model of [27], the number of chart agents rises from 3 to 8 
groups who form their expectations through technical analysis rules which are 
usually applied by trend following chart agents, who do not consider or make 
dividend predictions. The normality test, the standard deviation of returns and 
the excess kurtosis tests were applied to verify the effects of heterogeneity and 
chart agent sentiment regarding the generation and explanation of excess vola-
tility and the heavy tail distribution of returns, we applied. To verify the effect of 
chart agent sentiment regarding the generation and explanation of the volatility 
clustering phenomenon, the linear autocorrelation test on the logs of the returns 
and the absolute returns was applied. 

Finally, a theoretical explanation of the stylized facts by an ABM with beha-
vioral micro-fundamentals and the interaction of bounded rational fundamental 
and chart agents can promote the formation of methodologies for price predic-
tions and the risk assessment of buying and selling operations of shares used by 
institutional, chart and noise trader investors ([26] [28] and [12]). 

This study is organized as follows: Section Two describes the model frame-
work and how agent expectations are determined, Section Three analyzes, 
through econometric tests, the role of expectations and sentiments of trend fol-
lowing chart agents’ heterogeneity in the generation of stylized facts and Section 
Four presents our final considerations. 

2. The ABM of the Artificial Stock Market 
2.1. Model Framework 

The artificial stock market used in the study described in this paper is composed 
of 224 agents, varying between homogeneous rational expectation fundamental 
agents or traders (who represent the EMH) and heterogeneously bounded ra-
tional expectation chart agents or traders (who represent behavioral finance). 
The fundamental traders make their market price forecast using the discounted 
present value method of the future flow of dividends, supposing that the market 
price of shares will inexorably converge on the fundamental price; while the 
chart traders make their expectations of prices based on the anchoring heuristic 
and are also trend followers. 

Agents can’t change their strategy, so the number of agents following a specif-
ic strategy is predetermined ([25] and [27]). The chart agents are divided based 
on their choice of analysis indicators used to arrive at their price expectations. 
The indicators used are: max and min; simple moving average (SMA) and expo-
nential smoothing (ES). As a result of their choices, agents check whether the ef-
fective price at t is higher than the expected price at t, and check whether the re-
sult was positive or negative (In Scenario 3, the sentiments of the investors or 
their levels of confidence in their predicting power are included). 

There are three scenarios: 
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Scenario 1: all of the 224 agents or traders are homogeneous, and use funda-
mentals with rational expectations. 

Scenario 2: there are interactions between fundamental and chart traders that 
establish the stock market price. However, the sentiments of these agents in situ-
ations of price prediction success or failure remain unaltered: there is no attribu-
tion bias, excess confidence or decrease in the confidence level. Among the chart 
agents, the price expectations are built with 8 different type of memories, divided 
into 10, 20 and 30 cycles, according to previous research on the same theme 
(similar to [29]): 
• Max price of the last 30 cycles 
• Min price of the last 30 cycles 
• Simple moving average of the last 10 cycles 
• Simple moving average of the last 20 cycles 
• Simple moving average of the last 30 cycles 
• Exponential smoothing of the last 10 cycles 
• Exponential smoothing of the last 20 cycles 
• Exponential smoothing of the last 30 cycles 

Scenario 3: the chart agents have heterogeneous expectations as in Scenario 2, 
however their behavior sentiment is different: there is attribution bias or excess 
self-confidence if the predictions are successful and a decrease in their 
self-confidence level if the price predictions are wrong. 

All agents must choose between two assets to invest: 1) a riskless asset that has 
a constant interest rate (r) with an infinite elastic supply (r), and 2) a risky asset 
that pays a stochastic dividend that follows a first order autoregressive process 
AR(1). 

Time is discrete and indexed by t with a total of 5000 cycles. The stock market 
price set at time t is made considering supply and demand. With the setting of 
the stock market price at time t, the portfolio of all agents is updated as well as 
their wealth level at the current time. The individual behavior of the agents ge-
nerates series that are stored to make further analyses. 

There is a restriction on the amount of stock that can be acquired by agents, 
so each agent can demand no more than 5 stocks in each cycle. Also, only a 
maximum of 5 stocks may be short-sold. The amount of stocks traded by the 
agents is restricted by the amount of resources they have available to buy. 

The formal structure of the artificial stock market considers four global va-
riables: 1) Dividends; 2) Financial Resources; 3) Demand and 4) Price. 

For the dividend variable, the current dividend ( td ) paid by a risky asset 
(stock) in each cycle (time t) is calculated by an exogenous first order stochastic 
process AR(1) (similar to [5] [25] and [27]): 

( )1t t td d d dρ ε−= + − + .                      (1) 

where td : current dividend; d : initial dividend; 1td − : previous dividend; tε : 
follows a normal distribution with an average of 0 and finite variance 2σ  and 

1 1ρ− < < . 
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Similarly, for the Financial Resources variable the agents are assumed to have 
the same utility function. More specifically, the agents have constant absolute 
risk aversion (CARA). Each agent tries to maximize its allocation between risky 
assets (the amount of shares) and riskless assets without interest (money). In 
each cycle everybody tries to maximize the expected utility of their wealth (as in 
[27] [30]): 

( ) ( ),
, e i tW

i tU W λ−= − .                        (2) 

where ,i tW : wealth of agent i at t and λ : relative risk aversion level of agents. 
Each agent i has the same initial value of wealth ( 0W ) and can accumulate 

wealth through investments. So, at time t, each agent has two ways of keeping his 
or her wealth: 

, , ,i t i t t i tW M p h= + .                        (3) 

where ,i tM : is money and ,i th : are shares. 
In the remaining amount of time, the financial resources available for invest-

ments will be: 

( ) ( )( ), , , 1 ,1i t i t t t i t t i tW h p d r W p h−= + + + − .               (4) 

where ,i tW  represents wealth of agent i at t, ,i th : are shares demanded by agent 
i at t, tp : price at t, td : share dividend at t and r: represents the interest rate of 
the riskless asset (money). 

For the demand variable, the maximization of expected utility of agent i is 
represented by: 

( ), , 1max i t i tE U W +   .                       (5) 

subject to: 

( ) ( )( ), 1 , 1 1 , ,1i t i t t t i t t i tW h p d r W p h+ + += + + + − .             (6) 

For the fundamental agent, the optimum amount of shares demanded at time 
t will be proportional to the difference between the agents’ homogeneous expec-
tations of price and dividend during the next period and the actual price accrued 
by the interest rate (r) and inversely proportional to the measure of the absolute 
risk aversion ( λ ) and the perceived variance of returns ( 2

, ,i t p dσ + ). 

( ) ( ), 1 1*
, 2

, ,

1i t t t t
i t

i t p d

E p d p r
h

λσ
+ +

+

+ − +
= .                  (7) 

where 2
, ,i t p dσ + : is the perceived variance of returns, considering the price and 

dividend volatility. The perceived variance of returns which is the same as the 
effective variance of fundamental traders ( 2

, ,i t p dσ + ) is calculated as in [27]: 

( ) ( ) 22 2
, , , 1, , 11i t p d i t p d t t i t t tp d E p dσ θ σ θ+ − + −= − + + − +   .      (8) 

where parameter θ  is the weight placed on the most recent squared errors as 
opposed to the weight of past squared errors. This parameter is important be-
cause the more weight the agents give to recent deviations, the more volatile and 
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susceptible to noise their trades will be. 
For the chart agent, the optimum amount of shares demanded in time t will be 

proportional to the difference between the agent’s expectations of the price in 
the next cycle and the current price accrued by interest rate r and inversely pro-
portional to the absolute risk aversion ( λ ) and the perceived variance of returns 
( 2

, ,i t pσ ). 

( ) ( ), 1*
, 2

, ,

1i t t t
i t

i t p

E p p r
h

Percλ σ
+ − +

= .                     (9) 

where 2
, ,i t pPercσ  is the perceived variance of returns considering only the share 

price volatility which is determined by the self-confidence level ,i tC  (Equation 
(22)) and the actual variance of: 

( ) ( ) 22 2
, , , 1, , 11i t p i t p t i t tp E pσ θ σ θ− −= − + −   .             (10) 

For the Price variable we considered the optimum amount of shares de-
manded *

,i th . The artificial market functioning (as in [30]) is described by two 
behaviors. If the amount demanded by agent i was greater than or equal to that 
of the previous cycle, then he or she buys the difference: 

* *
, , 1 , , 1

,
,

0, otherwise
i t i t i t i t

i t
h h h h

b − − − ≥= 


.                   (11) 

And, if the amount demanded by agent i was less than that of the previous cycle, 
then he or she sells the difference: 

* *
, 1 , , , 1

,
,

0, otherwise
i t i t i t i t

i t
h h h h

o − − − <= 


.                  (12) 

This way, the total amount of the purchase and sale will be given by: 

,
1

N

t i t
i

B b
=

= ∑ .                        (13) 

,
1

N

t i t
i

O o
=

= ∑ .                        (14) 

where tB  is the total amount of buy orders; tO  is the total amount of sell or-
ders and N is the number of agents. 

So, the risky asset market price will adjust itself in terms of supply and de-
mand: 

( )
1e t tB O

t tp p β−
−= .                     (15) 

According to [31], β  can be interpreted as the speed of the price adjustment, 
representing a scale factor that normalizes the excess demand in the stock mar-
ket and is considered to be a factor that eases market fluctuations. 

2.2. The Formation of Expectations for Fundamental Agents 

Based on the models of [25] [27] and [32], we considered that fundamental 
agents form rational expectations of future share prices based on the model of 
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discounted future dividend flow or the [33] model by considering the probability 
distribution of dividends and assuming a constant increase rate of g: 

1) Future dividends expectation: 

( ) ( )1 1t tE d d g+ = + .                        (16) 

where td  is the dividend payed by the shares at the current time and g is the 
expected constant increase rate of the dividend. 

2) Future stock price: 

( ) ( )
1

1t
t

d g
E p

k g+

+
=

−
.                        (17) 

where k is the discount factor that the market demands for these shares. 
From Equation (16) and Equation (17), the fundamental trader forms his or 

her expectations of the share price and the dividend: , 1 1i t t tE p d+ += +  that will 
take place in the definition of the optimum amount of shares for each agent i in 
each cycle: the fundamental agent or trader will make arbitrage buy (sell) opera-
tions if the current market price is less (greater) than the fundamental price pre-
dicted. 

2.3. Heterogeneous Formation of Expectations by Chart Agents  
Based on Anchoring Heuristics and Investor Sentiment 

Chart agents will form their expectations considering only the price and will not 
make estimations of dividends. Also, they do not account for the fundamental 
price of shares. The technical analysis uses volume data along with price history 
to drive the trade strategy ([26] [34]). The anchoring of chart agents’ expectations 
is performed over the indicators already described: Max and Min, Simple Moving 
Average and Exponential Moving Average. 

The expectations regarding the future price when the max price rule is used is: 

( ) ( )1 1maxt t t t nE p p p p+ − −= + + + .               (18) 

where 10n =  is the number of cycles considered in the calculation of the max 
price. This specification of the time horizon is found in [29]. 

Likewise, the expectations regarding the future price when the min price rule is 
used is: 

( ) ( )1 1mint t t t nE p p p p+ − −= + + + .              (19) 

where n is the number of cycles considered in the calculation of the min price. 
This calculation assumes only that 10n =  cycles. 

Furthermore, the expectation about the future price when a chart trader uses 
the simple moving average rule is: 

( ) 1
1

t t t n
t

p p pE p
n

− −
+

+ + +
=



.                 (20) 

where n is the number of past prices considered in the calculation of the average 
price. There are also three types of chart traders using this calculation rule: 

10n = , 20n =  and 30n = . 
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Finally, the expectations regarding the future price when a chart trader uses the 
exponential smoothing rule is: 

( ) ( )1 1 1
2

1t t t tE p Smooth p Smooth
n+ − −= + −
+

.             (21) 

where Smooth is the exponential smoothing of prices. There are also three types 
of chart traders using this calculation rule: 10n = , 20n =  and 30n = . 

According to the Behavioral Finance theory, the evaluation process and finan-
cial decisions during uncertainty are based on anchoring, representative and 
availability heuristics and on investor sentiment and intuition ([17] and [35]). 
This paper assumes that bounded rational chart traders during periods of uncer-
tainty build their expectations regarding prices using anchoring heuristics. How-
ever, since they are susceptible to making systematic errors in judgement, chart 
traders should compare their expectations about prices at time t with actual prices 
at time t: if the predicted price error falls between an estimated confidence inter-
val, the level of self-confidence increases, while if the predicted price error falls 
outside of the same interval, there is a decrease in the confidence in their predic-
tion power. 

According to [32], to model the chart traders’ sentiment dynamics in Scenario 
3, described in Section 3, we use the actual variance of the stock returns as in Eq-
uation (10) and create a confidence interval (C) that, when multiplied by the ac-
tual variance of stock returns, should characterize the underestimation or overes-
timation of perceived risk: 

( )2 2
, , , , ,i t p i t i t pPerc Cσ σ= .                    (22) 

where coefficient ,i tC  represents the confidence level of the chart trader in re-
gard to his or her expectations. When , 1i tC = , the agent has a neutral confidence 
level and the variance of stock returns cannot be either overestimated or underes-
timated. When ,0 1i tC≤ < , the agent is overconfident and the variance of the 
return is underestimated. When , 1i tC > , the agent lacks confidence and the va-
riance of the stock return is overestimated. 

The level of agent confidence, ,i tC , is updated based on the success or failure 
of their predictions. We carry out this updating by first mapping the confidence 
coefficient ,i tC  from interval [ [0,∞  into a more limited interval, [ ]0,1 , as de-
scribed by [32]. After that transformation, the levels of confidence are updated 
according to: 

( ), 1 , , , ,

, 1 ,

, 1 ,

If 2

then :
otherwise :

i t i t t i t i t p

i t i t

i t i t

E p p C

C a C
C b C

σ−

+

+

− <

= ⋅

= ⋅

.                 (23) 

where , , ,i t i t pC σ  corresponds to the perceived standard deviation of the stock re-
turn. If the difference between the expected stock return and the actual return is 
within the interval of confidence, then the level of confidence ( ,i tC ) will be in-
creased by parameter 0 1a< < . If it is not, the agents are less confident and ,i tC  
is multiplied by parameter 1b > . It is possible that the updating of the level of 
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agent confidence is biased, since the increase in confidence level for good predic-
tions can be greater than the decrease in confidence level for bad predictions. 
This paper assumes that a non-biased self-attribution bias occurs. After the level 
of agent confidence is updated, , 1i tC +  is mapped at the original interval [ [0,∞  
using the inverse transformation function used by [32]. 

3. Analysis of the Results 

To analyze the capability of the artificial stock market ABM to generate and ex-
plain these stock market stylized facts, we have prepared three scenarios: 

1) In Scenario 1, the stock market is formed by 224 (100%) fundamental trad-
ers with homogeneous rational expectations. 

2) In Scenario 2, the stock market consists of 75% (168) fundamental traders 
and 25% (56) trend following chart traders who form their expectations of share 
prices through anchoring heuristics and do not present adaptive behavioral sen-
timents: 7 chart traders use the max price rule of 30 cycles, 7 chart traders use 
the min price rule of 30 cycles, 21 chart traders use the simple moving average of 
10, 20 and 30 cycles (7 chart traders in each rule) and 21 chart traders use the 
exponential smoothing of 10, 20 and 30 cycles (7 chart traders in each rule). 

3) In Scenario 3, the market configuration is the same as that of Scenario 2. 
The only difference is that, in this scenario, chart traders with heterogeneous 
expectations also present behavioral sentiments that adapt with the successes 
and failures of their market price predictions. 

The initial conditions and parameter values are reported in Table 1. To verify 
the effect of the heterogeneity of expectations in Scenario 2, the percentage of 
chart traders is increased to 25%. To evaluate the effect of investors’ sentiment 
adaptation (attribution bias and pessimism) with the success or failure of their 
predictions in Scenario 3, for the 25% of the trend following chart traders, the 
parameter that captures the attribution bias is reduced to 0.93, while the para-
meter that captures the pessimist feeling is increased to 1.07. 

Econometric Analysis: EMH and Behavioral Finance 

The simulation results of Scenario 1, in which the market is 100% formed by 
homogeneous agents with rational expectations are: 

1) the return is the log value of shares and follows a normal distribution, with 
significance levels of 1% and 5% (Table 2, Figure 1); 

2) there is no excess volatility of share returns in the log: the standard devia-
tion of share prices (0.09232) is relatively close to the standard deviation of divi-
dends (0.04572) (Table 2 and Figure 2); 

3) the return is the log value, which is stationary and the linear autocorrela-
tion of the log value of the returns decays quickly, becoming non-significant in 
small lags (Table 3 and Figure 3); 

4) the absolute return is the log value and is stationary and does not present a 
long memory: the autocorrelation of absolute returns decays quickly to zero.  
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Table 1. Initial conditions and general parameters. 

Variables and Parameters Values Scen 1,2,3 

Proportion of Chart Agents 0%G, 25%G, 25%G 

d  4 

1td −  4 

p 0.5 

tmeanε  0 

var tε  0.04 

1tp −  20 

r 0.04 

β  4500 

λ  0.5 

1,t iW −  100 

( ) ( ), 1 1 , 1i t t t i t tE p d E p+ + ++ =  22 
2 2
, ,t p d t pσ σ+ =  4 

, 1i tx −  1 

g 0.015 

k 0.25 

θ  0.01 

,i tC  1 

a  1, 1, 0.93 

b  1, 1, 1.07 

Source: Prepared by the Authors based on [27] with small changes. 

 
Table 2. Descriptive statistics of scenarios. 

Variables Scenario St. Deviation Kurtosisa Jarque-Bera Probability 

Return, r 

1 0.006471 3.1473 4.7956 0.0909 

2 0.06164 1.7748 312.7932 0.0000 

3 0.019073 18.5615 50,451.16 0.0000 

Dividend 1, 2, 3 0.04572 3.0463 2.483050 0.288943 

Share Price 

1 0.09232 3.2129 9.700299 0.007827 

2 0.595 1.7909 314.9507 0.0000 

3 0.2145 17.45134 47,198.18 0.0000 

Source: Prepared by the Authors. aThe excess Kurtosis of Scenario 3 is closest to the S&P 500 index which 
presents excess Kurtosis of about K = 16 as in [2]. 

 
Table 3. Unit root tests of returns and absolute returns. 

 

Return r Absolute return |r| 

Test Statistic and Critical Values Test Statistic and Critical Values 

Scen 1 Scen 2 Scen 3 Scen 1 Scen 2 Scen 3 

PP Test (p < 0.05) −979.84 < −2.8619 −8531.9 < −2.8619 −1603.7 < −2.8619 −50.85 < −2.8619 −11.061 < −2.8619 −17.726 < −2.8619 

ADF Test (p < 0.05) −21.51 < −2.8619 −21.938 < −2.8619 −18.708 < −2.8619 −35.82 < −2.8619 −8.9769 < −2.8619 −6.0601 < −2.8619 

KPSS Test (p > 0.05) 0.13 < 0.463 0.0098 < 0.463 0.0867 < 0.463 0.36 < 0.463 0.9664 < 0.463 0.1221 < 0.463 

Source: Prepared by the Authors. 
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Figure 1. Distribution of share returns under three scenarios. 

 

 
Figure 2. Volatility of returns of shares under three scenarios. 

 

 
Figure 3. Linear autocorrelation of share returns under three scenarios. 

 
Therefore, in the absence of linear autocorrelation, the return is the log value 
(Figures 3-5). 
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Figure 4. Volatility of absolute share returns under three scenarios. 
 

 
Figure 5. Linear autocorrelation of absolute share returns under three scenarios. 
 

As it is possible to observe, the results obtained in Scenario 1 are those sup-
ported by the EMH, with the presence of only one stylized fact: the absence of 
linear auto-correlation on returns. 

The simulation of the three scenarios generated distributions of returns that 
are very different, as it is possible to see in Figure 1. 

Figure 2 and Figure 4, shows that the time evolution containing a sub-set of 
5000 values for the returns are the log values (r) and the absolute returns ( r ), 
respectively, suggesting a stationarity behavior in all cases. 

One of the requirements in validating linear autocorrelation tests of returns 
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are the log values and absolute returns consider the hypothesis that the stochas-
tic process is stationary ([2] and [3]). Indeed, the hypotheses were first tested for 
the time series describing random walks: 1) returns are the log values of shares 
and 2) absolute returns of shares, using the following unit root tests: a) Phil-
lips-Perron Test; b) Augmented Dickey-Fuller Test; and c) Kwiatkows-
ki-Phillips-Schmidt-Shin (KPSS) (Table 3).  

All four unit root tests corroborate the results shown in Figure 2 and use a 
base significance level of 5% (p-value < 0.05), as shown by the values in Table 3. 
Thus the results for returns and absolute returns show that we can reject the null 
hypothesis in the Phillips-Perron and Augmented Dickey-Fuller Tests and we 
cannot reject the null hypothesis in the KPSS test, thus all the series do not have 
a unit root and are stationary, at a significance level of 5%. 

The absence of linear auto-correlation on returns is an expected result by the 
EMH. The linear auto-correlations of share returns under three Scenarios are 
shown in Figure 3, where Series ACF1, Series ACF2 and Series ACF3 refer to 
Scenario 1, 2 and 3, respectively.  

Empirical studies have pointed to excess volatility of the returns that are dif-
ficult to justify by variations in “fundamental” economic variables. Figure 4 
shows the volatility of absolute share returns in 5000 cycles, where Ab1, Ab2 and 
Ab3 represent the three Scenarios, respectively. 

According to stylized fact known as volatility cluster, while returns themselves 
are uncorrelated, absolute returns display a positive, significant and slowly de-
caying autocorrelation function. The linear autocorrelation of share returns is 
shown in Figure 5, where the ACF1, ACF2 and ACF3 refer to Scenario 1, 2 and 
3, respectively. 

In addition, the emergent proprieties of Scenario 2, in which trend following 
chart agents have heterogeneous expectations regarding market prices, are: 

1) the returns are the log values and they do not follow a normal distribution, 
but also do not present heavy tail or positive excess Kurtosis (1.7748) (Table 2 
and Figure 1); 

2) there is excess volatility of share returns in the log value: the standard devi-
ation of share prices (0.595) is much higher than the standard deviation of divi-
dends (Table 2 and Figure 2); 

3) the return is the log value and is stationary, and the linear autocorrelation 
of the return is the log value, and is significant for large lags (Table 3 and Figure 
3); 

4) the absolute share return is the log value and is stationary and has positive 
and negative long memory: the linear autocorrelation of absolute returns is sig-
nificant at a level of 5%, but presents positive and negative values. Therefore, in 
Scenario 2, only one stylized fact is explained: the excess volatility of prices and 
share returns due to the presence of heterogeneous expectations of trend fol-
lowing chart agents who deviate market prices from the fundamental prices 
(Figures 3-5). 

Finally, under Scenario 3, the interaction of traders with heterogeneous ex-
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pectations and with adaptive behavioral sentiments generates and explains the 
following emergent properties: 

1) the distribution of share returns in a log value presents a heavy tail and 
positive excess Kurtosis (18.5615) (Table 2 and Figure 1);  

2) there is excess volatility in share prices (0.2145) in relation to their funda-
mental dividend (0.04572) (Table 2 and Figure 2); 

3) the linear autocorrelation of absolute share returns in a log value decays 
slowly to zero revealing the presence of long memory and nonlinear depen-
dence. This way, it signals the phenomenon of volatility clustering: small returns 
are followed by small returns while large returns are followed by large returns 
(Table 3; Figures 2-5). 

To sum up, in Scenario 1, the artificial stock market is composed by 100% of 
fundamental traders with rational and homogeneous expectation who do not 
suffer from attribution bias or excess pessimism. Additionally, this scenario is 
capable to reproduce only one stock market stylized fact: the absence of linear 
auto-correlation on returns for small lags. In scenario 2, however, the stock 
market is populated by 75% of fundamental traders with rational and homoge-
neous expectation and by 25% of chart traders that in their stock trade evalua-
tion and decision processes adopt the anchoring heuristic but do not suffer from 
attribution bias and excess pessimism. Also, in this Scenario 2, as a result from 
the interaction among fundamental and chart traders, only one stylized fact 
emerges: the excess volatility of prices and share returns due to the presence of 
heterogeneous expectations of trend following chart agents who deviate market 
prices from the fundamental prices. At last, in Scenario 3, the composition of 
fundamental and chart traders is the same as in Scenario 2. However, in this 
Scenario, chart traders can suffer from attribution bias and excess pessimism re-
lated to their future price expectation. The interaction of traders with heteroge-
neous expectations and with adaptive behavioral sentiments generates and ex-
plains the following emergent properties: 1) the distribution of share returns in a 
log value presents a heavy tail; 2) the excess volatility in share prices in relation 
to their fundamental dividend; 3) the linear autocorrelation of returns in log de-
cays quickly to zero; and 4) the linear autocorrelation of absolute share returns 
in a log value decays slowly to zero revealing the presence of long memory. 

4. Conclusions 

This paper searches to show that there are many complementary and alternative 
theoretical and methodological approaches to describe and explain the stock 
market’s stylized facts and, at the same time, proposes another approach based 
on Behavioral Finance Theory. Section 3 searches to explore the empirical im-
plications of the proposed theoretical and methodological approach by the si-
mulation of the emergent proprieties of an artificial financial market. 

In this paper, a stylized stock market ABM formed by two types of traders was 
constructed. The first type, inspired by the EMH theoretical literature, consists 
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on fundamental traders with homogeneous rational expectations that perform 
arbitrage operations seeking to exploit deviations of the stock price from its 
fundamental value. The second type of agent, inspired by the Behavioral Finance 
theoretical literature, consists on trend following chart traders that, in the for-
mulation of expectations about share prices under conditions of uncertainty or 
complexity, use the anchoring heuristic and have variable behavioral sentiments: 
they suffer from self-attribution bias (excess self-confidence) when their predic-
tions are successful and a decrease in self-confidence when their predictions fail.  

Another theoretical contribution is that the stylized stock market ABM is ca-
pable of explaining four of the main stylized facts of the stock market for daily 
frequency. 

The results of simulations in Scenario 1 in which 100% are fundamental 
agents show that arbitrage operations by fundamental agents generate (explain) 
the absence of autocorrelation for small lags on the return in log values, which is 
consistent with the EMH; but does not generate (explain) the excess volatility, 
heavy tail or leptokurtic distributions and the volatility clustering of stock re-
turns in log values. 

Under Scenario 2, with 75% fundamental agents and 25% trend following 
chart agents with fixed behavioral sentiments, it is possible to verify the emer-
gence of excess volatility of share returns in log values. However, despite the in-
teraction between fundamental agents with homogeneous rational expectations 
and chart traders with heterogeneous expectations being the reason for the 
emergence of excess volatility, it still isn’t able to explain the other two stylized 
facts of returns in log values: heavy tail distribution with positive Kurtosis and 
the volatility clustering characterized by long memory. 

Finally, under Scenario 3, it is possible to observe that the interaction between 
fundamental traders and chart traders with heterogeneous expectations and va-
riable behavioral sentiments explain the emergence of three stylized facts of the 
stock market: 1) the excess volatility of share returns in log values, 2) the heavy 
tail distribution with positive Kurtosis on returns in log values and 3) volatility 
clustering characterized by the presence of the positive and significant autocor-
relation of absolute returns for large lags or the presence of long memory. The 
absence of linear autocorrelation of returns in log values for large lags, and at the 
same time the presence of positive and significant autocorrelation of absolute 
returns for large lags, imply that there should be a nonlinear and long memory 
dependence in the share returns. “The volatility clustering feature indicates that 
asset returns are not independent across time; on the other hand, the absence of 
linear autocorrelation shows that their dependence is nonlinear” [3]. 

In short, in this paper argues that the presence and interaction of heterogene-
ous expectations and the adaptive sentiments of trend following chart traders are 
essential ingredients to explaining and justifying the emergence of three of the 
main stylized facts considered to be stock market puzzles by the EMH: excess 
volatility, heavy tail distributions and the long-term memory of share returns. 
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Future work can extend the findings of this paper to increase the effectiveness of 
technical analysis predictions of share prices. Also, it is possible to model chart 
agents who operate against the trend to see their impact on the artificial stock 
market. 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this pa-
per. 

References 
[1] Thompson, S. (2011) The Stylized Facts of Stock Price Movements. New Zealand 

Review of Economics and Finance, 1, 50-77. 

[2] Cont, R. (2001) Empirical Properties of Asset Returns: Stylized Facts and Statistical 
Issues. Quantitative Finance, 1, 223-236. https://doi.org/10.1080/713665670 

[3] Cont, R. (2005) Long-Range Dependence in Financial Markets. In: Lévy-Véhel, J. 
and Lutton, E., Eds., Fractals in Engineering, Springer, London. 

[4] LeBaron, B. (2006) Agent-Based Computational Finance. In: Tesfatsion, L. and 
Judd, K.L., Eds., Handbook of Computational Economics, Volume 2, Elsevier, 
London, 1187-1233. https://doi.org/10.1016/S1574-0021(05)02024-1 

[5] LeBaron, B., Arthur, W.B. and Palmer, R. (1999) Time Series Properties of an Ar-
tificial Stock Market. Journal of Economic Dynamics and Control, 23, 1487-1516.  
https://www.sciencedirect.com/science/article/pii/S0165188998000815  
https://doi.org/10.1016/S0165-1889(98)00081-5 

[6] Shiller, R.J. (1981) Do Stock Prices Move Too Much to Be Justified by Subsequent 
Changes in Dividends? The American Economic Review, 71, 421-436. 
https://doi.org/10.3386/w0456 

[7] Bhattacharya, S.N., Bhattacharya, M. and Guhathakurta, K. (2018) The Compara-
tive Dynamics of Developed and Emerging Stock Markets: A Long Memory Pers-
pective. Theoretical Economics Letters, 8, 1493-1509. 
https://doi.org/10.4236/tel.2018.88096   

[8] Mandelbrot, B. (1963) The Variation of Certain Speculative Prices. Journal of Busi-
ness, 36, No. 394. https://doi.org/10.1086/294632 

[9] Fama, E. (1970) Efficient Capital Markets: A Review of Theory and Empirical Work. 
Journal of Finance, 25, 383-417. https://doi.org/10.2307/2325486 

[10] Dieci, R. and He, X.Z. (2018) Heterogeneous Agent Models in Finance. Research 
Paper Series No. 389, Quantitative Finance Research Centre, University of Tech-
nology, Sydney. 

[11] Yeh, C.H. and Yang, C.Y. (2010) Examining the Effectiveness of Price Limits in an 
Artificial Stock Market. Journal of Economic Dynamics and Control, 34, 2089-2108. 
https://doi.org/10.1016/j.jedc.2010.05.015   

[12] Fagiolo, G. and Richiardi, M. (2018) Empirical Validation of Agent-Based Models. 
In: Hommes, C. and LeBaron, B., Eds., Handbook of the Computacional Economy, 
Volume 4, Elsevier, London, 163-182.  
https://doi.org/10.1017/9781108227278.009 

[13] Kahneman, D. (1979) Prospect Theory: An Analysis of Decision under Risk. Eco-
nometrica, 47, 263-291. https://doi.org/10.2307/1914185 

https://doi.org/10.4236/tel.2020.101013
https://doi.org/10.1080/713665670
https://doi.org/10.1016/S1574-0021(05)02024-1
https://www.sciencedirect.com/science/article/pii/S0165188998000815
https://doi.org/10.1016/S0165-1889(98)00081-5
https://doi.org/10.3386/w0456
https://doi.org/10.4236/tel.2018.88096
https://doi.org/10.1086/294632
https://doi.org/10.2307/2325486
https://doi.org/10.1016/j.jedc.2010.05.015
https://doi.org/10.1017/9781108227278.009
https://doi.org/10.2307/1914185


H. Y. Higachi et al. 
 

 

DOI: 10.4236/tel.2020.101013 216 Theoretical Economics Letters  
 

[14] Kahneman, D. (2003) Maps of Bounded Rationality: Psychology for Behavioral 
Economics. American Economic Review, 93, 1449-1475. 
https://doi.org/10.1257/000282803322655392 

[15] Kahneman, D. (2011) Thinking, Slow and Fast. Farrar, Straus and Giroux, New 
York. 

[16] Tversky, A. and Kahneman, D. (1974) Judgment under Uncertainty: Heuristics and 
Biases. Science, 185, 1124-1131. https://doi.org/10.1126/science.185.4157.1124 
https://www.its.caltech.edu/~camerer/Ec101/JudgementUncertainty.pdf  

[17] Barberis, N. and Thaler, R.A. (2003) Survey of Behavioral Finance. In: Constanti-
nides, G.M., Harris, M. and Stulz, R.M., Eds., Handbook of the Economics of 
Finance, Volume 1, Elsevier, New York, 1053-1128. 
https://doi.org/10.1016/S1574-0102(03)01027-6 

[18] Arthur, W.B., Holland, J., LeBaron, B., Palmer, R. and Tayler, P. (1997) Asset Pric-
ing under Endogenous Expectations in an Artificial Stock Market. In: Arthur, W.B., 
Durlauf, S. and Lane, D., Eds., The Economy as an Evolving Complex System II, 
Addison-Wesley, Reading, MA.  

[19] Chiarella, C., He, X.Z., Shi, L. and Wei, L. (2017) A Behavioural Model of Investor 
Sentiment in Limit Order Markets. Quantitative Finance, 17, 71-86.  
https://doi.org/10.1080/14697688.2016.1184756 

[20] Bacry, E., Mastromatteo, I. and Muzy, J.F. (2015) Hawkes Processes in Finance. 
Market Microstructure and Liquidity, 1, Article ID: 1550005. 
https://doi.org/10.1142/S2382626615500057 

[21] Blanc, P., Donier, J. and Bouchaud, J.P. (2016) Quadratic Hawkes Processes for Fi-
nancial Prices. Quantitative Finance, 1-18. 
https://doi.org/10.2139/ssrn.2665669 

[22] Bouchaud, J.P. (2018) Agent-Based Models for Market Impact and Volatility. In: 
Hommes, C. and LeBaron, B., Eds., Handbook of the Computacional Economy, 
Volume 4, Elsevier, New York, 393-436.  
https://doi.org/10.1016/bs.hescom.2018.02.002 

[23] Silva, E.M. and Takimoto, L. (2017) How to Model Noise Traders Investors Using 
Prospect Theory. Opens Access Library Journal, 4, e3567. 
https://doi.org/10.4236/oalib.1103567 

[24] Ezzat, H. (2019) Disposition Effect and Multi-Asset Market Dynamics, Review of 
Behavioral Finance, 11, 144-164. https://doi.org/10.1108/RBF-01-2018-0003   

[25] Bertella, M.A., Pires, F.R., Feng, L. and Stanley, H.E. (2014) Confidence and the 
Stock Market: An Agent-Based Approach. PLoS ONE, 9, e83488. 
https://doi.org/10.1371/journal.pone.0083488 

[26] Kaufman, P.J. (2013) Trading Systems and Methods. 5th Edition, John Wiley & 
Sons, Inc., Hoboken, NJ. 

[27] Bertella, M.A., Pires, F.R., Rego, H.H.A., Silva, J.N., Vodenska, I. and Stanley, H.E. 
(2017) Confidence and Self-Attribution Bias in an Artificial Stock Market. PLoS 
ONE, 12, e0172258. https://doi.org/10.1371/journal.pone.0172258 

[28] Tesfatsion, L. and Judd, K.L. (2006) Handbook of Computational Economics. Vo-
lume 2, Elsevier, New York. 

[29] Takahashi, H. and Terano, T. (2003) Agent-Based Approach to Investor’s Behavior 
and Asset Price Fluctuation in Financial Markets. Journal of Artificial Societies and 
Social Simulation, 6, No. 3.  
https://econpapers.repec.org/article/jasjasssj/2002-35-3.htm  

https://doi.org/10.4236/tel.2020.101013
https://doi.org/10.1257/000282803322655392
https://doi.org/10.1126/science.185.4157.1124
https://www.its.caltech.edu/%7Ecamerer/Ec101/JudgementUncertainty.pdf
https://doi.org/10.1016/S1574-0102(03)01027-6
https://doi.org/10.1080/14697688.2016.1184756
https://doi.org/10.1142/S2382626615500057
https://doi.org/10.2139/ssrn.2665669
https://doi.org/10.1016/bs.hescom.2018.02.002
https://doi.org/10.4236/oalib.1103567
https://doi.org/10.1108/RBF-01-2018-0003
https://doi.org/10.1371/journal.pone.0083488
https://doi.org/10.1371/journal.pone.0172258
https://econpapers.repec.org/article/jasjasssj/2002-35-3.htm


H. Y. Higachi et al. 
 

 

DOI: 10.4236/tel.2020.101013 217 Theoretical Economics Letters 
 

[30] Chen, S.H. and Yeh, C.H. (2001) Evolving Traders and the Business School with 
Genetic Programming: A New Architecture of the Agent-Based Artificial Stock 
Market. Journal of Economic Dynamics and Control, 25, 363-393. 
https://www.sciencedirect.com/science/article/pii/S0165188900000300    
https://doi.org/10.1016/S0165-1889(00)00030-0 

[31] Pires, F.R. (2012) Behavioral Finance and Agent Based Models. Paulista State Uni-
versity, Araraquara. 

[32] Lovric, M. (2011) Behavioral Finance and Agent-Based Artificial Markets. Ph.D. 
Thesis, Erasmus University Rotterdam, Rotterdam. 

[33] Gordon, M.J. (1959) Dividends, Earnings and Stock Prices. Review of Economics 
and Statistics, 41, 99-105. https://doi.org/10.2307/1927792 

[34] Bodie, Z., Kane, A. and Marcus, A.J. (2010) Investimentos. 8th Edition, AMGH, 
Porto Alegre. 

[35] Kahneman, D. and Riepe, M. (1998) Aspects of Investor Psychology. Journal of 
Portfolio Management, 24, 52-65. https://doi.org/10.3905/jpm.1998.409643 

 
 

https://doi.org/10.4236/tel.2020.101013
https://www.sciencedirect.com/science/article/pii/S0165188900000300
https://doi.org/10.1016/S0165-1889(00)00030-0
https://doi.org/10.2307/1927792
https://doi.org/10.3905/jpm.1998.409643

	Anchoring Heuristics, Investor Sentiment and Stylized Facts in the Stock Market: An Agent Based Model
	Abstract
	Keywords
	1. Introduction
	2. The ABM of the Artificial Stock Market
	2.1. Model Framework
	2.2. The Formation of Expectations for Fundamental Agents
	2.3. Heterogeneous Formation of Expectations by Chart Agents Based on Anchoring Heuristics and Investor Sentiment

	3. Analysis of the Results
	Econometric Analysis: EMH and Behavioral Finance

	4. Conclusions
	Conflicts of Interest
	References

